Developing Florida-specific Mobility Enhancement Factors (MEFs) and
Crash Modification Factors (CMFs) for TSM&O Strategies

Final Report

FDOT Contract No: BDY9-977-46

Prepared by:

Flu | FLORIDA
INTERNATIONAL
UNIVERSITY UNF

UNIVERSITY of
NORTH FLORIDA.

Florida InternationaUniversity University of North Florida
Dept. of Civil & EnvironmentaEngneering School of Engineering
10555 West Flagler Street, EC 3628 1 UNF Drive
Miami, FL 33174 Jacksonville, FL 32224

Prepared for:

Research Center

Florida Department of Transportation
605 Suwannee Street, MS 30
Tallahassee, FL 32399

Project Manager Raj Ponnaluri, Ph.D., P.E., PTOE, PMP
Co-Project ManagerYujing "Tracey" Xie, P.E.

March2020



DISCLAIMER

The opinions, findings, and conclusions expressed in this publication are those of the authors and
not necessarily those of the State of Florida Department of Transportation.



METRIC CONVERSION TABLE

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

SYMBOL WHEN YOU KNOW ‘ MULTIPLY BY ‘ TO FIND SYMBOL
LENGTH
in inches 25.400 millimeters mm
ft feet 0.305 meters m
yd yards 0.914 meters m
mi miles 1.610 kilometers km
mm millimeters 0.039 inches in
m meters 3.280 feet ft
m meters 1.090 yards yd
km kilometers 0.621 miles mi
SYMBOL ‘ WHEN YOU KNOW | MULTIPLY BY ‘ TO FIND ‘ SYMBOL
AREA
in? square inches 645.200 square mn?
millimeters
ft? square feet 0.093 square meters | m?
yd? square yard 0.836 square meters | m?
ac acres 0.405 hectares ha
mi? square miles 2.590 square kilometer{ km?
mn? square millimeters 0.0016 square inches in?
m? square meters 10.764 square feet ft2
m? square meters 1.195 square yards yd?
ha hectares 2.470 acres ac
km? square kilometers 0.386 square miles mi?
SYMBOL ‘ WHEN YOU KNOW | MULTIPLY BY ‘ TO FIND SYMBOL
VOLUME
fl oz fluid ounces 29.570 milliliters mL
gal gallons 3.785 liters L
ft3 cubic feet 0.028 cubic meters m?3
yd® cubic yards 0.765 cubic meters m?3
mL milliliters 0.034 fluid ounces fl oz
L liters 0.264 gallons gal
m?3 cubic meters 35.314 cubic feet ft3
m?3 cubic meters 1.307 cubic yards yd®
NOTE: volumes greater than 1,000 L shall be shown®n m

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

with Section 4 of ASTM E380.
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EXECUTIVE SUMMARY

Transportation Systenfdanagement and Operations (TSM&O) is a program based on actively
managing the multimodal transportation network, measuring performance, and streamlining and
improving the existing system to deliver positive safety and mobility outcomes to the traveling
pulic. TSM&O comprises a set of strategies that focus on operational improvements that can
maintain or restore the performance of the existing transportation system before extra capacity is
needed.

The Florida Department of Transportation (FDOT) has be@iomaeer in adopting TSM&O
strategies to improve safety kayFdOTmmoebtonewasy al o
the development and adoption of @@17 TSM&O Strategic Planvhi ch outl i nes t h
vision, mission, goals, objectives, and ptiprf SM&O focus areasThe primary goal of this
research was to develop resources to assist FDOT and other agencies in evaluatotiglitize
and safetyeffectiveness cfomeott he str ategies identified in FI

To accomplishhe research goal, a comprehensive literature review was conducted on TSM&O
strategies deployed in Florida. Various analysis methods were then employed, depending on the
strategy being analyzed, wuantify the safety and mobility benefits of each strategie
developed resources will enable FDOT and local agencies to prioritize TSM&O strategies using
guantifiable safety and mobility metrics.

The following TSM&O strategies were included in the evaluation:

Freeways
1 Ramp MeteringSystens
1 Dynamic Message Sig(DMSSs)
1 Road Rangers
1 Express LaneELSs)

Arterials
1 Transit Signal Prioritf TSP)
1 Adaptive Signal Control Technology (ASCT)

Ramp Metering System(RMS)

Ramp metering or signaling is a traffic management strategy that installs traffic safprads
freeway onaramps to control and regulate the frequency at which vehicles enter the flow of traffic
on the freeway mainlingGanet al.,2011; Mizutaet al.,2014). The operational performance of
ramp metering systesiwas quantified using a Mobility Enhancement Factor (ME#/)ich is a
multiplicative factor used to describe th®bility benefits of a TSM&O strategy on a specific
infrastructure element,e., intersection corridor, etc Travel time reliability waselected ashe
mobility performance measure festimatingthe MEFsof theramp meteringystem

TheMEFs were developed bad on the analysis of a corridor with systerde ramp metering in
Miami-Dade CountyHorida. Buffer index (BI), estimated using the 9%ercentile travel time
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and average travel timejas adopted as the travel time reliability measure for the analyss
MEF for ramp metering devels of service C and DLOS C&D) was 0.784jndicatinga 22%
reduction in the Bialues. The MEF for ramp metering operations during LOSHEwas 0.701,
indicating a30% reduction irthe Bl values These results indicate thamp meteringperations
improvemobility onthefreeway mainline.

The study analyzed theafetybenefits ofthe ramp meteringsystem using the crash occurrence

risk on the freeway mainlin@he risk of traffic crashes was sated using @asecontrol study

design of crash and namash casefesults showed that the crash occurrence riskpattacular

time was significantly affected by the standard deviation of speed 30 mheftze the time
standard deviation of occupey 30 minutedefore the timgeand the ramp metering operations
during that timeMoreover, results revealed a 41% decrease in the risk of crashes when RMSs
were operational compared to when they were not operational. Based on the study results, it can
beconcluded that ramp metering operations improve safetye freeway mainline.

Dynamic Message Signs

Dynamicmessagesigns (DMSs) are programmable electronic signs that appear along highways
andtypically display information about retime alertsrelated tounusual traffic conditionsuch

as adverse weather conditions, construction activities, travel times, road closures os,detour
advisory phone numbers, roadway incideats.

The methodologyor quantifying the mobility benefitef DMSsinvolved assessing the reaction

of drivers tocrashmessages bgbservingtheir speed adjustments between ¢lear andcrash

message displagiurations. The average speed ratial¢ulated as the ratio of tlaerage speed

during crashmessages tthe average speed durirggear messages) was used as a performance
measure t@stimatehe MEFsfor DMSs. The overall MEFRwvasfound to be 0.94, implpg that

there was &% reductionin average speeds when the DMSs displayadhinformation. Results

also revealed that among messages displagmagh information, if secondary information
required drivers t olesfispeeed redaciiamdnpareddo, land Hoekage we r ¢
information. This implies that the drivers were more willing to reduce speeds iflaneblocked
downstream as a resuwolt acrash.

The safety benefits of DMSs were quantified using the coefficient of variation of speeds (CVS) as
a surrogate safety measure. TO¥S whenthe displayed messages on DMSs did not require
drivers to takection (clear condition/informatiomessgeg were compared to tHeéVS when the

DMSs displayed messages abdatvnstreamcrashesOverall, displaying crash messages on
DMSs was found to result iewer crashedespite the increase in speattiations.The analysis

did not consider other potentif@ctors such as incidents downstream which may result in speed
reduction and variations

Road Rangers
Road Rangers are a cruc@mponenof incident management systems tFatilitate a quick

clearancef incidents through faster response and reduced clearancé& kimeats Road Rangers
provide free highway assistance services during incidents on FEormdways to reduce detay
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and improve safety for the motorists and incident respontieisient clearance duration was
selected as the performance measure to quantify the mobility benefits of Road Rangetite
regression was applied to predict incident clearance duratidndentify factors that may affect

the clearance duratiofhe followingseven factors were found to be significantly associated with
longer incident clearance durat®rcrashes, severe incidents, shoulder blockage, peak hours,
weekends, nighttime, number of respondingnages, and towing involvemenAnalysis results
reveaedincidents first detected by responding agencies other than Road Rangers were associated
with longe incident clearance durations.

The likelihood of secondary crash (SC) occurrence was used as a surrogate safety measure to
evaluate the safety benefit§ Road RangersA complimentary logog regression model was
developed to associate the probability of SC with potential contributing factors. Of the factors
analyzed, traffic volume, incident impact duration, modeaattsevere crashesjeekdays, peak
periods, percentage of lane closure, shoulder blockage, and towing involving incidents were found
to significantly increase the likelihood of SCs. Road Ramg@lvement weekendlays off-peak
periods, minor incidents, vehicle problerasd traffic hazarerelated incidents were associated

with relatively lower probabilities of SBased orthe average incident duration reduction, the
results suggest that the Road Ranger program may rdtiS€ likelihood by 20.9%Note that

this value does noinean the number of secondary crastbes,it meas the likelihoodof SC
occurrence.

Express Lanes

Expresslanesare a type of managed travel larmghysically separated fromgeneralpurposeor
general toll langwithin a roadway corridor. They use dynamic pricing through electronic tolling
in which toll amounts are set based on tragbaditions Neudorff, 2011) Buffer index (Bl) was
selected as the performance measure to quantify thditmblenefits of express lanedverall, on
95Express northbound lanes, the express lanes resulted in a 50% reduction in Bl (MEF = 0.5)
compared to their adjacegéneralpurposdanes while the reduction was 60% (MEF = 0.4) for
southbound lanes. Whenetlexpress lanes were operatiofia., open for use}he performance

of the adjacengeneralpurpose lanesnproved.The Bls for the genergdurpose lanes improved

by 20% (MEF = 0.8) and 60% (MEF = 0.4) for the northbound and the southbound directions
respectively,when the express lanes were operationaimpared to when they were closed.
Overall, the generapurpose lanesvere found to perform bettevrhenthe express lanes were
operational.The study results showed mobility improvements on botletipeess lanes and the
generalpurpose lanes, although the extent of the improvement varied by direction and the time
of-day (i.e., AM peak, PM peak, effeak).

Transit Signal Priority

Transitsignal priority (TSP modifies the signal timing at intersections to better accommodate
transit vehiclesAveragetravel time and average delay timneere used as the performance
measursto quantify the operational performance of T3Re analysis was based on arfide
corridor along US441 between SW"8Street and the Golden Glades Interchamg&liami,

Florida The MEFs based on travel time were 0.96 for all vehicles and 0.91 for buses, and the MEF
based on average vehicle delay time was 0.87 for all vehicles and buses.oBabe analysis
results, TSP was found to improve the operational performance of the corridor.

viii



A full Bayesian(FB) beforeafter approach was uséal quantify the safety benefits 5P, the
safety performance of TSéhabled corridorg.€.,treatmentorridors)was compared to the safety
performance of nofTSP corridors (i.e.nontreatment corridors)lhe study results indicated that
the implementation of TSP resulted in a 12% reductidotal corridorlevel crashes, 8% reduction
in Property Damag®nly (PDO) crashes, and 15% reductionFatal and InjuryKl) crashes.

Adaptive Signal Control Technology

Adaptivesignal controltechnology(ASCT) is anintelligentTransportatiorBystems (ITSktrategy
that optimizes signal timings in re@he to improvdraffic flow along the corridorAverage speed
was selected as the performance measure to quantify the mobility benefits of BkieGayesian
Switch-point Regressio(BSR) model was used &valuaé the operational benefits of the ASCT.
The analysis was based ar3.3mile corridor alongviayport Road from Atlantic Boulevard to
Wonderwood Drive inJacksonville, FloridaASCT was found to improve thaveragetravel
speeds by 4% duringtypical weelday, 7% during AM peak hours, 5% during-p&ak hours,
and 2% during PM peak hours, in the northbound direction.

Mixed results were observed in the southbound direction.oVeeall MEFsfor the southbound
direcion indicatedno improvement with ASCT on Tuesdsand Thursdayanda 2% decrease in
averagdravel speed on WednesdagonverselyASCT was found tancrease thaveragdravel
speed by 3% and 2% during AM peak andpEfk hours, respectiveldowever,during PM peak
hours, ASCT showed a 5% reductionaiveragetravel speeds in the southbound directidhe
inconsistent results the southbound direction may be attributedr&dfic congestion andhe
relatively higher driveway densityg the southbouwhdirection

The Bayesiamegativebinomial (BNB) model was used to develsgafety performancegunctions
(SPF3 for total crashes, reandcrasles, ad Fl crashes. Therashmodificationfactors CMFs)
were developed usingn empiricalBayesbeforeafter approach with comparisagroup The
analysis revealed th#he deployment oASCT reducs total crashes by 5.2% (CME 0.948),
rearend crashes by212% (CMF = 0.878), FI crashes b¥.2% (CMF=0.9%8), and PDO crashes
by 5.7% (CMF= 0.%43).

TSM&O Strategies Assessment Tool

The TSM&O Strategies Assessment Tamla spreadsheet applicatidhat wasdeveloped to
automatically estimate the safety and mobility benefits of TSM&O stratejiesTool contains
a total ofnineworksheets

1 Preface includesaforeword, acknowledgments, and a disclaimer

1 Info - includesabrief overview of TSM&O strategies

1 Worksheets for each TSM&O strategincludes a separate worksheet for each TSM&O
strategy fampmetering dynamicmessagesigns Road Rangergxpresslanes adaptive
signal control technology andtransitsignal priority)

1 Input Data Descriptioin includes stefby-step procedures tmalculate the input values
for the Tool.



TABLE OF CONTENTS

DISCLAIMER ...ttt sttt e enens bbbttt e e e e e e e e e e eeaeeas ii.

METRIC CONVERSION TABLE.......cottiiiiiiieiee et ee e iil

TECHNICAL REPORT DOCUMENTATION PAGE........cooiiiiiiiieeee e iv

EXECUTIVE SUMMARY ...ttt ieee bbbttt e e e e s snetase ettt e e e aeaaaaeaeeeesssmmmeaneees? Vi

LIST OF FIGURES ... ..ottt ettt e e e e e s st e et e e e e e e e e e e e e e e e s e s s s sammne e e e e e e e e e e annns Xiv

LIST OF TABLES.. ...ttt e e bbb e XVi

ACRONYMS AND ABBREVIATIONS......cooiiiiiiiiiiiieees s eeess e XVili

CHAPTER 1 INTRODUGCTION. .....uutttiiiiiiiiiiiiititieesrieeeeeeeeeeeaeaeeeeeessssmmmreeeseseeseaesasssssnnsnssnnns 1
CHAPTER 2 EXISTING TRANSPORTATION SYSTEMS MANAGEMENT AND

OPERATIONS (TSM&O) SRATEGIES.........cci i eteeere e anereae e 2

2.1 RaMP MEtErNG SYSIEM.....uuuiiiii i i et eeeei et eeee e e e e e et e e smmrenes 2

2.1.1 Curent Deployments in FlOrida............ccooiiiiiiiimeeniiiee e 3

2.1.2 Safety Performance MEASUIES. .......uiiiii i ceeeciiiee e eeer e e e e e e 3

2.1.3 Mobility Performance MEaASULES...........cccuuuuiiiiieeeraiiiie e eeere e 6

2.1.4 Quantitative BENETItS . ... cciiiiieiiie e 8

2.2 Dynamic Message Sign (DMS)......ccooiiiiiiiiterer e ceenss e e e e eas 9

2.2.1 Current Deployments in Florida...........cccooeiiiiiiiiceeciicieie e 9

2.2.2 Safety Performance MEASUIES..........cooiii it 10

2.2.3 Mobility Performanc®leasUres. ..........ccceeeiiiiie e e e ceeeicieee e eeeeeevenne e 10

2.2.4 Quantitative BENEfitS..........oovvviiiiiiiiiicre et e e 11

2.3 ROAA RANQJEIS. ... oo i it e e e e e e e e e e e e e e amama s e e e e aaaaaaaeeees 12

2.3.1 Current Deployments in Florida..............ccccuiiiiimmmniiiiieeeeee e 12

2.3.2 Safety Performance MEASUIES...........ooiiiiiiiiiiiiie e eeeee e e et eaeens 12

2.3.3 Mobility Performance MeaSULES...........cccuuuuiiiiireercii e 13

2.3.4 Quantitative BeNefitS.....cooiiiiiiiiii e 15

2.4 EXPIESS LANES. ...ttt eee ettt ettt s 16

2.4.1 Current Deployments in Florida..........cccoooveiieeiiieeeiiiiiee e 17

2.4.2 Safety Performance MEASUIES..........cooiii it 20

2.4.3 Mobility Performance MEASULES...........oeviiiiiiii e 20

2.4.4 Quantitative BENEfitS...........oovveiiiiiiiiimmre e e e 21

2.5 Transit SigNal PriOrity........coouuuiiii i e e mmmr e e e e e et e e e e e ernnneaene 21

2.5.1 Current Deployment Locations in Florida.............ccooveiiiiieeeeiiiiiiiine e, 22

2.5.2 Safety Performance MEASUIES...........coiiiiiiiiiiiee e e e e et e e aeens 22

2.5.3 Mobility Performance MeaSULES...........cccuuuiiiiiireeriiii e eeeee e 23

2.5.4 Quantitative BENETILS........ccoiiiii e eeeee e 24



2.6 Adaptive Signal Control TEChNOIOQY.........ccevviiiiiiiiiieeee e 25

2.6.1 Safety Performance MEASUIES. ........u i ennes e e e 27
2.6.2 Mobility Performance MEASULES.........uiiiiiiieeeeeeceeeiciie e e e e e e e e e e e enneaeaeeees 27
2.6.3 Quantitative BENEfitS............oviiiiiiiiiiiri e 27

P YU 1111 1 F= L/ PRSP 28
CHAPTER 3 DATA SOURCES.......cttttiiiiiiiiiiiiii ettt e e e e e e e e e e e s st e e e e e e e e s e e e e e s s s sannnnes 29
3.1 Regionl Integrated Transportation Information System (RITIS)..........ccccoevviiiiiienens 29
B2 SUNGUIBY ...ttt ee ettt et et emnnaeeaeeteareeneeneas 30
SRR =1 (U1 o= SRR SR 31
3.4 SIgNAIFOUIr ANGIYCS ..ottt et e e e e e emnrnnnnas 31
3.5 Roadway Characteristics INventory (RCL)........oooeuuiiiiiiiiireeeeeeiiiiies e 32
3.6 Other DAt SOUICES.....cciiiiiiiiiiee ettt nnee e b bbb e nenenne 32
CHAPTER 4 MOBILITY BENEFITS ... ..ottt a e 33
4. 1RaMP MELENNG SYSTEIML. ...ceiiiiiiiiiiiee e ee bbb eeenaes 33
I S (0T YA @ 4 o o) PP 33
O T - TSP 34
G 38 1Y/ 11 1 T Yo o] [ To )PP 35
O A ]S | 3 39
4.1.5 CONCIUSIONS......uuiiiiiiiiiiiiiiiiiiiesesriirieeeeeeeeeeeeeeeeessseeeeeeeeeaessaeeseensssssssmmneeeeeeen A4

4.2 DYNAMIC MESSAJE SIGMS....ceiieiiiiiieieiieeee s e s bbbt e e e eeenassbb bbb s s s ee e e e e e eeeeeeenes 44
i RS (8T YA @ 1 o o ) PP 45
2.2 DALA......cieeeieii ettt a b —— e e e s 46
e T 1Y/ 11 1 T Yo o] [0 To )OSR 47
A TS U | SRR 49
4.2.5 CONCIUSIONS.....uuttiiiiiiiiiiiiiie et eeeettt ettt ettt e e e e e e e e e e e s s st e e e e e e e e e e e e s s s sannnnnnnnne s e e annnes 53

4.3 ROAA RABNGEIS. ...ttt ee e 54
4.3.1 StUAY CONUOIS.......cccoeeiieieeeeee e e e e e e e e e e e e e amaeaaas 54
G B B - - T PP 55
G JC 381V 11 1 T Yo o] [ To |V PRSPPI 57
B A S | 59
4.3.5 CONCIUSIONS.....uuuuiiiiiiiiiiiiite it ceeete ettt ettt e e e e e e e e e e e e s amme e e e e e e e e e e e e e s s sannnnnnannns s e e annnes 68

4.4 EXPIESS LANES.....ciieiiiii ettt rmn e e e e e e n e ennnan 69
O R (U o YA @ 1 o o) PP 70
I T - T PP 70
B B 1Y/ =1 { T Yo o] [0 To )V USSP 71
O TS | 3 73
A.4.5 CONCIUSIONS.....uuttiiiiiiee e eeeeiis e e e e e e e e e eeeeeeinnne e e e e eeeeeeeeessssnnnnnnnnmmmeeesssssenid [

4.5 TranSit SIgNal PrIOTITY.......couiiiiiiiiiie e e 78
T IS (1 10 YA @0 [ [0 = PSR 79
T B - - T PP 79

VR RS Y (=11 gToTo (o] 00 VS PRRSPRTR 80
A.5.4 RESUILS.....ccoiiiii et e e e et e e e e e e e e e e e e raaanad 83
A.5.5 DISCUSSION. . ..ciiiiiiiiiiittiiti ettt e e e e e e eeeeaa e e e e e e e e e e e e e e eeeeananeeaaeeaaaas 88
4.5.6 CONCIUSIONS.....uutiiiiies e e et e e e e et ceeess s e e e e e e e e e e e et e e e eeeaasnnneeeeeeeeeseeesssennnnnn s ammmressnnnnes 92

Xi



4.6 Adaptive Signal Control TeChNOIOGY.........uuvuuriiiiiiiiireeerer e e eren s 93

T RS (80 YA @ 1 o o) PP 93
I D - | - TP TTTRTPPP 93
4.6.3 MethOdOIOGY.......cceeeiiiiiiie e e e eeer e 95
4.6.4 RESUILS....oeiiiiiiiie el 99
4.6.5 CONCIUSIONS ...cuttiiiiiie e e ceeere e e e e ettt nnne e e e e e e e eeeessessann s smmmeeesnnnes 108

ST U L1 0] =1 Y SO UPPPTPPN 109
CHAPTER 5 SAFETY BENEFITS .. .o ree et 111
5.1 Ramp MEetering SYSIEM.......cooiiiiiiiiiteeee e eeeess b e e e e e e e e e e e e emmns 111
5.1.1 StUAY COITIAOL......ccc i i eeee et e e e e e e e e emnnnes 111
SN I T | - SRR 111
LS00 G 3|V 1= 1 0T To (o] (o o | 2SR 112
5.1 4 RESUILS.....etieiiiiee st reee e e e e e e e e e e e rnnnnnns 115
5.1.5 CONCIUSIONS.....cutiiiiiiiiiiiiiie ettt e ne e 118

5.2 DYNAMIC MESSBSIGNS. ....oiiueiiiiiiiiiteeeeieeeistbbbe e ettt e e e e e e e e smemreeeeeeeeeaeaaeeaaeaaassaanns 118
5.2.1 StUAY COITIAOL.......cc i e eeee et e e e e e e e emnnnes 119
I I - - TP 119
LA 11|V 1= 1 2T To (0] (o o 2T 121
5.2, 4 RESUILS.....etieiiiiee ettt e ettt nnnnnnn 122
5.2.5 CONCIUSIONS.....cvtiiiiiiiiiiiiiie ettt nees e 124

5.3 ROAA RABNGEIS. ..ottt eeeea e 124
LR T ] (01 VA O o] ([0 P RRRSTRN 125
LSRG T I - - TSP 125

L IRC TR 111V 1= 1 2T To (0] (o o | 2R 126
5.314 RESUILS. ...ttt re e e e ettt nnannnn 130
5.3.5 CONCIUSIONS.....cuiiiiiiiiiiiiiie ettt nees e 137

5.4 Transit SigNal PriOTILY.......coooi i eeee e e e e e e e eeenee s 138
5.4.1 StUAY COITIAOLS. .. .uiii it e e emees 139
R N I - - PP 139
G I \V =11 2 To o (0] (oo | 2SRRI 140
5.4.4 ReSUItS and DiSCUSSION.......uuuuiiiiieeeeeeeceeeriiaees e e e e e e e e eeeeeeeeeeinnneaeeeeeaeeeeeeeeennes 143
5.4.5 CONCIUSIONS.....cutiiiiiiiiiiiiiie ettt nees s 146

5.5 Adaptive Signal Control TEChNOIOGY......ccuuviiiiiiiiiiiiiiiee e 146
5.5.1 StUAY COITIAOL.... ..o iiiiieeeeeeeee et e e e e e e e emnnnns 147
LR T I - - PP 148
TR I 1V =11 0o o (o] (oo | 2SRRI 149
5.5 4 RESUILS. ...ttt te e e e ettt nnnnnna 152
5.5.5 CONCIUSIONS.....coiiiiiiiiiiie e ereer e e e e e e e nnne e e e e e 155

5.6 SUMIMIATY. ...ttt eme e e e e e e e e s eemna e e e e e e e e e e e eeees 156
5.6.1 Safety Benefits of Ramp Metering...........ccoouvviiiiiieeei e 156
5.6.2 Safety Benefits of Dynamic MeSSage SigNS.........cevviiiiiiiiieeeieieiiiiieeaeeeeenn 156
5.6.3 Safety Benefits of Road RanNQerS..........ooviiiiiiiiiiie e eeveeme e 157
5.6.4 Safety Benefits of Transit Signal Priority............cccuuveieiieemiuiiiiiiiiiiiiiiieeeeenn 157
5.6.5 Safety Benefits of Adaptive Signal Control Technology...............cccvvvvieeeess 157

Xii



CHAPTER 6 USER MANUAL FOR TSM&O STRATEGIES ASSESSMENT TOOL......158

6.1 GetliNg STAMEM.......eeiiiiiiiiiiiie e 158

G I I =t F= o] o 1Y/ = T 01 SRS 158

G 2 V=AY ) T= L1 o o USRNSSR 159

6.1.3 INTO SNEEL....ceiiiiiiiee e 159

I =Yg 1 (=T g o [ D - T 164
6.2.1 Ramp Metering SYSIEMIS......cciiiii i i e e eeieeeiieeei e eeee e e e e e e e e eeeaaneees 165

6.2.2 DYNAMIC MESSAQGE SIQIIS........uuuuuiirnrriiieeimeeiiiiiirireeeeeee e e e e e e e s ememeeeeeeeeeeeaaeeeeas 173

G Lo = o I = o = 176

6.2.4 EXPIreSS LANES.....ccoiiiiiiiiiiiiiii ettt 178

6.2.5 Adaptive Signal Control TeChNOIOGY..........ceuvvruuuiiiiiimeeeeieree e e e 181

6.2.6 Trangi SigNal Priority......cccooiiiii e eeeer e 183

LIRC IR YU [ 1 10 1 F= L/ PSP 187
CHAPTER 7 SUMMARY AND CONCLUSIONS......coiiiiiiiiieiiicrieee e 188
7.1 Ramp Metering SYSIEML........ooiiiiiiiiiiitireer sttt ceer b e e e e e e e e e e e e e e eeans 188
7.2 DYNAMIC MESSAUGE SIGNS....eerurriuuiniiiie e e e eeeeretttt s s s s eeeeeaeaaeesaaeeaaaaeeaaaaaearereesssssnnnnn 189
7.3 RO RANGEIS. ... .ot e eea bbbttt e e e ettt et e e e s ememn e e eeeeeeeeaeeas 190
7.4 EXPIrESS LABNES...cuii ittt ettt ernme e e e et e e e et e e anns 191
7.5 Transit SIGN@l PriOTitY........cooiiiiiiiiiiieeieee e e e e e e e e e e e e e e e e ammne s 191
7.6 Adaptive Signal Control TeChNOIOQY.........ccciviiiiiiiiiiieeee e 192
7.7 TSM&O Strategies ASSESSMENt TOOL.......cooiiiiiiiiieeee e 193
REFERENGCES..... ..ottt eeee st e e seens s e e et e e e e aaaaaeeeeesammraaaeeeeaaeeeesaannnns 194
APPENDIX A: ONEPAGE SUMMARIES......cootiiiiiieeee e eeen s 206
RAMP MBEEIS ..t re e e et e e e e b e e e et anane e e eea e e e ean e e eennns 207
Dynamic Message SigNS (DIMS)........uuiiiiiiiiiiiiii et 208
ROAA RANJEIS. ....cceeeeeiiitte ettt e e e e e e e e e e e e eeeeie s s e e e e e e e eeeeeeeeeeasasnnnsaeeaeaaeersesnnnnnes 209
EXPreSS LANES (ELS)...cciiiiiiiieii i eeee e 210
Adaptive Signal Control Technology (ASCT).....uuiiiiiiiiieee e eeeees 211
Transit SigNal Priority (TSP)........ ittt e e 212

Xiii



Figure 21:
Figure 22:
Figure 23:
Figure 24:
Figure 25:
Figure 26:
Figure 31:
Figure 32:
Figure 41:
Figure 42:
Figure 43:
Figure 44:
Figure 45:
Figure 46:
Figure 47:
Figure 48:
Figure 49:

Figure 410:
Figure 411.:
Figure 412:

Figure 413:
Figure 414
Figure 415:
Figure 416:
Figure 417:
Figure 418:
Figure 419:
Figure 420:
Figure 421:
Figure 422:
Figure 423:
Figure 424
Figure 425:
Figure 426:
Figure 427:
Figure 428:
Figure 429:
Figure 430:
Figure 431:
Figure 432:

Figure 51:
Figure 52:
Figure 53:

LIST OF FIGURES

Ramp Metering Configuration
Ramp Meters along9d5 in MiamiDade County, Floda.
Examples of Geometric Configurations for Freewayr@nps..............ccceeeeeeeeend) 6

FDOT-approved Safety Messages on DMS............oeeiiiiiiiieemiiiiiiiiiiiicieeeeeeeeen 11
Delay Comparison with and without the Florida Road Ranger Praogram........ 14
Express Lae Network in FlOridaL.............eeveeiiiiiiiiieeeieeeeee e 17

RITIS Device Sample Network for FDOT Districts 2 and.6................cceeeveeee. 30

Network of BlueToa® Devices in Jacksonville, Florida..............c.ccoeeeveeceenenn.... 31
Ramp Metering Performance Evaluation Study Corridors...........ccceeeeeiiieemennns 34
Study Segments Seledt®r Analysis of Ramp Metering Benefits.................... 37

Distribution of Variables When RMSs Were Operational or Not Operational.41

Distribution of the Predicted Bls When RMSs Were Operational or Not Operati®nal

DMS Performance Evaluation Study Corridor................vveiiiccceeeeeeeiiiinn, 45
DMS INfIUENCE ArCa.......cce et eeeeeeann AT
Difference in Speeds Whé&iearandCrashMessages Are Bplayed on DMSs. 50
Average Speeds Wheélear andCrashMessages Are Displayed on DMSs.....50
Road Rangers Performance Evaluation Study Cortidars...........cccceeevimmeeennns 54

Traffic Incident Duration TIMeliNe..........oovvviiiiiiiiiiice e 55
Incident Clearance Duration Distribution of the Analyzed Incidents............. 60
Average Incident Clearance Duration with and without Road Ranger Involvement
........................................................................................................................ 61
Quantile Regression Coefficients for the Incident Clearance Duration Madéb
Express Lane PerformanEvaluation Study Corridor.............ccoovvvvvvivieeneeennn. 70
Bls for Express Lanes and Gengrafpose Lanes.............ccoeeeeiiiieeeee e 73
Average Bls for the Express Lanes vs. Geraugbose Lanes.......................... 74
Hourly Variations in Bls and Travel Times for Gengratpose Lanes.............. 75
Average Bls for the GenerBUrpose Lanes.........cccoeeevvieeiiiiiceciiiiie e, 76
TSP Performare Evaluation Study Corridor along M81..........ccoooeeiiiiiiiininees 80
TSRenabled Signalized Intersections and Bus Stop Locations.................... 82
Calibration and Validation Results of VISSIM Base Model..................ooocee 83
Example of Bus Trajectories in the Base and theimf&grated Scenarias....... 88
Travel Time along UB41-NB Dir€CtioN........ccuuviiiiiiiiiiiiiiiceeeeeeeeeee e 89
Travel Time Bng US441-SB Dir€Ction.............uuuuiiiiiiieiceeeiiiiciieeee e eeeaeeand 90
ASCT Performance Evaluation Study Corridar.............ccccuvviimmmnniiiiiiiiinns 94
Time Series of Travel Speeds Collected-ati® Intervals.................cooeevvvvrieenn. 95
Prior Distribution of the Bayesian Switétoint Regression................cevvvveeeeee. 97
Decision Criteria for the Bayesian Hypothesis Testing (BHT)...................... 98
Travel Speeds with and Without ASCT.........ccooiiiiiiii e 99
Goodnessf-fit of the Swith-Point and Null Models...........ccoooiiiiiiiiieeen. 101
Posterior Predicted and Observed Data Densities.............ccccceeerriiiiinnnns 103

Time Series Plot of Actual Traffic Speed with Posterior Predictive Estimateé3
Example of Analysis Segments for RMSS..........coooooiiiiiiiiccce
Correlation of Traffic Flow Variables Downstream of RMSs
Distribution of Traffic Volume and Occupancy According to RMS Operatiarid 6

Xiv



Figure 54: Segments for Crash Data Collection for Analyzing Benefits of DMSs.......... 121
Figure 55: Data Processing Steps for Analyzing Safetyedigsiof DMSs.................oooee 122
Figure 56: Road Rangers Program Study CoOrridor............iiiiiiiisceeeiiiieeee e eeeee e 125
Figure 57: Framework for Road Ranger Safety Benefits Evaluatian..................ccocee..e. 126
Figure 58: Road Ranger versus Other Agencies Relative Response Frequencies....... 132
Figure 59: Probabity of SC Occurrence against Incident Impact Duration.................... 135
Figure 510: Probability of Secondary Crash OCCUITENCE.............evvvvvemmimmeeeeerernriiinn 136
Figure 511: TSP Treatment Corridors in Orange and Seminole Counties, Florida....... 140
Figure 512: Approach to Evaluate Safety Benefits of TSP.........cccccoeiviiiiiiccciiiiciieeees 141
Figure 513: Treatment and Comparison Intersections for Analyzing ASCT Benefits....148
Figure 514: Flow Chart for the Empirical Bayes Methad..............ccccovvivieeeeei e, 152
Figure 61: Enabling Macre in MS EXCEl..........ueiiiiiiiiiiiiia e 159
Figure 62: Sample Interactive Input Message Box for Continuous Variables............... 164
Figure 63: Sample Droglown List for Categorical Variables............cccccvvviiiiieeeniiiieenenn. 165
Figure 64: Typical Segment for Analyzing the Mobility Benefits of Ramp Metering....... 166
Figure 65: Typicd Segment Downstream of an &amp with Ramp Metering................. 170
Figure 66: Ramp Metering Strategy Sample I'MUPUL.............evvveiiiiiiiii s 172
Figure 67: Ramp Metering Strategy Sample Input Error Check...........ccvvvviiiieeeiiinnnnne. 173
Figure 68: DMS Strategy Sample INPAULPUL...........ccooiiiiiiiiiiiiieeee e s 175
Figure 69: DMS Strategy Sample Input Error Check............ooooiiiiemn i 176
Figure 610: Road Rangers Strategy Sample IAPULPUL..........cccoeeeiiiiiiiiiiiceciiicee e, 177
Figure 611: Road Rangers Strategy Sample Input Error Check...........cccccvvvimeeniiiiinnnns 178
Figure 612: Typical Segment with EXprefanes...........ccooeiviiiiiiiiieeee e 179
Figure 613: Express Lanes Strategy Sample IAPUEPUL...........oooovriiiiiiiiiicccee 180
Figure 614: Express Lane Strategy Sample Input Error ChecK...........ocooooeiiieeeiiiiennnn. 181
Figure 615: ASCT Strategy Sample INPQUTPUL.........oeviiiiiiiiieieiiiie e 182
Figure 616: ASCT Strategy Sample Input Erroré@h............ccooeeeeeeeeiiiiieeeiiiee e, 183
Figure 617: TSP Strategy Sample INPOULPUL............uuuiiiiiiiiiiiiieeeiiiiiieie e 185
Figure 618: TSP Strategy Sample Input Error ChecK..........cccceoiiiiiiiecciiciiece e 186

XV



LIST OF TABLES

Table 21: Freeway Service Patrol (FSP) Ben€fiist Analysis Results..............cccceeiinnees 16
Table 22: Express Lane Network in Florida............cooooiiiccc e 18
Table 41: Descriptive Statistics of RMS Study Segments.............veeiiiiceeeevivinniinnenn. 36
Table 42: Traffic Occupancy for Different Levels of Service BD...........ccvveiiiiiiiiiiiccennnns 38
Table 43: Descriptive Statistics of the Continuous Variables for the RMS Study

STCTo ] 0T o TP PPTPPPPPRRR 40
Table 44: Results of the LASSO Model...........ooooiiiiiiiiieen e iiiiiiiieeeccceeivvvvveeeeeeee A2
Table 45: MEFs for Ramp Metering SyStem...........cooooiiiiiiimmeniiiiee e 44
Table 46: Descriptive Statistics of the Categorical Vakés for Calculating the Speed

= L[ T PRSP 49
Table 47: Descriptive Statistics of the Traffic Data for Calculating the Speed Ratio......50
Table 48: Paired-teSt RESUILS.........ccoiiiiieieeiieieeee e e e e e e e e e e eneas 51
Table 49: MLR Model COEfICIENTS........cooe it 52
Table 410: MEFS fOF DIMSS... .. it eeeeeeee ettt mmmr e e e et eeesnann e e smmrne 53
Table 411: Descriptive Statistics of Incident Data............cccoooeeiiieeeciiiiiiiiie e, 56
Table 412: Results of the Quantile Regression Models...........ccooiiiiiiieecd 64
Table 413: Estimation of Inident Clearance Duration at Means of Independent

RV L= o] =SOSR PPPPPRPPUPPPRT 66
Table 414: Incident Clearance Duration Reduction Rate: Road Range@ther Agencies...67
Table 415: MEFs for Road RANGELS........coooiiiiiiieeee e e e 68
Table 41 6 :  WetéstResilts for the Bl for the Express Lanes vs. Geparpbse

= 1 1T PSP 74
Table 41 7 :  Wetkest Regulis for Bl for the Genefalirpose Lanes.............ccccevvvvvvnnnes 76
Table 418: MEFs for Express Lanes and Gengralpose Lanes..........cccccceeeeeeiniiiccceneeenn. 77
Table 419: Corridor Travel Time for All Vehicles and Buses aldtmthbound

Y o] o] (0T o PP PP PPPPPPPUPPPPP 84
Table 420: Corridor Travel Time for All Vehicles and Buses along Southbound

Y o] o] (0T o PP PP PP PPPPPPPPPPPPR 85
Table 421: Delay Time Measurement along Northbound Approach...............ccc..ooeee..L 86
Table 422: Delay Time Measurement along Southbound Approach..................ccceeee 87
Table 423: Performance Results of the Entire Corridor with TSP............cccoooiviiicccnnnn. 88
Table 424: MEFS fOF TSP ... .ottt e e e e s emerannnes 92
Table 425: Descriptive Statistics of the Speed Data for ASCT Evaluatian.................... 94
Table 426: Posterior Summary Results of the BSR Madel...............oooviiieeeeiiiiieieennnns 102
Table 427: Results of the Bayesian Hypothesis Testing............oooovvvvvvieeeeeiieeeveeeiniinnnn, 107
Table 428: MEFS fOr ASCT ...t rrne e e e e e e e e e e eeeeeannnnn s mmnes 108
Table 429: Summary of MEFs for TSM&O Strategies.........ccvvvvviiiiiiiieeneeeeiieee e, 110
Table 51: Descriptive Statistics of the Dataset Based on RMS Operations.................. 115
Table 52: DescriptiveStatistics of Continuous Variables for Safety Evaluation of RMS$16
Table 53: Logistic Regression with a Random Parameter ModallRes......................... 117
Table 54:t-Test Results for Coefficient of Variation of Speed.............coooviiiinennn. 123
Table 55: Secondary Crash Distribution by Freeway Corridors (204®17).................... 127
Table 56: Descriptive Statistics of the Variables for SC Likelihood Madel................... 131
Table 57: Incident Impact Duration witRespect to Responding Agencies.................... 131

XVi



Table 58: Secondary Crash Occurrence Likelihood Model Results...........c..cooeeveeeennes 134
Table 59: Estimation of Reduction of Probability of Secondary Crash Occurrence......137

Table 510: TSP Enabled Corridors (Treatment GroUp)............uuvvvrreummmmreeeeeeerrnnnnnnnnn 139
Table 511: Descriptive Stadtics of Treatment and Nefreatment Corridors for TSP
EVAIUBLION ...t e 144
Table 512: Posterior Distribution Summaries for Different §lr&Categories................... 145
Table 513: CMFS fOr TSP.. ..o et e e e e e e e e e e e e smmne s 146
Table 514: Annual Crash Data Summary for ASCT Treatment Intersectians.............. 149
Table 515: SPF Model Results for Total and Read Crashes..............ccoooiiiiiieeenen 154
Table 516: SPF Model Resulfer FI Crashes..........oooovviiiiiiiiiiiceeeeeeiiiie e 155
Table 517: CMFS fOr ASCT ...ttt rr et eneb bbb e e e e e e e e e e e e e s semnes 155
Table 61: RMST Input Data Needed for Mobility Performance Measure....................... 160
Table 62: RMST Input Data Needed for Safety Performance Measure..............cc.c..ve.ee. 160
Table 63: DMST Input Data Needed for Mobility Performance Measure...................... 161
Table 64: Road Rangeris Input Data Needed for Mobility and Safety Performance
IMBAISUIES. ...ttt ettt ettt e e mmt e e e et e e e et e e e et s amnneeesn e e e enn e e eennes 162
Table 65: ELsi Input Data Needed for Mobility Performance Measur......................... 162

Table 66: ASCT1 Input Data Needed for Mobility and Safety Performance Measures163
Table 67: TSPi Input Data Needed for Mobility and Safety Performance Measures...164

Table 68: Sample Data Collected from Freeway Segment DetectorS.........cevvvvvivrennee. 166
TaDIE B: LOS CHILEIIA . ..uuuttuiiiiiiiiiiiiiiie e e ettt ettt e e e e e e e e e e e s s s smmme e e e e e e e e s s s s s nans s nnes 169
Table 610: Sample Data from Downstream DeteClorS...........ccvvvveeeviimmereeeeeeeeeeeeeeieinnnnns 170
Table 611: Sample Data from Upstream DetecClors..............uuvvuuiiiccrreeeeeiiiiiiieine e ee 171
Table 612: Sample Data from the Immediate Downstream Detectors................eevnueee.. 174

Xvii



AADT
AASHTO
AlC
ASCT
ATMS
B/C
BCI
BCT
BHT
B
BNB
BRT
BSR
CCTV
CMF
CMS
CTOD
CVS
DHSMV
DMS
DUI
EL
FB
FDOT
FGDL
FHP
FHWA
FI
FSP
FSPE
FTE
GEH
GIS
GPL
GPS
HDI
HMC
HOT
HOV
HSM
ICM
ITS
JSO
KDOT

ACRONYMS AND ABBREVIATIONS

Annual Average Daily Traffic

American Association of State Highway and Transportation Officials
Akai keds I nformation Criterion

Adaptive Signal Control Technology
Advanced Traffic Management System
Benefitto-Cost

Bayesian Credible Interval

Broward County Transit

Bayesian Hypothesis Test

Buffer Index

Bayesian Negative Binomial

Bus Rapid Transit

Bayesian Switctpoint Regression
ClosedCircuit Television

Crash Modification Factor
Changeabl®lessage Sign

Central Time of Day

Coefficient of Variation of Speed
Department of Highway Safegnd Motor Vehicles
Dynamic Message Sign

Driving under the Influence

Express Lane

Full Bayes

Florida Department of Transportation
Florida Geographical Data Library
Florida Highway Patrol
FederaHighway Administration
FatalInjury (crash)

Freeway Service Patrol

Freeway Service Patrol Evaluation
Florida TurnpikeEnterprise

Geoffrey E. Havers

Geographic Information System
Generalpurpose Lane

Global Positioning System

Highest Density Interval

Hamiltonian Markov Chain
High-occupancytoll
High-occupancyehicle

Highway Safety Manual

Integrated Corridor Management
Intelligent Transportatio®ystems
Jacksonville Sheriffbs
Kansas Department of Transportation

Xvili

Of fi ce



LASSO
LOS
LTOD
MAC
MCMC
MDT
MEF
MENB
MLR
MoDOT
MSE
MUTCD
NB
OLS
PDO
Pl
PSA
QJ
RCI
RITIS
RMS
RMSE
RTMC
SB
SC
SPaT
SPF
SR
SSAM
SSP
TIM
TMC
TOD
TSM&O
TSP
v/c
VBA
VMS
vphpl
VSL
WAIC

Least Absolute Shrinkage and Selection Operator
Level of Service

LocalTime of Day

Media Access Control

Markov Chain Monte Carlo

Miami-Dade Transit

Mobility Enhancement Factor

Mixed EffectsNegativeBinomial

Multiple Linear Regression
MissouriDepartment off ransportation
MeanSquared Error

Manual on Uniform Traffic Control Devices
Northbound

Ordinary Least Square

Property Damage Onlcrash)

Primary Incident

Public Service Announcement

Queue Jumpers

Roadway Characteristics Inventory
Regional Integrated Transportation Information System
Ramp Metering Signal

Root MeanSquared Error
RegionalTransportation Management Center
Southbound

SecondaryCrash

Signal Phasing and Timing

Safety Performance Function

State Road

Surrogate Safety Assessment Model
Safety Service Patrol

Traffic Incident Management
Transportation Management Center
Time of Day

Transportation Systems Management and Operations
Transit Signal Priority

Volumeto-Capacity

Visual Basic for Applications

Variable Message Sign

Vehicles peHour perLane

Variable Speed Limit

Widely Applicable Information Criterion

XiX



CHAPTER 1
INTRODUCTION

Transportation Systems Management and Operations (TSM&O) is a program based on actively
managing the multimodal transportation network, measuring performance, and streamlining and
improving the existing system to deliver positive safety and mobility owgsaim the traveling

public. TSM&O comprises a set of strategies that focus on operational improvements that can
maintain or restore the performance of the existing transportation system before extra capacity is
needed. Operational improvements are attabnedpplying TSM&O strategies to maximize the
efficiency, safety, and utility of the existing and/or planned transportation infrastructure (Williams

& Hazley, 2017).

TSM&O initiatives have gained momentum recently because of the benefits associatibeiwith
deployments. TSM&O strategies allow transportation agencies to realize their goals through the
use of available redime traffic information, improved condition monitoring and detection of
disruptions, and coordination of transportation needs. Aesat, TSM&O strategies have been
observed to offer cosdffective and less invasive solutions for congestion and safety issues than
thelarge scaleexpansion alternatig€Zeeger et a).2014)

The Florida Department of Transportation (FDOT) has be@iomaeer in adopting TSM&O
strategies to improve safety kayFdOTmmoebtonewasy al o
the development and adoption of @17 TSM&O Strategic Plawhi ch outl i nes t h
vision, mission, goals, objectives, and pitprifSM&O focus areagFlorida Department of
TransportatiofFDOT], 201®). Potential strategies include the use of express lalgagmic
messagesigns (DMSs), ramp metering, transit signal priority (TSP), and Advanced Traffic
Management Systems (ATMS),which a number have been deployed throughout the state. Since

each project is unique, the selection of the most suitable TSM&O strategy and its deployment
depends on the regionds needs and requirement

The primary goal of this research was to develgpueces to assist FDOT and other agencies in
evaluating the effectiveness of the strategies:s
2017a). The developed resources will enable FDOT and local agencies to prioritize TSM&O
strategies using quantible safety and mobility metrics.

The rest of theeport is organized as follows:

1 Chapter 2 identifies and discusslesexisting TSM&O strategies that have been deployed
in Florida

1 Chapter 3 discusses thlata sourcesised toobtain data folquantifying the safety and

mobility benefits of the identified TSM&O strategies

Chapter 4 discusses the mobility benefits of the identified TSM&O strategies

Chapter 5 discusses the safety benefits of the identified TSM&O strategies

Chapter Gresents thaser manudior the TSM&O StrategiesAssessmentool.

Chapter Summarizeshe findings othis research.

= =4 =4 =



CHAPTER 2
EXISTING TRANSPORTATION SYSTEMS MANAGEMENT AND OPERATIONS
(TSM&O) STRATEGIES

This chapterfocuses orthe following TSM&O strategies thare currentlydeployed in Florida

Freeways
1 Ramp Meterindgsystem (RMS)
1 Dynamic Message SigriBMS)
1 Road Rangers
1 Expresd.anesELS)

Arterials
1 Transit Signal Prioritf{ TSP)
1 Adaptive Signal Control TechnologASCT)

The chapter also includes a detailed discussion orvéhiklle safety andperationaperformance
measuresas well as the quantitative safety and mobility benefits of the disted TSM&O
strategies.

2.1 Ramp MeteringSystem

Ramp metering or signaling is a traffic management strategy that installs traffic safprads
freeway onaramps to control and regulate the frequency at which vehicles enter the flow of traffic
on the freeway mainlingsanet al.,2011; Mizutaet al.,2014). The primary operational objectives

of ramp metering include: controlling the frequency of vehicles entering the freeway, reducing
freeway demandsnd breaking up platoons of vehicles released from the upstream traffic signals
(Balkeet al.,2009)

With ramp meteringvehiclestravelingfrom the adjacent arterials to the freeway mainline on the
onrramp segmendre stopped and released at a determined meteredsatristrated in Figure
2-1, atypical ramp metering configuratidmsan orramp stop line where vehicles are stopped
and released onto the mainline at a rate that depends prettadlingmainline traffic conditions.
Ramp metering is set to optimize traffic flow tre mainline andon-ramp queue using signal
timing algorithms andeattime data from a network of loop detectors.

Ramp metdang helps relieve trafficongestion(Mizuta et al., 2014y keepng the freeway
density asclose tobut below the critical density valyéladi et al., 2017) It reduesdelay and
maintairs capacity flow on freeways by regulating access of ramp traffic to the mafjhieat

al., 2006) Nonetheless, effective ramp metering has to ergueeesare preventeffom spilling

onto the adjacent arterial with stopped vehicles waiting to access the fri@ézata et al., 2014)
Apart from reducing congestioramp metering can alsmprove traffic safetyoy reducing the
frequency ofearend and sideswipe crashdee to lessurbulenceand speed variabilityy merging
zones (Lee et al., 2006)In general, ramp metering is intended to improve mobility, reliability,
safety andthe environment while preserving freeway capacity at a significantly lower cost than
traditonal capacity improvemenneasuressuch asadding a new lane (Mizutat al.,2014).



Overall, thewidespread benefits of ramp metering, relative to its costs, make it one of the most
costeffective freeway management strategies (Miattal.,2014).

* Speed, occupancy data continuously
collected from masnline loop detactors

0 Vehicle pulls up 1o stop bar

Q Vehicle detacted, signal tums green

9 Vehicie merges onto freeway

Advanced Warning Sign with Flahing Beacon (OPTIONAL) ——.
Advanced Queve Loop

Figure 2-1: Ramp Metering Configuration (Mizuta et al., 2014)
2.1.1 Current Deployments in Florida

In Florida, the first ramp metering system vdaeployedn 2009 alonganorthboundNB) section

of 1-95in Miami-Dade County{Gan et al., 2011)An additionall4 ramp metersvere deployedh
2010 along the corridor, bot¥B and southboun{SB), for a total of 22 rampneters(Gan et al.,
2011) Figure2-2 shows the location of thexistingramp meters alontpe[-95 section in Miami
Dade CountyFDOT District 6 currentlyoperategsheramp meters between Ives Dairy Road and
NW 62"9 Street.

Anotherramp metering deploymeistunderwayin District 6 on SR 826 from SR 836 to NW 154
Street(Hadi et al., 2017)FDOT District4 is alsoconsideringdeploying ramp meterst over 60
ramps in Broward and Palm BeaCbunies(Hadi et al., 2017)

2.1.2 Safety Performance Measures

Research on the safety benedit ramp metering is sparg¢8unet al.,2013) The limited available
studies have focused @malyzing the safety implications ahe deployment of ramp metering
usingthe following approachescrashoccurrencgCohenet al.,2017;Liu & Wang, 2013 and
safety surrogate measuiggarim, 2015; Lee et gl2006; Sun et al., 2013)
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2.1.2.1CrashOccurrence

Ramp metering is considered to reduce the number of crashes in acceleration lanes and merging
areas(Gan et al., 2011)Gan et al. 2011 discussedhe justification for instalhg ramp metes

basedon the rate of crashesearthe rampghat exceeéd the mean crash rate for comparable
sections ofafreeway.The authorsuggested that safety conceshouldbe considereds one of

the reasons for installing ramp metégan et al(2011) observed thahany agenciesonsistently

agreed that rammeteringshould be warranted when thereaifigh frequency of crashes near
freeway entrances due to platooning oframp traffic, inadequate merge graadcongestion.

Liu andWang (2013pnalyzed the inflance of ramp metering on safety nearramp exits using
crash ratesCrashrecords were collected from 19 ramp metering locations in Califcanidthe
following three indicators were introduced to assess the operational safety of thenedening
before and after deploymenmtercentage of reduction in crash frequency regardless of the traffic

volume (y), percentage of the crash r-aamg i ncl i
exit (&), and per c e oonsagiaghentmber ofantedactionsameng thee d u c t
onr amp and mainline vehicl es (coajh.rataBdadians afs s ug

38%, 37%, and 35%ere observed fdr h e ,ayn,d 80 , r, efterfhe deploymeatiofyamp
metes.

w
<
A
o NW 203 ST
%
(e)
R4S
5% s
%
T =
MIAMI GARDENS DR
SR 826 GOLDEN GLADES INTERCHANGE
w
%
NW 151 ST
OPA-LOCKA BLVD
a NW 135 ST
~
NW 125 ST
s
NW 119 ST
w
L2
&
NW 103 ST T
NW 95 ST
®
NW 81 ST
NW 79 ST
& Northbound
NW 69 ST @ Southbound
NW 62 ST
- w
Ny o

Figure 2-2: Ramp Meters along [-95 in Miami-Dade County, Florida (Zhu et al., 2010
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2.1.2.2Safety Surrogate Measures

Surrogate measures have been used in several studies to etladusdéety performanceof a
facility where challengesexisted with thecollection of crash dataand prediction of crash
frequencies. For instance, safety surrogate measures weréousegluate the performance of
ramp meters that were temporarily deployedvork zones irColumbia,Missouri (Sun et al.,
2013. Crash dataould not be used since tremp metes were deployed for a short periodiire
work zonesThe surrogate measurased in ts studyincluded driver compliance rates, speed
statisticsalong the mainling ramp traffic, speed differences betme merging and mainline
vehicles, merging headwaysine changesand braking eventalong the mainlingSun et al.,
2013) These surrogate measures were obtained fideowdata collectect eachstudy site and
data extraction waperformedusing differet criteria foreachspecific surrogate measure. For
example, when assessing driver compliance rateshiale was considered to comply if it went
through theramp meter only when the signal displayed greeResultsindicated thatthe
compliance rate was 63.6% when few vehicles were on the ramps, and 67.3%anyisted
conditiors, which suggested thatamp meters should not be operated under low ramp volume
conditions(Sun et al., 2013)

Lee et al. (2006) quantified tleafetybenefits oflocattraffic responsiveamp meteringn terms

of the reduced crash potential estimated frmmeaitime crash predictiomodel. Localtraffic
responsive ramp meters select the metering rate by monitoring the volume and speed of traffic
flow in the mainline lanes adjacent to the ramp meter. The model uséunealaffic flow data

from road sensors to estimalevalues of surrogate measures of traffic turbulence that contribute

to crash occurrence. The surrogate measures analyzed ohchef@cient of variation of speed
calculated as the standard deviation of the speed divided by the average speed over certain time
intervals,theaverage speed difference betwéemupstream and downstregnaffic ata specific

location, andheaverage ovariance of volume difference between the upstream and downstream
traffic ata specific locationbetween adjacent lanes.

Lee et al. (2006) usednaicroscopicsimulation modetoupledwith the crash prediction model to
generate values of the surrogate measuresffeeawaysection with an omamp exitalongl-880

in Hayward, California. Results showed that although ramp metering can benefit the road sections
upstreanof the ramp mergares, it alsoled to an increased crash potential on the road sections
downstream of the ramperge areaTlherefore, th@otential craslieductionalongthe upstream
sectionsvas offseby the increased crash potentddngthe downstream road sectiofi$ws, the

overall safety benefit of ramp metering vees6 reduction in total crash potential. However, these
resultswereinfluencedby the study locatiormttributes such agheformationof queue spillback

during the study period due to downstrearttlenecks etc

Karim (2015) analyzed the frequency, typad severity of vehicle conflicts that occurredaon
3000ft freeway segment to measuteh e ramp metering systemds
effectivenessSurrogateSafety Assessment Modeb$AM) softwarewas usedo estimatethe
frequency and type of conflictsom the simulation modellhe verity of the vehicle conflicts

was obtained usingvo measures of conflictime to collision andmaximum speed difference
between conflicting vehicles.ifierent resultsvere observedegarding theefficiency and safety
benefitsof ramp meteringlepending on the geometric configuration and signal timing scenarios.



For examplea ramp withgeometric configuratiofFigure2-3(a)) that has two omamp lanes rad
using tvo differentsignal timing scenariowith traffic volume O 1,250 vphpl and ramp traffic
volume O 800 vphpl, led toa decrease in traffic conflictddowever, for the same signal timing
scenarios and traffic volume attributes, theramp geometric configuratiomf two lanesthat
merged to form ondane (Figure2-3(b)) led to an increase in traffic conflicts. d&im (2015)
concluded that ramp metering increases efficiency and imptbeesafetyof freeways only at
specific situations defirteby the geometric configuratiofieeway and ramfraffic volume and
theramp meteringlgorithm.

L
bl

(@) (b)

Figure 2-3: Examples of Geometric Configurations for Freeway On-ramps (Karim, 2015)
2.1.3 Mobility Performance Measures

Severalstudies have evaluated the mobility benefits of ramp metering. In general, most of the
studies observed that ramp metering increases tispaxds, increases freewdyoughput,
sustairs higher trafficvolumes and improves traffic flow by reducing the impact of recurring
congestion(Karim, 2015) Several studies havenalyzed the mobility impact of ramp metering
using the followingperformane measuredravel time(Cohen et al., 2017; Karim, 2015j)avel

time reliability (Cambridge Systematics, In@00% Levinsonand Zhang, 2006)traffic delays

(Sun et al., 2013)and capacity and level of servigohen et al., 2017)

2.1.3.1Travel Time

Travel time is &ommon measuref mobility improvemeneffectivenessCoheret al.(2017) used
baseline travel times thatere estimateérom loopdetectormeasurement@.e., flow, occupancy,
and sped) on a 460mile section ofthe A25 roadwa linking Socx and Lille in FranceThe
estimated travel timewere validated based on the datallected from the floating castudies
Travel times were collected aveeldaysduringthemonthsof May, June, Octobeand November
when ramp meters were magerationaglandfor 11 days in February and March when ramp nseter
were operatioml. Although datawere collectedfor the entire day on eachspecified day, the
analysisfocused orthe morning peak hour (6:30 a.m. to 10:30 awhgn ramp meters were
operational andhon-operational Cohen et al. (2017) useatkscriptive statistics to compare the
travel time of the study segmewith and without ramp meterandobserved that the avga
travel time with ramp metering was 8&conds less than the average travel time without ramp
metering.This result was found to be statistically significant at the 95% confidexeé



Karim (2015) used VISSIMthemicroscopic simulation softwarto explore the effectiveness of
ramp metering othe operationakfficiency of the freewayThe study usethe average speed in

the ramp influence area and the average travel time on afBh@@way segment adjacent to the
ramp as the measure of freewaffogéncy. The studyevaluated thregeometric configurations of
ramp freeway junctionwith differenttraffic volumeson the ramp anfiteewayand different signal
timing scenariosKarim (2015) considered that ramp meters improved the efficiency of the
freeway if the percentage decrease in the average travel tim® 5f4s Results suggested that
ramp metering efficiency depended on the traffic voleméoth the omamp and freewaysignal
timing scenariosand the geometric configuratiorof the onramp For example, using ramp
metering for oramps with a geometric configuration that has two lamesginginto one laneas
shown in Figure2-3(b), is not recommended. However, ramp metering was observed to be
beneficial fora single lane®nramp during the peak period or whenthenpt r af f i ¢ v ol ume
800 vphp)and thefreewayt r af f i ¢ M2BOlvphple s O

2.1.3.2Travel Time Reliability

Travel time reliability is a measure of the expected range in travel time and provides atijuantit
measure of travel time predictabilig¢ambridge Systematics, In@Q01) Travel time reliability

has been used to assess various transportation improvement deployments. A higher value is
assigned to travel time reliability than to average travet tdue to the usefulness of predictable
travel timegCambridge Systematics, In€001) Cohenet al.(2017) used travel time reliability

to investigate the impact of ramp meterfagtraffic onthe A25 roadway connectin§ocxto Lille

in Franceduring morning peak hours (6:30 a.m. to 10:30 a.fbje F-test was used to test the
hypothesis of equal variances of travel timigh and without ramp metering. Results indicated
thatmore variability intravel timewas presenivhen tte facility operatel without ramp metering
compared to when ramp meterwgs operational

LevinsonandZhang(2006)analyzed the operations of freewapased onravel time variation
with and without ramp metering during the afternoon peak period. [Ttawe variation is
considered as the standard deviation of travel timesisndedas a measure of travel time
reliability. In the study, e travel time variatiorwas estimatedor two scenariosinter-day, and
intracday. The interday travel time variationvas estimatedrom trips that were made across
different dayswhile intraday travel time variatiowas estimateftom trips that occurrednly on

a specific day. Resultsdicated theabsencef spillover effectoonlocal connecting streets during
theanalyzedpeak periodsinceall ramp arrival detectors showed low occupancy readifigis
scenario implies thatlelays at oramps represented the total delays caused by ramp meters.
Resultsalsosuggested that ramp metearemorehelpful for long trips(i.e., trips wherea driver
pasedmore than three exitsyjompared to short trigg.e., trips wherea driver passed three exits
or less) However although beneficial to freewayperationsramp meteringnaynotimprove trip
travel time including on-rampdelays.

2.1.3.3Traffic Delays
Sun et al. (2013) evaluated the effectiveness of ramp meteaingork zonesin Columbia,

Missouri Traffic demand observed on timeainline and ramps at the study locatsowas not
consistentlyhigh enoughfor the ramp meterto havea sustaineceffect on mobility therefore,



traffic simulation was used ihe analysisThe analyzed scenario involved a ttesone lane work
zonewith anentrarce ramplocatedupstream othe work zone.Three different traffic volumes
(900 vph, 1,240 vph, and 1754 vph) and two truck percentage levels (10% and 409)e
evaluated, an¥ISSIM modelsweredevelopedor the five work zonescenariogor metered and
unmetered ramp conditions. The models were calibrated using field data collected at the congested
work zone sitesThe ptal vehicular delay was used to measure the impact of ramp metering
the mobility of the corridarThe total vehiculadelay considered the delay caused ligth the
mainline and rampraffic. Simulation modes provided the resultg terms oftotal delayduring
undercapacity, at capacifyand overcapacityconditions. Results suggested that ramp metering
decreased tratff delaysin work zones when traffic volume exceettapacity.On averagea 24%
decrease in delawith low truck percentage and a 19% decrease in defily high truck
percentage conditions resulted from metering ramps near work zones operating abowe capa
Note thatramp meteringvasnot recommended for flows below capaditywork zones because

it increasd total delays.

2.1.3.4Capacity and Level of Service (LOS)

Cohenet al.(2017) collectechnd usedatonventional traffic datd.e.,flow, occupancy, and speged
to estimatethe level of service (LOS)Additional contextual data weralso collected to give
further insighs into conditionswith and without ramp metering.he contextual data included
incidents, planned workandadversaveatheiconditiors. Capacityand LOSwereestimatedising
fundamental diagrants assess the mobilitynprovements due to ramp metering in combination
with variable speed limit (VSL)(Cohenet al., 2017) Findings suggested that there was no
significant change irthe capacity as a result of ramp metering angL. However, traffic
conditions were found to improve when both ramp metering and VSL were deptoyegdared

to deploying ramp meters alo(@ohenet al.,2017)

2.1.4 Quantitative Benefits

Ramp meteringvas found tomprove safety by decreasitige numberof crashes that are likely

to be attributedo mergingmaneuversA study bythe Kansas Department of Transportation
(KDOT) and MissouriDepartment of TransportatioMODOT) (2011) observeda reductionn
crasheper yearffrom 44 crashegpfior to the deployment ahmp meters) to 16 crashes (aftes
deployment oframp meters). Leet al. (2006) indicated that ramp metering reduced the crash
potential by 5 37% compared to locations without ramp meterfdgmbridge Systematics, Inc.
(2001)estimated a 26% reduction in the crash rate attributable to the ramp metering $stem.
majority o reduced crashes wetkassified asninor with personal injuryPiotrowicz & Robinson
(1999 concluded thatampmeteringdecreased crashes in fieak periody 24% in Minneapolis,

MN. The authoralso summarizedhe safetybenefits of ramp metering deployment in various
states. For example, ramp metering contributed 5% reduction in reaend and sidaswipe
collisions in Denver, CQOandled toa 50% reduction in total collisions aral71% reduction in
injury collisionsin Detroit, MI. However, the safety benefits of the ramp metering were restricted
to the freeway sections in the vicinity of the ramp and were dependent on the existing traffic
conditions as well aghe spatial extent of the evaluatifiree et al., 2006)



Cambridge Systematics, INR001) concluded thain generalramp metering led tsignificanty

longer delays on ramps. However, with the improved travel condition on the frésiaigs, the

overall system exhibited a decreasdatal vehicle delgs. Ramp meters led tosystemwide
reduction of 25,10@ersorhoursof travel time per year due to improved travel speeds and lower
travel times on freeways. Interestingly, ramp meters did not cause any significant impact on the
arterials.

PiotrowiczandRobinson (19953ummarized the mobility benefitdserved frommampmetering
projects in several citiea 173% increase in average travel speed in Portland, OR; an 8% increase
in average travel spegaind a 14% increase in traffic volume in Detroit, MI; and a 52% reduction

in average travel timeanda 74% increase in affic volume in Seattle, WA. Also, ramp meters
improved the travel time reliability which resultéd an annual benefit of over $24illion
(Cambridge Systematics, In2001) The study byKDOT and MoDOT (2011) observed a
decrease in the travel time indehich is a measure of travel time before and dfftenstallation

of ramp meters. The average travel time index for both directions of a frelesvay435) during
peakhours was 1.17 in the befeperiod and 1.14 in the aft@eriod(KDOT & MoDOT, 2011)

2.2 Dynamic Message Sign (DMS)

Dynamic Message Signsr DMSs, also referred to as Changeable Message Signs §CMS
Variable Message Signs (VM are programmable electronic signs that appear along highways
andtypically display information about retime alertsrelated tounusual traffic conditionsuch

as adverse weather conditions, construction activities, travel times, road closures os,detou
advisory phone numbers, roadway incidem€. These messages are intended to affect the
behavior of drivers by providing retime trafficrelated information to warn drivers, regulate
traffic flow, and manage congestion on the roadwkgsiraet al, 2011; Wanget al.,2017) DMSs

are usually permanently mounted, whild1Ss are commoly usedin work zones or where
temporary messaging is needed

The effectiveness of a DMS system depseonl factors such as accuracy of travel time forecast,

the driving publicés knowl e dndtheiralility tomfertravele v ai |
times from these conditior(¥in et al.,2011) DMSs are expected to reduce secondary crashes,

travel dela, fuel consumptionand emissiondy assistingmotorists with makingnformed

routing decision#n response to inciden{®onteset al.,2008)

2.2.1 Current Deployments in Florida

DMSs have been deployed statewide on all major freewayssamdralarterial highwaysn
Florida As of December 2018, theaee 760 permanently mounted DM8isplaying information

to motoristsi 188 in CentralFlorida 98 in the Northeast region, 40 ithe mnhandleregion
(Northwest) 156 inthe Southeast region, 57 the Southwest region, and 147 time Tampa Bay
area These DMS are operational 24/7 to convey tiraensitive information to motorists and are
generally updated every minute. District Six alone, there were 33,944 messages posted with
10,276 DMS activations for 1,418 evemisring the month of December 2018he displayed
messages included incidents (14,952), construction (5,402), safety (1&@083)ehicle alerts



(3,557). The DMS efficiety was 99.72% (i.e1,414 of the 1,418 events had DMS messages
posted) for all roadways.

2.2.2 Safety Performance Measures

With the dynamic naturef the messages that can be display#dSs serve as an ideal tool for
improving roadwayefficiency and safetylhe safety benefits of DMSelateto the nature of the
messages that are display®@¢hen displaying=DOT-approved safety messagadswn inFigure
2-4, safety performance measures mustsater the purpose of the message, location,, tame
period of useas well as the expected responses from drivers (Mounce et al., 2007).

Safety benefits of DMSinclude thepotentialreductionin crashfrequency and/or severitgs well

asfewer secondry crasheswhendriversarewell informed of incidents aheadsingreattime

information However,he dr i ver sd ¢ o mp rnessaganay resalt inoskbowet h e DN
vehicle approach speeds and avoidance mane{Mersceet al.,2007) Nevertheless, informing

road user®f traffic conditions in reatime, such as cragg congestion, or roadwork aheadn

promote crash avoidance aingprove the overall safetyof the corridor

Severalpreviousstudies have estimated the effectiveness of messages displayed on DMS using
road wusersod p€@ayaedupe Bawos, 2608 Peng wtsak004; Richardsand
McDonald 2007).Boyle et al. (2014) assessed the usefulness and effectiveness of sdfety an
public service announcement (PSA) messages through surveys conducted in four urban areas in
the United StategU.S.) Chicago, IL; Houston, TX; Orlando, FL; and Philadelphia, PA. The
surveys were designed to specifically address the types of safetysanthéssagessed ineach
respective city. A total of 2,088 survey responses were received and an&gzed. on the
information gatheredBoyle et al. (2014jecommenddthat safety and PSA messages displayed

on DMSs shouldbe useful and effective to maximize their influence on driver behavior.

2.2.3 Mobility Performance Measures

The nobility performanceresulting fromDMSs can be evaluated quantitatively or qualitatively
depending on the type of motorist response todibplayed informatior{fMounceet al.,2007)
Quialitative measures include public acceptance and satisfaction with DMS opgidtionse et

al., 2007) The eliability of the messages is one of the factors that can promote positive responses
from drivers.Subjective performance measures obtained from drivers can be groupetdeinto
effectiveness and usefulness of the DMS. Mobility benefits can be measured by shorter queues,
less average delay per vehicle, shorter travel times for a given trip length,dedizdevehicle

delay, higher travel speeds, increased throughput at bottlenecks, and improved LOS.

Schroederand Demetsky (2010) investigated the impacts of existing BNIS identify the
messages that maximize diversion of motorists and develop newgegdeabe deployed using
data collected on-95 and 4295 in Richmond, Virginia. The percentage of diverted traffic was
identified as a performance measure for diversion messages. The study conclunhedetsdd
traffic diversion was more likely wheniders were alerted to certain situatiosisch as highway
closure or incidenahead.
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Figure 2-4: FDOT -approved Safety Messages on DM$-DOT, 2018)

2.2.4 Quantitative Benefits

RamaandKulmala(2000) investigated the effect of DMfr slippery road conditions on driving

speed and headways in Finland during winter seasons. The results indicated that drivers reduced
their speeds and decreased the proportion of short headwaysavatppery road condition
message and a recommedaninimum headway between vehickeessagavere displayedThe

majority ofdrivers regarded both signs useful: 65% approved of the slippery road condition sign
and 72%approved ofthe minimum headway sign. The slippery road condition sign decreased
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driving speeds by 12 km/h at a distance of 50100 m after the signRaméaand Kulmala,
2000)

TayanddeBarros (2010gxamined thémpactsof antispeeding messages on driver attitudes and
traffic speed on an intagity highway usinga questionnaire surveystudy results suggested that
DMSs hadarelatively small beneficial effect on driver attitudes and traffic speed.

Haghani et al. (2013)sed crash data, weather information, and DMS logs in Marylanithdor
years2007-2010 to evaluate the crash patterns invicanity of DMSs. Of the 23,842 crashes in
the study area for a sample of 70 road segments, only 50 crasipes{88y damage dn(PDO)
and 15 personal injuries) occurred when the BM8re displaying messag&3f these 50 crashes,
11occurred while danger/warning messages were displayed on @M&slll, findingssuggested
that DMSs are a safe and effective tool for disseminating-tiead travel information.

2.3 Road Rangers

Traffic incident managemenas a planned and coordinated process to detect, respond to, and
remove traffic incident$o restore traffic capacity as safely and quickly as possible, has emerged
as a proven solution to ensure highway efficiency and relial{firradyne, 2000)As one
component ofa comprehensivencident management system, Freeway Service Patrolssy\FSP
facilitate a quick clearancef incidents through faster response and reduced clearance time.

FSPs are present in at least 40 states nationwide under different names. The first FSP program
started in Chicago, lllinois in 1960. Currently, many metropolitan areas implement FSP programs
such as Road Rangers in Florida, FIRST (Freeway Incident Responsee Jezam) in Ohio,

HELP (Highway Emergency Local Patrol) in New York and Tennessee, CHART (Coordinated
Highway Action Response Team) in Maryland, HERO (Highway Emergency Response
Operators) in Georgi a, Hoosi er He |l gr@d,randPr o g r ¢
Californiads Fr((Bardy2098) Ser vi ce Patr ol

2.3.1 Current Deployments in Florida

Floridadss Road Rangersn particular, provide free highway assistance services during incidents
on Floridas roadways to reduce delay and improve safetytifie motorists and incident
responders. The objectives of the Road Ranger program include assisting the Florida Highway
Patrol to reduce incident duration, prazabsistance to disabled or stranded vehicles, renoad

debris, and increassafety at imident sites. To meet these goals, Road Ranger probe vehicles
monitor congested areas and high incident locatadosg urban expresswayfor road debris,

traffic crashes or incidents, and stranded vehi@lesnanet al.,2018) With the excepton of

District Three,all otherFDOT Districts andthe Florida TurnpikeEnterprise (FTEprovide Road
Ranger services. The hours of operationADIOT Districts 1, 4, 5, 6, and7 are 24 hours a day
severdays a week=DOT District 2 operates daily from 5:3@M to 7:30PM (Hagenret al.,2005)

2.3.2 Safety Performance Measures

Although FSPsare deployed to primarilgnitigatetraffic congestion, they are widely believed to
improve traffic safety as well. However, little is known about the safety beoeftie magnitude
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of the safety effects of these programsd theresultingcostbenefis. There is limited literature
on the safety implications of FSP prograespeciallywith a focus on secondary crashes.

2.3.2.1Secondary Crashes

Secondary crashes result from a change in traffic characteristics caused by a primary Acident.
critical element in estimating the benefits of FSP programs is the reductecondary crashes.

The probability of occurrence of a secondary crash is a function of the duration of the primary
incident. Several studies estimatehe reductions irsecondary crags by assuming a linear
relatiorship between theaumber of secondary crashes and the total savings in incident duration
(Chouet al.,2009; Guinet al.,2007) According to Guin et al. (2007SP deploymerttelped to
reduce incidentduration time thusredudng the occurrence o$econdary crashes. The study
assumed that 15% of crashes that occur on highpatyolledby FSF were secondary crashes.
Accordingly, areduction inthe primary incident duratiofrom FSP respongesults in a decrease

in the probability osecondary crastccurrence.

Olmstead (2004) used faxed-effects negative binomial regression model to show that FSP
programs significantly reduce secondary crashes. According to the study,ré6@RBns can
reduce secondary crashes by reducing theraouarring congestion associated with incideard
alerting motorists to exercise caution in the vicinity of incidents (either explicitlpartable
DMSs or implicitly via flashing lightsOlmstea, 2004)

2.3.3 Mobility Performance Measures

In addition to improved safety, FSP progrgmavideseveral benefitsncluding reduedincident
durations (delay savingsjeducedfuel consumptionreducedair pollutant emissionanotorist
assisance andfreeway operatoassistance niproved average freeway travel speaddfreeway
throughputalso promotéetter public perceptiof=SPprograms are widely used to help mitigate
the effects of nomecurring congestion and have become an increasinglyelat@ent of incident
management prograniSkabardonisndMauch, 2005)

While manystudies evaluatkand analyzeéthe operational performance of F®gramsy using
incident duratiorandbr its componentsseveralstudies have conductdetnefitcost analyses to
illustrate the return on investment of slegorograms(Dougaldand Demetsky, 2008Lin et al.,
20129). Since the FSProgramsare developed primarily to reduce traffic congestion (mobility
benefit),a primary measure of effectivesss delay savings.

2.3.3.1Delay Savings

Over the last decade, various methodologies have been used to calculate delays caused by incidents
and savings in delaesulting fromservice patrols. There are certain challenges in estimating such
benefits,primarily relatedto the measurement and calien of certain important variablesuch

as incident detection and response times (with and wiif®R$, reduction in roadway capacities,

travel time value, and thegpproaclifor calculating delay.
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According toLin et al. (2012), delay savings are teymined based on detection and response
times and the amount of capacity reduction imposed by an inciéignte 2-5 illustrates this
concept by comparing incident delég) without and (b) with Road RangemssistanceThe
horizontal axisin Figure 2-5 represers incident time, while thevertical axisrepresentghe
cumulativetraffic volume for a freeway segment
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Figure 2-5: Delay Comparisonwith and without the Florida Road Ranger Rogram (Lin et
al., 2012)

Figure2-5 assunesthat the freeway is working at or near full capacity. When an incident occurs,
the capacity is reduced tq,Ehenrecoves over timeand retursto initial conditions(C) after the
incident is clearedVhenRoad Rangers are patrolling the freeway, thteat®mn and arrival times

in Figure2-5(b) are less thatimes shown in Figurg-5(a), without Road Rangeassistancerhus,

the total delay savirgy calculated aghe total time in delaywith Road Ranger assistanise
relatively shorter tharthe total di&y savingsexperienced without Road Rangess similar
methodology haslsobeen used in previous studigshou et al., 2009; Dougakhd Demetsky,
2008; Guin et al., 2007)

2.3.3.2Incident Duration

Previous studies have focused on the effects of FSP programs on incident duration. Normally,
FSPs are closer to incidents to which they are dispatched and may also detect incidents
independently This reduces the detection time significanfiglditionally, a recently completed

FDOT study found that incidents detected by Road Rangers have relatively shorter durations
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(Hauleet al.,2018) IntheSan Francisc®akland area, theumber ofincidents detected by FSP
accounted for 92% of all inciden{&arradyne 2000) Another study by Neand Hallenbeck
(2001) showed that for lar@ocking incidents in the Puget Sound region of Washington State,
the average response time without an FSP was 7.5 mendessponse time was reduced to 3.5
minutes withan FSP. According to the studiFSPs reduced incident response times by 19% to
77%.

Although the majority othe literaturehas shown that implementation of FSPs Is#adl reduced

incident duration, one study in Florilaaman et al., 2018gported conflictag results. According

to the study, if the incident is detected by a police officer, the notification time kkduce
significantly, howeverwhen detected by a Road Ranger, incident clearance time intréase

study concluded tha&oad Rangers are assoagat with longer reporting tingewhich results in
increased incident clearance time. There is a need to examine factors that might have caused these
conflicting results.

2.3.4 Quantitative Benefits

Severaktudies conducted an economic appraisal of FSP programs. A case study in Eiorda (

al., 20123) quantified the benefits derived from the Florida Road Ranger progyatavelopng

a Freeway Service Patrol Evaluation (FSPE) modealculatethe benet-cost (B/C) ratio using

a varietyof data fromthe Florida SunGuide database for the year 2010. The beriafierins of

delay and fuel savings) of the Road Ranger program were about $4B%8 in total, and the
contractuakosts were about $19Million. Overall, the program achieved a B/C ratio of 6.78 in
2010. The study used delay savings (reduction in incident duration) and fuel consumption savings
(reduction in fuel consumption) as performance measures.

A study by Dougaldand Demetsky(2008) in Virginia showed that incident duration reductions
attributable to Safety Service Patrol (S®Pgrationsn Northern Virginia and Hampton Roads,
Virginia resulted inB/Cs of 5.4:1 and 4.7:1, respectively. The study quantified the benmsfits
corsideing the reductions in motorist delay, fuel consumption, and emissions attributable to SSP
operations.

Guin et al. (2007) developednaethodology that computes the benefits derived faomotorist

assistance service, reduction in delay, fuel consempsecondary crashes, and the improvement

in air quality attributable to the incident management program. The study wasrdbereseorgia

Navi GAtor , Georgiabs intelligent transportat:i
savings to motorts of 7.2 million vehiclehours of incidentelated delay. The overall cost savings
computed for a I2nonth period during 2003 and 2004 was $Million. On the basis othe

annualized infrastructure, operations, and maintenance cost of the NaviGAtar, shst@nnual

B/C ratio was calculated to be 4.4Table2-1 summarizes th8/C findings fromseveralrecent

studies.
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Table 2-1: Freeway Service Patrol(FSP)Benefit-Cost Analyss Results
Stud Location Name Year Results
Arizona, Phoenix

Olmstead2004) . : Freeway Service Patrol 2004 Varies
Metropolitan Region
Hagen et al(2005) @ Florida (Statewide) Road Ranger Program = 2005 2.3:1t041.5:1
Highway Emergency
Guin et al. (2007) Georgia NaviGAtor Response Operations = 2007 4.4:1.
(HERO)
AL (Statewide) ﬁg{;’(')‘l’e and Assistance g 1.7:11023.4:1
Charlotte, NC Incident Management 1993 1993 3:1to 7:1
Chicago, IL Emergency Traffic Patro 1990 17:1
Dallas, TX Courtesy Patrol 1995 3.3:1t0 36.2:1
Denver, CO Mile High Courtesy 1996 201 to 23:1
Patrol
Detroit, Ml Freeway Courtesy Patro 1995 14:1
Fresno, CA Freeway Service Patrol = 1995 12.5:1
FL (Statewide) Road Ranger Program 2005 2.3:1t041.5:1
Baird (2009 Houston, TX votorlst Assistance 1994 6.6:1 10 23.3:1
rogram
Los Angeles, CA MIEITD [AEENEY SSiee 1993 11:1
Patrol
Minneapolis, MN Highway Helper 1995 5:1
New York, NY E(')%g‘l"’ay Emergency 1995 23.5:1
Norfolk, VA Safety Service Patrol 1995 2:1t02.5:1
Oakland, CA Freeway Service Patrol 1991 3.5:1
Orange Co., CA Freeway Service Patrol = 1995 31
Riverside Co., CA Freeway Service Patrol 1995 3:1
Sacramento, CA Freeway Service Patrol = 1995 5.5:1
Dougaldand L . .
Demetsky(2008) Virginia, Hampton Safety Service Patrol 2008 4.7:1
Dougaldand Northern Virginia . .
Demetsky(2008) (NOVA) region Safety Service Patrol 2008 5.4:1
Chou et al(2009)  New York RIYIEEYETEEENS  Jape Varies
Local Patrol
Lin et al.(20123) Florida (Statewide) Road RangeProgram 2012 6.78

2.4 Express Lanes

Expresdanesare a type of managed travel lapéysically separated from general use or general
toll laneswithin a roadway corridor. They use dynamic pricing through electronic tolling in which
toll amounts are set based on traffanditions(Neudorff 2011). Express lanes provide a high
degree of operational flexibility, which enable them to be actively managed to respond to changing
traffic demandsAspects of express langglude congestion pricing, vehicle restrictions, and may

be operated as reversiblev or bidirectional facilities to best meet peak demands. These
adjustments allowransportation agencige offer drivers new and reliable mobility choices,
provide more predictable travel tirsedeliver longterm solutionsfor managng traffic flow,
decrease air pollutiorand support transit usag€lorida Department of TransportatioRDpOT],

2015)
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24.1 Current Deployments in Florida

FDOT has been deploying express lanes throughout the state to provide drivers with an option to
bypass heavily congested areas. Currently, FDOT has several express lane systems either in
operation, under construction, or tine planning stagesAny two-axle vehicle equipped with
SunPasgan useF | or i dad s . @&rychsrwithstBree loranmee sxles and passenger cars
pulling trailers or boats are not permitted. Toll exemptions are applied to vehicles registered as
public transit buseschool busespver-the-road busesandvanpools.

The expresslane network covers major freeways and some arterial roads with congestion
problems especially during peak hourEhe spatial distribution of the express lanes in Florida is
divided into four groupsi.e., NortheastFlorida Central Florida, West Central Floridand
Southeast FlorideFigure2-6 and Table2-2 provide more details about tlegpresslanes inthe

state

Express Lanes By Region

Northeast Florida — Jacksonville area
Central Florida — Orlando area
West Central Florida — Tampa area

Southeast Florida — Miami-Dade area

A
L)
<

Express Lanes In Operation

Express Lanes Under Construction
Express Lanes In Planning / Design

FDOT / FTE Toll Roads

[T

Other Toll Facilities

..... FDOT / FTE Future Toll Projects

..... Future Other Toll Facilities

Figure 2-6: Express Lane Network in Florida
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Table 2-2: Express Lane Network inFlorida

Phase| Roadway| Description
Southeast Florida
1-95 1 Phase @& Junction of 95 and SR 836/895 in downtown Miami to Golden
Glades interchange (7 miles): 2 express lanes/direction
9 Phase @ Golden Glades interchange to Brow&wolulevard (14 miles): 1 to
2 express lanes/direction
< 1-595 1 I-75/Sawgrass Expressway to Turnpike Mainline (10 miles): 3 reversible |
£ g I-75 1 1-595 tothenorth of Griffin Road (5 miles): 2 express lanes per direction
S 1 North of Griffin Rd. toSheridan St. (4 miles): 2 express lanes per direction
1 Sheridan St. to Miramdkwy (4 miles): 2 express las@er direction
| Miramar Pkwy to thenorth of NW 138 St. (6 miles): 2 express lanes/
direction
1 North of NW 13§ St. to Palmetto Expressway (3 miles): 1 express lane/
direction
Turnpike 9 Biscayne Drive to KilliarPkwy (14 miles): 1 express lane/direction
Extension 1 Killian Pkwyto SR 836 (7 miles): 2 express lanes/direction
(HEFT) { Opens in sections starting in spring 2018 through spring 2020
5 1-95 9 Broward Boulevard to Commercial Blvd (10 miles): 2 express lanes/direct
o} § 1 Commercial Blvd to SW T0St. (9 miles): 2 express lanes/direction
2& 1 SW 10" St. to Glades Rd. (5 miles): 2 express lanes/direction
25 1 Broward Blvd to SW 10 St.- 2020, SW 18 St. to Glades Road
9 Expected Completior:2022
Palmetto  West Flagler St. to NW 134St. (10 miles): 2 express lanes/ direction
Expressway | Expected Completion: Early 2019
/ SR 826
Turnpike 9 Golden Glades to Turnpike Extension (3 miles): 1 express lane/direction
Mainline 1 Turnpike Extension tthenorth of Johnson St. (4 miles)eXpress
lanes/direction
9 North of Johnson St. to Griffin Rd. (3 miles): 2 express lanes/direction
9 1-595 to Atlantic Blvd (10 miles): 2 express lanes/direction
9 Atlantic Blvd to Wiles Rd. (5 miles): 2 express lanes/direction
9 North of Sawgrass Expressway / 869 to Glades Road (4 miles): 2 express
lanes/direction
- 9 Glades Rd. to Atlantic Avenue (6 miles): 2 express lanes/direction
% 9 Atlantic Avenue to Boynton Beach Blvd (5 miles): 2 express lanes/directio
@ 9 Boynton Beach Blvd to Lake Worth Rd. (7 miles): 2 exptasss/direction
- ? 9 West Palm Beach Service Plaza to SR 710 (12 miles): 2 express lanes/di
- = 9 SR 710 to Jupiter (10 miles): 2 express lanes/direction
c_% i Stuart to Fort Pierce (19 miles): 2 express lanes/direction
=L 1-95 9 Glades Rd. téhe south ofLinton Blvd (6 miles): 1 to 2 express lanes/directi
9 Stirling Rd. to Broward Blvd (8 miles): 1 additional express lane/direction
9 1-95 Express direct connect t&95 (1 mile): 1 additional lane per direction t
ramp flyover connection
Sawgrass 9 South of Sunrise Blvd to Atlantic Blvd (7 miles): 2 express lanes/direction
Expressway |  Atlantic Blvd to US441 (10 miles): 2 express lanes/direction
/ SR 869  US-441 to Powerline Rd. (4 miles): 2 express lanes/direction
Palmetto 9 The unctionat I-75 to Golden Glades interchange (9 miles): 1 to 2 express
Expressway | lanes/direction
/ SR 826 { SR 836 to US 1 (6 miles): 1 to 2 express lanes/direction
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Table 2-2: Express Lane Network in Florida (continued)

Phase| Roadway| Description
Northeast Florida
S 1-295 ) ) ) )
B 1 1-95 to Buckman Bridge (5 miles): 2 express lanes/direction
S 3 1 SR 9B to J. Turner Butler Blvd (5 miles): 2 express lanes/direction
5 ‘Q Expected completion:95 to Buckman Bridge: fall 2018, SR 9B to J. Turng
S Butler Blvd: spring 2019
> 1-295 9 J. Turner Butler tahe south of Dames Point Bridge (9 miles): 1 to 2 expres
g =4 lanes/direction
= '@ 1-95 1 North of International Golf Pkwy to-295 (14 miles): 2 express lanes/directi
oo 9 1-295 to J. Turner Butler Blvd (6 miles): 2 3cexpress lanes/direction
= 9 J. Turner Butler Blvd to Atlantic Blvd (6 miles): 2 express lanes/direction
Central Florida
Beachline 9 1-4 to Turnpike Mainline (4 miles): 2 express lanes/direction
West 9 TurnpikeMainline to McCoy Road (4 miles): 1 express lane/direction
S Fé%fzszssway 1 Expected Completion:4 to McCoy Rd: Tentatively opening in Summer 20
o ©
g = Turnpike 9 OsceolaPkwyto Beachline West Expressway/SR 528 (6 miles): 2 express
= Mainline lanes/direction
8 1 Expected Completiu 2021
I-4 1 SR 434 to Kirkman Rd. (21 miles): 2 express lanes/direction
9 Expected Completion: 2021
Turnpike 9 Kissimmee / St. Cloud south to OsceBlavy (7 miles): 2 express
Mainline lanes/direction
9 Beachline West Expressway / SR 528-tb(4 miles): 1 express lane/directio
9 Clermont / SR 50 to Minneola (6 miles): 2 express lanes/direction
9 Minneola to Leesburg North / US 27 (10 miles): 2 express lanes/direction
9 Leesburg North / US 27 to CR 468 (12 miles): 2 express lanes/direction
1 CR 468 to 175 (7 miles): 2 express lanes/direction
= -4 9 West of Kirkman Road / SR 435 to west of Beachline West Expressway /
2 528 (4 miles): 2 express lanes/direction
% 9 West of Beachline West Expressway / SR 528 to east of Odekolg/ SR
=c 522 (6 miles): 2 express lanes/direction
% 9 East of Osceol®kwy/ SR 522 to west of Champions Gate Blvd / CR 532 (
- miles): 2 express lanes/direction
9 West of Champions Gate Blvd / CR 5@Pwest of US 27 (4 miles): 2 expres
lanes/direction
9 East of SR 434 to east of US-92 (9 miles): 2 express lanes/direction
i East of US 102 to east of SR 472 (10 miles): 2 express lanes/direction
Seminole 9 AlomaAvenue to SR 434 (6 miles): 2 express lanes/direction
Expressway | § SR 434 to Lake Mary Blvd / CR 427 (5 miles): 2 express lanes/direction
/ SR 417 1 Lake Mary Blvd / CR 427 to Rinehart Rd. (6 miles): 2 express lanes/direct
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Table 2-2: Express Lane Network in Florida (continued)
Phase| Roadway| Description
West Central Florida

S Veterans 1 Hillsborough Ave. to Dale Mabry Hwy. (9 miles): 1 express lane/direction
b= Expressway
cl
- o / SR 589
o
o
S 1-275 { Gandy Blvd to # St. N (4 miles): 1 express lane/direction
5B Expected Completion: 2022
oS 2
=
o
o
1-275 1 4™ St. N to east of Howard Frankland Bridge (6 miles): 2 express lane/dire
-4 1 Downtown (east of 30St.) to PolkPkwy (22 miles): 12 express

lanes/direction.

In planning/
design

There has beeanimprovement in traffic flow in areas where express lanes are operational. For
example, the opening of the express lanes® talled 195 Expressiesulted ima 4.6% increase

in person throughput (GoahdBurris, 2012). Some agencies expand publicspart services to

help people minimize their travel time using the express lanes. Mhaae Transit (MDT) and
Broward County Transit (BCT) operate express buses-@m Express, providing service for
passengers who travel to and from Downtown Miami onkdags. Transit services help to
minimize the impacbn capacity on the express lanes.

24.2 Safety Performance Measures

Several widies have evaluated the safety performance of managed vamebk include high
occupancy vehicle (HOV) lanes, higlscupang toll (HOT) lanes, express toll lanes, reversible
lanes, and bus landsy relating crash occurrence to the geometric configuratiafeaility. Eisele

et al. (2@6) determined thathe safety of managethne facilities has a strong correlation with the
crosssection of the facility, type of lane separation (i.e., buffer or barrier), and the access design
of the lanes.

2.4.3 Mobility Performance Measures

The mobility benefits of expredanes can be assessed based on the travel speed of vehicles using
the facilities, overall travel time savings resulting from using express lanes, and the travel time
reliability in using these facilities. Following the construction -&5I Express in 2(&) several
studieshave documented the performance measures for the traffic and trahsit@sme, speed,
occupancy, throughput, travel time, delay, user experience, and rid&ahipiidge Systematics,

Inc., 2011) Note thatFDOT defines expresdanefree-flow conditions as maintaining speeds of at
least 45 mph. The goal is to achieve this spe&d &xhe timewhile operational
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2.4.4 Quantitative Benefits

Buckeye (2014) evalualehe express lane performance eB5W in Minnesotaand concluded
that travel speeds of 50 to 55 mph (i1€500-1,600 vph) had been maintained for 95% of the time
in the I-35W MnPASS lanesassuring users a consistently high level of seni¢ehicle
throughputon the expresdaneshad increased by 77%and person throughput increased by 39%
sincethebase yegr2008.

The sfety performance of expresswagmps and weaving sectiohas also been studiesing
reattime data. Wang et al. (2015) conducted a studyeaktime crash prediction faxpressway
weaving segments on a-2aile section ofSR-408 in Central Florida. The results indicated that
speed differences play an important role in estimating crash Astsemph increase in speed
difference increased the crash ratio by 6.6%,ab@mph increase in speed difference increase

the crashratio by 89.6%. Wet pavement surface condition was also found to increase the crash
ratio by 77%.Xu et al.(2019) conducted astudy to leverage the use of the floating car data to
capture the speed variancetie morning rush hour on urban elevated expressways and examine
its effect on safety. The results showed that a larger spatial and temporal speed variance increase
the pobability of crashes on urban expressw&egmentiengthand traffic volume were found

to be significantly related to PDO crash frequency.

Crash analysis was performed along a 9r6ile section of4290 expressway from294 to Kostner
Avenuein Chicago, lllinois The section experienced a total @i crashes over aygar period

from 20062008.The data showed that approximately 75% efd¢hashes occurred 01290, 15%

on the crossroads, and the remaining 10% occurred on the ramps and frontage roads. Analysis
results indicated that congestion was the principal contributing factor of crastresearend

crashes being the predominanteayim addition,Caoet al.(2012)found that theconversion from

HOV to HOT lanesalong 394 reduced the number of crashes by approximately 9.8%.

2.5 Transit Signal Priority

Transit Signal Priority (8P modifies the signal timing at intersections to better accommodate
transit vehicles. Typicallya bus approaching a traffic signal will request priority. This request for
transit priority is often transmitted directly from an approaching bus to a tsajfifial ororiginated

by a centralized transit priority management systeRWA, 2018) When a request is received

the traffic signal controller applies logical rules to decide whether or not to allow priority to the
bus (FHWA, 2018) These rules typicallynclude consideration of whether the bus is behind
schedulethe length of time since the last priority was awarded to atheasstate of the traffic
signals along the routand the time of dagFHWA, 2018) In most caseghe form of priority
given is b extend an existing green phase to serve the bus or to shorten other phgslestto

the next green phasarlierfor the bugFHWA, 2018)

In simple TSP systems operations, each signal controller operates independently. It detects the bus
directly and does not receive priority requests from any external source. It makes a decision about
providing priority without reference to any externalteys or consideration of the state of any

other signal controllefFHWA, 2018) In more complex systems, a central priority management
system may determine when to request priority at various intersections and employ more complex
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rules that include feedbadkom the traffic signal systeitFHWA, 2018) This type of system
could potentially be integrated intieelarger integrated corridor management (ICM) system.

TSP promotesreduced transit travel times, better schedule adherence, better transit efficiency,
increased road network efficiencgnd increase safety. TSP may be applied across numerous
intersections depending ¢8mithet al.,2006):

the level of service of the parallel, crossing roadway and intersection traffic operations,

laneconfiguration characteristics of the signalized intersections along a corridor and can

be combined in the same signal operation for each approach serving transit,

1 TSP and nofTSP transit service characteristic® ( the frequency and ridership of the
transit service),

1 thevehicle and roadway TSP technologies, and

1 otherfactors not examined within these conceptual analyses.

T
T

2.5.1 Current Deployment Locations in Florida

TSPis increasingly being deployed across the nation, and Florida is no exception. TSP is currently
deployed at the following locations in Florida:

Fletcher Avenue, Tampa

Nebraska Ave, Tampa

International Drive, Orlando

Palm Tran 42, Palm Beach County

Palm Tran 63, Palm Beach County

Sunrise Blvd.Broward County

NW 6" St to NW 158 St, Miami-Dade County

= =4 =4 -8 _48_9_°

2.5.2 Safety Performance Measures

Thesafety performancef TSPcan be evaluataasing thefollowing performanceneasurestotal
crasheshumber of crashes (involving buses and signal priority), pedestrian crashes, average
reductionin pedestrian walk cyclepedestrian crossing time, pedestrieansit conflicts, and
secondary crashem the existing TSRtudies,more attention has been givto the operational
effectivenessstudies orthe safety effectivenessf TSPhave beersparse

Goh etal. (2013 explored the road safety impactss#veralbus priority treatments including

TSP. An empirical Bayes (EB) befeadter study was used f@n aggregate level analysis to
determinghe changes in expected crash frequency at intersections and roadway segments where
TSP was deployedResults showed an 11.1% reduction in expected crash frecakeicthe TSP
deploymentGoh et al(2014) conductednother study on crash@solving busesinder situations

with andwithout bus priority treatmentgcluding signal priority and righof-way priority (Goh

et al.,2014) Mixed effects negative binomial (MENB) and bagiopagation neurahetwork

(BPNN) modeling methaglwere usedo analyze segment level crash@sgrage Annual Daily

Traffic (AADT), stop density, bus route lengths, bus service frequency, and presence of bus
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priority. The MENB model results showed 53.5% in reducing bus drasgjnencyalong the
analysis corridoandthe BPNN model showed a reduction of 53.4%.

Naznin et al.(2016) studied the safety effects of streetcar prioatgng a corridor with29

intersectios with signal priority and 23 arterials with tram lane pitiarStatistical resuttshowed
a16.4% crashreductionratewith tram priority, 13.9% crash reductioate with signal priority

and 19.4% with lane priority. SoramndNoyce (2018pssesedthe effects off SPon traffic safety
using EB beforeafter analysisalong a study corridor iing County, WashingtonThe study
resuls showeda 13% reductionin total corridorlevel crashesa 16% reduction DO crashes
and a 5% reduction ifatal and injurycrashes.

2.5.3 Mobility Performane Measures

TSPreduces transit travel times, provides better schedule adherence, better transit efficiency, and
increases road network efficiendhe mobility performance of TSP can be evaluated usawgl

time for transit and all other vehicles in timetwork travel speedf transitvehicles transit
schedule deviation, bus dime, person delay, vehicle delay, reliabiligndbus ontime arrival
percentage.

Consoli et al(2015 evaluate the effectiveness @iSPona test corridor alongDrive in Orlando,

FL. Several methods were used to determine whether TSP was effective in reducing bus travel
time. Multiple runs were performed in VISSIM models for the following four scena¥iosI SR
Unconditional TSPConditional TSP 3 minutes behingnd Conditional TSP 5 minutes behind
(Consaoli et al., 2015)Conditional priority is given to a detected transit vehicle when conditions
are met, such as the number of passengers, the schedule adherence of the route, or the time since
the last priority vas awarde@OvaandSmadi, 2001)Unconditional priority refers to when transit
vehicles receive signal priority regardlesstossstreetqueue lengths or the time since priority

was last awardefOvaandSmadi, 2001)Automatic passenger counts from LXNvere used to
determine the peak hours for the passenger dethabdccurred between 4:00 PM and 5:00 PM
onweekdaygConsoli et al., 2015)This information was very important and useful in considering
delays to the bus that were not relatedsignak (e.g. increased volumes or delays caused by
passenger boarding and alighting). This research study concludé&btiditional TSP 3 minutes
behindwas the most effective TSP scenasioce it reduced travel times and delays f@rive

more thartheCondiional TSP 5 minutes behindthout significantly increasing side street delays
(Consaoli et al., 2015)

Zlatkovic et al.(2013) evaluatedheindividual and combined effects qfieugjumpers (QJ) and

TSP forthe Bus Rapid Transit (BRT) system and vehicular traffic along 3500 S in West Valley
City, Utah.QueueJdumper is a special lane with a leading transit signal phase interval to allow
buses to bypass a waiting traffic quéd&atkovic et al, 2013). The bus utizes a rightturn bay

(i f available) to advance 6jumpd in front of
bays usually consigif a nearside righturn-only lane, and a faside open bus bay. The nearside
right-turnlaneenables buses to cocumvent traffic queues, whereas, thedale bus bays serve to

avoid blockage of through traffic by a stopped bus. The authors developed and evalwated
VISSIM microsimulation models: the existing scenario without special treatments for transit, the
QJonly scenario, the TSBnly scenario, and a combination of QJ and TSP scefdAatikovic et
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al, 2013). The implementation of any transit strategy resulted in significant improvements in

BRT operations. The study also sthtieat the transit treatmendgd not affect private traffic along
the corridor, however, these strategies had certain impacts on the side stredZtediffowic et
al., 2013). In addition, QJ and TSP scenarincreased average deldys crossstreet traffic by
15%. This study aacluded that, with small improvements in QJ and TSP settimgsombination
of the two strategies can be most beneficial and highly desirable for implementation.

2.5.4 Quantitative Benefits

Deploying TSP has several mobility and safety bendfiisnproves bus travel time, bus travel
speed, bus schedulleviation, bus oitime, persordelay, vehicledelay, reliability, bus ottime
arrival percentage, et@By deploying TSR bus travel time rasced by about 13-22%, the
progression of the bus significantly improved, intersection delays and waitirgyéidueedtravel
speed increased (22%), and the travel time reliability and headway adheremmeved
(Zlatkovic et al, 201d). Implementatiorof conditional TSP 3 minutes behind schedatng the
I-Drive, Orlandq with aB/C ratio of 7.92, was determined to the most beneficial and practical
TSP scenario for realorld implementation at both corridor and regional le€lensoli et al.,
2015)

A case study in Washington D.C. showed that allowing TSP during an urban evacuation showed

to have a little to no interference with evacuation clearance(faeet al.,2011) In addition,
after TSP waseployedjt showedthatthelevel of service ina@ased for transit evacueesnd TSP

resulted in 6% reduction in travel tim@arr et al., 2011)This travel time saved translated into

additional trips being made by transit units. A study on TSP in Okeechobee Blvd, West Palm

Beach, Floridashowed trael time improvement for both transit and other vehicles wheniizsP
deployed. This study selected intersections that possessed a-tolaapacity(v/c) ratio of 0.50
0.85(Ali et al.,2017) The authors concluded th&EP was not required when the ¥gcbelow
0.50, while TSP wouldnotde f f i ci ent when t he v(Akceta.f201d)n
In addition, the analysis of TSP showed that side street traffic will notrhamgnegative impacts.

Hillsborough Area Regional Transit (HART) BRT project identified the use of TSReBRT
routealongthe Fletcher Avenue and Nebraska Avenue corridors in Taipada (Kittelson &
AssociatesInc.,2014) The key TSP strategies included a bus lateriessshold of one minute
and a green extension of 5 to 10 secofmisbuses When TSP was deployeat these study
corridors,the potential for noticeable impact on the side streetedtitlrn traffic operations were
found to be minimalWith calls being tanted to approximately ¥ of the time, even if 5 to 10

nt e

seconds caused an impact on a specific signal phase, it was able to recover during the next cycle

(Kittelson & Associatednc., 2014) Moreover, whera call is granted, the 5 to 10 seconds can be

used by traffic on complenmgary signal phases, thus reductelay for those traffic movements
(Kittelson & Associatesinc., 2014) When TSP was deployed, theis travel timesmproved

slightly, while the overalkignal operations were not significantly impacted. Analysis of the bus

onttime performance data also found that there may be opportunigebancehe bus schedules
and improve bus performance.

Cesmeet al. (2015 concluded thathe greatest benefitom TSPcomes from when a near side

stop is relocated to a far side stop, in which the far side stops reduced delay up to 30 seconds per
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intersection. Moreover, as the numberrigiht-turn lane increased along with the number of
conflicting pedestrians, ¢hbenefit of a queue jump lame&as found tadisappear. TSP with 15
seconds of green extension and red truncation offered up to 19 seconds of reduction in delay, the
benefit became more pronounced with high v/c r@iesme et al., 2015\Vith a low v/c rab; 10

seconds of green extension without red truncation provided very marginal benefits; only a delay
reductionof 2 secondgper intersection asgained(Cesme et al., 2015pverall, travel time along

the corridor improved and delay time reduedigr the deployment of TSP

2.6 Adaptive Signal Control Technology

The Adaptive Signal Control Technology System (ASCT) is an Intelligent Transportation Systems
(ITS) technology that optimizes signal timing in réaie to improve corridor flow. This strategy
continuously monitors arterial traffic conditions and the queuing at intersections and dynamically
adjusts the signal timing to optimize operational objectives (FHWA, 2017). ASCT works by
collecting current traffic demand through sensors, evaluating peafare using system specific
algorithms and implementing modifications based on the outcome of those evaluations. The
process is repeated every few minutes to keep traffic flowing smoothly (FHWA, 2017).

In the past few decades, several types of ASCT have been deployed (Hunt et al., 1981; Gartner et
al., 2002; Zha@ndTian, 2012). Each ASCT utilizes a unique algorithm to optimize signal timing
based on redime traffic demand. Some systems provide aiegystem solution evaluated on a
secondby-second basis, other systems evaluate and optimize each individual signal on a cyclic
basis. Each approach produces similar benefits and requires a varying level of detection,
communications and processing capigbithat should be selected to be consistent with the
agencyo6s needs, operations and Regdinetd.e2018nce ca
Various ASCT are described below;

Sydney Coordinated Adaptive Traffic System (SCATS)

SCATS is an inteljent transportation system and innovative computerized traffic management
system developed in Sydney and other Australian cities. It matches traffic patterns to a library of
signal timing plans and scales split plans over a range of cycle times. Asea2@l@, SCATS

has been distributed to 263 cities in 27 countries worldwide controlling more than 35,531
intersectionsRadinet al., 2018). SCATS adjust the cycle time, splits and offsets in response to
reaktime traffic demand to minimize overall stopsland el ays. SCATS it od6s not
has a library of plans that it selects from and therefore relies extensively on available traffic data.

It can be described as a feedback control system (Lowrie, 1982).

SCATS have a hierarchical control architee consisting of two levels, strategic and tactical

(Lowrie, 1982). At the strategic level, a subsystem or a network of up to 10 intersections, is
controlled by a regional computer to coordinate signal timifRgdip et al., 2018). These
subsystems carink together to form a larger system operating on common cycle time. At the
tactical level, optimization occurs at the intersection level within the constraints imposed by the
regi onal computerds strategic comtgreeniphase§act i c
when the demand is less than average and for phases to be omitted entirely when there is no

demand. All the extra green time is added to the main phase or can be used by subsequent phases.
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Split Cycle Offset Optimization Technique (SCOQOT)

SCOOT is the most widely deployed adaptive system in existence. It was first developed in the
U.K Transport Research Laboratory. SCOOT is a mbdsekd system that enables it to generate

a Cyclic Flow Profile (CFP) based on the actual field demand. dridamental unit of demand in
SCOQOT is a Link Profile Unit, which is a hybrid measure of the flow and occupancy data received
from the detectors. Based on the generated CFP, SCOOT can project platoon movement and
dispersion at the downstream intersectiohisThelps it to model queue formation and queue
dischargeRadinet al., 2018).

SCOOT is installed on a central computer and houses three optimizers: one for cycle time, one for
green splits, and one for offsets. The cycle time optimizer computes aruoptycle length for

the critical intersection in the network. The split optimizer then assigns green splits for each
intersection based on computed cycle length and the offset optimizer calculates offsets. These
parameters are recalculated and implemeetesty second and change are made if required
(Robertson, 1986).

InSync ASCT

INSyncASCT is an intelligent transportation system that enables traffic signals to adapt to actual
traffic demand. The system was first developed in 2005 by Rythem Engineering and it uses real
time traffic data collected through four video detection cameraa@t intersection to select
signalization parameters such as state, sequence and amount of green time to optimize the
prevailing conditions second by second. Optimization is based on minimizing the overall delay
and reducing the number of stops (RythemiB®ering, 2017). As of March 2012, traffic agencies

in 18 U.S states have selected InSync for use at more than 650 intersétigingtal., 2018).

SynchroGreen ASCT

SynchroGreen ASCT is an intelligent transportation system that optimizes signaj fonin
arterials, sidestreets, and pedestrians through-temé adaptive traffic control. The system was
developed in 2012 by Trafficware and Naztec. It uses an algorithm that optimizes signal timing
based on redime traffic demand. The optimization limsed on minimizing total network delay
while providing reasonable mainline progression bandwidth. These algorithms utilize the detection
data obtained from neproprietary technology such as inductive loops, video, wireless and radar.
These algorithms redye stopbar detection and advanced detection, and the detection data are sent
to the signal system master through local controllers (Trafficware, 2012).

Real Time Hierarchical Optimized Distributed Effective System (RHODES)

RHODES is an ASCT that respds to the natural stochastic behavior of traffic, which refers to
spatial and temporal variations and tries to optimize a given performance measure by setting timing
plans in terms of phase durations for any given phase sequence. It usest@ppeer
communications (no central supervisor) approach to communicating traffic volumes from one
intersection to another in refine (Gartner, 1983).
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2.6.1 Safety Performance Measures

Previous studies have shown that ASCT can improve operational performanceroxentional

signal control in terms of frequently used mobility performance measures such as traffic delay,
average stop delay, travel times, travel speeds, travel time reliability, etc. Such operational
improvements translate into substantial safetyrompments on the other hand. For example,
reduced vehicle stops frequency reduces the chance eérdacrashegStevanovic, 2010)
Similarly, previous studies have shown that operational improvement as a result of ASCT
installations can also create secondary safety beif@fitson et al., 2003Khattak et al., 2018)
DuttaandMcAvoy (2010 evaluated the safety effectiveness of$lyelney Coordinated Adaptive
Traffic System (SCATS) over the tird-day (TOD) signal plan. This study compared a section

of M-59 (with SCATS) with a section on Dixie Highway (with a TOD system) to assess the safety
effectiveness of the SCATS. The resuétgealed a shift in crash severity from A (incapacitating
injury) and B (visible injury) to C (possible injury). However, the improvements were not
statistically significant at 95% confidenkvel.

2.6.2 Mobility Performance Measures

Several previoustsdieshave evaluatethemobility benefitsof the ASCT In general, most of the
studies observed thAGCT improvedravel speedgravel time, travel time reliability and reduces
delays especially when the traffic flows are unpredicted and variSelgal studies have
analyzed the mobility impact &SCT using thetravel time, travel speed, number of stops, delays
and travel time reliability as the performance meftigkartin, 20L8; DKS Associates, 2010; Dutta
andMcAvoy, 2010; Hutton et al2010; Tian et al., 2011, Fontaine et al., 20A)efore and after

study was conducted on an arterial segment with 10 adaptive signalized intersections in Las Vegas,
to evaluate the performance of Sydney Coordinated Adaptive Traffic System (SCAdis g

al., 2011) The analysis was based on field data collected using a probe vehicle. The study adopted
descriptive statistics to estimate the operational benefits of the SCATS. The study found no
significant improvement on arterial progression with SCATS

2.6.3 Quantitative Benefits

Adaptive Signal Control Technology (ASCT) was found to improve safety by reducing the number
of crashes. A study bi¢hattak et al. (2018yonducted in Pennsylvania observed a reduction of
13% for total crashes and 36846 crashs at a 95%confidence levelMoreover, another study
conducted in Virginiaevealed a reduction in both total crashes and FI crashes by 17% (CMF =
0.83) and 8% (CMF = 0.92), respectivéja et al., 2016)

A study byDuttaandMcAvoy (2010)evaluated th@erformance of SCATS over TOD along M

79 in Oakland County, Michigan. Descriptive statistics and hypothesis tests (ANOVA) were used

to determine if there is any significant difference in the operational performance between SCATS

and TOD. The results at 95e6nfidencelevel showed that SCATS reduce the number of stops
andsidest reet del ays compared to TOD. I n South Ly
compared to fixed time control by switching the system ON and(®RRin, 2Q18). Descriptive

statigics indicated that the use of the SCATS reduced travel time by 7.6%, stopped delay by 13%

on the weekend and 20% on a weekday.
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Other studies have also summarized the mobility benefits observed from the RSCIMSync

ASCT was found to improve travel time by 9% and average speed by 11% and reduced stopped
delays by 13% on weekdays. Fuel consumption and emissions were reduééddp®, and

stops were reduced by 37% to 52MSync ASCT deployment was associated with an annual
benefit of about $1.3 million, which translated to the project betwtibst ratio (BCR) of
approximately 1.58Sprague, 2012)

Another study on the safety benefits of the SCATS system was done in Oa&lantg, BAichigan,

using a crossectional analysis and Multinomial logit models of injury sevékigk et al., 2016)

The findings revealed that SCATS reduced angle crashes by 19.3%, with a statistically significant
increase in nowserious injuries and neignificant reduction in incapacitating injury or fatal
crashesMore recently, an observational befaf#er EB approach was conducted at 47 urban
intersections deployed with InSync ASCT in Virginia, and the results revealed a reduction in both
total crashes and FI crashes by 17% (CMF = 0.83) and 8% (CMF = 0.92), respectively. Note that
only the reduction in total crashes was found to be statistically significant at 99%at al.,

2016)

Furthermore, a before and after study was conducted to evidilaatectiveness of InSync ASCT

in San Ramon, Californi@dDKS Associates, 2010Based on the descriptive statistics on the field
data, the authors concluded that InSync ASCT resulted in an improvement. Although the average
vehicle delays along the majayad decreased, the average vehicle delay along the minor streets
increased by 3 sec per vehicle. Since this difference was relatively small, researchers concluded
that the benefits of decreased delay along the mainline outweighed the costs of inclegsed de
along the sidestreets. Another study was conducted at 11 intersections with InSync ASCT along
10" Street in Greeley, Colorad&prague, 2012)

2.7 Summary

Congestion is a growing concerespecially inurban areasTraffic congestiorresulting froma
high volume of vehicles and numeromstdated signal timings at signalized intersections is one
of the primary causedf traveltime unreliability andothermobility issues Ali et al., 2017. ITS
technologies and TSM&O strategies haverbdeployed to improve the mobility and safety of
roadways by active management of transportation demand. In additionapipesachestrive to
maximize the efficiency, safetyand utility of the existing and/or planned transportation
infrastructure

This chapterfocusedon identifying and reviewing the TSM&O strategies taa¢ currently
deployed in Florida. The strategies reviewed for freeways include Ramp Meg&ysigm
Dynamic Message Signs, Road Rangers, and Express Lanes. Forfac#itiak, Transit Signal
Priority and Advanced Traffic Management Systems were revieMreah-depth literature review
wasalsoconducted onhe safety and mobility benefits of theorementionedtrategies.
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CHAPTER 3
DATA SOURCES

This chaptermpresents thenaindata sourcesgsed inthis studyto quantify the safety and mobility
benefits of the followingd SM&O strategies

Freeways
1 RampMeteringSystem
1 Dynamic Message Sigr{pMSs)
1 Road RangeréRRs)
1 Expresd.anesELS)

Arterials
1 Transit Signal Prioritf{ TSP)
1 Adaptive Signal Control Technology (ASCT)

Various types of datavere used to quantify the safety and mobility benefitstrid TSM&O
strategieswith data requirements dependent on strategybeing analyzed, the study areas, and
the analysisperiods. Analyses utilizedata collected and archived by various agencies and
vendors, including crash data, traffic incident davadwaygeometric characteristictatg and
traffic flow data Thischaperdiscusses the following databases:

Regional Integrated Transportation Information Sys(RITIS)
BlueToad
SunGuidéV
SignalFour Analytics
Roadway @aracteristics Inventory (RCI)
Other data sources:
o0 DMS locations and logs
o TSP studycorridors and signal plans
0 Express lane operational times
o0 Ramp meter operational times

= =4 =4 -8 -8 -9

3.1 Regional Integrated Transportation Information System (RITIS)

The Regional Integrated Transportation Information SysRIfiI§) is an automated data sharing,
dissemination, and archiving system that includestiew data feeds and data analysis tools such
asa probe detector, and transit data analytics. These tools assist agengagaingsituational
awareness, measuog performanceand communicatg information between agencies and to the
public. RITIS archives a vast amount gfffic flow information, such asolume, speedand
occupancycollected from nearlyL 1,647 detectoralongthe Florida roadway network. FiguBe

1 shows a network of RITIS detectors B®veralof the study corridorgn FDOT Districts 2 and

6. Depending on th& SM&O strategybeing analyzed, thextracted traffic flow data from RITIS
varied by study corridor, study period, and data intefead), 5--minute interval versus iHinute
interval data collection)Additional pertinentinformation regarding the detectors used to collect
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traffic datg such as detector locatione(, latitude and lagitude) was alscextractedand used in
the analysis
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Figure 3-1: RITIS Device Sample Networkfor FDOT Districts 2 and 6
3.2 SunGuideM

SunGuidéM is an Advanced Traffic Management System (ATMS) software used to process and
archive incidentdataodfr| or i dads t r a iile goope bfahe inadant datyg colieeted
and utilized in tis study depened on the analysis period, tlstudy corridors, and th& SM&O
strategy being analyzed. The SunGuit incident database contains most of the relevant
informationrelated tancidens, including the following:

Event ID

Roadwayge.g., I-95, 295, }10, etc.

Latitude and longitude of the ent location
Incident notification time

Incident clearance duration

Event type, i.e., crash, flooding, disabled vehicle, debrih@roadway etc.
Time of event

Number and categories of responding agencies
Lane closure information

Incident severity

Incident detection method

= =2 =0_-0_9_9_95_42_24_-°9._--2-

All the abovelistedvariablesareself-explanatoryexceptfor theevent type and detection method
these two variables are discussed bel@we SunGuide' database has numerous categories
describing the type afcidentthat occurred onmadway networkThesecategories include crash,
disabled vehicle, debris dheroadway emergency vehicle, police activity, vehicle fire, flooding,

30



pedestrian, abandoned vehicle, construction, @hés. The databasalso identifies how an
incident was detected, i.e., BRpad Rangers, Florida Highway Patrol (FHR)511 Probevehicle
cloedci rcuit television (CCTV), Count yazelPrdy i c e,
amotorist.

3.3 BlueToad®

The BlueToad databaseontains reatime traffic data that is collecteasing Bluetooth signal
receivers which read the media accesstrol (MAC) addresses of active Bluetooth devices in
vehicles passing through their area of influerRleeToa® devices act in pair®r as anetwork

(i.e., BlueToad pairs) by recording the time when a vehicle passes both devices. This information
is used tadeducethe travel time of the vehicle between a pair of devices. The speattulated

from the obtained travel time and a known path distance (not Euclidean d)skateween the
devices. Figure3-2 showsa samplenetwork of BlueToall devices m Jacksonville,Florida.
Similar to other databasehe scope of the data collected from BlueToddpeneédon thestudy
corridors, analysis periods, and the TSM&O strateging analyzed.
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Figure 3-2: Network of BlueToad® Devices in Jacksonville, Florida
3.4 SignalFour Analytics

SignalFour Analytics is an interactive wbbsed geospatial analytical tool for the state of Florida
that provides crash data with numerous crash attributes. The tool contains crash data Ipyovided
the Florida Department of Highway Safety and Motor Vehicles (DHSMV) from 2006 to present,
and citation data provided by the FHP from 2011 to present. The following crash attributes can
obtainedfrom the database: day of the crash, crash sevegtytiig condition, crash type, and
information about individuals involved in the crash, sudtiraergender and age. For the majority
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of TSM&O strategiemnalyzed SignalFour Analyticslata serve@s the central source for crash
data used in the safety apses. Dataextractedvared basedon the TSM&O strategy leg
analyzed, the study corridors, and the analysis periods.

3.5 Roadway Characteristics Inventory (RCI)

The Roadway Characteristics Inventory (RCI) contains data describegeatures and
characteristics ofF | o r roddavady snetwork Maintained by FDOTover 200 variables are
available in the database. The information provided in thedd@bas&vasessentiain selecting
the specific study corridors for analys#éssmall sample of variabldbat ae available in the RCI
database and relevant to this study include:

Average Annual Daily Traffic (ADT),
number of lanes

median type

median width

shoulder type

speed limit

horizontal curvature
verticalcurvature and

surface width

=4 =4 -8 _8_4_9_9_°_2

Relevantroadway characteristictatawereextractedrom the most recent RCdatabaséor each
study corridor and TSM&O strategy analyzed.

3.6 Other Data Sources

In addition to the aforementioned databases, the followatgwerealso required to evaluate the
safety and operational performance of TSM&O strategies. These data elements are discussed in
subsequenthaptersas applicable

DMS locations and logs

TSP study corridors and signal plans
Express laneperational times

Ramp meter operational times

= =4 =4 =4
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CHAPTER 4
MOBILITY BENEFITS

This chapterdiscusses the methodology and the mobility benefits of the followBig&O
strategies thare currentlydeployedn Florida

Freeways
1 RampMeteringSystem
1 Dynamc Message Sign®MSs)
1 RoadRargers
1 Expresd.anes

Arterials
1 Transit Signal Prioritf{ TSP)
1 Adaptive Signal Control Technology (ASCT)

4.1 Ramp Metering System

Ramp metering or signaling is a traffic management strategerhatoystraffic signalsinstalled
atfreeway onramps to control and regulate the frequency at which vehatethe flow of traffic

on the freeway mainlingsanet al, 2011; Mizuteet al, 2014) The following subsections discuss

the study corridor, the data used in the analysis, the methodology, and the mobility benefits of
ramp metering operations.

4.1.1 Study Corridor

A section along-B5 in MiamiDade County, Florida was selectedfss study corridor to evaluate

the mobility benefits of the ramp metering strategy. This approximateiyitEOsection of 495

has a ramp metering system stretching between Ives Dairy Roati\aead' Streetin both travel
directions. Ramp Metering SigndRMSs) started operating in 2009 and are located at each of the
10 ramps along-85 NB and 12 ramps alongdb SB(Zhu et al.,2010) The FDOT District 6
operates and manages the systeigure4-1(a) shows thdocations of the existing RMSs in the
study corridor and Figurel-1(b) shows the ramp metering signal at the NW é#&en merging

with [-95 NB.

The number of ramp vehicles joining the freeway per given time for each ramp (i.e., ramp metering
rates) on the corridor is estimated using\Weshington Fuzzy Logic algorithrithe Washington

Fuzzy Logic algorithm is a systemide control that is responsive to both local and corrioie

reattime traffic conditions(Mizuta et al., 2014)The algorithm utilizes the traffic conditions
upstream ash downstream, and ramp queues in managing and controlling traffic on the freeway
network. The Fuzzy Logialgorithmestablishes the metering rates through a tbreye procedure:
fuzzification, activation of rules, and generation of numerical rates @efyzzification).
Fuzzification involves translating the numerical inputs of the segment traffic conditions, such as
occupancy, into the fuzzy classes. The developed fuzzy states are then associated with weighted
rules to develop the metering rate anddbgree of activation of each rule outcome. Finally, at the
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defuzzification stage, the developed metering rates that are represented by a set of linguistic fuzzy
classes are converted to a single metering rate.
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Figure 4-1: Ramp Metering Performance Evaluation Study Corridors

41.2 Data

Three datasets were used to evaluate the mobility benefits of the ramp metering strategy: traffic
flow data, RMS operations data, and contextual data.

41.2.1Traffic Flow Data

Traffic flow data were collected from the Regional Integrated Transportatiommation System
(RITIS), a comprehensive database containing data from different original sources. The travel time
data originated from HERE Technologies, while the traffic volume, speed, and occupancy data
originated from traffic sensors managed bg #DOT District 6. All the traffic flow data were
collected for a period of three years, from 202618.

The HERE system records the travel time for freesegments. The start and end of the segments

in the HERE data are defined by the location of dferamps and omamps. To maintain
consistency between the HERE data, traffic sensors used for the volume, speed and occupancy
data extraction were selected to correspond with the siadt enegpoints of the HERE system
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segments. In addition, enamp taffic flow data were collected from elamp loop detectors
categorized as passage loops, demand loops, orqaeye loops, depending on the location along
the ramp.

4.1.2.2RMS Operatios Data

RMS operations data for the study period (202618) wereobtained from the FDOT District 6
RegionalTransportation Management Cente MC). Data collected included: tm@n/Off time,
turn-On reason, and event identification if the #@n reason was an incident. The #@n reason
consisted of sixcategories: recurrent congestiaronrecurrent congestigrincident weathey
central time of day (CTORand bcaltime of day (LTOD).

4.1.2.3Contextual Data

To supplement the traffic flow and RMS operations data, the number of points along theemainli
where vehicles entered the freeway-(amps) and vehicles exited the freeway -fafinps) were
determined using Google Maps.

4.1.3 Methodology

This study used travel time reliability to measure the effectiveness of the RMS operations on the
study coridor. The most effective methods of measuring travel time reliability include ther90

95" percentile travel times, the buffer index, and the planning time index. Buffer index (Bl) was
selected to analyze the effectiveness of RMSs based on its pyparat ability to capture the

true variation of the travel time at any time of day. The study compared the Bl values of the study
corridor when the RMSs were operational and when they were not operational. The following
sections discuss the process adopteestimate the mobility benefits of ramp metering systems
using the BI.

4.1.3.1 Study Segments

Since the RMSs along the corridor were not turned on at the same time, the consecutive RMSs that
were turned on at the same time were groupgdther. The entire corridor was therefore divided

into three segments for each direction of travebl@4-1 shows the most common tu@®n/Off

times for each study segment, length of the segment, numbeiraf@s and offamps, number

of days when aeast one of the RMS was off during the most common@nfOff period, and

number of days when all RMSs were on during the most commoi®On@ff period.
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Table 4-1: Descriptive Statistics of RMS Study 8gments

No. of days No. of days
at least one all RMSs

Turn-

Length No.of No.of Off- Turn-On Off

Segment Direction

(miles) On-ramps ramps Time Ti RMS was were
ime
turned off turned on

1 NB 2.6 4 3 2:45 pm  8:00 pm 296 74
2 NB 2.5 3 3 3:30 pm | 8:00 pm 20 130
3 NB 5.3 3 3 * * * *
4 SB 4.0 4 3 7:45am 8:00 am 135 136
5 SB 3.0 4 2 6:30am  9:00 am 52 108
6 SB 3.6 4 5 6:30 am = 10:00 am 36 126

Note: *indicatesno pattern for most common tufn/Off times.

The cayswhen RMSs were operational atie days when RMSs wergot operational during the
studyperiod, andhe most frequent tur@n/Off time for each segmentereidentified fromthe

RMS operations datd he dayswhenat least one of the RMSs was not operational welaeded

in the analysisinceall RMSs in a segentwere turned off for a very few days, if any. Therefore,
the analysis results provided the most conservative mobility benefits estimalidaybsiandthe

days affected bydurricane Irma in 2017 and Hurricane Michael in 2018 were excluded from the
analysis, as well aghe dayswhenRMSs were operational due to incidentsadwerseweather
Segment 3 was excluded from the analysis due to lack efanof@ff time pattern while segment

4 was excluded because of having a short operational duration. Segnenaldo excluded from

the analysis due to few RMS noperational days (< 30 days). The remaining segments, Segments
1, 5, and 6, as shown in Figure4were used in the analysis of ramp metering benefits.

4.1.3.2Estimation of the Buffer IndefBl)

The BI represents thextratime (in minutes) that travelers must add to their average time when
planning trips to ensure @mme arrival at a given confidentevel. As shown in Equatiod-1, the

Bl is calculated as the ratio of the differemegween 98 percentile travel time and average travel
time to the average travel time. Travel time data for the study segments, collected from HERE, for
the identified RMS operational and nroperational days were used to estimate the BIs.

& 0 (4-1)

The Bls were calculated for eachrbnute interval when the RMSs were operatiomakere were
adifferent numbenof observations for each segment because of dissimilar durations between the
turn-On and turrOff times. As discussed earlier, segments 1, 5, and 6 were usethligre the

travel time reliability along the study corridavhile segments 2, 3, and 4 wesecluded from the
analysis.
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Figure 4-2: Study SegmentsSelected forAnalysis ofRamp M etering Benefits
4.1.3.3 Penalized Regression Methods

Penalized regression methodsre used to develop a model that can predict Bls of the freeway
mainline segmenvhen RMSs were operational and not operatidPahalized regressionethods
regularize (constrain) regression coefficieftsenhance prediction accuraagd interpretability

of a modelJameset al, 2013) The imposed regularizati@ailows the less contributive variables

to have a coefficient close to or equal to z@8fassambara, 201#hus identifying the most
influential variables.Two of the most cmmon penalized regression methaate the ridge
regression andhe Least Absolute Shrinkage and Selection Operator (LAS®@ression
(Kassambara, 201.7Jwo models wereleveloped using both penalized regression methods (i.e.,
ridge regression and LASSO regression) and a mwitiebetter prediction accuraeyas selected

for prediction of the Bl®n the freeway

Given that the Bls are on a continuous scale, the relatpmmsEquatiord-2 between Bls and the
predictor variables was establisheging linear regressiom Equatiord-3, w is theresponse for
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observation,] is the constant terni, aretheestimatednodel coeficients,w is a vector of
predidorsj for observation, and- is the error term.The penalized methods (ridge regression
and LASSO regression) were introduced in the estimation of the coeffitiemtsthe linear
regressionRidge regresion coefficient estimatese thevalues that minimize Equati@hR3 where

= O 0 i s amneetetRGJis thegesigual sum of squares. Ridge regression shrinks close to
zero the coefficients of variables with a minor contribution to the response vdKHakskambara,
2017) Although ridge regression shrinks coefficients towards zetods notet the coefficients
exactly to zero.

The LASSO regression is an alternative that achieves variable selection by setting coefficients
exactly to zero and account for the existing multicollinearity between variables. The LASSO
regressioncoefficients estimates are values that minimize Equatéd. As & i ncreases
elements df are continuously reduced towards zero, such that some elements will be reduced to
zero and automatically deletdgbth models were developed using theiute interval Bl vales

of the study segment as the response variable. The penalized regression modityeleped

using the GLMNET package iR.

w f o - (4-2)
B w 1 B fTw + Baf =RSS Bo | 4-3)
B w T B fw + Baf =RSS Bo f (4-4)

The penalized regression models were developed usingntiiraube interval Bl values of the study
segment as the response variable. The following predictor variables were tgechadelsRMS
operational status (i.e., On or Off), mainline Level of Service (LOS), mainline average traffic
speed, ramp volume, aamp density, and offamp density. The status of the RMS variable had
two categories, i.e., On and Off. The On categmryesponded to therbinute interval Bl values
when all RMSs were On, while the Off category corresponded to-thi@de intervals when at
least one of the RMSs along the segment was Off.

The mainline LOS was estimated from the traffic occupancy dét@oted from RITIS. The traffic
occupancy represented the average traffic occupancy of the sections defined by the traffic sensors
in each study segment. The relationship between traffic occupancy and LOS was established based
on previous work by Bertinet al. (2004). Tabld-2 shows the relationship between the traffic
occupancy and LOS used to estimate the mainline LOS variable for the model.

Table 4-2: Traffic Occupancy for Different Levels of Service (LOS)
LOS Occupancy (%)
0 O OcxBpancy
5 OOccupancy 8
8 O Ocxddpancy
12 OOccupancy 17
17 OOccupancy 28
Occupancy® 2 8

mmooOw>
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The mainline traffic speed represented the average traffic speed of the study segment at the 5
minute interval dat@xtracted from RITIS. The eramp density referred to the number of on
ramps per the segment length, while therafip density was estimated from the number of off
ramps per the segment length.

4.1.34 Prediction Accuracy

Crossvalidation was used to test the prediction accuracy of the fitted models. Data were divided
into training and testing tisets.Data contained 276 observations where each observation
represented a-inute interval within the ramp metering operatiommeframe of the selected

study segments (Segment 1, 5 and 6). Also, data included the same number of observations when
all RMSs in a segment were turned on and when at least one RMS was turiAduboff80% of

the data wassed as the training datasefit the models and 20% was used as the testing dataset.
The training and testing dataset observations were selected randomly. The Ro@dJesed

Error (RMSB betwea the predicted and the observedvBluesfrom the testinglataset were

used to measa the pediction accuracy of the model

4.1.35 Mobility Enhancement Factors

A Mobility Enhancement Factor (MEF) is a multiplicative factor used to describeadbdity
benefits of a TSM&O strategy on a specififrastructure elemeni.e., intersecton, corridor, etc

The observedhfrastructuremobility levelwhich is measured by a selected performance measure
is multipliedby theMEF to determine thexpected mobility benefits gie TSM&O strategy. For
examplesince the Bl was selected as a parfance measure for ramp meteritiggexpected Bls

due to ramp metering are estimatedapplying the MEFon theBls of the freewaysegment
without RMSs. A MEF of 1.0 is considered reference sud thata value below or above 1.0
represents decrease or increase of the Bls due to ramp metering.

MEF for ramp metering was calculated using Equadi@n wherew j, is thepredictedBl of ith 5-
minute time intervain dataset assumirtpe RMS was On, an@ is the predicted®l of theith 5-
minute interval in dataset assuming that RMS was Off.

b 00 (4-5)

The overall MEF of the RMSwas calculated using Equatidr6, where MEF is the mobility
enhancement factor for eachrbnute interval from thé&h 5minute interval to theth 5-minute
interval.

000

(4-6)
4.1.4 Resllts

4.1.4.1 Descriptive Statistics

Table 4-3 shows the descriptive statistics of the variables used in the analysis. The mean,
minimum, and maximum Blwere0.446, 0.149, and 0.885, respectively. The averagamp
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volume was 32 vehicles#inutes, the minimum eramp volume was 18 vehiclesfinutes, and
the maximum osramp volume was 55 vehiclesiinutes. The minimum and maximum-camp

density was 1.11 ramps/mile and 1.54 ramps/mile, respectively. The minimuengfé density
was 0.67 ramps/mile, and the maximum was 1.39 ramps/mile.

Table 4-3: Descriptive Statistics of the Continuous Variables for th&RMS Study Segments

Variable Mean Standard Deviation Minimum Maximum
Buffer Index 0.446 0.164 0.149 0.885
Mainline Speed (mph) 29 8.794 15 49
Ramp Volume (vehicles/min) 32 9.936 18 55
On-ramp Density (ramps/mile)  1.359 0.187 1.11 1.54
Off-ramp Density (ramps/mile) 1.117 0.262 0.67 1.39

Figure4-3(a) shows the distributions of the Bl values when the RMSs were operational and not
operational. The mean Bl was 0.38 when the RMSs were operational and 0.51 when not
operational. Figurd-3(a) indicates that the Bls during RMS operations were less trawliin

not operational. For example, approximately 58% of the Bls were less than 0.4 during RMS
operations while only 23% of the Bls were less than 0.4 when the RMSs were not operational. A
Welch twesamplet-test was performed to test the hypothesistti@BIs during RMS operations

were less than Bls when the RMSs were not operational. Results-aéghéndicated that the Bls
during RMS operations were significantly less than Bls when the RMSs were not operational at
the 95% confidenckevel These ihdings indicatehat travelers experience more reliable travel
times when the RMSs are operational.

Figure4-3(b) shows the distributicof the average traffic speet the freeway mainline when
the RMS were operational and not operationBhe distributionssuggest that when the RMS
were operational, the average mainline speeds were higher than whewRM310t operational.
Traffic speed during RMS operations ranged from 10 mph to 50 napld 10 mprand 40 mph

when RMS were not operational.

Figure 4-3(c) shows the distributisof the onramp traffic volume when the RMSwere
operational and not operationdls illustrated in Figuret-3(c), onramp volumes during RMS
operations werslightly less han volumesobservedvhen RMSwere not operationaDnaverage
when RMS were operationabn-ramp volumes ranged from 20 vehicles/5 minutes to almost 50
vehicle/5 minutesWhen RMS were not operationahverage ramp volumes ranged from 20
vehicle/5 mimtes to 60 vehicles/ 5 minutes.

Figure 4-3(d) shows the freeway LOS distributions when the RMSs were operational and not
operational, according to the Bls. Low Bl values were observed at LOS E&F, and high Bls were
observed at LOS C&D. Also, the variabjlin the Bl at LOS E&F was greater than at LOS C&D.
Figure4-3(d) suggests that the Bl values for the study corridor were lower during RMS operations
than when RMSs were not operational for both LOS C&D and LOS E&F.
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Figure 4-3: Distribution of Variables When RMSs Were Operational or Not Operational

4.1.4.2 Model Results

Table 44 shows the estimated parameters of the penalized regression models. The magnitude and
sign of the estimated parameters indicate the influence of the variables on the BIRefuds.

from both the models are consistent in terms of the relationship betiweeklependent variables

and the Bls. Both models indicate that operations of the RMS have a positive impact on the travel
time reliability of the segment. The coefficients of the RMS operations variable indicate a decrease
in the Bls when the RMSs argerational. Similar to Bertini et .a[2004) this result suggests that

RMS operations increase the travel time reliability on the freeway mainline.

Table4-4 also showshe impact of LOS on travel time reliability of the freeway mainline. The
estimates othe LOS variable suggest that LOS E&F is associated with lower Bls as compared to
LOS C&D. There is a minor difference between th& pércentile travel times and the average
travel time on the freeway mainline when it is congested at LOS E&F than aCDS This
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indicates that traffic uses relatively similar travel time when traversing a segment during the
congested periods (LOS E&F) on different days.

Table 4-4: Results of the LASSO Model

.
No

Intercept -0.508 -0.096
RMS operations

Yes -0.116 -0.130

Cé&D
LOS E&F 0104  -0.008
Mainline Speed 0.008 0.013
Ramp Volume 0.004 0.010
Off-ramp Density 0.196 0.422
On-ramp Density 0.364 0.843
Root Mean Squared Error (RMSE) 0.108 0.107

High traffic speeds are associated with unreliable travel times. High speeds on the freeway
mainline can be observed during uncongested pertoafic speeds during these periods have
more variability since drivers are able to acquire a greateyer of speeds compared to congested
conditions.During congested times, vehicles travel with lower spemuls travel times are more
consistent such that only minor variations exist between tlHig8fcentile travel times and the
average travel time

Similarly, high ramp volumes are associated with unreliable travel times on the freeway mainline.
High ramp volumes indicate that more traffic enters the freeway mainline from the arterials. Traffic
is easily allowed to enter the mainline during the uncstegktimes compared to congested times.
Therefore, higher ramp traffic volumes are associated with periods where mainline traffic can
acquire a greater range of speeds aerdce high variance in the travel time.

High off-ramp density is associated witttreased travel time unreliability. Gfamp exits have a
tendencyto affect the mainline traffic when the downstream arterials receiving the traffic are
congested. Therefore, the presence of manyawfip exits in a short segment may result in higher
varnability in travel times along the mainline segment comparé¢desegment with few offamp
exits.

The model results show that high-amp density is associated with increased travel time
unreliability. Segments with high emamp density arsubjected to many vehicles entering the
freeway and increased turbulence at the merging locationgar®m merging locations are
associated with increased traffic turbulence and variation of traffic conditions between locations
upstream and downstream betexit. Therefore, varying conditions at the exits negatively affect
the travel time reliability of the freeway mainline.

4.1.4.3Prediction Accuracy
Results in Tablé&-4 show that theRMSE of the ridge regression model and the LASSO model
were 0.108 and 0.107 respectively. This indicasethat the prediction accuracy of the LASSO
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model was slightly better than the prediction accuracy of the ridge regression. Therefore, the
LASSO model wassed to estimate the predicted Bls for calculating the MEFs.

4.1.4.4Mobility Benefits of Ramp Metering System

MEFs for RMSs were estimated using the predicted Bl values from the fitted LASSO model.
MEFs of less than one (1.0) indicated improvement inetrdime reliability due to RMS
operations, and MEFs greater than one (1.0) indicated a worsening in travel time reliability due to
RMS operations.

The predicted values of the travel time reliability measure (Bl) when RMSs were operational and
not operabnal were estimated using the fitted LASSO model. Figd4(a) shows the
distributions of the predicted Bls for both RMS scenarios. The distribution of the Bls when the
RMSs were operational is more to the right of the distribution of Bls when RMSsnotre
operational. This indicates that the predidédalueswhen the RMSs were operational are lower
than when the RMSs were not operational. Thus, RMS operations improve the travel time
reliability of the freeway mainline segments.

The predicted Bls wer categorized according to the observed LOSs to evaluate the expected
benefits when the RMSs were operational during LOS C&D and LOS E&F. Hei(l® shows

the distribution of Bls for specific LOSs. All distributions of the Bls when the RMSs were
operatonal are on the right of the corresponding distributions when the RMSs were not
operational. This indicates that the RMS operations improve the travel time reliability of freeway
segments during both LOS C&D and LOS E&F.
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—— LOS C&D + RMS not operational
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(a) Overall Buffer Index (Bl)
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Figure 4-4: Distribution of the Predicted Bls When RMSs Were Operational or Not
Operational

The predicted values for the two LOS groups were averaged to estimate the MEFs of the RMS as
described irSection 4.1.3.4The MEFs were estimated using the predicted BIO8 E&F and

LOS C&D. Table4-5 shows the MEFs during both LOS C&D and LOS E&F. From Tdkie

the MEF of RMS operations for LOS C&D is 0.784, indicating that RMS operations increase the
travel time reliability along a segment by approximately 22%. Thé& MERMS operations for
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LOS E&F is 0.701, indicating that RMS operations increase the travel time reliability along the
segment by 30%.
Table 4-5: MEFs for Ramp Metering System

LOS MEF
C&D 0.784
E&F 0.701

4.1.5 Conclusions

Ramp metering ia TSM&O strategy thatutilizes signals installeat freeway orrampsto improve
mobility, travel timereliability, and safetypn freewaysThe analysis focused on calculating MEFs

to quartifying the mobility performance of ramp metefdEFs arenumerical valugsthat indicate

the percent increase or decreasa definedmobility performance measurgor this studyiravel

time reliability wasselected atemobility performance measure festimatinghe MEFs of ramp
metes. The MEFs were developeldlased on the operational performance of ramp meters along a
10-mile section orl-95 in MiamiDade CountyHorida. Bl, estimated using the 9%ercentile
travel time and average travel timegas adopted as the travel time reliabilityasure for the
analysis.

Bls were estimatetbr study segmentwhenRMSswere operational and hoperationalusing

travel time data extracted from HEREhe MEFs were calculated as the ratio of the predicted Bls
when ramp metering was operational to whet operational. Two penalized regression methods,
ridge and LASSO regressions, were used to identify factors that can predict the Bls of a freeway
segment with ramp metering. The regression models investigated various factors, including ramp
metering oprations,freeway mainline LOS, freeway mainline traffic speed, ramp volume, on
ramp density, and oflamp density. The modeindicated that all factors were significant in
predicting the Bls of the segments with R8Fhe LASSO regression model was s#&decto

predict the Bls of the study segment based on better prediction accuracy compared to the ridge
regression.

The LASSOregressioimodel predictdthe Blswhen RMSwere operational and not operatignal
and the predicted values were used to show ¥keatl benefit of ramp meteringn addition, the
predicted Bl values wereategorizedbased orfreewayLOS andused to estimate the MEFs of
ramp meterindor differentlevels of serviceThe MEF for ramp metering at LOKO® was 0.784,
indicating a22% rediction in the Bivalues. The MEF for ramp metering operations during LOS
E&F was 0.701jndicating a30% reduction inthe Bl values. In summary, theesults showed
mobility improvementsn freeway trafficresulting fromramp meteringoperationsregardless of
the LOS on the freeway mainlin®&lote that he improvements evaluated in this study are
applicable whemRMSs areoperational during peak hours.

4.2 Dynamic Message Sigs

Dynamic Message SignDKSs) are programmable electronic signs used for disseminating

information to road users. Generally installed along freeways, DMS messages may consist of real
time alerts regarding unusual traffic conditions, roadway incidents, adverse weather conditions,
constructon activities, travel times, road closures or detours, advisory phone numbers, etc. The
information displayed on DMSs enables fast and appropriate responses to changing traffic
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conditions and incidents, thus, assisting motorists in making informed deci®tamtes et al.

2008). Much of the literature on DMSs used surveys to evatbateffectiveness (Chengnd

Firmin, 2004; Peng et al., 2004; Chen et al.,, 2008). Surveys are effective in obtaining user
perception on how drivers respond to different messdpplayed on DMSs, especially pertaining

to a dr i ver 0sdvesoogssch asmpurgose of travel,.ls¢chedule flexibility, travel
distance, cause of congestion on current route, familiarity with alternative routes, information
available on dérnative routes, and previous experiences with traveler information. However, the
responses that drivers provide may not necessarily be the same as how they would react when
faced with actual situations. Therefore, this research usedimealraffic daa to assess the
reaction of drivers to the messages displayed on the DMSs.

4.2.1 Study Corridor

In Florida, DMSs have been deployed statewide on all major freeways and some dftarthis

study, the analysis focused on permanently mounted DMSs aléhgHigure4-5 shows the
470.Fmile 1-75 corridor that runs across the entire state of Florida and passes through FDOT
Districts 1, 2, 4, 5, and 7. This study corridor was seledtethaply for two reasons: the presence

of DMSs between erand offramps and the availability &MS message data from 2016 through
2018. As of June 2018, total 0f140 DMSsareoperational along the study corridor
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Figure 4-5: DMS Performance Evaluaton Study Corridor
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4.2.2 Data

The data collection process involved contacting the TMCs in each District to acquire information
on the locations of DMSs (i.e., longitudes and latitudes/ Mileposts), the direction of traffic that the
permanentmounted DMSs @ facing (i.e., southbound or northbound), the logs of all messages
displayed, and the begin and end timestamps for each message for a period of three years, from
2016 through 2018. Data from 43 DMSs were collected from the TMCs in FDOT Districts 1, 2, 4,

5, and 7. Entry logs for most DMSs consisted of more than 4,000 entries of messages throughout
the 3yearanalysigeriod. The messages involved travel time information, silver and amber alerts,
congestion and safety warning messages, weather informadiiapry messages, such as Driving
under the Influence (DUI), seatbelt law, crashes and incidents information, roadetarkEsach
message was associated with the time it was displayed and the time it was removed. Some
messages were displayed for longeriods of time while others lasted for shorter durations.
Traffic flow data used for analysis included r&ale traffic volume, speed, and occupancy. These
data were retrieved froRITIS for three years, from 2016 through 2018, and collected only for

the detectors within the influence area of the DMSs. The following subsections discuss the data
collection process.

4.2.2.1 DMS Influence area

An impact area upstream was identified for each DMS based on the average size of electronic sign
characters and mamum visibility distance of the signs, as recommended in the Manual on
Uniform Traffic Control Devices (MUTCD) (USDOT, 2009). The distance of 1,000 feet upstream
was measured from the DMSs | ocations tmm consi
see the message, such as the presence of horizontal or vertical curves, overpasses, or environmental
factors. The influence area downstream was identified as the distance from the DMS location
where the messages are being displayed to the next dowmsdxiapoint where drivers may
consider exiting the freeway. The study corridor was divided into several segments; each segment
contained the DMS influence area upstream of the DMSs where drivers are expected to be able to
read the sign, and downstreanvizegn the DMS and the location of the next exit. After identifying

the influence areas for DMSs, a total of 23 segments were selected for the analysis.

The DMSswere associated withhe positionof detectors defined in RITIS. For each DMS, an
upstream deitctor within 1,000 ft, and at least one and up to two downstded@ctordetween

the DMS location and the next exit were identified, as illustrated in Fig@r&ach detector zone

ID consisted of detectors for each lalengthe DMS influence segment§he number of lanes
ranged from three to six lanes per direction based on the location of the DMS along the study
corridor.
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Figure 4-6: DMS Influence Area
4.2.2.2 DMS Log Messages

DMS messages listed in the logs included a variety of warning messages to drivers regarding their
own safety, the safety of other drivers, stalled vehicles, and emergency responders. The data
reduction process involved sorting the messages that repdidedation requiring driver action.

Although there were several messages identified that reported critical roadway conditions that
required driverso attention, the anal grash s was
information. These messageformed drivers of the presence of a crash downstream along the
corridor and gave information about possible impacts of the crash, such as lane closures. Some of
the messages indicated the location of the crash in terms of distance from the DMS,teach as
mileposts of the crash locations and names of the downstream intersecting roadways. Examples of
such messages includleCRASH 1 MI AHEAD USE CAATBR22NW, A CRA
39TH AVE RT LANE BL-QEBEEIND CR2ZGRIASAH. LI LANES BLOCK
etc.

4.2.3 Methodology
4.2.3.1 Average Speed Adjustments

After identifying the messages conveying information about crashes, terreshsessages in

this study, the analysi®cused omobserving the changes in traffic patterns, particularly speed
adjugments, in order to assess the reaction of drivers to the displayed messages. Traffic speeds
observed 30 minutes prior to the display of theshmessages were compared vitile observed

speeds 30 minutes during the displathefcrashmessagedDuringhe36mi nut e fAbef or eo
the DMSs displayed messages that did not require drivers to change their driving behaviors, e.g.,
travel timeinformaton a mber al erts, and advisory message
DRI VE UNDER | NeklTheEeNpgedad messages are ternodelar messages in this

study. The analysis was performed to observe if drivers reacted to the messages by comparing the
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average speeds while tbkear message was being displayed with the average speeds while the
crashmessage wsabeing displayed.

The analysis startedith identifying theclear (i.e., noncrash relatedandcrashDMS messages

among other messages and merging themnedktime traffic data from RITISFor everycrash

message that had been displayed for at least 30 minutes, the message that was displayed 30 minutes
prior was checked. For example, if a crash occurred at 8:00 AM, and the DMS upstream displayed
acrashmessage from 8:05 AM 9:35 AM, the displayed messamethe prior 30-minute period

(7:35AM T 8:05 AM) was checked to determine if itsfthe criteria of alear message, such as

ACLI CK I T OR TI CKETO. dearmassage thatralsodastedrfoeat lsagt@®k wa ¢
minutes, then(i) the average g®d 30 minutes during thedear message, andi) the average

speeds during the first 30 minutes of tnash messagevere calculated The two sets of speed

data were then compared using a pairexdt to determine if the drivers changed their speeds afte
seeing therashmessages displayed on the DMSs. The speed ratio of the two sets of speed data
was used in the analysis to determine the mobility impacts of the DMSs.

The crash messages were analyzed based on lane ddmdkformation. Thiswas based on
secondry informationdisplayedon the DMSs describg the impact ofa crash and or advisgy
driversen routeof the possible actions requirelb observe the impact of the displayed messages
on speed adjustmenthe information wagategorizednto five groups:(i) use caution, (ii) all
lanes blocked, (iii) right lane blocked, (iv) left lane blocked, and (v) others.

4232We | ctheébts

We | ctitedt@nequal variancetes)i s a modi f i c a ttesotodetasniinefawoSt u d e n
sample means are significantly different. This test is recommended over the Gt&desit

because it does not assume equalavaes between the two datasdtsnodifies the degree of
freedomusedfor theS t u d etesta@ddience increases the test power for samples with unequal
variances. Equatiod-7 showsWe | c theStsstatistic, and Equatioh8 denoteshe degree of

freedom for the Welch'stest.
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where @ andd& aresample means{ andi are sample variances; and n; represent the
sample size for the first anthe second samplegndy andy are the degrees of freedom
associated with the first and the second variance estimate.

4.2.33 Multiple Linear Regression

To estimate the influence of other factors in spEgjdstments, a multiple linear regression model
was developed witthespeed ratio as the response variable. Speed ratio was calculated as the ratio
of the average speeds duritlg crashmessage to the average speeds duritlgaa message, as
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shown in HKuation 4-9. Multiple linear regression was performed to model the relationship
between two or more predictor variables and the response variable by fitting a linear equation to
observed data. Equati@nl0 gives the model formula with the speed rati)(as the response
variable.

Y (4-9)

w I B 1T ® (4-10)

where,’Y = the speed ratio,
w =Y for theith observation,
I =the estimated intercept,
I =the estimated regression coefficient of independent valiphiel
w = value of independent variakle

The predictor variables in the model included temporal, traffic flow, and content of message
variables described in Tab#e6. Prior to modeling, the variables were checked for association
usingP e a r €arreld@tisn method and multicollinearity by ensgrthe variance inflation factor

was less than 10.

Table 4-6: Descriptive Statistics of theCategorical Variables for Calculating the Speed Ratio

Categorical Variable Factor Frequenc Share (%
None Use Caution 462 11
All 393 9
Lane Blocked Left 1,236 29
Right 1,732 41
Other 372 9
Weekdays 2,960 71
Day of the week Weekends 1,235 29
Off-peak hours 2,534 60
Time of day AM peak 624 15
PM peak 1,037 25

4.2.4 Results
4.2.4.1 Descriptive Statistics

The analysisvas based on 23 DMSs alor@3 and focused on messages that informed drivers of
crashes ahead from 2016 through 2018. The timestamps of the displayed messages were matched
with the realtime traffic flow data collected from detectors upstream and downstream of each
DMS. Table4-7 provides the descriptive statistics of the averages of traffic variables collected
from the detectors for thaturationof clearandcrashmessages.
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Table 4-7: Descriptive Statistics of the Traffic Datafor Calculating the Speed Ratio

Speed | Speed Volumep Volumea Occupancy, Occupancy
mph mph veh/5min veh/5min % %

Mean 68.75 64.70 51.32 48.11 5.07 6.28
Standard Deviation 10.79 16.48 45.49 42.87 4.43 7.64
Minimum 5.44 3.00 0.00 0.07 0.00 0.00
Maximum 107.17 111.00 344.83 305.71 33.87 59.17
Count 4,195

Note i duringaclearmessage,i duringthecrashmessage.

The two sets of speed data (i.e., aheragespeed duringlearmessages and average speed during
crash messages) were compared. As can be observed from HglUrence the messages
pertaining toa crashwere displayed, average speeds reduced 57% of the time, increased 41% of
the time, and remained the same 2% of the time. Fig8rprovides the distributions of the two

sets of speed data.
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4.2.4.2 Paired-test

A pairedt-test analysis was performed for the two sets of average speed data. The null hypothesis
was that thelifference in the means alverage speeds whelear messages were displayadd
whencrashmessages were displayisdzero(i.e., H: @ = ). The alternative hypothesis

was that theaverage speeds whefear messages were displayed greaterthan the average
speeds whearashmessages were displayaih 95% confidencéevel (i.e.,Ha @ >® ).
Table4-8 presents thetestresults

Thet-statistic valuevas found to bgreater than the criticalvaluesat a 95% confidencédevel.
The results imply that the null hypothesan be rejectedl'he average speeds during tear
messagewere found to besignificantlyhigher than the average speeds duringctashmessages.
The mean difference in speedas3.75 mph indicatinghatthe average spesdecreasedvhen
thecrashmessagewere displayed

Table 4-8: Paired t-test Results
Clear Speed Crash Speed

Mean 68.750 64.996
Variance 116.411 271.693
Observations 4195 4195
Pearson Correlation 0.739

Hypothesized Mean Difference 0

df 4194

t Stat 21.726

P(T<=t) onetalil 0.000

t Critical onetail 1.645

4.2.4.3 ModelResults

Table 4-9 presents the multiple linear regression model restiltig. results indicated thadl
variables were statistically significant at the 95% confidéswe except when all lanes are closed.

The fourth column shows the model coefficiemibereby negative coefficients imply@duction

of speed duringcrash messages with respect tbear messages. The overall average speed
reduction when all variables are at their mean is 0.94, implying that there were lower average
speeds whertrash messages were displayed compared to when the DMSs dispiigaad
messages with no crash indicated downstream.

Traffic Factors The realtime traffic volume had a positive regression coefficient in the model
indicating that a unit increase in traffic uate (i.e. the number of vehicles passing through a point

in a given time) results in an increase in speed ratio. In other words, when the DMSs are displaying
messages about crashes, the higher the traffic volume, thednees increasetheir speeds.
Occupancy had an inverse relationship since vehicle speeds were lower when detectors recorded

high percentage occupancy.

TemporalFactors Day of the week was grouped into weekdays and weekends. The results show
that the average speeds reduced when thedDMSe displayingrashinformation on weekends
compared to weekdays. This may be attributed to drivers being less in a rush on weekends, so they
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are more willing to complyvith the displayed messages. Similarly, during peak hours, average
speeds were obsesd to increase compared to-pi#ak hours.

Table 4-9: MLR Model Coefficients

. Mean . [95% Conf.
Variable Category X) Coeff (b) b *X Std. Err. P>t Level
Volume Continuous 47.844 0.0007 0.0344 0.0001 0.000* 0.0006 0.0008
Occupancy Continuous | 6.2809 | -0.0202 | -0.1269 0.0003 | 0.000* @ -0.0207 -0.0196

Weekday 0.7053
Weekend 0.2947 | -0.0132  -0.0039 @ 0.0044 @ 0.003* | -0.0220 -0.0045
Off-Peak 0.6036
Time of Day 1-AM Peak = 0.1489 @ 0.0235 0.0035 | 0.0059 @ 0.000* | 0.0119 0.0351
2-PMPeak | 0.2475 @ 0.0366 0.0091 0.0049 0.000* 0.0269 0.0463
Use Caution 0.1103
1-All lanes 0.0928 -0.0125 -0.0012 0.0089 0.159 @ -0.0299 0.0049

Day of week

Lane blocked 2-Left 0.2947 @ -0.0193 | -0.0057 | 0.0070 @ 0.006* | -0.0331 | -0.0055
3-Right 0.4131 -0.0255 -0.0106 0.0068 0.000* -0.0388 -0.0123
4-Other 0.0890 @ -0.0540 -0.0048  0.0089 | 0.000* | -0.0715 -0.0364
Constant 1.0461 0.0070 0.000* 1.0324 1.0598
Average 0.94

R-squared = 0.5679Significant at a 95% confidence level

Message Text Contents Messages displayed on the DMS contained roadway condition
information and additional information that directs drivers on how they should react to the
condition. For messages displayiergshinformation, secondary informati@uvising road users

on lane blockages depends on the severity of the crash. For analysis, this secondary information
was classified as: use caution, all lanes blocked, right lane blocked, left lane blocked, and others
(e.g., exit ramps closed, shoulders blocked, etc.). Madslu | t s i ndi cate that <c
cautiondo message, | an einltwerawiagegpeeds whéndhe DNStwiaso N r
displaying additional information witborashmessageslhe observation of right/left lane closure

having more impact thaall lane closure could partially be the result of lane changeeuvers.

Drivers may tend to move away from the lanes #ratsaid to be closed as opposed to situations

when the messageigges that all lanes are closed.

4.2.4.4 Mobility Enhancement Feaxs

To examine the performance of the DMSs, MEFs were calculated based on speed adjustments.
The ratios of average speeds duringdf@shmessages to average speeds duricigar message

were determined for eaatrashmessage. Other factors that could affect the speeéloles,

such as volume, occupancy, temporal factors, and the content of the message, were used to perform
a multiple linear regression analysis with the speed ratio as the response variable. |&®adio va
below lindicatea reductionin speed after displaying the message, whereas a value above 1
indicates amncreasen speed. The predicted speed ratios from the multiple linear regression model
were used to estimate the overall MEF using Equdtibh wherenis the number abbservations.

As seen in Table-40, displayingcrashmessages on DMSs is expected to reduce average vehicle
speecdbverall by 6.0%, compared to DMSs displayotgar messages.

b 070 z (4-12)
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Table 4-10: MEFs for DMSs

%

Variable Category MEF Reduction
in Speed
Volume Volume 0.91 9.4
Occupancy Occupancy 1.05 -4.7
Day of week Weekday 0.94 6.0
Weekend 0.93 6.9
Off-Peak 0.94 6.0
Time of Day 1-AM Peak 0.96 4.0
2-PM Peak 0.97 3.2
Use caution 0.94 6.0
1-All lanes 0.93 7.1
Lane blocked 2-Left 0.93 7.4
3-Right 0.93 7.5
4-Other 0.89 10.9
Average 0.94 5.8

4.2.5 Conclusions

The analysis focused aralculatingthe MEFsfor DMSs byconsideringthe reactions of drivers
when the displayed messages on DMSs did not require any action (clear condition/information)
versus when the DMSs displayed messages about crasheinfReahffic data, including speed,
volume, and occupancy retrieved from RITI&nd information on DMS locations and displayed
messages collected from TMCs were used in the analysis.

The methodology involved assessing the reaction of drivers to crash messages by looking at their
speed adjustments between ttlear and crash messagedisplay durations. For evergrash

message that had been displayed for at least 30 minutes, the message that was displayed 30 minutes
prior was checked. If the prior message welear message that also lasted for at least 30 minutes,

then average speedsre determined for the 3@inute period during thelear message and the

first 30 minutes after therashmessage was displayed. The average speed ratio (average speed
during clear messages to average speed duciaghmessages) was then used as a pedace

measure testimatehe MEFs of DMSs.

Thet-test results comparing the average speeds daléag message periods ansdashmessage

periods showed that the average vehicle speeds along DMS infareasedecreaséy 3.75 mph

when messages of crashes downstream were displayed compared to when the messages indicating
clear conditions or general information that did not reqidiineers to change their driving patterns

were displayed. The overall MEF with speed ratios as a performance measure was found to be
0.94, implying that there was&#b reductionin average speeds when the DMSs displayadgh
information. Results also reaked that among messages displagiraghinformation, if secondary
information required drivers to Ause cautiono.
blockage information (all lanes blocked, left lane, blocked, and right lane blocked)mphiess

that the drivers were more willing to reduce speeds if there were blocked lanes downstream as a
result ofacrash.

With a better understanding of driversb6é speed
displayed on DMSs, agencies dagiter plan potential sign locationisewording of the messages,
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and predict the resulting impact on traffic management operations. It should be noted that there is
a complex relationship between the messages displayed and the resulting reactionsotlulssje
displaying a certain type of message will not automatically lead tamgnovementin all
circumstances.

4.3 Road Rangers

The Road RangefService Patrol (simply known as Road Rangers) is a Freeway Service Patrol
(FSP) program provided by FDOT that offers free highway assistance services to mdRaasts
Rangers provide a direct service to motorists by providing a limited amount cdgsisting with

tire changing and other types of minor repairs, and by quickly clearing travel lanes affected by
incidents as well asupporting other responders at crash skéwidats Road Rangers provide

free highway assistance services during indglenstateroadways to reduce dekgnd improve

safety for the motorists and incident respondéne following sections discuss the selected study
corridors, data collected, and the methodology used to quantify the mobility benefits of the Road
Ranger program.

4.3.1 Study Corridors

The following freeway corridors in Jacksonville, Florid@reincluded in the analysis of the
mobility benefits of Road RangemButler Boulevarddtate Rad202 (SR-202), Interstatd O (I-
10), 1-95,andI-295. As shown irFigure4-9, the studycorridorsinclude a35-mile section & 1-95,

a 2xmile section 61-10, a 61imile section 61-295, and a 13nile section & SR-202 (Butler
Blvd.), for a total of 130 miles.

Legend
= SR202

w— |nterstateseus

Figure 4-9: Road Rangers Performance Evaluation Study Corridors
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4.32 Data

Incident data were obtained fibre year2014i 2017 from the SunGuid€ database,raFDOT
repository of incident informatigiior freeway sections alorutler Blvd.SR-202, 1-10, I-95, and

[-295 inJacksonville, FloridaData collected includethcident detection ting response ting
clearance tim& and geographilocations to identify both the temporal and spatial information of
incidents.Other informatiorobtainedincluded the incident type, detection method, seveaity
theagencies that respondédtotal of 28,000valid observationéN) wereincluded in the analyses,

and doservations with missing information were removed from the dataset. Prior to developing the
model, a preliminary analysis of the compiled incident data was conducted to identify the statistical
characteristics adhedifferent variablesanalyzed.

In this study, theesponse variable is the incidehiarancealuration asillustratedin Figure4-10.
Incidentclearancealurationis definedas the time elapsd@inutes)from thetime anincidentis
reported (i.e., first notifiedyintil all evidence of the incident has been removed from the incident
scenei.e.,when thelast responder leaves the sceameshown in Figurd-10. Incidentclearance
duration consists of three stagexident verification timeincident esponsdime, andincident
clearance time

Response All lanes open Response

Identified Response to traffic Departs Scene
Incident Incident Incident & Arrives on (Roadway (Incident Normal Flow
Occurs Reported Verified Dispatched Scene Cleared) Cleared) Returns

Roadway Clearance

Incident Clearance

" SR Time To Return To Normal Flow

Figure 4-10: Traffic Incident Duration Timeline (Amer et al., 2015

Table 411 lists the eleven explanatory variables included in the analysis. As shown in-dble 4

the number of responding agencies variable was considered continuous, while the remaining ten
variables, generally associated with freeway incidents, veer@aered categoricdtvent typdor,

incident typ& was categorized intorashes, vehicle problems (disabled or abandoned vehicles,
emergency vehiclesjehicle fires, andpolice activity), and traffic hazards (debris, flooding, and
spillagg. Two temporéavariablestime of dayandlighting condition were included in thanalysis.

Peak hourencluded morningpeak (0600 to 1000 hours) aedeningpeak (1530 to 1830 hours),
andlighting condition was categorizexs day or night based suinrise and sunsémes on the

day of the incidentThe dktection methaglwere divided into three categorieRoad Rangers
Intelligent Transportation SystemTE) services, and eroad services (e.gpolice, Florida
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Highway Patol (FHP), and notoristg. ITS services includéthe use otlosedcircuit televisions
(CCTV), the Florida 511 travel information systefL611), FL511 probevehicles,Waze and
TMCs.

The variabldane closurerefers to whether an incident resulted in lane(s) closure. The percent of
lanes closed is usually considered an indicator of the severity of an incident, as severe incidents
tend to result in an increased number of lanes closed. In the current studyg, lan25closure
implies one lane out of four lanes of a roadway section is closed. A closure of one of three lanes
will eventually mean 33.3% lane closure and 100% means all lanes are Gloisedariable was
considered discrete as-@5 and 25%.Shoulde blockagewas divided into two categories: No

(no any shoulder is blocked) and Yes (at least one shoulder is blocked). In the santewokgn,

was divided into either no towing was involved, or towing was involved.

Table 4-11: Descriptive Statistics of Incident Data
Categorical Variables Factor Code Frequency Sf(\(z;:)e

Crash 0 8,974 32.05
Event Type Vehicle problems 1 17,231 61.54
Traffic hazards 2 1,795 6.41
Road Rangers 0 14,790 52.82
Detection Method ITS services 1 2,649 9.46
On-road services 2 10,561 37.72
Minor 0 26,235 93.70
Incident Severity Moderate 1 1,328 4.74
Severe 2 437 1.56
No 0 17,106 61.09
Shoulder Blocked Yes 1 10.894 38.91

Valid N = 28,0007 response variable

Table 4-11: Descriptive Statistics of I ncident Data (continued)

Categorical Variables Factor Code Frequency Sr(]f;: )e
0i 25 0 24,216 86.49
0 1

LENE ClEslE () > 25 1 3,784 13.51

Time of Da Peak hours 0 15,475 55.27

Y Off-peak hours 1 12,525 44.73

Weekdays 0 26,066 93.09

Day of the Week Weekends 1 1,934 6.91

I " Day 0 24,610 87.89

Lighting Condition Night 1 3.390 1211

Towing Involved No 0 24,580 87.79

9 Yes 1 3,420 12.21

Road Rangers 0 23,680 84.57

Responding Agencies Other ' > 4.320 15.43
Agencies

Continuous Variables Min Mean Median Max

Number of Responding Agencies 1 1.7 1 10

Incident Clearance Duratidfmin) 1 36.71 20 325

Valid N = 28,0007 response variable
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4.3.3 Methodology
4.3.3.1 Quantile Regression

Previous studies have demonstrated the application of various modeling techniques to predict
incidentclearancedurations oftentimes resulting iskewed distributios Such models include
hazardbased modelg§Haule et al, 2018;Li and Shang, 2014Sando eal., 2018, and nested
models(Ghoshet al, 2012) The current study used quantile regression, a good methodology for
outliers, to fit the incident clearance distributionth€ modelsmay not accuratelypredict
incidents thathave amuch shorter or longer than averaderation. Theoretically, quantile
regression providebetter predictiomaccuray sinceit can account for dispersed and skewed
distributions of incidentlearancelurations. Quantile regression is a statistical techrtigptecan
relate quantiles of the incideciearanceluration distribution to explanatory varlab(Khattak et

al., 2016) and amore complete picture aficident clearance duration distribution can be obtained
throughquantile regressioanalysis Ratherthan modeling onlythe average incident clearance
duration, as in Qdinary Least Square (OLS) regression, quantile regression can maithel
relationship of any quantile with a set of explanatory variafdéattak et al., 2016)n quantile
regressiona sum that gives asymmetric penalties for gpaxdiction p 1 & S andunder
prediction,s s is minimized(Koenker, 2008) The prediction errors in quantile regression are
given byEquatiord4-12.

- 6 1 B @ (4-12)

whereqis the quantile point of the outcomes, 1 p,
yi = observed duration fath incident in data s€tnin),
I is the estimated intercept at quantile pajnt
I is the estimated coefficient of independent variglaliequantile poing, and
w =value of independent varialjlén ith incident

The coefficientss and] are estimated by minimizing the following objective function
(Koenker, 20055hown in Equation-43.

By, Ao 1T B T a B, P Ad 1T B I & (413

In this study, quantile regression was applied to predict incident clearancenlatatie %, 15",

250 é " pefcéntiles. Table-42 provides the regression model results for th#, Zg"
(median), 7%, and 9% percentiles.

Incident Clearance Duration Prediction From the perspective of modeling outcomes, OLS
models provide intuitive results, giving a singlalue that is the predicted meaQuantile
regression provideestimates for any quantilg whereq can be any number between 0 and 1.
Thus,theestimatesncorporatethe entire (conditional) distribution of incidestearancelurations
given certain conditiongnd do not providgist a singlevalueof howlong an incident may last.
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Locationbased Prediction This study applié a locationbased prediction ethod to predict
incidentclearancealurations with quantile regressmat the %', 15", 25" ¢ , 95" percentilesn
increments of 10with the assumption that traffic safety outcomes do not change dramatically in
a short periogKhattak et al., 2016)Therefore, the predicted duratioouldbe obtained at the's
percentile regression if the observed val@sless than the T0percenile, or at the 18 percentile
regression if the observed valwasbetweerthe 18" andthe 20" percentile, and so forttsing

the locatiorbased prediction method, the incideriearanceduration was predicted using
Equation 414.

e o

moa pliQlR o oo

A d, (4-14)
d

=
>
D
=
O

predicted incidentlearancealuration using locatiotvased prediction method,
predicted incidentlearanceluration at center of intervai (i.e., percentile location),
average of historical incident clearance duraticapatrticular location (e.g., bottleneck),
pth percentile value of durations of incidentghi region.

e e &

O

Using thecoefficientsfrom quantile regressigrthe probability that an incident with a given
duration will occurresulting in achange in values @heindependent variabdecan bequantified

using Equationgl-15 and4-16. Equations4-15 and4-16 estimate incidet clearance durations

when an incident is not related and related to a particular independent variable (category in case
of discrete variable), respectively. This allows the prediction of the incident clearance duration
given a certain value of the indejgient variable while holdingther variables at their means

w B o I (4-15)
® B 1w T & I (4-16)

where w is the estimated duration (min) @h incident for independent variabjeAll other
notationsaredefined earlier

Model Accuracy
To investigate the accuracy of model predictitimsresultingRoot Mean Square ErrgRMSE)

from theincidentclearanceluration predictionsvascalculatedusing the Equatiod-17. A smaller
RMSE indicaésa better prediction.

2-.39% > (4-17)
where,
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number of observations,
observed duratiofmin) for ith incident in data set, and
predicted duratiofmin) for ith incident in data set.

n
@
W
4.3.3.2 Mobility Enhancement Factors

As defined earlier, aMobility Enhancement Factor (MEF) is a multiplicative factor used to
estimatethe expected mobility level after implementing a gigtnategy such as Road Rangers,
at a specific site. The MEF is multiplied by the expected facility mobility level witheigtrategy

An MEF of 1.0servesas a referencevherebelow or abovendicatesan expected increase or
decrease in mobilityrespectivelyafter implementation of a givestrategy andlepending on the
performance metridzor example, irthis study, an MF of 0.8for theincidentclearanceluration,

the response variabled., performance measurahdicates an expected mobility benefitpre
specifically, a 20 percent expected reduction in incidégdranceduration after treatmenand
therefore, anricreasen mobility. MEFs were calculatedsing Equation 48, as follows:

- %& L (4-18)

wherew, is thepredicted incidentlearanceaduration forith incident in dataset assumifgad
Rangers were involvedand w is the predicted incident clearance durationitbrincident in
dataset assuminBoad Rangers were not involvedrhe overall MEF for Road Rangers was
calculated using Equatioh19.

000

(4-19)
4 3.4 Resllts

4.3.4.1Descriptive Statistics

The analysis was based on a total of 28j@6i@lents that occurred from 202017 alondSR-202,

[-10, 1-95, and1-295 inJacksonville, FloridaTable 411 provides the dscriptive statistics dll
variablesincluded in the analysisntidents associated with vehicle probleatcountedfor

6154% of incidentswhile 3205% and 6.4% were crashes and traffic hazardespeately.

Overall, statistics showed that the mean incident clearance duration for crashes, vehicle problems,
and traffic hazards was 74.18, 19.30, and 16.55 minutes (min), respediisatly half (49.05%)

of the incidentsaanalyzed were responded todmly Road RangerfoadRangerscombined with

other collaboratingagenciesesponded t8552% of the incidents, whilether rescue services
(other agencies) responded to only 4B%6. Collectively, Road Rangers were involved in
responding to nearl85% of incidents.

Figure4-11 shows the incidentlearancedurationdistribution of the dataseiearly onefourth
(23.70%) of the incidentsvere clearedvithin 5 min. Cumulatively35.58% of incidentslasted10

min or lessand5124% lasted 20 min or les®verall,the vast majority of incidents (95%) lasted

125 min or less and themaximum incidentclearancedurationwas 325 min. Nearly 86% of
incidents were cleared within the 90 minutes, atargetgoalstipt ed i n Fl ori dads
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(FDOT, 2014). The mearand medianncidentclearancealuratiors were36.71 min and 20 min,
respectively, and theiandard deviatiorwas 43.33 min. This dispersed distribution of incident
clearancaluration implies that the mean duration does not appropriately represanidahts.

0.04 100

— ..l..pw'
= 80 o
0.03 s F
< K
= A~ 60 D
w %) L]
g 002 = g
2 = 40 °*
E L]
=
0.01 S
0.00 I . . . 0
0 45 90 135 180 225 270 315 0 45 90 135 180 225 270 315
Incident Clearance Duration (min) Incident Clearance Duration (min)
(a) Frequency distribution (b) Relative frequency distribution

Figure 4-11: Incident Clearance Duration Distribution of the Analyzed Incidents (N =
28,000)

As shown inFigure4-12, the average incident clearance duration was considerably less for all
three incident types (crashes, vehicle problems, and traffic hazards) when the responding agencies
included Road Rangers. The average incident clearance duration for crashes was 66t8 m

Road Ranger involvement, 22.4% less than the average duration with other responding agencies.
Similar results were also observed for vehicle proklamd traffic hazard incident types. On
average, Road Rangers resulted in shorter average incident clearance durations compared to other
responding agencies by 58.0% &6®10% for incidents involving vehicle problems and traffic
hazards, respectively. Ovérathe averageincident clearanceduration with Road Ranger
assistancavas 28.9 min, compared to 791/8in without Road Ranger involvement, a 63.6%
reduction These reductions in incident clearance duration translate into substangatime and

fuel consumptionsavingsfor motorists.
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Figure 4-12: Averagelncident ClearanceDuration with and without Road Ranger
Involvement

4.3.4.2Model Results

Results fromthe quantile regression models estimated at tHg 88", 75", and 9% percentiles
are presented in Tablel®, andmostvariables are statistically significant at the 95% confidence
level. Coefficients for eaclquantileregressioomodelindicaie the amount of increase or decrease
in the average incidestearancealurationfor eachunit increase iheindependent variabMhen
other variablesare held constant. For a given quant{eercentile) the interpretation of the
coefficients islike other regression modelse., the coefficients represent tlehange inthe
dependenvariable (i.e., incident clearance duratiéor) a given quantile categorfor eachunit
increase in theontinuousindependent variablend a categorical change of a discrete variable.
Figure4-13 graphically illustrateshe coefficientdrom Table 412 for key factorsanalyzed, with

all quantiles combined\ote that he quantile regression coefficients vamyongthe different
guantiles.

Table4-13 provides the estimation of incideciearanceluration by holding all variables at their
mean valuesThe mean inciderdlearanceluration isestimated a$7 46 min at the 2% percentile,
29.83 min at the50" percentile 48.65 min at the 7% percentile, and B15 min at the 9%
percentile.From Table 4-13, the incidentclearancedurationcan be predictedjiven aspecific
independent variable valuéhile keepingpther variables at their means. Changes in the probability
that an incident with a given duration will occbased orthe change in vaks of independent
variables can beguantified.

For exampleif all other factors arset totheir mearvalues and only the incident type can vary
the incidentclearancealuration at the 75 percentilecan beestimated to be&165 + 3.14 = 51.29
min for anincidentthatis not related ta traffic hazard Hence, for incidents other than traffic
hazardsthere is a 25% chance thheincidentwill last at least 5.29min. If the incident is related
to a traffic hazardthe incidentclearanceduration at the #5percentilecan becalculated to be
48.65+ 3.1471 49.00 =2.79 min, indicating a 25% chance thatraffic hazardincident will last
2.79min or longerincident clearance durations with otlassociated factoxsan be intergeted in
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the samenanner The exact increase or decrease in probabilityatsobe obtained by comparing
estimationsamong the differerpercentilesising Equationgd-12 and4-13.

The quantile regressioresults reveal thasll variablesexcept time of dy are statistically
significant at a 95% confidence leyaind he coefficients vary across different percentiles. The
following sectiongdiscuss the results in more detail

Incident Attributes

Incident Type: Analysis results reveal thatasles generally have longer incidentclearance
duratiors thanthe incidents involvingehicle probleraand traffic hazarsl As shown in Tabld-
13 (25" percentile),incident clearanceduratiors resulting from vehicle problems and traffic
hazardsaveraged.l min and 15 min shorter than crash respectivelylhistrendis consistent for
each quantilépercentil@, andconsistent with previoustudiesby Haule et al(2018, Hojati et al.
(2013, Khattaket al.(2012, Khattaket al.(2009, andZhangandKhattak (2010)

Detection Method:The model coefficients for the variable Detection Method indicate that
incidents first detected bgnethods other than by Road Rangegsulted inlonger incident
clearancealurations For example, dr the 50" percentileshownin Table4-13, incidentclearance
duration for incidentdirst reported byRoad Rangers were 12 min and 14 min shdhan for
incidentsfirst reported by TS services and eroad services, respectiveNote also that incidents
reported by omroad ®rvices, such as tHeHP, law enforcement officials, andatorists resulted

in slightly longer durations (&in) comparedo incidentgeported by ITSservicesThese findings
reveal the benefits of mobileased incident identification measures.

Incident Severitylncident severit was positively correlated with inciderglearanceduration.
Relative to minor incideist(in the 2% percentilerelative to their duration}the incident clearance
durations formoderately severe and severe incideveére found to b0 min and35 min longer
respectively. Howevethe correlation between severe incidents and incider#rancelurations
varied significantly. The quantile regression analysis revealed a higher positive corratation
higher quantilescomparedto lower quantilesThis result was expected sinsevere incidents
often result inonger incidentlearancalurations.

Shoulder Blockage: Incidents resulting in Ibcked shouldexr tendedto last slightly longer
comparedto incidens that did notinvolve shouldemblockage On average, incidertlearance
duration resulting from an incident that bledka shouldewas4 min longer (58 percentilg than
one with no shouldermlockage Quantile regression results also reflact increasingrend in
incidentclearancedurationwith quantiles for incidentassociated with shoulder blockageas
shown in Tablel-13.

Lane Closure (%) T he var i abl eefers towheteeratahealssureesuited from an
incident. Nearly 14% ofincidens analyzed hadht least 8% closureof a lane Nearly 26 of
analyzedncidents involved fullaneclosures (100 %laneclosure/ all lanes closed Substantial
lane closure generallyincrease incidentlearance duration due to their resultinfuence on
traffic. Consequentlymore time is required for responders amedcue vehicles to reach the
incidentscengKhattak et al., 200Qunhueet al, 2013;Jeihaniet al, 2015) Surprisingly guantile

62



regression analysis produced unexpectaficientsfor lane closurgindicating thatane closures

of less than 25% resulted in longecidentclearance durations than lane closures of greater than
25% Although counterintuitive, thesendings are, howeverconsistent with previous studies
(Chimbaet al, 2014; Dinget al, 2015; Haule et al., 2018)

There are several potential scenarios that may account for shorter incident clearance durations
associated with lane closures. One scenario is that partial or complete lane closures can quickly
resut in considerable nonecurring congestion, promptirgn urgent and prioritized response.
Another scenario involves road debris from trucks or vehicles that can be easily removed by
responders, thus clearing the lane for traffic. Road debris can alscdweary to a crash, where

the vehicles involved reside in the median or along the shoulder, and the debris can be quickly
removed by responders to clear the blockage. Nevertheless, more research is needed to examine
the effects of lane closwsen incider clearance duration.

Temporal Attributes

Time of DayAnalysis results revealed thaiettime of daywasinsignificant ata 95% confidence
level, indicatingthat there igelatively no difference ithe clearance duration ofcidens which
occurred during peak and gfeak hoursHowever, on average, inciderttsat occurredduring
peak hoursexhibited a slightljlonger clearance duration of one minute at thé' @®rcentile,
compared to incidents that occurred duringpek hours. Ahoughthese findings are consistent
with several previous studidkee and Fazio, 2005 Junhua et al., 2013jindings from other
studies contradict these resyl&hoshet al, 2012; Haule et al., 2018)

Day of the Weelvlodel coefficients foweekdayinciderts aresignificant forshorterand longer
incident clearancedurations 25" percentile orlower and 93" or higher percentilds yet
insignificant for relatively medium incident clearance durations"(5hd 74 percentiles).
However,compared to weekend incidents, incidents that occurrademkenddaysresulted in
longerclearancedurations Haule et al(2018)suggestedhat longelincident clearancdurations

on weekendsnay be attributed téewer responders on dutyhese findingsuggest that the day

of the week on which a freeway incident occurs has little influence on incident clearance duration.
Similar findingswere reported bizeeandFazio(2005, Chimba et al(2014), andKhattak et al.

(2019.

Lighting Condition:Results Bow that incident clearance times duririghttime hourswere, on
average, nearly fivminuteslongerthanthe clearance times duridgytimehours(50" percentile).

This finding isconsistent with studieby Haule et al. (2018 and Khattak et al.(2016) One
possible explanatiofor the longer incident clearance durations at night may be the result of fewer
services oresponderavailable during nighttime hour&dditionally, less available light may also
impede first responders.

63



Intercept

Event Type

Detection
Method

Incident
Severity

Shoulder
blocked

Lane Closure (%)

Time of day

Day of the
week
Lighting
Condition
Number of
Responding
Agencies
Towing
involved
Responding
agencies
Pseudo R

Estimate
n

23.000
Crash
Vehicle problems| -11.000

Traffic hazards  -15.000
Road Rangers -9.000
ITS services

On-road services' 1.000
Minor

Moderate 20.000
Severe 35.000
No

Yes 2.000
0-25 2.000
> 25

Peak hours 0.000
Off-peak hours
Weekdays

Weekends 3.000
Day

Night 2.000
Continuous 4.000
No

Yes 10000
Road Rangers -7.000
Other Agencies

Table 4-12: Results of theQuantile RegressionM odels
25" percentile

Std.
Error

1.309
0.5%4
0.607
0.3611
0.518

1.051
2.580

0.190
0.557

0.185

1422

0461

0.282

0.801

1.176

0.471

P-Value
Pr(>S®

0.000
0.000
0.000
0.000
0.054

0.000
0.000

0.000
0.000

1.000

0.035

0.000

0.000

0.000
0.000

Estimat
e
n

51.000
-25.000
-29.000
-12.000
2.000

11.000
43.000

4.000
1.000

0.000

2.000

5.000

4.000

19.000
-14.000

Median (50" percentile)

Std.
Error

1.539
0.711
0.984
0.704
0.813

1.186
4.312

0.179
0.707

0.173

1.351

0.685

0.357

0.945

1.265

0.503

P-Value
Pr(>¢®

0.000
0.000
0.000
0.000
0.014

0.000
0.000

0.000
0.157

1.000

0.139

0.000

0.000

0.000
0.000

Estimat
e
iy

89.000
-39.000
-49.000
-15.000
4.500

7.000
57.000

5.000
1.000

0.000

0.000

6.000

3.500

31.500
-25.500

75" percentile

Std.
Error

2.055
1.008
1.016
0.756
0.970

1.422
4.210

0.356
0.786

0.335

2.078

0.859

0.431

1.200

1.806

0.504

P-Value
Pr(>¢®

0.000
0.000
0.000
0.000
0.000

0.000
0.000

0.000
0.203

1.000

1.000

0.000

0.000

0.000
0.000

Estimat
e
n

158.000
-65.000
-87.000
-24.000
1.500

12.000
85.000

8.000
4.000

1.000

-6.000

12.000

6.500

37.500
-46.000

Insignificant estimates at 95% level of confidea®initalics, RMSE = 4.18 min. The goodnesd-fit measure is calculated as pseud@d
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95" percentile

Std.
Error

5.166
2.365
2.408
3.019
3.399

4.380
10.795

0.866
2.591

0.808

2.959

2.314

1.481

2.426

3.742

0.499

P-Value
Pr(>¢®

0.000
0.000
0.000
0.000
0.659

0.006
0.000

0.000
0.123

0.216

0.043

0.000

0.000

0.000
0.000



(Intercept) Event_TypeHazard Event_TypeVehicle_problems Detection_MethodOn-road_services
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Figure 4-13: Quantile RegressionCoefficientsfor the Incident Clearance Duration Model
Note:red solid lines show estimates from OLS regression; red broken lines show the OLS 95% confidence intervals; the blaek éatnsates from quantile
regressionthe shded region shows th#5% confidence intervals.
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Variable

Intercept

Event Type

Detection
Method

Incident
Severity

Shoulder
blocked

Lane Closure (%)
Time of day

Day of the week

Lighting
Condition
Number of
Responding
agencies
Towing
involved

Responding
agencies
Estimation at
means (min)

Table 4-13. Estimation of Incident ClearanceDuration at Means of Independent Variables

Categories

Crash
Vehicle problems
Traffic hazards
Road Ranger:
ITS services
On-road services
Minor
Moderate
Severe

No

Yes

07 25

> 25
Peak hours
Off-peak hours
Weekdays
Weekends

Day

Night

No

Yes
Road Ranger:
Other Agencies

H 2 &)

Mean
X

0.321
0.615
0.064
0.528
0.095
0.377
0.937
0.047
0.016
0.611
0.389
0.865
0.135
0.553
0.447
0.931
0.069
0.879
0.121

1.700

0.878
0.122
0.846
0.154

25" percentile

Estimate
n

23.000
-11.000
-15.000

-9.000

1.000

20.000
35.000

2.000
2.000

0.000

3.000

2.000

4.000

10.000
-7.000

pzd
23.00
-6.77
-0.96
-4.75
0.38

0.94
0.56

0.78
1.73

0.00

0.21

0.24

6.80

1.22
-5.92

17.46
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50" percentile

Estimate
n

51.000
-25.000
-29.000
-12.000

2.000

11.000
43.000

4.000
1.000

0.000

2.000

5.000

4.000

19.000
-14.000

pzd
51.00
-15.38
-1.86
-6.34
0.75

0.52
0.69

1.56
0.87

0.00

0.14

0.61

6.80

2.32
-11.84

29.83

75" percentile

Estimate
n

89.000
-39.000
-49.000
-15.000

4.500

7.000
57.000

5.000
1.000

0.000

0.000

6.000

3.500

31.500
-25.500

pzd
89.00
-23.99
-3.14
-7.92
1.70

0.33
0.91

1.95
0.87

0.00

0.00

0.73

5.95

3.84
-21.57

48.65

95" percentile

Estimate
n

158.000
-65.000
-87.000
-24.000

1.500

12.000
85.000

8.000
4.000

1.000

-6.000

12.000

6.500

37.500
-46.000

pzd

158.00
0.00
-39.98
-5.57
-12.67
0.00
0.57
0.00
0.56
1.36
0.00
3.11
3.46
0.00
0.55
0.00
0.00
-0.41
0.00
1.45

11.05

0.00
4.58
-38.92
0.00

87.15



Operational Attributes

Number of Responding Agenci®egressiomesultsshowthat thenumber of responidg agencies
was positively relatedo incidentclearanceduration and significant (see Table1®). This may be
attributedto clearance procedures, which are complex when many reisgoadgenciesare on the
scene, hengeresulting inlonger incident clearanceduratiors. The minor difference in incident
clearance duration for higher quantiles may be attributed to the raadoral of the responding
agencies at aimcidentscene, whicldepend largelyon the location of each responding agency
when dispatchedSomeresponéhg agencies mayeach the sitemmediately, whileothersmay
take longer. This situation favors the reduction of incideearanceduration for incidents
expected to last longer

Road RangersQuantile regression results for Road Rangers indicate aeoaisle decrease in
incident clearance duration fatl four quantiles (see Table¥®). As shown in Tabl&-14 (50"
percentile) incidens responded to by Road Rangers are estimatéastan average of 1#in
shorterthanincidens respondedo by only other agenciesAs shown in Tablet-14, incident
clearance duration with Road Ranger involvement decreases to an estimaiedsdo6rterat the
95" percentile, indicating a more pronouncieenefit of mobilebased incident identifi¢@n
measures

Table 4-14: Incident Clearance Duration Reduction Rate: Road Rangers vs. Other Agencies
Observedqth incident
clearance duration

Reduced incident

Qe (=) clearance duration by

Percent reduction (%)

gth responde_:d by c_>ther Road Ranges

agencies (min)
0.25 37 7 18.9
0.50 70 14 20.0
0.75 110 25.5 23.2
0.95 185 46 24.9

FromTable4-13, whe n a |l | ot her factors ar e ingtgerciéSei r
variable can vary, the incidedlearanceluration at th@5™ percentile is estimated to B&.46+
5.92=23.38min for an incident not responded to by Road Rangehrs impliesa 75% chance
that an incidentvill last at leas3.38min, anda 25% chancehat itwill last atmost23.38min,

if RoadRangersare not involvedlf Road Rangergespond tathe incidenttheincidentclearance
duration at th@5™ percentilecan becalculated to b&7.46+ 5.92i 7.00= 16.38min, indicating
a75% chane that a incident will last16.38min or longerThere is a 7 min (at #5percentile)
potential reduction of incident clearance duration when Road Rangers are invetegius
studies present similar findingsth FSP9ZhangandKhattak, 2010Lin et al.2012a; Chimba et

al., 2014; Haule et al., 2018)

Towing: Regressiorresults show that towing operations lead to significantly longer incident
clearanceduratiors. For instance, at the median {5@ercentile Table 412), if an incident
involvestowing, the incidentlearanceduration will lastup to 19 min longer, comparedto if
towing operationare not involvedSimilar results werebservedy Chimbaet al.(2014, Khattak

et al.(1995, andLi et al.(2017).
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4.3.4.3Mobility Benefitsof Road RangerProgram

From the quantile regression analys&A:-Fs were developed to evaluate the operational
performance of the Road Ranger program, using incident clearance duration as a performance
measure. As defined earlier, MEFs amalltiplicative factos used to compute the expected
mobility level after implementing a givesirategyat a specific site. Aactor of one MEF = 1.0)

is useds a referencavherebelow or abovéndicatesan expected increase or decrease in mobility
respective}. Table4-15 presents the MEFR$eveloped to compute the operational effectiveness of
Road Rangersin responding to incidentfverall the Road Rangeprogram offersa 25.3%
reduction inincidentclearanceluration.

As shown in Tablel-15 RoadRanger involvement isxpectedo reduce thencidentclearance
duration of crashes, vehicle problems, and traffic hazards by%332.1% and 43.9%,
respectively.Comparably, incident clearance duration reduction for crashes is less than that of
other inédents. This resultmay be attributedo additional incidentclearanceproceduredor
crashes, which in many caseayinvolve multiple respondg agencies

For incidents categorized as minor, moderate, and severe, Road Ranger response is expected to
reduce incident clearance durations by 26.1%, 22.4%, and 15.8%, respectively. Since most
freeway incidents are generally minor in severity (nearly 94% in this study), reducing the incident
clearance duration of such incidents can greatly enhance effortstitmateninorrecurring
congestion. Althougsevere incidents are more demanding, incident clearance durations are also
shorter with Road Ranger involvement as well.

Table 4-15: MEFs for Road Rangers

% Reduction in

Kltf;ﬁ)ir':;s Categories 95% ClI g:(rjor Incide_nt Clearance
Duration
Crash 0.768 0.766 @ 0.770 0.001 23.2
Incident Type | Vehicle Problems 0.679 0.665 | 0.693 0.007 32.1
Traffic Hazards 0.561 0.547 0.575 0.007 43.9
Minor 0.739 0.737 | 0.741 0.001 26.1
Incident Moderate 0.776 0.770 @ 0.782 0.003 22.4
Severity Severe 0.842 0.838 0.846 0.002 15.8
Time of day Off peak 0.752 0.750 @ 0.754 0.001 24.8
Peak 0.738 0.734 | 0.742 0.002 26.2
Day of the Weekday 0.752 0.750 @ 0.754 0.001 24.8
week Weekend 0.740 0.736 | 0.744 0.002 26
Lighting Daylight 0.734 0.730 @ 0.738 0.002 26.6
Condition Night 0.765 0.763 | 0.767 0.001 235
Towing No 0.734 0.732  0.736 0.001 26.6
Involved Yes 0.812 0.808 | 0.816 0.002 18.8
Overall 0.747 0.745  0.749 0.001 25.3

Performance metric: Incider@learance Duration
4 3.5 Conclusions

Road Ranger Service Patisla mobilebased program provided by FDOT to assist motorists and
minimize the impacts of freeway incidents on #renurring traffic congestion. MEFs were
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developed, using incident clearance duration as a performance measure. The evaluation examined
the benéts of the Road Ranggrogramin terms of reduced incident clearance duration, with a
specific emphasis on the impact of the program. A statistical modeling approach was used to
evaluate incident management and traffic operational improvement.

Quantileregression was applied to predict incident clearance duration at"tH&% 25" 95"
percentiles to provide a broader range of information for incident clearance duration predictions.
Regression model results were presented for tie 28", 75" and 9% percentiles. Factors
analyzed that affect incident clearance duration included incident attributes (event type, detection
method, incident severity, shoulder blockage, and % lane closure), temporal attributes (time of
day, day of the week, andghting condition), and operational attributes (number and type of
responding agencies, and towing). The following seven factors were found to be significantly
associated with longer incident clearance duration: crashes, severe incidents, shoulder blockage,
peak hours, weekends, nighttime, number of responding agencies, and towing involvement.

Analysis results reveal that crashes generally have longer incident clearance durations than the
incidents involving vehicle problems and traffic hazards. Incidedrance durations resulting

from vehicle problems and traffic hazards averaged 25 min and 29 min shorter thagverdsh
respectivelyin the 50" percentile. Incidents first detected by responding agencies other than Road
Rangers were associated witinger incident clearance durations. Incident clearance duration for
moderately severe and severe incidents was found to be 11 min and 43 mintHangetinor
incidents respectively(in the 5¢" percentile).

Time of day was insignificant at a 95% cal#nce level, indicating that there is relatively no
difference in the duration of incidents between the peak hours and {peadffhours. However,
weekend incidents were associated with longer durations, relative to weekday incidents. Results
for respondig agencieshat includeRoad Rangeinvolvement indicatea considerable decrease

in incident clearance duration. Incidents responded to by Road Rangers are estimated to last an
average of 14 min shorter than incidents responded to other agenceaibpercentile).

From the quantile regression analyses, the developed MEFs indicate the Road Ranger program
offers a 25.3% reduction in incident clearance duration, overall. Road Ranger involvement is
expected to reduce the incident clearance duratiorashes, vehicle problems, and traffic hazards

by 23.2%, 32.1% and 43.9%, respectively. Road Ranger response is also expected to reduce
incident clearance duratior®y 26.1%, 22.4%, and 15.8% for minor, moderate, and severe
incidents, respectively. It ianticipated that the MEFs developed in this study may provide
researchers and practitioners with an effective method for analyzing the economic benefits of the
Road Ranger program.

4.4 Express Lanes

Express lanes are managed toll laseparated from generplrpose lanes or general toll lanes
within a freeway facility. Dynamic pricing is used through electronic tolling where toll amounts
are set based on traffic conditions (Neudorff et al., 2011). Express lanes provide a high degree of
operational flexibility, whichenablegshem to be actively managed to respond to changing traffic
demandsThey include congestion pricing, have vehicle restrictions, and may be operated as
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reversible flow or biirectional facilities to best meet peak demds. These adjustments allow
FDOT to offer drivers new and reliable mobility choices, witbrepredictable travel times and
deliver longterm solutions for managing traffic flow, decreasing air pollution, and supporting
transit usage (FDOT, 2015).

4.4.1 Study Corridor

The corridor selected for analyzing the mobility benefits of express lanes was 95Express,-a limited
access express lane facility that runs adjacent to@begkenerapurpose lanesm Miami, Florida

The express lanes along this cooridwere constructed in two phasd3hase 1 extends
approximately seven miles from SR 112 to the Golden Glades Interchange. Phase 2 extends the
express lanes to the north another 14 miles from the Golden Glades Interahd@rgevard
Boulevard. Phase 1 nbtiound became operationallecember 2008, while Phase 1 southbound
became operational iranuary 201L0Phase? startedoperatngin October 2016.

As part of the efforts to mitigate traffic congesticamp meters were installed on-camps along
a secton of 95Expressfrom Ives Dairy Roado NW 62" Street This study focused on the
95Expresgorridor fromHallandale Beach Boulevatd Broward Boulevargdthe corridor with no
ramp metersto avoid combining the benefits of express lanes thghexisting ampmetes. The
study corridor extends about 10 miksdconsists of two express lanasd four genergburpose
lanesin each directiorfsee Figurd-14). The average hourly toll amounts adpthe study corridor
remain at approximately $0.50 throughout the day, incluttiagpeak periodd=DOT, 201D).
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Figure 4-14: Express LanePerformance EvaluationStudy Corridor

44.2 Data

In this researchyravel time reliability wasestimated using Bl during typical weekdays for both
northbound and southbound directiaieng the study corridowo years of daté20172018
were used in the analysiShe archived redime traffic data were retrieved from RITIS. In the
RITIS platform the HERE data fromdetectors on express laree® collectegeparatly from the
generalpurpose lanes for both northbound and southb@eetionsFor the northbound express
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lanes there were a total of 12 detectors on thmi& segment whileghe 9.3-mile southbound
section alsdhad 12 detectorsSSimilarly, for thenorthboundgeneralpurpose lanes, there were a
total of 4 detectorsalongthe 7.8-mile segment whilehe 7.3-mile souhboundsection alsdad
14 detectors.

The dataset consisted of spot speed and travel time data aggegdatenh time intervals from
January 12017through December 31, 2018. Since express lanes are not open every hour of every
day throughout the yeaextensive data processing steps had to be undertaken to match the
historical realtime traffic data from RITIS with the time periods when the express lanes were
operationalThe specific times when the express lanes were operational were obtaine®®dm F
District 6 TMC. The data fotheexpress lane operational mode changes had mode change request
times associated with five mode IDs: Time of day, 2 Dynamic, 3- Closed, 4 Zero toll, and

5 -Manual. The express lanes were operationaiiry all the modesexcept duringnode ID- 3
(closed. Hence, the durations when the express lanes were in mode 3 were omitted from the
analysis to reflect onlyhe durations wherthe express lanesere operational. For the general
purpose lanes, travel time data were separated for the periodstheherpress lanes were
operational anfbr theperiods when the express lanes were closed, i.e., when all waficsing

only thegeneralpurpose lanesvioreover,South Florida hdwitnessed two hurricaseluring the
analysis period (2022018).Traffic was affected from SeptemberZd17to September 2@017

during Hurricane Irma, and from October2018to October 202018during Hurricane Michael.
Thesedays weremitted from the analysis.

Furthermore, ecause travel time patterns during weekends are significantly different from
weekdays, the analysis only focused on travel time reliability measures during typical weekdays.
In addition, federal hatiays were excluded from the analysis because traffic patterns during
holidays are considered to be atypical on most roadway facilitiesax et al., 200FEisele et al.

2005).

After data reduction, the-Bin travel data from each detector were summed to determine the total
travel time along the study corridor, aggregated-toi® intervals for each date in the twear

study period. The-tnin data for about 240 weekdays per ywware averaged to obtain the hourly
variation in travel time for a typical weekday. A total of 288 data points were obtained for 24
hours. Correspondingly, the 9%verage travel times were calculated for everyib interval of

a typical weekdayTheBI values were calculated for eachmin interval for the generalpurpose
lanes wheltheexpress lanes were open and when they were closed, dhddgpress laneshen

they were operational for both northbound and southbound directions and for AM pep&aRM

and offpeak hours

4.4.3 Methodology

The methodology was divided into two sections: (a) compdhegerformance of express lanes
with that of th& adjacent genergdurpose lanesand(b) assessinthe operationaperformancef
thegeneralpurpose lanesvhen the express lane&re operationalersus when they were closed
Bls were used to measure the operational performance of both the express lanegameréhe
purpose lanesThe Bls for each-Bnin intervals in a typical weekday were cald¢athand included

i n the anal ytstestswas uSeld e daeniine i these was a statistically significant
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difference in the Bls between the two periods (i.e., when express lanes were open and when they
were closed) and the facilities (i.e., express lanes gamkralpurpose langsthat are being
compared. The MEFs were estimated for the express lanes argeribealpurpose lanes
aggregated to different times of the day (i.e., AM peak, PM peak aipeakf hours) to meet the

study objectives.

4.4.3.1MEFs for Express Lanes

The Bk for the expressanes verecompared to th8Is for thegeneralpurpose lanewhen the
express lanes weperational This was done to compare the performance of the express lanes
with that of their adjacent genefailirpose lanesThe MEF was calculated using fleemulagiven

in Equationd-20. MEFgL < 1implies that the performance of the express lanes is better compared
to the performance of the adjacg@neraipurpose lanes. SimilarfEFg. > 1 implies that the
express lanes are performing worse than their adjacent gpoepalse lanesin other wads, the

lower theMEFeL, the better is the operational performance okettgesdanes

b00 ——— (4-20)

whereO (06 "Os the huffer index of the ® 5-min interval in theexpress lanesP0 @& "Os the
buffer index of the'l' 5-min interval in thegeneralpurpose lanes when the express larespen,
andiisl, 2.n, wh@rénis the number of Bnin intervalson a typical weekday.

4.4.3.2MEFs for Generapurpose Lanes

The Bis for thegeneralpurpose lanes when the express lanes were operatieretampared to
theBls for thegeneralpurpose lanes during the periods wiiemexpress lanes were closed. This
was done to assess the performance ofymeralpurpose lanewith and withoutthe express
lanes. The ME&werecalculated using the formula given in Equatb@l. MEFgpL < 1implies
that thegeneralpurpose laneperformbetterwhen the express lanes are operatioMiEFcpL > 1
implies that thegeneralpurpose laneperform worsevhen the express lanes are operatiolmal
other words, the lower thBIEFcpL, the better is the operational performance ofgheeral
purpose lanewhen the express lanes are operational

boo —— (4-21)

where"O0 @ "@s the luffer index of the'f 5-min interval in thegeneralpurpose lanes when the
express lanes aopen,”O0 &) "@s the luffer index of the'f 5-min interval in thegeneralpurpose
lanes when the express lanes dased,andi is 1 , 2.n, whHerén is the number of Bnin
intervalson a typical weekday.
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4 4.4 Results

4.4.4.1 Performance of Express Lanes

The performance of the express lanes was evaluated by comparing the Bls for the express lanes

with the Bls for the genergdurpose lanes when the express lanes were operatagmaie 4-15
shows the Bl variations for bothe express lanes arttie generalpurpose lanedn general, the
Bls for the express lanes were lower compared to the Bls for the gpogpake lanes, implying
that the express lanes performed better compared to the gengrase lanes. However, tAd/
peak period on northbound lanes was an exception to this observdt®Bls for theexpress
lanesin the northbound directiowere higher during theAM peakperiods than the Bls for the
adjacent generglurpose lanesA similar trend, although not to ihextent, was also observed
during the PM peak hours in the southbound direction.
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Figure 4-15: Bls for ExpressLanes andGeneralpurposelL anes

T h e Wetdtest wassperformed to compare the performance of the sxpaaes with the
generalpurpose lanes when the express lanes were operational. The null hypothesis was that there
was no difference between the mean Bls for the express lanes and mean Bls theogsesal

lanes when the express lanes are open (i FO= 6 "O ). The alternative hypothesis was

that the mean Bls for the express laneslegsthan the mean Bls for the genepalrposelanes

when the express lanes are opgen,Ha: 0 O0<06 O ) ata95% confidencéevel.

The tstatistic values provided in Taldel6 for both the southbound and northbound sections are
less than the critical t values. Thus, the null hypothesis is rejected. It can, therefore, be concluded
that the mean Bls for the geakpurpose lanes are significantly greater than the mean Bls for the
express lanes at a 95% confidefeeel. Figure4-16 summarizes the average Bls for the general
purpose lanes and the express lanes on the northbound and the southbound sections.
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Table4-16. We [t-tediR@slts for the Bl for the Express Lanes vs. Genergurpose Lanes

| | Estimates  Blee | BlopLuhenELisopen

Mean 0.121 0.269

Variance 0.014 0.021
2 Observations 288 288
_§ Hypothesized Mean Difference 0
£ df 547
3 tStat -13.494
D p(T<=t) onetail 0.000

t Critical one-talil 1.648

Mean 0.155 0.296
= Variance 0.051 0.041
S Observations 288 288
S Hypothesized Mean Difference 0
£ df 566
S tStat -7.881

P(T<=t) onetail 0.000

t Critical one-talil 1.648

0.4 -
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e
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Figure 4-16. Average Bls for the Express Lanes vs. Generglurpose Lanes
4.4.4.2 Performance of Genefalirpose Lanes

Figure4-17 presents the hourly variations in tBés and the average travel tisior the general
purpose lanes for the southbound @melnorthbound directionslravel timeswere found to be
higher during peak hours (6 to 10 AM and 4 to 7 PM). In the southbound dirétitiqgreak hours
weremore congestethan theAM peak hours, whiléhe northbound direction experienced similar
traffic conditions during both the AM and the Rdéak hoursin general, travel times on the
generalpurpose lanewere better when the express lanes were operational (i.e., open) compared
to the times when the express lanes were closedh the graphs, it can also be deduced that the
variations in travel timesn thegeneralpurpose lanesvere more(i.e., traffic is more volatile)
whenthe express lanewere closed. The Bifor the generapurpose lanewere generally lower

and lesyariablewhenthe express lanes were operational.
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The We | ctHeStswas performetb determine if the Bl for the generapurpose lanes were
statistically different betweethe periods when the express lanes waerationabndthe periods
when the express lanes were closed. Thehyplbthesis was th#ftere was no difference between
themean Bs for the generapurpose lanes when the express lanes are aqpbtmean Bs for the
generalpurpose lanes when express lanes are cld$exzhlternative hypothesisasthat the mean
Bls for the generapurpose lanes when the express lanes are isggrater than or equal to the
mean Bs when the express lanes are clogea95% confidencdevel.

Null hypothesigHo): 6 O =600
AlternativehypothesigHz): 6 "O <00

Table4-17 shows t he r es ul t ttesto $incet theetatisiie Valuds Gos botlihe
southbound andhe northboundapproachesare less than the critical t valudéise null hypothesis
is rejected Therefore, the mean 8flor thegeneralpurpose lanes wheheexpress lanesre open
are significantly less thatme mean Bls for the genealirpose lanesshenthe express laneare
closed at95% confidencdevel. Figure4-18 summarizes thaverageBls for the generapurpose
laneswhen the express lanes are openwhdn they are closed
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Table4-17. We | ctheStResultsfor Bl for the G eneralpurposelL anes

|| Estimates  BlopLuwhenELisopen  BlopLwhen ELis cosed

Mean 0.269 0.618
- Variance 0.021 0.261
S Observations 288 288
8  Hypothesized Mean Difference | 0
s df 334
& tStat . -11.128

P(T O-all) one 0.000

t Critical onetail 1.649

Mean 0.296 0.357
= Variance 0.041 0.099
S Observations 288 288
S  Hypothesized Mean Difference 0
£ df 489
S tStat ) -2.756

P(T O-tatl) one 0.003

t Critical onetail 1.648
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Figure 4-18: Average Bls for the General-PurposelLanes
4.4.4.3Mobility Enhancemenfactors

Table4-18presents the MEFs estimated for the express lanes and the gempoale lanes during

peak and ofpeak periodsThe express lanes were found to be more relidbting offpeak hours
compared to peak hours (MEF = 0.3, i.e., 70% more reliable). During AM peak hours, the express
lanesand thegeneralpurpose lanesere found to be equally reliabIEF = 1) for the northbound
direction, while theexpress lanes werfound to be 60% more reliable than the geraugbose

lanes in the southbound direction. During PM peak hours, the express lanes were found to be 50%
and 20% more reliable than the gengratpose lanes in the northbound and the southbound
directions, espectively.

Overall, the genergdurpose lanes were found to perform better wtherexpress lanes are open
compared to when the express lanes are closed. The corresponding MEFs for the northbound and
the southbound directions were found to be 0.8 and 0.4, respectively. That means the Bls for the
generalpurpose lanes improved by 20% a6@%, respectively, for the northbound and the
southbound directions, when the express lanes were operational compared to when they were
closed. In general, there was a slightly deteriorated performance on the -pemposke lanes
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during both AM and PM pdahours on the northbound approgmiesumably because of high
demands during these periods. While on the southbound approach, the express lanes resulted in
improved operational performance of the genprapose lanes during all times of the day (i.e.,

AM peak, PM peak, and effeak periods).

Table 4-18: MEFs for Express Lanes and Generapurpose Lanes
- Performance of ELs compared to their | Performance of GPLs when ELs are

adjacent GPLs operational

NB SB NB SB
AM Peak 1.0 0.4 11 0.3
PM Peak 0.5 0.8 13 0.5
Off Peak 0.3 0.3 0.6 0.5
Overall 0.5 0.4 0.8 0.4

Note: EL is express lanes, GPL is gengraftpose lanes.
4.4.5 Conclusions

Express lanes are one of the strategies deployed to increase the throughput of vehicles along
freeways as an effort to manage traffic congestion within a limited right of Evgyress lanes
provide a high degree of operational flexibility, which enablesnttio be actively managed to
respond tahe changing traffic demandd.his study quantified the mobility benefits of express

lanes bycompamg the performance of express lanes with that of their adjacent gguepalse

lanes and byassessg the perfornanceof thegeneralpurpose lanes when the express lanes were
open versus when they were closElde study site wa85Expressn Miami, Florida The corridor
consistsof two express lanes in each direction operating adjacent to the gpagrate lanes

along +95.

The mobility benefits of express lanes were assessed aisihiyedreattime traffic data on the
95Express corridor. Travel time Buffendex (Bl) was used as the performance measure for
estimating the operational benefits of the express |&iegas estimated using the'®percentile

travel time and average travel time to express the average extra time a traveler should allow above
the average travel time along the corridiihe We | ctheS8tsvas performed to determine if the

Bls for the generapurpose lanes were statistically differelnringthe periods when the express

lanes were operating artlde periods when the express lanes were closed. Test results indicated
that the Bl values for the genefqalirpose lanes were less witbe express lanes were operating
compared taheperiods when the express lanes were closa®%¥ confidencdevel.

For this studythe MEFswere estimated by considering Bl as a performance me&ueeall, on
95Express northbound lanes, the exptasss resulted in a 50% reduction in Bl (MEF = 0.5)
compared to their adjacegéneralpurpose lanesvhile the reduction was 60% (MEF = 0.4) for
southbound lanes. When the express lanes were operational, the performance of the adjacent
generalpurpose laasimproved.The Bls for the genergdurpose lanes improved by 20% (MEF =

0.8) and 60% (MEF = 0.4), respectively, for the northbound and the southbound directions, when
the express lanes were operational compared to when they were closed. Overall, dqiretse
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lanes and the genenalirpose lanes were found to perform betteenthe express lanewere
operational

In summary, the studyesults showed mobility improvemerda both the express lanes and the
generalpurpose lanes, although the extentr@ improvement varied by direction and the time
of-day (i.e., AM peak, PM peak, effeak). Transportation agencies may use MEFs estimated in
this study to quantify the mobility benefits of express lanes and ggnerase lanes on express

lane facilities Moreover, the study methodology and the mobility performance measure employed
in this study could also be used to analyze other TSM&O strategies that lack a consistent method
for quantifying potential deployment benefits.

4.5 Transit Signal Priority

Transit Signal Priority (TSP) is an operational strategy that facilitates the movement of transit
vehicles (e.g., busgthroughsignalizedintersectiongSmith et al., 208). It is a tool that can be
used to help make transit service more reliable, faater moreosteffective(Smith et al., 208).

TSP is relatively inexgnsive and easy to implementitoprove transit reliability and bus travel
speedFeng et al., 2015)

TSP improves transit operations and addresses capacity constraints by prighgzimgvement

of buses over passenger vehicles. As a significant TSM&O strategy, TSP systems use detectors to
detect approaching transit vehicles and alter signal timings when necessary to prioritize transit
vehicle passage and improve their performance.gxample, during peak hour periods where
gueuing is high, TSP can allocate more green time for transit vehicles to traverse through an
intersection and remain on time. TSP reduces waiting times of transit vehicles at intersections,
thereby reducing traitsdelay and travel time, and increasing reliability and quality of service.

In the stochastic setting of a transportation network, TSP prioritizes the movement of transit
vehicles over other vehicles at a signalized intersection to adhere to a pratsdetransit
scheduleSignal control and prioritization scenarios for TSP can be categoriteideasl., 2008)

M Centralized TSP Architecture
9 Distributed TSP Architecture

A centralized priority system utilizes the Transit Management Center and/oM@eirT the
decisionmaking process. Here the Priority Request Generator (PRG), Priority Request Server
(PRS), or both, are located ame of the management centers. The advantage of centralized TSP
architecture is that a local agency can have its signal controllers connected to a centralized system
and managed by a TMC irattime. Whereas, a distributed priority system does not irveither

a Transit Management Center or a TMC in the decimaking process. All requesto grant

transit priority are made at the local intersection level itself. The advantage of distributed TSP
architecture is when there is no communication to a Tfirdenagement Center and/or TMC or
where the communication to a center does not occur ktine@l In this study, the distributed TSP
architecture was followed.

A TSP systemconstitutesfour main components(1l) a detection systenwhich provides
information on the location, arrival time approach, etc. of a trarediicle requesting priority(2)

78



a priority request generatdPRG) whichalerts thetraffic control system that a transiehicle
would like to receive priority(3) traffic control systemaftwareto process the priority request
and decide whether and how to grant priority to tbguested transitehicle based on the
progranmed priority control strategy; (4bftwareto managehesystem, collect dafand generate
areport of TSP operationsfter a priority decision is mad8mithet al, 20().

This study describes the effectiveness of TSP integration along an arterial corridor in Florida. The
following subsections discuss the study corridor, the data used in the analysis, the methodology,
analysis results, discussions, and the mobility benefits of TSP. Mobility benefits of the TSP
strategy were quantified, and MEFs were developed.

45.1 Study Corridors

The analysis was based on arfille corridor alongSR 7 (US441)between SW 8 Street and the

Golden Glades Interchange Miami, Florida The study corridor is parallel te95, and serves

Bus route #77, a major transit route along both the NB and SB diredfignse 4-19 shows the

study corridowith the 25 signalized interseotis that were enabled with TSFhe NB approach

has a total of 6 nearside and 18d$ate bus stops, while the SB approach has 11 nearside and 11
far-side bus stops. Route 77 Bus circulates between Stephen P Clark Center on the SB approach
and NW 188 Street on the NB approach.

45.2 Data
The following data were used to quantify the mobility benefits of TSP:

1 Traffic Flow: Travel time data, along with volume and speed data, were extracted from
RITIS. RITIS is an automated data sharing, dissemination, and archiving
system that includes retime data feeds.

1 Geometric: Geometric variables considered while developing the VISSIM simulation
models include: number of lanes, median type, lane welih These
variables were extracted from the Roadway Characteristics Inventory
(RCI) database maintained by the Florida Department of Transportation
(FDOT). Google Maps was also used to verify certain roadway geometric
characteristics of the study site.

i Transit VehicleTransit information considered while developing the VISSIM simulation
models include:bus pute, bus stops, and bus schedule. This information
was obtained fromthe Miami-Dade County Transportation and Public
Worksofficial website.

1 Signal Timing: To replicate the realvorld conditions in the VISSIM model, the actual
signal timing datdi.e., green, yellow angkd intervas, turning movement
counts, signal tinmg plans, signal split historygreemption logsetc.) for
the evening peak period and turning movement counts were requested and
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obtained from the MiamiDade County Traffic Signals and Signs Division
and FDOT District 6, respectively.
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Figure 4-19: TSP Paformance Evaluation Study Corridor along US441
(a) Segments from NW 6th Street to NW 46 Street, (b) Segments from NW 54 Street to
NW 95" Street, and (c) Segments from NW 103 Street to NW 15900 Block
(Source: Google Maps)

45.3Methodology

The methodology fothis researclstudywasprimarily divided into the following fivesteps:

1. Develop a VISSIM microsimulation model with no TSP scenario to realistically represent
the existing field conditions (i.e., Base Scenario).
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2. Integrate TSP scenario within the Base VISSIM microsimulation model.

3. Cali brate and validate the Base VISSIM mod
field conditions.

4. Analyze data and conduct statistical tests of the network performance to esdcamal
evaluate the performance of the corridor with and without TSP integration.

5. Develop Floridaspecific Mobility Enhancement Factors (MEFs) for the TSP strategy.

45.3.1 Base VISSIM Model

A Base model with no TSP integration wesselopedn VISSIM for the SR 7 (US141) corridor
between the SW"BStreetsignalized intersection and the Golden Glades Interchaniytaimi,
Florida. The analysis wasonducted for theveningpeak period (4:0PM - 6:00 PM)and was
based on the existing netwogkometry, traffic, and transit operaig In this model, one transit
line in each travel directiowasadded. Bus stops along the corridor in both travel directions were
also included in this model. All the traffic signals along the study corridor wéwatad. The
analysis period was 213ours, with the first 30 minutesised asthe warmup period. The Base
modelinclude transit vehicles operating in mixed trafdad did not consider argpedal transit
treatment for TSP scenarios

45.3.2 TSP Integtad VISSIM Model

For the inclusion of TSP operations along the same study corridor, the Base model was duplicated
to create another simulation model where TSP parameters were integrated into the signal groups
of the ring barrier controller (RBC) in VISSIM he RBC emulator is integrated into the VISSIM
modeling software. This interface provides users with a seamless way of simulating actuated
control in a VISSIM model. Programmable transit priority options for each transit signal group are
present in theignal controller. For transit priority, the controller attempts to adjust its operation

to give a green signal to the transit signal group by the time the transit vehicle arrives at the
intersection.

TSP was implemented at 25 signalized intersectiomgatoe study corridor. Figu#20 shows

all the 25 signalized intersections and the positions of the bus stops at each intersection. The model
examing the scenario ofransit vehicles operatingn imixed traffic conditions using the TSP
application. Earlygreen signafearly start or red truncation of priority phase) and extended green

(or phase extension of priority phase) TSP strategies were implemantieel TSR-enabled
signalized intersection$he early green strategy shows a green traffic lightrbefe regular start

of a priority movement phase. This strategy is applied by shortening the green time of the
conflicting phases, without violating the minimum green time and clearance intervals, so the green
time for the priority phase can start earljhe extended green strategy is used when a transit
vehicle approaches near the end of the green traffic light of a priority phase. This strategy holds
the green light of the priority phase for a few additional seconds to allow the transit vehicle to pass
through the intersection without further delay. Depending on the signal control policy, green times
for conflicting phases may or may not be shortened to compensate for the extended green for the
priority phase.

81



Both the abovementioned strategies are teerto decrease transit vehicle delays at-€&&bled
intersections. An early green or an extended green was used to provide an appropriate TSP
treatment to transit vehicles depending on its time of arrival upstream ofane®kRd signalized
intersection Travel time of tansit buss and all other vehicles in the network along the study
corridor wasextracted fronthe VISSIM models along each travel direction. The average vehicle
delay and the average stoppidayfor buses and all other vehicles wersocaéxtractedrom the

modek for each direction of travel

45.3.3 VISSIM Model Calibration and Validation

Signal timing data, turning movement counts, and travel time data along the study corridor were
used inthe development of the VISSIM model. Feach of the 25 signalized intersections along

the study corridor, the signal timing data and the turning movement counts dateolerted

from the Miami-Dade County Tific Signals and Signs Division and FDOT District 6,
respectively. Signal timing daiacludedthe local timeof-day plans along with signal phasing
information Travel time along the corridor was collected fridm RITIS databaseln addition,

travel timedatawerealso collected usinthefloating car technique.
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Figure 4-20: TSP-enabled Signalized Intersections and Bus Stop Locations

TheBaseVISSIM modelwas calibrated usiniipe turning movement courdata at each signalized
intersection Figure4-21(a) illustratesthe comparison of turning movemeraffic counts of the
simulaion model and the collected field datar fa simulationperiod of 2.5 hours during the
evening peak houthe coefficient of determination Rwas calculated tassesthe resemblance
betweerthe simulation andhefield conditions. Thesalue ofR?>was bund to be 0.97 indicating
high similarity between the field and the simulated dBte.Geoffrey E. Haver§GEH) empirical
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formula shown in Equation-22, wasalsoused as the acceptance criteria for the m¢eleOT,
2014%):

GEH= —— (4-22)

whereM is the traffic volume from the traffisimulationmodel andC is the realworld traffic
count in vehicles per hourThe acceptance criteriomas GEH < 5.0 for at least 85% of
intersectiongFDOT, 2014). The simulation model had a GEH < 5.0 fof89f the intersections.

To validate the traveimesalong the study corridpthe US-441 corridor from NW &' Street to
NW 15900 Blockwas plit into 48 segments betweehesignalized intersections (24 eachtravel
direction) where the measurement points in VISSIM weré/sdidation was performed ugrthe
travel times collected from field observatioRggure4-21(b) shows the comparison of the travel
time data from the two sources. TRévalue was found to be 0.96.
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Figure 4-21: Calibration and Validation Resultsof VISSIM Base M odel
45.4 Results

The objective of this study was to evaluate the operational performance of TSP and develop MEFs
to quantify the mobility benefits of TSP. Two VISSIM models, one with no TSP strategy (i
Base model) and the other with TSP strategy (i.e.-in&@rated model), were developed for the
10-mile study corridor in Miami, Florida. The mobility benefits were quantified based on travel
times, average vehicle delay, average stopped delay tichewveerall network performance of all
vehicles and buses in the network. Tlasemodel and the TSihtegrated model were run for 10
differently seeded simulations. Each model was run for 2.5hetiere the first 30 minutes period

was used as the warap time. Thefollowing subsections discuss the simulation results

45.4.1 Travel Time
Travel times were measured for segments between each psigralized intersecti@along the
study corridor in both directions of travel. The travel times obtaired the Basenodel andhe

TSPRintegratedmodelwere obtained and comparekhbles4-19 and4-20 show the travel time
results for northbound and southbound segments for all vehicles and buses, respectively. The tables
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also include total travel time along the study corridor. It can be inferred from the tables that the
TSRintegrated scenario resulted in lower travel times for all vehicles and for buses, and for both
the northbound and the southbound approaches. Thests e statistically significant at90%
confidence level.

Table 4-19: Corridor Travel Time for All Vehicles and Buses along Northtund Approach

TSP-integrated Scenario
NW 6" St-Nw 8" St. 34.11 31.85 25.12 27.12
NW 8" St-NwW 11" St. 39.48 39.77 29.12 30.51
NW 11" St-Nw 14" St. 51.47 92.57 48.26 81.71
NW 14" St-Nw 17" St. 54.23 93.5 53.14 85.23
NW 17" St-Nw 20" St. 79.98 179.38 76.15 183.59
NW 20" St-Nw 29" St. 122.62 219.87 121.3 198.51
NW 29" St-NW 3279 St. 43.83 88.46 43.13 85.51
NW 329 St-NW 36" St. 73.43 116.92 78.15 122.12
NW 36" St-NW 46" St. 109.94 150.29 115.15 155.12
NW 46" St-NwW 54" St. 101.73 100 90.15 89.15
NW 54" St-NW 62"9 St. 107.78 157.43 106.91 145.21
NW 6279 St-NW 715t St. 98.33 146.67 97.75 140.78
NW 715t St-Nw 79" St. 104.36 133.84 104.52 125.12
NW 79" St-NW 815t St. 41.51 91.07 41.24 62.15
NW 815t St-NW 95" St. 178.62 186.2 170.31 172.15
NW 95" St-NW 103¢ St. 126.35 177.91 124.18 164.38
NW 1039 St-NwW 111" St. 97.42 139.64 96.41 132.15
NW 111" St-Nw 119" St. 101.55 92.48 97.99 85.12
NW 119" St-Nw 125" St. 87.76 183.94 85.17 167.51
NW 125" St-Nw 135" St. 121.31 178.36 119.12 163.04
NW 135" St-Opa Locka Blvd. 124.96 169.08 122.12 155.12
Opa locka Blva:NW 1434 St. 76.04 86.55 74.25 75.12
NW 1439 St-NW 157 St. 86.24 84.97 83.5 78.15
NW 152t St-NW 15900 Blk. 85.34 121.59 83.61 116.12
Total 2,148.39 3,062.34 2,086.75 2,840.69
Compared to Base N/A N/A -2.87% -7.24%

* Value is statistically lower than the corresponding Base value.



Table 4-20: Corridor Travel Time for All Vehicles and Buses along Soutltund Approach

NW 15900 BIk-NW 15T St. 68.86 105.12 65.13 88.15
NW 1515t St-NW 1439 St. 75.79 115.77 72.11 80.12
NW 1439 St-Opa locka Blvd. 64.78 61.44 65.09 64.78
Opa Locka BIvdtNW 135" St. 67.58 124.73 68.05 126.09
NW 135" St-Nw 125" St. 99.63 145.84 95.15 143.93
NW 125" St-Nw 119" St. 78.51 160.06 75.32 155.8
NW 119" St-Nw 111" St. 83.25 87.18 79.85 82.99
NW 111" St-NW 103¢ St. 91.09 93.08 78.12 83.18
NW 103¢Y St-NW 95" St. 113.95 161.68 110.13 125.12
NW 95" St-NW 81! St. 148.48 180.82 145.12 182.94
NW 815 St-NW 79" St. 140.82 182.58 85.55 168.15
NW 79" St-NW 715 St. 85.11 182.35 80.11 168.45
NW 715t St-NW 62 St. 86.24 179.56 79.67 184.43
NW 62" St-NW 54" St. 85.45 140.42 80.51 125.54
NW 541 St-NW 46" St. 86.75 139.05 84.12 115.65
NW 46" St-Nw 36" St. 101.12 105.26 104.88 118.02
NW 36" St-NW 3214 St. 68.04 110.45 71.85 103.21
NW 32% St-Nw 29" St. 54.63 97.16 49.12 90.91
NW 29" St-NW 20" St. 141.89 182.21 138.11 165.23
NW 20" St-NwW 17" St. 78.32 118.33 74.23 101.23
NW 17" St-NW 14" St. 69.19 104.57 67.65 87.12
NW 14" St-NW 11" St. 63.98 102.22 62.81 89.12
NW 11" St-NW 8" St. 91.4 13341 90.97 120.12
NW 8" St-Nw 6" St. 41.26 43.68 38.12 40.31
Total 2,034.45 3,056.97 1,961.77 2,810.59
Compared toBase N/A N/A -3.57% -8.06%

* Value is statisticallyjower than the correspondirgase value
45.4.2 Delay

Average vehicle delay time and average stopped delay time were also considered as the
performance measures to quantify the mobility benefits of TSP operations. Vehicle delay is
measured by subtracting the theoretical (i.e., ideal) travel time from the &etvel time. The
theoretical travel time is the travel time which could be achieved if there were no other vehicles
and/or no signal controls, or other reasons for stops. Reduced speed areas weresalsced

The actual travel time does not includrey passenger service times of public transportation
vehicles (i.e. buses) at stops. Delay due to braking before a bus stop and/or the subsequent
acceleration after a bus stop were included in the average vehicle delay time. Average stopped
delay is meased per vehicle in seconds without stops at bus stops and in parking lots.4Fables

21 and4-22 provide the average vehicle delay times and the average stopped delay times for all
vehicles and buses on northbound and southbound directions, respectivéhbl@ladso includes

the total average vehicle delay time and the total average stopped delay time along the corridor. It
can be inferred from the tables that the difiégrated scenario resulted in lower average vehicle
delay time and average stopped gelane for all vehicles and for buses, and for both the
northbound and the southbound approaches. However, only the results for average vehicle delay
time are statistically significarmita 90% confidence level.
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Table 4-21: Delay Time Measurementalong Northbound Approach

.| AverageVehicleDelayTime | Average Stopped Delay Time

All Vehicles All Vehicles
NW 6" St-NW 8 St. 9.63 8.51 6.5 7.12 5.3 299 513 1.73
NW 8" St-NW 11" S, 7.8 8.18 5.8 6.74 452 318 4.46 1.67
NW 11 St-NW 149 St. 12.74 24.12 11.9 18.3 6.88 598  6.26 3.83
NW 14 St-NW 179 St. 13.93 23.61 12.82 20.93 7.89 5.9 7.12 4.84
NW 174 St-NW 20" St. 39.51 79.43  41.94 79.15 2413 39.44 2411 38.5
NW 20" St-NW 29" St. 36.1 7422 3464 67.24 18.97 3949  18.62 38.05
NW 29" St-NW 32 St. 12.12 27.15 11.4 21.19 5.5 10.96  5.04 9.37
NW 32 St-NW 36" St. 32.62 4652  41.99 55.51 2056 2407  28.42 40.79
NW 36" St-NW 46" St. 25.69 36.69 2661 45.12 1261  17.53 12,58 25.95
NW 46" St-NW 549 St. 22.96 21.07 2171 16.54 10.7 8.78  10.38 7.93
NW 54" St-NW 62" St. 29.38 49.86 = 2851 42.52 16.97 228  16.05 18.32
NW 62 St-NW 71 St, 19.55 39.3 18.81 33.12 1019  17.03  9.72 12.87
NW 71 St-NW 79" St. 27.42 2827  20.23 26.3 15.95 8 16.06 7.45
NW 79" St-NW 81 St. 19.24 39.12 18.94 37.1 1403 1331  13.84 12.93
NW 815 St-NW 95" St. 50.21 58.62 4223 47.93 2057 3117  27.74 22.67
NW 95" St-NW 103¢ St. 51.71 7418 4512 60.8 3281 3914  31.06 28.83
NW 103¢ St-NW 111" St. 24.67 37.92 21.1 34.12 153 1502 1458 14.87
NW 111 St-NW 119" St. 29.71 2111 2121 19.21 2034 699  17.14 6.5
NW 119" St-NW 125" St. 31.32 68.55  28.64 51.89 2244 3212 19.77 18.98
NW 125" St-NW 135" St. 31.82 60.54 27.1 45.13 1839 3136  17.34 20.24
NW 135" St-Opa Locka Blvd. 28.3 4426 = 2451 41.68 1449 1236 14.16 14.82
Opa Locka BIVENW 143¢ St. 15.64 27.34 1213 26.21 7.35 778 727 7.3
NW 143¢ St-NW 157 St. 13.32 13.32 10.23 11.58 6.81 276 685 2.41
NW 155 St-NW 15900 Bk, 13.37 2099 1112 18.21 4.82 1.88 4.8 1.86
Total 598.76 | 932.90  545.19 833.60 34652 | 400 33850 | 362.70

2Value is statisticalljower than the correspondirBase valug® Value isnot statisticallylower than the correspondirigase value



Table 4-22. Delay Time Measurementalong Southlomund Approach

| AverageVehicleDelay Time | Average Stopped Delay Time
All Vehicles
NW 15900 Blk.-NW 15 St. 5.98 13.51 6.16 9.51 2.99 3.56 3.08 3.12
NW 155 St-NW 143¢ St. 10.76 20.01 8.16 17.31 5.35 3.83 5.12 3.21
NW 143¢ St-Opa Locka Bivd. 13.78 9.64 11.15 9.1 7.98 4.8 7.91 45
Opa Locka BIVENW 135" St. 9.29 35.83 9.87 34.21 4.74 16.5 5.16 17.27
NW 135" St-NW 125" St. 19.61 34.49 16.21 29.1 11.35 14.07 11.07 12.71
NW 125" St-NW 119" St. 29.27 50.28 26.18 4617  17.97 11.56 16.72 12.61
NW 119" St-NW 111" St. 19.91 22.24 15.23 17.33  13.24 9.89 12.01 9.8
NW 112" St-NW 103¢ St. 28.09 28.43 20.15 1873 20.17 18.14 17.97 10.51
NW 103¢ St-NW 95" St. 48.81 65.51 43.21 5423  34.05 36.83 32.86 31.55
NW 95" St-NW 815 St. 37.42 37.76 37.15 3812 2212 16.86 22.04 19.46
NW 81 St-NW 79" St. 20.77 30 16.89 24.82 9.68 12.92 9.71 8.6
NW 79" St-NW 71 St. 16.66 53.39 16.48 49.5 7.8 18.87 7.93 15.55
NW 715 St-NW 62 St 13.45 46.67 13.86 51.42 5.84 15.21 6.31 17.65
NW 62 St-NW 549 St. 14.55 39.28 12.51 34.23 8.12 20.81 7.34 18.89
NW 54 St-NW 46" St. 14.85 37.1 11.1 28.12 8.76 15.65 8.26 10.95
NW 46" St-NW 36" St. 25.87 28.12 20.12 3112 17.97 16 21.56 26.72
NW 36" St-NW 32 St. 25.11 37.35 22.58 3523  17.34 16.28 20.88 26.72
NW 32 St-NW 29" St. 13.89 25.9 11.24 19.61 7.9 10.28 5.71 5.01
NW 29" St-NW 20" St. 35.52 44,23 31.2 33.39 23.1 24.79 21.78 16.35
NW 20" St-NW 174 St. 26.7 36 25.2 29.3 17.77 18.48 16.57 13.88
NW 17 St-NW 149 St. 18.18 22.93 14.26 17.9 10.66 6.46 9.31 4.73
NW 14 St-NW 11 St. 15.89 23.91 14.66 20.57 9.23 7.56 8.09 6.65
NW 11" St-NW 8" St 16.39 27.81 12.1 24.31 75 7.46 7.18 6.82
NW 8" St-NW 6% St. 12.45 14.04 12.07 14.68 7.05 4.47 6.82 4.43
Total 493.2 784.40  427.74 688 208.68 | 33130 29139 | 307.70

2Value is statisticalljower than the correspondirBase valug® Value isnot statisticallylower than the correspondirigase value



45.4.3 BusProgression and Corridor Performance

Bus positions in the TSP environment were recorded in VISSIM for every simulation step. These
records were used to plot and compare bus trajectories for the two scenarios, i.e., the Base scenario
and the TShntegratel scenario. There were eleven buses in the northbound approach and nine
buses in the southbound approach that started and finished their trips during the evaluation interval
in each simulation. For example, Fig4r@2 shows one randomly seeded simulatibine figure

shows the progression of one northbound bus and one southbound bus along the study corridor for
the Base and the TSP scenarios. Note that the stopped time of buses at an intersection is not shown
in the figure.

—o— BUSTSP —o— BUS Base Scenario o BUSTSP —a_ BUS Base Scenario
50000 50000
40000 40000

z )

% 30000 3 30000
2 20000 & 20000
10000 10000

0 0 500 1000 1500 2000 2500 3000 3500 0 0 500 1000 1500 2000 2500 3000 3500

Time (sec) Time (sec)
(8) Northbound Budrajectories (b) Southbound Bus Trajectories

Figure 4-22: Example of Bus Trajectoriesin the Baseand the TSP-integrated Scenarics

It can be inferred frorrigure 422 that bus progression in the T8Regrated scenario islatively

guicker than with the Base scenario for both directions. TaB@summarizes the performance
results of the entire corridor, and shows the travel time, average vehicle delay time and average
stopped delay in seconds for both directions. Thdtseate shown for the Base scenario and the
TSRintegrated scenario separately.

Table 4-23: Performance Results of theEntire Corridor with TSP

Base TSP- Base TSP-
Scenario integrated Scenario integrated
Scenario Scenario

Network Performance

o Travel time (s) 2148.39 2086.75 2034.45 1961.77
=) 3 Average Vehicle Delay Time (s) 598.76 545.19 493.2 427.74

= Average Stopped Delay Time (s) |  346.52 338.50 298.68 291.39

& Travel time (s) 3062.34 2840.69 3056.97 2810.59

g Average Vehicle Delay Time (s) 932.90 833.60 784.40 688

@ Average Stopped Delay Time (s) 400 362.70 331.30 307.70

4 5.5 Discussion

45.5.1 Corridor Travel Times
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Compared to the Base scenario, implementation of TSP was found to improve travel times for all
vehicles and buses in both the northbound and the southbound approaches. For the northbound

approach, TSP resulted in a reduction of 7.24% in travel time fasbe@mpared to the Base
scenario with no TSP. A similar trend, although not to this extent, was observed for all vehicles in

the northbound direction. On average, all vehicles on the northbound lanes experienced a 2.87%

reduction in travel time comparedttte Base scenario with no TSP.

Travel times along the southbound approach showed similar trends for both buses and all vehicles.
For the southbound approach, TSP implementation resulted in a reduction of 8.06% of travel time
for buses compared to thedgascenario. For all vehicles, the reduction in travel time was 3.57%.
Figures4-23 and 4-24 provide the travel time results for the northbound and the southbound

approaches, respectively.

Statisticalt-tests were performed on the raw output data from the 10 simulation runs for each

scenario. Ongailt-t est s for paired sampl es

Wi

t h

U=o0.

that the travel time in the TSRtegrates scenario is equal to the trairak in the Base scenario
with no TSP integration. The alternative hypothesis for the tests was that travel time in the TSP

integrated scenario was less than the travel time in the Base scenario with no TSP integration. The

analysis was performed for athicles and buses. Théests results revealed that travel time for

all vehicles and buses in the T-8fegrated scenario were significantly lower than the travel times

for all vehicles and buses in the Base scenario with no TSP integration. Thissrapplicable

for both the northbound and the southbound directions of travel. From the study results, it could
be concluded that TSP implementation could improve the operational performance of not only

transit vehicles but also all vehicles.

North Bound Travel Time Comparison

Travel Time (seconds)
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Figure 4-23: Travel Time along US441-NB Direction
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South Bound Travel Time Comparison
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Figure 4-24: Travel Time along US441-SB Direction
45.5.2 Delay

In addition to travel times, average vehicle delay and average stopped delay for all vehicles and
for buses were also estimated to difgrthe mobility benefits of the TSP strategy. A etad t-

test for pai r=@ldvasperfonmdd ¢ostestwhie nuil hypothesis that the average
vehicle delay time in the TSiAtegrated scenario is equal to the average vehicle delay time in the
Base scenario with no TSP integration. The alternative hypothesis for the test was that the average
vehicle delay time in the TSiAtegrated scenario is lower than the average vehicle delay time in
the Base scenario with no TSP integration. The paited was conducted for both the average
vehicle delay time and the average stopped delay time, and for all vehicles and for buses along the
corridor.In general, the TSP strategy resulted in a statistically significant reduction in the average
vehicle delay dr all vehicles and for buses. However, the average stopped delay in the TSP
integrated scenario did not result in a statistically significant improvement over the Base scenario
with no TSP integration. This discussion, therefore, focuses only on avefaigke delay.

For the northbound travel direction, tieerage vehicle delay time for buseshe Base scenario

with no TSPintegration was found to 1132.90 secondswhich is 12% higher than the average
vehicle delay for buses in the scenario with Jig@gration. For the same direction of travel, the
average vehicle delay for all vehicles in the Base scenario and thimfE§Rited scenario were
598.76 seconds andl5.19 seconds, respectively. There was a 9% improvement in the average
vehicle delay for all vehicles in the TSftegrated scenario.

Similar results, although with a slightly different magnitude, were observed for the southbound
travel direction. Theaverage vehicle delay time for busesthe Base scenario with nBSP
integration and in the TSiAtegrated scenario were found to be 784&éndsind 688.0 seconds,
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respectively. It can be inferred that the Ti&fegrated scenario resulted in a 14% invgraent in

the average vehicle delay for buses compared to the Base scenario with no TSP integration. Again,
the average vehicle delay for all vehicles in the Base scenario and thatéRted scenario

were found to be 493.2 seconds and 427.74 secoedpedatively, resulting in a 15.3%
improvement in the TSkhtegrated scenario. From the analysis resulis,avident thathe TSP
integrated scenario resulted in a statistically significadtiction in average vehicle delay time
compared to the Base siowith no TSP integration.

45.5.3 Network Performance

The implementation of any transit preferential treatment, such as TSP, can impact vehicular traffic
at the network level, including therossstreettraffic and the through traffic. When compdr®

the Base scenario with no TSP integration, the corfielal travel time reduced significantly for
buses and all vehicles in both directions of travel. For buses, the total travel time in the TSP
integrated scenario reduced by 7.24% and 8.06% forntréhbound and the southbound
directions, respectively. Similarly, the total travel time for all vehicles in the-ilteBrated
scenario reduced by 2.87% and 3.57% for the northbound and the southbound directions,
respectively. It is evident from the apsis results that implementing TSP decreased travel time
along the main street. However, it reduced the available green time for the turning vehicles and
crossstreet traffic. Increased delays were therefore observed for thestss@é movements,
especidly where sidestreets had volumes that exceed capacitye Percentage increase in
average delay for all other movememixcept the through and right turn movements on the
northboundand southbound approaches of the study comidsrfound to be 59 for all vehicles
Although the average travel delay increased for all other movements, the reduction in delay for
the through traffic on the main street is significantly higher.

45.5.4 MEFs

Floridaspecific MEFs were developed to quantify the operatioffaicéveness of TSP. As
discussed earlier, avMEF is a multiplicative factor used testimatethe expected mobility level

after implementing a givemMSM&O strategy, such as TSP in this studiya specific site. The

MEF is multiplied by the expected fatylimobility level withoutthe strategyA MEF of 1.0serves

as a referencewherebelow or abovendicatesan expected increase or decrease in mobility
respectivelyafter implementation of a giveiSM&O strategy andepemnling on the performance
metric. These MEFs will assist agencies and professionals in evaluating the effectivetigss of
TSP strategy. In this study, MEFs for implementing TSP were estimated based on travel time and
delay measurements.

The MEFs based on the total travel time and average vehicle delay were estimatEduesiogns
4-23 t04-25.

0 00 i (4-23)

=
11

0 00 ﬁ:—ﬁ (4-24)
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00— (4-25)

where,

MEFtavettimei = the mobility enhancement factor based on travel time for a particular
i'" corridor,

MEFgelayi = the mobility enhancement factor based on average eathéthy for
a particulai' corridor,

ttti rsp = the total travel time along a TS#abled corridor,

ttti NoTsP = the total travel time along a corridor with no TSP,

avd{ tsp = the average vehicle delay time along a ¥®Rbled corridor, and

avd{ noTsp = the average vehicle delay time along a corridor with no TSP.

Table4-24 presents the estimat®EFs for travel time for all vehicles and bus&ése MEFsfor

TSP in terms of travel time for all vehicles and buses were estimated to ben@d.9694,
respectively. It implies that deploying TSP along a corridor would result in a 4% decrease in travel
time for all vehicles and a 9% decrease in travel time for buses along the corridor. ThenMEFs
terms of average vehicle delay was estimatecet0.87 for all vehicles and for buses. It implies

that deploying TSP along a corridor would result in a 13% decrease in average vehicle delay along
the corridor. The study results show that TSP improves the operational performance of the
corridor.

Table 4-24: MEFs for TSP

All Vehicles
Travel Time 0.96 0.91
Average Vehicle Delay Time 0.87 0.87

45.6 Conclusions

Transit Signal Priority (TSP) is an operational strategy that facilitates the movement of transit
vehicles(e.g., busgsthrough signalizedintersections The analysis was based on artle
corridor along U$441 between SW"8Street and the Golden Glades Interchaimg&liami,
Florida. Two microsimulation VISSIM model#)e Base model with no TSP integration and the
TSRintegrated model, were developed.

One of the key findings observed from the evaluation is that the TSP transit preferential treatment
offers significant mobility benefits for transit buses and all vehidi&? was found to provide
significant savings in travel time and travel delay along the corridor. For transit buses, TSP
resulted irn7.24% reduction in travel time for the northbound section aar@l06% reduction in

travel time for the southbound sectidAlso, for all vehicles in the network, a 2.87% reduction in
travel time for the northbound section, and a 3.57% reduction in travel time for the southbound
section was observed as a result of TSP deployment. Implementation of TSP also provided
significant reductions in average vehicle delay. For transit buses, TSP deployment resulted in a
reduction in average vehicle delay ©0.64% and 12.30% for northbound and southbound
directions, respectively. For all vehicles in the network, a reductitimeiaveiage vehicle delay

time of 9% and 13.3% for northbound and southbound directions was observed.
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The MEFs based on travel time were 0.96 for all vehicles and 0.91 for buses, and the MEF based
on average vehicle delay time was 0.87 for all vehicles and.lBassd on the MEF results for

travel time and average vehicle delay time, it can be concluded that TSP improves the operational
performance of the corridor. MEF results could provide researchers and practitioners with an
effective method for analyzing tleeonomic and other benefits of the TSP strategy.

The performance of TSP was affected by the location of the bus stops along the corridor i.e., near
side and faside). The benefits of the TSP were found to decrease forsitkaibus stops.
Moreover, prdicting the travel time from an upstream transit vehicle detector to the stop bar of a
signalized intersection after stopping in a reide bus stop proved to be challengifigwas
observed that intersections with f&ide bus stop locations improved therformance of TSP.
However, at major intersections where the stieet volume exceeds capacity, TSP
implementation produced similar results to the Base scenario with no TSP integration; thus,
deploying TSP at intersections where siti@et volume ex@sls capacity is not beneficial. While

TSP, in general, provided major benefits for all vehicles and buses along the main street, side
streets with traffic volumes greater than capacity observed a 5.8% increase in average delay.
Althoughtheaverage delayor sidestreet traffic and lefturning vehicles increased, the reduction

in delay in the main street is significantly higher. Overall, mobility benefits were observed with
TSP implementation.

4.6 Adaptive Signal Control Technology

The following sectios examine the mobility benefits of a TSM&O strategy involving adaptive
signal control technologfASCT) systens.

4.6.1 Study Corridor

The Mayport Road (Hwy A1A) corridor was selected to analyze the mobility benefits of ASCT.
As shownin Figure 4-25, the study segment spans from thantic Boulevard(SR-10) to
Wondewood Drive (SR116), along Mayport Road for a total of 3.3 miles. This segment of the
corridor has 10 adaptive (SynchroGreen) signalized intersections, and a posted speed of 45 mph.
Thecorridor has 8.5 and 11.5 driveveper mile along the northbound and southbound directions
respectivelyThe ASCT was activated at all 10 intersections on June 25, 2018.

4.6.2 Data

Reattime traffic flow data (i.e., travel time and travel speed) with and without ASCT were
retrieved from the BlueTo&dlatabase for the periods July 08, 2018 through February 10, 2019.
Data were collected for the same days of the week for both with idmolivASCT and the same
sample size of the data for each group (with and without ASCT) were considered in the analysis.

Traffic data for the first two weeks with ASCT was excluded from the analysis to account for the
activation period. Thus, the traffdata with ASCTfor the analysis were collected from July 08,
2018to October 23, 2018. The traffic data without ASCT were collected from October 24, 2018
to February 02, 2019. To reduce variations in the data, only typical days of the week, i.e., Tuesday,
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Wednesday, and Thursday, were considered in the analysis. blocksused in the analysis
consisted of AM peak (0600000), PM peak (1560900) and offpeak hours (106@200) and

during the night.
Table4-25presents travel speed descriptive statistici@typical days of the week. As indicated
in Table4-25, the average speeds in the northbound direction are slightly higher than the average

speeds in the southbound direction. These average speeds were used in the transformation of the
standardized spels coefficient from the model in thsgudy.
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Figure 4-25: ASCT Performance EvaluationStudy Corridor

Table 4-25: Descriptive Statistics of the Speed Datior ASCT Evaluation

Northbound Southbound |
Day of Mean Max. Min. S.Dev Mean Max. Min. S.Dev
Week (mph)  (mph) (mph) (mph) (mph) (mph) (mph) (mph)
Tuesday 36.54 45.03 11.55 3.41 32.22 40.18 10.59 3.48
Wednesday 36.53 44.58 14.15 3.25 32.45 39.61 16.69 2.93
Thursday 36.41 44.88 11.19 3.69 32.34 40.68 11.94 3.46

Note: Max. =Maximum, Min. = Minimum and S.Dev = Standard Deviation
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4.6.3 Methodology
4.6.3.1 Theoretical Concept a Bayesian SwitclPoint Regression (BSR) Model

The BSR is a common model in calibratimge-series data (Kidandet al, 201%), particularly,

when identifying the unknown location in which patterns change is one of the primary goals (Lin

et al., 201B). The pattern change in data characteristics could be due to change in sequence, data
variations or shift inhemean between befoead after the threshol@lagatet al., 2017; Kidando

et al, 2017; KruschkeandLiddell, 2018). Even though this model has been used for a while in
fitting different data characteristics, such as stock prices and DNA sequences, it has not been used
extersively in the field of transportatiofiKidando et al., 2017, 204

As it was expected, the general trend of the speed time series reveals that there are fluctuations in
daily data (Figuret-26). To fit this pattern, th@&SR is integrated with ainusoidal function to
accuratef approximate the data characteristics. Furthermore, the developed model was set to be
flexible as the average speeds and variances for data with and without ASCT are allowed to be
different GeeEquation4-26).

Suppose tat the average speed with ASCT is linearly added to the daily data fluctuation
(sinusoidal)f { "O&NPow I @€ ¢“NM o 8Similarly, the pattern without ASCT is formulated

with the average speed paraméteand the sinusoidal functign, | &x* —o I ®é ¢ —

The switchpoint parameterf is unknown, which is estimated by the model. This parameter
separates the two patterns such that there is a different data characteristic between the two patterns.
The proposed model also asssnthat the errorsR @& & are randomly and normally
distributed in the regression. Note that other $ygifedistributions such as Studendistribution

could be implemented in the analysis.
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Figure 4-26: Time Seriesof Travel Speed Collectedat 5-min Interval s
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O 5K R R 0QIQ (36)
where,
| SRS B o' - N R Y I R
| T e 0E " R
R X U T,
R X U T,

® ¢ Qis the predicted average travel speed with and without ASCT respectively,
wrepresents index of the data point,

nh—hf hf hi Hhd&IQ hare the regression coefficients of the sinusoidal functions,
wrepresents speed variable,

, AT A are the standard deviation of the data with and without ASCT respectively,
0 means a univariate Gaussian (normal) distribution.

Prior Specification andParameterPosterior Distribution Estimation For theBayesian analysis,

the prior distribtion, likelihood function, number samples, and sampling algorithm must be
assigned in estimating the posterior distributions of the model paranietdris aspect, the prior
distribution for the switctpoint T in Figure4-27 wasassigned to beorrinformativeprior with a
uniform distribution T '0"Qi @i Qo6 Q' YE T D .4The lower and upper boundaries
were assigned to dae minimum and maximum data index to allow equal probability tf be

at any index. Br the regression parameters,h* hf hf hf hAT{A hhe prior
distributions were assumed to follow the normal distribution wéffo mean and variance of 100
Moreover, the standard deviations of datéA T ,A in the model were taken as the half normal
di stribution with parameter 5. The sampling
posterior distributions is tlMCMC simulatians with theNo-U-Turm Sampler (NUTS$ampling
step. This algorithnis one of the commonly appliegpproacheso approximatethe posterior
distributions without directly computing the marginal distribut{&mnuschke, 2013). A PyMC3
version 3.6, ampensource Python packagetngh MCMC simulations was used to estimate the
posterior distributions (Salvatiet al, 2016).

Model Evaluation The proposed model was evaluated its goodness of fit by comparing to the null
model. In this instance, the present study used the Widely Applicable Information Criterion
(WAIC). The WAIC provides a way of measuring the fit of Bayesian models by traditigp in
modelsimplicity and prediction accuracy to reduce the possibility of the fitted model failing to
generalize on the new datavérfitting) (Watanabe, 2010)t is conceptually similar to Akaike and
Bayesian Information criteria, the commonly used pemfonce indicators in the maximum
likelihood estimation. Like these indicators, lower values of WAIC indicate a better model fit than
others. The WAIC can be expressed ustogationd-27.

@O 08 czannQzN0L QD (4-27)
where,

n.0 & "@cahe effective number of parameters,
O 1 As@he log poirwise posterior predictive density
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Figure 4-27: Prior Distribution of the Bayesian Switch-Point Regression(Kidando et al.,
201%)

Bayesian KpothesisTesting (BHT) In order to understand if there is a credible difference in
operating characteristics with and without ASCT, BHT was conducted. The estimated posterior
distributions for the difference in average speed and the standard deviasipeedf with and
without ASCT were usedrhe 95%highest posterior density interval (HDI) is the criterion that
was used for making a discrete decision to rejedtil to rejectthe null hypothesisA similar
criterion has been adopted by firevious studies to decide about the null value from the estimated
posterior distributior(Kruschke,2010,2013 Kidando et al., 2018. The null hypothesis 'O

was formulated that there is no difference between the two patterns (i.e., the two pattéras are
same) while the alternative hypothes®® ( was expressed that tipatternswith and without
ASCT are credibly different. The formulated hypothesis test can be summarized as follows:

Hypothesis on the average travel speeds:

Null hypothesis™O :° ‘ T
Alternativehypothesis O :* ‘ T

For the standard deviatiari speeds
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Null hypothesis™© :, T
Alternativehypothesis™O :, T

In theBayesian contextgjectingor notrejectingthenull value is done by looking at the difference

of the posterior distribution densities (.e. * ). When the resulting density include zero as one

of the credible values in the 95% HDI, the null hypothesisoisrejectedKruschke, 201pas
illustrated in Figure4-28. This suggests that there is no credible difference between the operating
speed with and without ASCT. A similar interpretation can be made when the standard deviation
of speedparameters are used ( ,, ).

Fail to reject the null hypothesis Reject the null hypothesis
meang= 000151 mean = 0.0457
26%<0<TTA 0% <0 < 100%
100% 8 ROPE 1% in ROPE
95% HOI : : 95% HDI
-0,00239 0.00552 . : 0.04 0.0494
: . - : . e
0010 0.005 0.000 0.005 0010 001 0.00 001 002 0.03 004 005
n H
(a) Posterior distribution of g with the 95% HDI inside the ROPE (b) Posterior distribution of x with the 95% HDI outside the ROPE
Fail to reject the null hypothesis Reject the null hypothesis
Mean = -33.13 Mean =3.40
e 95% HDI -149.56 - 90.44 e 95% HDI 2.59 - 4.25

T T T T T T 1 r T T ' 1

-200 =150 -100 =50 0 50 100 150 200 -1 1 2 3 4 5
Parameter difference Parameter difference

Figure 4-28: Decision Criteria for the Bayesian Hypothesis Testing (BHT)
(Kidando et al., 201%)

4.6.3.2 MEF Definition

A Mobility Enhancement Factor (MER3 a multiplicative factor used to estimate the expected
mobility level after implementing a given strategy (in this case, ASCT) at a specific site. The MEF
is multiplied by the expected facility mobility level without the strategy. An MEF of 1.0 sesves a

a referencewhere below or above indicates an expected decrease or increase in mobility,
respectively, after implementation of a given stratégy the ASCT strategy, an MEF value less
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than one (MEF <1.0) indicates an expected mobility benefit. MEFes eatculated using Equation
4-28.

- %& — (4-28)
The overall MEF for the ASCT was calculated using Equati@A.

D 00 B

(4-29)
where,n represents number of days analyzed in the study
4.6.4 Results

4.6.4.1 Descriptive Statistics

Descriptive statistics of travel speed as the performance measure is preséigedei#h29. As

shown the figure, average travel speeds are considerably higher with ASCT in the northbound
direction, especially during AM peak hours, with an average iserefi11.5% in travel speed (4

mph) compared to time of a day (TOD) signal plans. Similarly, travel speeds increased for other
periods of the day following ASCT deployment, with an increase of 5.8%, 7.9%, 2.6%, and 9% in
the travel speeds for the PM peahkid-day peak,off-peak, and weekend hours, respectively.
Travel speed results varied for the southbound direction. ASCT showed positive benefits during
PM peak hours, with an increase of 7.3% in average travel speed, equivalent to 2 mph. Slight
increases in travel speeds were observed during AM peak hours (0.7% increase) and weekend
hours (0.3% increase). However, average travel speeds decreased following ASCT installation
during midday hours{1.6% decrease) and géeak hours-0.2% decrease).
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Figure 4-29: Travel Speedswith and without ASCT

4.6.4.2 Model Results and Discussions

The posterior distributions of the BSR and the null model were estimated2@s0Q iterations
as initial burnin and tune samples whithesubsequent0,000iterationswere usedor inference.
The convergence of the two fitted moslevere assessed using the GelsRabin Diagnostic
statistic. Moreover, visual diagnostics approach using the trace, density, and autocorrelation plots

99



of each parameter were used to evaluate chains convergence. Model comparison, BSR, BHT and
MEFs resultsre presented in this section.

Model Ghodnes=f-fit Evaluation Fitting the BSRcanbe viewed as a hypothesis te¢tiu &

Qian, 2010)The comparisomith the null model, a model without a switpbint, is important to

justify the use of the BSR. This study used the WAIC to asses the goodness of fit (GOF) of the
BSR and the null model. The WAIC provides a traufé between the model complexity and
predction accuracy to account for the overfitting probléWwatanabe, 2010)The model is
considered to better fit the observed data when it has the lowest WAIC value when compared with
the other models generated using the same dgtdsEtreath, 2016)Figure 4-30 provides the
results of the GOF statistics for the three days analyzed in both directions. As stipulated in this
figure, the switckpoint model hag WAIC value of 12,302 versus 15,224 tbe null model for

the Tuesday in the northbound directi As observed irfrigure 4-30 the WAIC value ofthe
switch-point model is smaller compared to the WAIC value of the null model for other days in
both directions. According to GOF measured by WAIC values, the syttt mode had better

fit compared to nili model, with the observed smaller WAIC difference of 1,721 and 549 in
northbaind and southbound directigmespectively.

The estimated switepoints, T, were compared to the date that the ASCT was tuoifieih check

the accuracy of the model in calibrating this parameter. As preseniedbl@4-26, the average
estimated switcipoint date for southbound and northbound trafficTuesdayby the BSR is
November 06, 2018. For the northbound and southbound traffic on Wednesday, the average
estimated switctpoint date is November 07, 2018. On the other hand, November 01, 2018 and
October 27, 2018 are the average etimated swiiboht dates for Mursday nortbhoundand
southbound directiap respectively. Comparing to the actual date that the ASTCS was-ifned

on October 24, 2018, the estimated swipcint dates by the BSR model are not too far from the
date the system was turneff. Thus, tke proposed model demonstrates that it can be useful to
identify the dates at which there is a difference in operating characteristics in the study corridor.

Figure4-31 shows the histogram of observed field data with and without ASCT as well as the
predided posterior estimates from the BSR. As indicated in the figure the lines of the posterior
predicted data densities are too close and superimpose the histograms for the observed data
densities indicating that the BSR can be used to fit the data. Thisstsigigat the BSR model can
calibrate the data trend with a reasonable accuracy including the-pwitdtdates. Note that the

field observed data with and without ASCT were extracted using the actual date that the ASCT
was turneebff. On the other handhe posterior predicted densities with and without ASCT are
based on the estimated swHgbint dates calibrated by the BSR model.

Figure4-32 showshow the model performed in predicting the time series data. As seen in this
figure, the proposed model esates and the actual data trend are close. More specifically, the
predicted posterior lines follow daily data fluctuations. Morepiegure 4-32 clearly portrays

that there is a large speed variation without ASCT than with ASCT for all days except dadnes
southbound direction. Nevertheless, the average travel speed difference with and without ASCT
are not visible.
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Figure 4-30: Goodnessof-fit of the Switch-Point and Null Models
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Table 4-26. Posterior Summary Resultsof the BSRModel

Tuesday Northbound Tuesday Southbound
Parameter Mean Sd 95% BCI Mean Sd 95% BCI
-0.54 0.02 -0.58 -0.50 -0.65 | 0.02 -0.69 -0.61
-0.56 0.02 -0.61 -0.52 0.02 0.05 -0.08 0.10
-0.25 0.12 -0.47 -0.02 0.63 0.04 0.55 0.71
-0.42 0.08 -0.54 -0.25 -0.06 0.15 -0.35 0.23
0.23| 0.01 0.21 0.25 -0.01| 0.01 -0.03 0.02
-0.24 0.02 -0.28 -0.20 0.00 0.02 -0.04 0.04
11/06/2018 1.32| 11/06/2018 11/06/2018 11/06/2018 2.54 11/06/2018 11/06/2018
n 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
0.00 0.00 0.00 0.00 0.01 0.00 0.01 0.01
0.50 0.01 0.49 0.52 0.67 0.01 0.65 0.69
1.10 0.01 1.07 1.13 1.06 0.02 1.03 1.09
Parameter Mean Sd 95% BCI Mean Sd 95% BCI
0.75 0.02 0.71 0.79 0.67 0.04 0.59 0.74
-0.46 0.03  -0.51 -0.41 -0.66 0.04  -0.73 -0.58
-0.09 0.13 -0.34 0.18 0.45 0.09 0.28 0.63
-0.72 0.04 -0.78 -0.65 -0.53 0.08 | -0.68 -0.37
0.22 0.01 0.20 0.25 -0.16 0.02 -0.19 -0.12
-0.23 0.02 | -0.26 -0.19 0.14 0.02 | 0.10 0.17
11/07/2018 0.82 11/07/2018 11/07/2018 11/07/2018 6.11 11/07/2018 11/07/2018
n 0.00 0.00 | 0.00 0.00 0.00 0.00 | 0.00 0.00
0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
0.54 0.01 | 0.53 0.56 0.73 0.01 0.71 0.75
0.97 0.01 0.95 1.00 0.85 0.01 0.83 0.88
Parameter Mean Sd 95% BCI Mean Sd 95% BCI
0.02 ' 0.03 -0.03 0.07 0.08 0.04 0.01 0.15
-0.68 0.01 -0.71 -0.65 -0.77 0.02 -0.80 -0.73
0.49 0.11 0.28 0.69 -0.38 | 0.18 -0.73 -0.03
0.52 0.11 0.31 0.71 -0.75 0.11 -0.91 -0.51
0.24 0.01 0.22 0.26 0.00 0.01 -0.03 0.02
-0.25 0.02 -0.29 -0.21 -0.02 0.02 -0.07 0.02
11/01/2018 1.79 11/01/2018 11/01/2018 10/27/2018 3.63 | 10/27/2018 10/27/2018
n 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
0.52 0.01 0.51 0.54 0.69 0.01 0.67 0.70
1.06 0.01 1.03 1.09 1.00 0.02 0.97 1.03
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point in the BSR model, i.e., predicted data without ASCT.
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BSRModel ResultsResults from the BSBre presented ihable4-26. Note that in estimating the
parametersod posterior distributions of the mo
z-score approdcto allowthe model to easily converge in the analygiguations 430 and 431

were used taansform the estimated coefficients to speed posterior distributsimg the average

speed and standard deviation of the observed data presented ir4-PA&blEor instancefor

Tuesday northbound traffieyith a mean speed and standard deviation of 3.41 mph and 36.54 mph,
respectively(see Tablel-25), and’ = 0.23 (®e Tabled-26), the average estimated speed with

ASCT 1 QQQ mMo o8 p o® 1 o®d DBO5%BCI = [37.26, 37.39])Using

Equation 431, the estimated average speed without ASCH Q' Q'Q o & ¢mph

(95%BCI = [35.59,.35.86]). According to these estimates, ASCT improved the operating speed

from 35.72 mph to 37.32 mph.
i nQQQ ° i of (4-30)
inQQQ ‘ i of (4-31)

where,
i represents the average speed of the observed data,
i is the standard deviation of the observed speed atada,
1 QQQAT AN QQQ denotes the average speed (mph) with and without ASCT
respectively

For the southbound traffithe estimated averagpeed with and without ASCT wer82.21 mph
(95%BCI =[32.08, 32.36]and 32.18 mpk95%BCI = [32.12, 32.29]respectivelyNote that the
average travel speedsth and without ASCT are approximately eqtal the southbound traffic,
indicatingthat therds nosignificant improvemenfollowing ASCT installation.

For Wednesday northbound traffic, the estimategtage speadavith and without ASCT are 37.25

mph (95%BCIl = [37.18, 37.34])|and 35.78 mph(95%BCIl = [35.69, 35.91])respectively.
Furthermore, in southbound traffic the estimated average spakes are 31.98 mp95%BCI
=[31.89, 32.10]and 32.86 mpk95%BCI = [32.74, 32.95)Vith and without ASCT respectively.
Values of the estimated average speeds are higher with ASCT in the northbound direction,
indicating a significant improvement in travel speed following ASCT installation. However, in the
southlmund direction estimated average speed without ASCT is higher, compared to with ASCT,
indicating a slight decrease in travel speed following the ASCT deployment.

For Thursday, the estimated average speeds with and without ASCT are 37.29608CI| =

[37.22, 37.37]) and35.49 mph(95%BCIl = [35.34, 35.64])respectively in the northbound
direction. In southbound directipastimated average spesate 32.34 mpli95%BCI = [32.24,
32.41]) and32.27 mph(95%BCI = [32.10, 32.41]with and without ASCT respectively. The
values of the estimated average speeds are higher with ASCT in the northbound direction,
indicating a significant improvement in travel speed following ASCT installation. However, the
southbound estimated averageeqs with and without ASCT are approximately equal, indicating
that there is no significant change following ASCT installatidarametersf hf h

R ,0PPAT fAlisted in Table4-26, are sinusoidal parameters for the sine and cosine function,
which in this study were considered to calibrate daily speed due to demand variations.
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Bayesian Hypothesis Testing (BHT) Resdlable4-27 shows the difference between the credible
values of the model parameters for the typical days analyzath diretions of travel. This table
shows the summary statistics that facilitate decision to rejdeil to rejecthe null hypothesis at
95% HDI.

As shown in Table4-27, the mean difference in average speeds with and without ASCT
Yn QQQ “Yn QQQ )andthe mean differencetimestandard deviation of speeds with and
without ASCT [YO Q  "YOo Q was 1.60(95%HDI = [1.45, 1.76]jpnd-2.03(95%HDI =
[-2.14,-1.93]), respectivelyfor Tuesdayin the northboundlirection The null value zero is far
from the 95% HDI estimated difference for all
there is a credible difference between with and without ASET the southbound direction on
Tuesday, the mean differe;mdn average speed and standard deviation of speedOxEE
(95%HDI = [}0.2,-0.16])and-1.34(95%HDI= [-1.46,-1.21]) respectively. The null value zero is

far from the 95% HDI estimated difference for the standard deviatiepeed only and mithin

zero for the average speed differences indicating that the is no credible difference between with
and without ASCT.

Similarly, the mean difference in average speeds and standard deviation of speeds for Wednesday
northbound wag.47(95%HDI =[1.33,1.60])and-1.41(95%HDI = [-1.51,-1.31]),respectively.

The mean difference in average speed and standard deviation ofvgpedi87 (95%HDI = [
1.0,-0.74]) and-0.35(95%HDI = [0.44,-0.25]), respectively for the southbound directidie

null valuezer o i s f ar from the 95% HDI estimated
distribution in both directions indicating that there is a credible difference between with and
without ASCT.

For the northbound direction on Thursd#lye mean difference iaverage speed and standard
deviation of speedvas 1.80(95%HDI = [1.64, 1.97])and -2.0 (95%HDI = [2.12, -1.89]),
respectively. In the southbound directidhe mean difference in average speed and standard
deviation of speed waB.06 (95%HDI = [-0.12,-0.23]) and-1.08 (95%HDI = [-1.20,-0.95]),
respectively. In the northbound direction, the null value zero is far from the 95% HDI estimated

di fference for all/l parametersd posterior dist
between withand without ASCT. In the southbound direction, the null value zero is far from the

95% HDI estimated difference for standard deviawbrspeed only and is #iin zero for the

average speed difference. This indicates that there is no credible diffeeneei with and

without ASCT.
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Table 4-27: Results of theBayesian Hypothesis Testing

] Northbound Southbound
95% HDI 95% HDI
Day of | Parame Mean Upper | Lower Decisio = Mean Upper | Lower Decisio
week ter (mph) limit limit n (mph) limit limit n
(mph) | (mph) (mph) | (mph) _

> A& 160 176 145  Reject -002 016  -020 Falto
3 speed Reject
(5}
2 ftﬂeeo' 203 | -193  -214  Reject -1.34  -121  -1.46  Reject
2 Ave
o ) 1.47 1.60 1.33 Reject  -0.87 -0.74 -1.00 Reject
2 speed
=
©
g fﬁee" 141  -131  -151  Reject -0.35  -025  -0.44  Reject
- .
g A 1180 16 133 Reject 006 023  -012 Halwo
5 speed Reject
E Speed
= St'zl 2.0 -1.89 | -212  Reject -1.08  -0.95  -120  Reject

Note: Ae. speed represents estimated average speed diffdrehgeen with and without ASCT and

Speed std. is the difference in estimated standard deviation of speed between with and without ASCT.

4.6.4.3Mobility Benefitsof ASCT

From the BSR mod el

0s

posterior

di

stri

butii

operational benefits of the ASCTable4-28 presents the estimated MEFs for the typical days,
PM peak, AM peak, and offeak hours for both directions of travel.

Findings from MEFs revealed that ASCT improved travel speed by 7%ar3$%% in the AM
peak, PM peak, and effeak hours, respectively. This finding is consistent with previous studies
(Hutton et al., 2010; Sprague, 201&hich suggested that ASCT improves speed by 11%.
However during the PM peak hour, ASCT shesless impovement in travel speed@his may be
attributed to congestiamsulting from anncrease in traffic demarauringthis specific period. It

has been observed that ASCT cannot perform well in congestedersaturated conditions
becausegreen time cannotebreallocated effectivelyFontaine et al., 2015However, inthe

southbound direction, ASCT was found to increase the travel speed by 3% and 2% during AM
peak and ofppeak hours, respectively. In contrast, during the PM peak hour, the ASCT was found

to reduce the travel speed by 5%.

For the typical days analyzed, ASCT improved travel speed by 4% in the northbound direction.
However, there is no improvement in the southbound direction with ASCT. This observation is

supported by other studig¢blutton et &, 2010)in which ASCT showd improvement in one
direction of travel. The presence of a large number of-badme unsignalized access paiint
the southbound direction may also contribute to the lower performance of &®@Gtkine et al.,

2015;Zheng ¢ al., 2017).
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Table 4-28: MEFs for ASCT

95% HDI o 95% HDI o
MEF Lower | Upper [ (CUICS MEF Lower Upper 0 CURCS
Limit Limit Limit Limit

- Tuesday 0.96 0.95 0.96 4% 1.00 1.00 1.01 0%
8 Wednesday = 0.96 0.95 0.97 4% 1.02 1.031 1.02 -2%
Thursday 0.96 0.96 0.96 4% 1.00 0.99 1.00 0%

o AM peak 0.934 0.932 0.951 7% 0.967 0.964 0.971 3%
£ | PM peak 0.978 0.976 0.981 2% 1.048 1.013 1.053 -5%
= Off-peak 0.953 0.951 0.955 5% 0.979 0.976 0.982 2%

Performance metric: Average Travel Speed
4.6.5 Conclusions

ASCT is an ITS technology that optimizes signal timing in-teaé to improve corridor flow.

This study introduced a new approach to evaluate the operational benefits of the ASCT. The
proposedBSR model was used to (i) estimate the possible dates that define the boundary between
two different operating characteristi¢d) conduct the Bayesian hypothesis test (BHT), and (iii)
estimate MEFs. The analysis was based 8rBmile corridor alongMayport Road from Atlantic
Boulevard to Wonderwood Drive iracksonville, Florida

The findings indicate thdahe BSR can estimate the dates that the ASCT was switfhadthe
study corridor. This is important in the analysis especially when the possibbddedoff dates of

the system are unknown. An important contribution of using the BSR ability to objectively
incorporate the uncertainty surrounding the estimate including the location of-pwittidates,

a significant advantage over tpeevious applied approach that has been used to quantify the
benefit of the ASCT.

Furthermore, the BHT formulated using the BSR posterior distributions revealed that there is a
difference, at 95% HDI, in the estimated average speeds with and withoutiA8@Thorthbound
direction. More specifically, the ASCT was found to increase the travel speed while reducing the
speed variation. On the other hand, the analyses on the southbound direction revealed mixed
results. Wednesday and Thursday indicated nerdiffce, at 95% HDI, on the average travel speed
between with and without ASCT. The BHTlggestghat installation of ASCT reduces the data
variations at 95% HDI. This observation was consistent across the three evaluated days.

Moreover, the computed MERgere consistent with the BHT findings. The ASCT was found to
improve the travel speeds by 4% during typical days of the week, 7% during AM peak hours, 5%
during offpeak hours, and 2% during PM peak hours, in the northbound direction. Nevertheless,
southlound traffic MEFs show no improvement with ASCT on Tuesday and Thursday while a
slight decrease in travel speed by 2% was observed on Wednesday. Moreover, the analysis based
on peak and ofpeak hours revealed thASCT increased the travel speed by 3% 2a¥%gdduring

AM peak and offpeak hours, respectively. In contrast, during PM peak hours, ASCT showed a
5% reduction in travel speeds in the southbound direcéismall improvement in the southbound
direction may be attributed to congestion #r&bresene of a large number of unsignalized access

point.
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4.7 Summary

This chapterdiscussd in detail the study locations, research methodology, data, and the analysis
results to quantify the mobility benefits of th@lowing TSM&O strategies thaare current
deployed in Florida:

Freeways
A R aMetpringSystem
A Dynamic Message Signs (DMSs)
A Road Rangers
A  Ex paness s
Arterials
A Transit Signal Priority (TSP)
A Adaptive Signal Control Technology (ASCT

For each of these strategies, an index calletlility Enhancement Faor (MEF) was developed.
The analysis utilized specific performance measures for each strategy to develop th&abkeFs.
4-29 shows the MEFs for each of the TSM&O strategggaluated n this study As can be
observed from th&able4-29, all the TSM&O strategies resulted in mobility improvemenits
the exception afhe impact oASCT in thesouthboundlirection of the study corridam Tuesday,
Wednesday, Thursdandduring PM peak
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Table 4-29;: Summary of MEFs for TSM&O Strategies

TSM&O Strategy PRI MEF* MEF Interpretation
Measure
. o0
0.784 (LOS C&D) Ramp metering is expected to redBiey ~22%when
Ramp Metering | Buffer Index LOSisCorD
P 9 Ramp metering is expected to reduceéb~30% when
0.701 (LOS E&F) X
LOSisEorF
Dvnamic Average Speed A 6% reduction in average speeds will be observed wher
Y g¢ op 0.94 messages displayed cragtated information, compared to

Message Signs = Adjustment when the DMSs display advisory information.

Incident Overall,Road Ranger response is expected to reduce
€ Road Rangers | Clearance 0.747 S 9 SP P
© . incident clearance duration by 25.3%
= Duration
g 0.5 (NB)Performance of ELs compared to the| ELs are expected to reduce Bl by 50% compared to -
o adjacent GPLs adjacent GPLs on 95Express NB direction.
0.4 (SB)Performance of ELs compared to thei ELs are expected to reduce Bl by 60% compared to their
adjacent GPLs adjacent GPLs on 95Express 8iBection.
T 0,
Express Lanes | Buffer Index 0.8 (NB)Performance of GPLs when ELs are Bls for the GPLsre expected tmprove by.20/° on
) 95Express NB when the ELs were operational compared
operational
when they were closed.
Bls for the GPLsre expected tonprove by60% on
g.4e§§tli30)§aelrformance of GPLs when ELs are 95ExpressSB when the ELs were operational compared t
P when they were closed.
TravelTime 0.96 (for all vehicles) TSP is expected to reduce travel timeupyto4% for all
Transit Signal 0.91 (for uses) vehicles and byp to9% for buses along the corridor
Priority AverageVehicle . TSP is expected to reduagerage vehicle delay by up to
DelayTime 0.87(for both buses and all vehicles) 13% for both buses andll vehicles
1) NB
= 0.96 (on Weekdaysp.934(on AM Peak)
= .
E Adaptive Signal 0.978(on PM Peak)0.953(during offpeak) E.g.*: Adaptive Signal Control Technology expected to
Control Average Speed increase average speed by 4% on weekdays on the NB

SB

1.00 (on Tuesday and Thursday)

1.02 (on Wednesday).967(on AM Peak)
1.048(on PM Peak)0.979(during offpeak)
Note: RMS = Ramp Meteringignals LOS = Level of Service. EL = Express lanes, GPL = Germmrgiose lanes, NB = Northbound, SB = Southbound, BI =
Buffer Index, DMS = Dynamic Message Signs, TSP = Transit Signal Priority.

*Only one MEF is explained as an example. The other MEFs coulttdérpiieted ira similar manner.

Technology approach.
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CHAPTER 5
SAFETY BENEFITS

Thischaptediscusses the methodology and the safety benefits of the following TSM&O strategies
deployedn Florida:

Freeways
1 Ramp Meterindsystem
1 Dynamic Message Sigr{pMSs)
1 Road Rangers

Arterials
1 Transit Signal Priority (TSP)
1 Adaptive Signal Control Technology (ASCT)

5.1 Ramp Metering System

Ramp metering or signaling is a traffic management strategy that employs traffic signals installed
at freeway orramps to control and regulate the frequency at which vehicles join the flow of traffic

on the freeway mainlingsan et al., 2011; Mizuta et a22014) The following subsections discuss

the study corridor, data used in the analysis, methodology, and the safety benefits of ramp metering
operations.

5.1.1 Study Corridor

A section along-B5 in MiamiDade County, Florida was selected as the stodydor to quantify

the safety benefits of the ramp metering strategy. This approximatehyld@ection of 195 has

a ramp metering system stretching between Ives Dairy Road and \&t@t in both directions

of travel. Ramp Metering Signals (RMS®dame operational in 2009 and are located at each of
the 10 northbound ramps and 12 southbound ramps alon§®h&udy corrido(Zhu et al., 2010)
FDOT District 6 operates and manages the syskegure4-1(a) (see Section 4.1..8hows the
locations ofthe existing RMSs along the study corridor, and Figlai¢b) provides an example
view of the RMS at the NW 89Street orramp to +95 NB.

5.1.2Data

Four datasets were used to evaluate the safety benefits of the ramp metering strategy: traffic flow
data, crash data, RMS operations data, and contextual data.

5.1.2.1Traffic Flow Data

Traffic flow data were collected from the Regional Integrated fanation Information System
(RITIS), a comprehensive database containing data from different original sources. The traffic
volume, speed, and occupancy data originated from traffic sensors managed by FDOT District 6.
All the traffic flow data were colleetd at 5minute intervals over a study period of three years,
from 2016 to 2018.
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5.1.2.2 Crash Data

Crash data were collected from tBanGuid& incidentdatabasdor athreeyeass study period
(201671 2018). Thedatabaseontained detailed information @it each crash, including ttiene
of occurrence, crash locatioandcrash clearance timeline. Additional details on SuaGuidé&
database are discussed in Section 3.2.

5.1.2.3RMS Operatior Data

RMS operations data for the study period (202®18) were obtained from the FDOT District 6
RegionalTransportation Management Cenleif MC). Data collected included: tu@n/Off time,
turn-On reason, and event identification number from the incideatifitte turaOn reason was
an incident. The tuH®On reason consisted of six categories: recurrent congestiomeoament
congestion, incident, weather, central time of day (CTOD), acaltime of day (LTOD).

5.1.2.4Contextual Data

To supplement th traffic flow, crash, and RMS operations data, the distance between traffic
detectors, the number of points along the mainline where vehicles entered the freereayp®n
and exited the freeway (eftmps), were determined using Google Maps.

5.1.3 Methodology

A crash risk model was developed to measure the safety effectiveness of the RMS operations on
the study corridor. The impacts of traffic flow characteristics and RMS operations on the risk of
crashes on the segments with RMSs were analyzed.dllbeihg sections provide a detailed
discussion on the research design, the applied statistical method, and the selection of model
variables.

5.1.3.1 Crash and Ne@rash Cases Study Design

A casecontrol study design was applied by considering crashreorecrash cases. A matched
crash and nowgrash analysis enabled the exploration of the effects of traffic flow variables while
controlling the impact of confounding factors through study design. For each crash case, the
corresponding noewrash cases wereettrmined using the spatial and temporal characteristics of
the crash.

For each crash used in the analysis, the location, categorized as upstream or downstream of an on
ramp with RMS, the time of the crash, and dlag of the weelweredetermined. Noftrash cases

were then identified as having occurred at a similar time and location to that of a corresponding
crashand having occurred on any weekday. Note that weekends, holidays, and days during
Hurricanes Irma or Michael were excluded from the analy=is.example, for a crash that
occurred on a Monday at 8:00 AM on a segment downstream of the NAVSIrE®t RMS (see
Figure5-1), the corresponding necrash cases were identified within the same week on a Tuesday,
Wednesday, Thursdagnd Friday at 8:00AM on the same segment, given no other crashes
occurred at the same location during these days. Therefore, the ratio of 1 crash-toaéhaases
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was used in the analysis, similar to methods used in pregasesontrol safety studiegXu, et
al. 2012)

After identifying the cases traffic flow data were collected for each crash case and its
corresponding nowrash cases from the detectors upstream and downstream of the case location.
Traffic flow data for each lane in the segment was colldctegperiodof 30 minutes, in Sninute
intervals, before the crash or norash case occurred. The traffic flow condition of the segment
was estimated by calculating the avemaupe of
interval. In additionyarious traffic variables, established by previous studies, were calculated at
5-minute intervals, including the coefficient of variation of speed (CVSktdredardieviation of

speed, volume, occupancy, and voldim@ccupancy ratio. Crashes and tharresponding nen

crash cases with missing traffic detector data were removed from the analysis SFiggirews

the location of traffic detectors for the study segments related to the RMS at the N\Stfel
onrrampand its related downstream segmienta hypothetical crash.

s NW 119th ST
-
-
v N
NV :‘ Ny
- W I
8 é
& - N 11710 S .S
1
N
5
tu
“'m
=
d
-
-
-
o
Rl
Legend
*‘ % Crash
'* Traffic_Detectors
g Ramp_Signals
:] Downstream
0 0.05 0.1 0.2 03 ow
— — Miles

Figure 5-1: Example of Analysis Segmentfor RMSs
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5.1.3.2Logistic Regression with Random Parameter

A logistic regression with a random parameter was used to investigatelatienshipbetween

the traffic flow variables and otherd@ars on the risk of crash occurrence. Logistic regression
models are used to predict the choices between binary or two alternatives. However, the traditional
logistic regression does not consider details of each specific observations or its associated
heterogeneity. For this study, it was important to apply a methodology that allows for the
possibility that the influence of variables on crash andarash cases may vary across the freeway
segments. Since driver behavior and geometric characteristicitwans unrealistic to assume

traffic volume, traffic speed, and occupancy were the same across all freeway segments. To
account for such unobserved individual heterogeneity, an extension of logistic regression that
considers a random parameter was usédearanalysis.

A random parameter logistic regression was applied to the dependent categorical variable of the
crashand norcrash cases to account for the effect of individual freeway segments downstream of
onrramps with RMSs. The modeling approach used for determining the crash-orasbrcase

for the freeway segment was defined as shown in Equ&tibnin Equation5-1, yin is a case
function determining the case categofgrash case, necrash case) on freeway segmeti is

a vector of explanatory variables (traffic volume, speed, and occupérnisyg;vector of estimable
parametersand Gh is the error term. To allow for the parameter variations across roadway
segments (variations in), a mixed distribution is intracted such that the crash and fooash

case proportions are calculated using Equabi@n where' Q) 6o is the density function ob

whilet refers to a vector of parameters of the density function (mean and variance).

®w o - (5-1)
0  ——"0 $%'Qf (5-2)

Thereforep accounts for segmespecific variations of the effect gbn crash and nearash case
proportions, with the density functiof)f 960 used to determink. The density function used in
this study, Q' $%60, was selected by testing different distributions aakcting one with a better
model fit. The estimation of the model variables was performed by a simuies®ad maximum
likelihood using Halton draws, and the analysis was performeR Btudiq an integrated
development environment f&, a programminganguage for statistical computing and graphics

5.1.33 Model Variables

Similar to previous studieshe following variables wereonsidered in the model to examine the
impact of traffic flow characteristics on crash risk: the coefficient of variation of speed (CVS), the
standard deviation of speed, the standard deviation of traffic volume, and the standard deviation
of traffic occypancy. These traffic flow measures were collectedmirute intervals; however,

only the traffic flow characteristics at 5 minutes, 15 minutes, and 30 minutes before the crash were
considered in the analysis. This approach was used to determine bw#ffib#ow risk near the

time the crash occurred and well before the crash event so as to know the crash risk in advance
and disseminate travel advice to drivers. Apart from the continuous variables, the RMS operations
variable consisted of two categ@i®perational and neoperational.
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5.1.34 Variables Correlation

A Pearson correlation test was performed to investigate the existing correlation between the
variables related to traffic flow. Figurg&2 shows the Pearson correlation test results for al
variables selected as independent variables for the logistic regre3#ii@nvariables were not
included in the model based on their high correlation values to the selected variables. A correlation
value of+/-0.6 was used to determine variables witfhtor low correlation. Variables with values
higher than +0.6 and those with valuesest tharr0.6 were considereid behighly correlated.
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Figure 5-2: Correlation of Traffic Flow Variables Downstreamof RMSs
5.1.4 Reslts
5.1.4.1 Descriptive Statistics
The dataset used in the analysis contained 1,516 cases for the downstream segments, whereby 33%
were crash cases and 67% were-omsh cass, as shown in Tabe1. Approximately 31% of
cases associated with roperational RMSs were crash cases, while 69% werecragh cases.

Table5-1 summarizes the data used in the analysis based on RMS operations.

Table 5-1: Descriptive Statistics of he Dataset Based oRMS Operations

RMS status Crash Cases Non-Crash Cases Total
Number % Number %
Operational 366 33% 746 67% 1,112
Not operational 127 31% 277 69% 404
Total 493 33% 1,023 67% 1,516
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Table5-2 providesthe descriptive statistider the continuousvariables used in themodel. The
analysis revealed that a higher average CVS and standard deviation of volume were associated
with crash cases when compared to-nmash cases that occurred five minutes |atkso, higher
standard deviations of traffic occupancy were associated with crash cases comparectasimon
cases that occurred 30 minutes later. Lower standard deviations of traffic speed were associated
with noncrash cases compared to crash casesdticatred 30 minutes later.

Table 5-2: Descriptive Statistics of Continuous Variables for Safety Evaluation of RMSs
Crash Cases Non-crash Cases
S.D.  Min. S.D. Min.

Variable
CVS, 5 minbeforea

Mean Max. Mean Max.

. . 011 007 001 030 010 006 001 0.36
particulartime
S.D. of volumes minbefore | 1, 59 [ gog | o058 | 37.40| 1234 | 848 | 1.00 49.60
aparticulartime
S.D. of speed30 minbefore 55, 535 007 1687 307 225 @ 0.10 15.44
aparticulartime
S.D. of occupancy80 min 379 | 271 | 016 | 1538| 371 | 258 | 023 14.59

beforea particulartime
Note: CVS = Coefficient of variation of speed, S.D. = Standard deviation, Mitinimum, Max. =Maximum, min =Minutes

Figure5-3(a) and5-3(b) show the distribution of standard deviations of volumes and occupancy
five and thirty minutes beforethe crash and nowrash cassaccording to RMS operations
respectively As shown in Figur&-3(a), both crash and namash cases that occurred whevi$s

were operational are associated with lower standard deviations of volumes compared to cases when
RMSs were not operational. Figuse3(b) shows more distinct distributions between cases. It
suggests that cases associated with operational RMSs alduighed standard deviations of
occupancy compared to cases when RMSs were not operational.
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Figure 5-3: Distribution of Traffic Volume and Occupancy According to RMS Operations
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5.1.4.2 Model Results

Table5-3 summarizesheresults of the logistic regression with a random paranfi@tesegments
downstream of the RM$Results showed that the crash occurrence riskpatteculartime was
significantly affected by the standard deviation of speed 30 mirbgésre the timestandard
deviation of occupancy 30 minutksfore the timgand the ramp metering operati@ghat time.

Table 5-3: L ogistic Regressionwith a Random Parameter Model Results

. . Std. Odds
Variable Estimate Error Z-value P-value Ratio
CVS, 5 minbefore a particular time 0.679 1.091 0.623 0.533 1.97
tS|mDe of volume5 minbefore a particular -0.006 0.008 -0.730 0.465 0.99
tS|mDe of speed30 minbefore a particular 0.069 0.030 2299 0.021 1.07
S.D. of occupangyB0 minbefore a 0126 = 0026 4828  0.000 1.13
particular time
RMS operational -0.533 0.151 -3.536 0.000 0.59
Mean of constant -1.059 0.217 -4,892 0.000
S.D. of constant 0.396 0.067 5.905 0.000

Note: CVS= coefficient of variation of speed, S.B standard deviatigrmin = minutes.

The unit increase in the standard deviation between lane speeds indicates a 7% increase in the risk
of a crash 30 minutes later. A higher standard deviation indraffeeds between lanes may
indicate turbulent traffic conditions. For segments downstream of an entry ramp with RMSs, a
high standard deviation of lane speeds can be associated with higher speeds on inner lanes (left
and center lanes) and lower speedstanright lanes that are adjacent to the ramp acceleration
lane. This is expected since drivers in the right lane may need to p&af@ohangingnaneuvers

with small gaps in thbigh-speedanes, thus increasing the risk of sideswipe oregar crashes.

Model results also indicate that a unit increase in the standard deviation of traffic occupancy
corresponds to a 13% increase in the risk of a crash 30 minutes later. Similar to traffic speeds, high
standard deviations in occupancy between lanes isiassbaevith turbulent traffic flow in the
downstream segment. However, the traffic occupancy impact on the risk of crashes was observed
to be more than that of traffic speeds. The higher difference amtlentof time drivers spend at

the same point on segment, compared to adjacent lanes, may frustrate drivers to a point of
accepting lane gaps that they would not have accepted in normal conditions and increase the risk
of being involved in a crash.

The crash risk on the segments downstream of
The model suggests a 41% decrease in crash risk when RMSs are operational compared to when
RMSs are not operational. The RMS controls the movement of vehiclekhéntoainline, which
harmonizes the traffic flow on the mainline by ensuring less disparity in traffic conditions between
lanes. As suchessrisk results fromanechangemaneuvers and less havdaking scenarios occur,

thus, reducing the risk of sideswipe and ead crashes downstream of entry ramps.

The standard deviation of constamdlicates that there exists a significant variation in the crash
risk between the domstream segments. This means that although other factors influencing the
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crash risk are similar, there is dispariggardingthe mean crash risk when the independent
variables are not considered. In addition, the significance of the negative mean ahtconst
indicates that the unobserved heterogeneity in the segments leads to a decreasskirofthe
crashes.

5.1.5 Conclusions

Ramp metering ia TSM&O strateg thatutilizes signals installeat freeway orrampsto improve
mobility, reliability, and safiy on freewaysAs congestion continues to become more problematic

on roadway networks, transportation agencies are increasingly seeking to deploy ramp metering
signals on freeway eramps. Although ramp metering isn@obility-basedstrategy, it can help
improve safety along the segments downstream of the entry ramp. Currently, there is a scarcity of
literature on the safety benefits of ramp metering signals. Therefore, the objective of this study
was to develop a consistent and easily comparable safetfitbmrasure for ramp metering.

The study analyzed the benefits of ramp meteilyganalyzing the crash risk on the freeway
mainline.The risk of traffic crashes was estimated usiregsecontrol study design of crash and
noncrash cases. The crash casese identified using the crash data, while the-a@sh cases

were identified using the spatial and temporal criteria of each crash case. Traffic flow
characteristics at 5 minutes, 15 minutes, and 30 minutes before both cases (crashcaashhon
werecollected and used in the model to identify factors that influence the crash risk on the freeway
mainline. Apart from the traffic flow characteristics, the operational status of RMSs (i.e.,
operational or notperational) was used as a variable in the rnimdédentifying the influencing
factors usinga logisticregression with a random parameter.

Results from the logistic regression model showed ttatcrash risk at a particular time was
significantly affected byhe standard deviation of speed 30 ni@steforethe time the standard
deviation of occupancy 30 minutegforethe time and ramp metering operatioas thattime.
Moreover, results revealed a 41% decrease in the risk of crashes whenweMS®gperational
compared to when theyerenot operational.

Based on the study results, it can be concluded that ramp metering operations improw safety
the freeway mainlineHowever, he improvements evaluated in this study are applicabllee
mainline trafficwhen ramp metering is operational during peak ho@dslitional research is
needed t@valuate theafetyimpact of ramp meteringluring offpeak hours, as well astisafety
implicationsof ramp metering on adjaceatterials.

5.2 Dynamic Message Signs

Dynamic Message SignDKSs) are programmable electronic signs used for disseminating
information to road users. Generally installed along freeways, DMS messagesmaist of real

time alerts regarding unusual traffic conditions, roadway incidents, adverse weather conditions,
construction activities, travel times, road closures or detours, advisory phone numbers, etc. The
information displayed on DMSassist motosts in making informed decisiorthus, enablingast

and appropriate responses to changing treffilitions and incidents (Montes et 2008). Much

of the literature on DMSs used surveys to evaluae effectivenesgChengandFirmin, 2004;
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Peng et al., 2004; Chen et al., 2008). Surveys are effective in obtaining user perception on how
drivers respond to different messages displayeddS s , especially pertai
decision, such as purpose of travel, schedule flexibility, travel distance, cause of congestion on
current route, familiarity with alternative routes, information available on alternative routes, and
previous expeences with traveler information. However, the responses that drivers provide may

not necessarily be the same as how they would react when faced with actual situations. Therefore,
this research used ret@tne traffic data to assess the reaction of dritethie messages displayed

on the DMSsand the implication of those reactions on safety

5.2.1 Study Corridor

In Florida, DMSs have been deployed statewide on all major freeways and some ftarthis

study, the analysis focused on permanently nedibdMSs along-FF5. As shown inFigure 4-5

(see Section 4.2.1)he approximatelyd71-mile I-75 corridor that runs across the entire state of
Florida and passes through FDOT Districts 1, 2, 4, 5, and 7. This study corridor was selected
primarily for two easons: the presence of DMSs betweeraod offramps and the availability

of DMS message data from 2016 through 2018. As of June 28d®yt140 DMSswere
operational along the study corridor

5.2.2 Data
5.2.21 DMS Log Messages

The dataollection process involved contacting fRegionalTransportation Management Cerster
(RTMCs) in eachFDOT dstrict to acquire information on the locations of DMSs (i.e., longitudes
and latitudeshileposts), the direction of traffic that the permareaunted DMSs are facing (i.e.,
southbound or northbound), the logs of all messages displayethedreljin and end timestamps

for each message for a period of three years, from 2016 through 2018. Data from 43 DMSs were
collected from th(RTMCs in FDOT Disticts 1, 2, 4, 5, and 7. Entry logs for ma$tthe DMSs
consisted of more than 4,000 entries of messages throughoutyter @alysisperiod. The
messagescludedtravel time information, silver and amber alerts, congestion and safety warning
messagesyeather information, advisory messages, such as DUI, seatbelt law, crash and incident
information, roadworksetc Each message was associated with the time it was displayed and the
time it was removed. Some messages were displayed for longer periode while others lasted

for shorter durationsOf the 43 DMSs, 20 did not have data for all three yeathaénalysis

period hence, onlyhe23 DMSs that had data for the f@Hyearperiodwere used in the analysis.

DMS messages listed in the logsluded a variety of warning messages to drivers regarding their

own safety, the safety of other drivers, stalled vehicles, and emergency responders. The data
reduction process involved sorting the messages that reported information requiring driver action
from messages that did not require drivers to change their driving pattern or hehAbi@mrgh

there were several messages identified that reported critical roadway conditions that tequired
drivers6é attention, t he a ndsplagyedicsmsh wmiarsatidtoo c u s e d
compare with messages that did not require drivers to change their driving pattern or behavior
Thesecrashmessages informed drivers of the presenceavésh downstrearalong the corridor

and gave information about possible impacts of the crash, such as lane aosadesories to
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use cautionSome of the messages indicated the location of the crash in terms of distance from the
DMS, such as the milepost of the crédstation andbr the name of the downstream intersecting

roadway. Examples of such messages indu@eRASH 1 MI AHEAD USE CAUTI ¢
I-75ATSR22 2/ NW 39TH AVE RT L ANE7SBEYDOBKERMALLCRASH
LANES BLOCKEDO, &etc.

5.2.2.2 Traffic FlowData

Traffic flow data used for analysis included r&ale traffic volume, speed, and occupancy. These
data were retrieved froRITIS for three year$2016 through 201)8and collected only forthe
detectors within the influence area of the DMSs. within 1000 feet upstream and downstream
before the next rampPetectors upstream and downstream of DMS locations were identified
based on location data (latitudes, longitudes] mileposts), and ‘inute aggregated retime

data wereextracted from eachetiector. Theealtime data were merged with the identified DMS
messages based on the times the messages were displayed. Dise¢edneounts of both DMS
message data and raahe trafficdatg the merging process was performed using a code developed
with the C# programming language. Further analysis focused ontii@speeds of the vehicles to
determine thesafetyimplications of the DMS messages.

5.2.2.3 Crash Data

Crash data for the yemP016 to 2018 on-¥5 were retrieved fronthe SignalFourAnalytics
databasgeastatewide interactive, webased geospatial crash analytical tool hobteitie Geoplan
Centerat theUniversity of Florida.The data includedrash information and related attribytes
such as location, dates and times of the crastee®rity, weather condition, lighting condition,
etc.A total of 21,016 crashes were retrieved for the entit® $tudy corridor for the-gear study
period. The data were then reduced to obtain the crashes within the DMS study lo€atisins.
location information wasused to associate the crashes with their respective DMSs to identify
crashes that occurred downstreanthe DMSs. The crashes were then matched with the specific
messages that were being displayed during the reported tittneavéish ocarrence.

Fromthe analysis aflisplayed crash messages that indicated the locatecrash(e.g,i CRA S H

2 MI AHEAD USE thedistaricdhedwden the DMS and the crash locatianged

from less tharmnemile to 40 mileswith anaverage of 10 m@éisbetweerthe DMS and the crash
location Note that thedownstream crashes referred to by the DM8ssagesould not be
identified with certaintyThe segments between the DMS positimnabout 10 miles downstream

were considered as potential segmentdHe occurrence afecondary crashggrashes restuitg

from the impacts of therimary crashreferred to by the DMS messaga$ shown in Figurg-4.
However, since variations in speeds were determined from detectors immediately downstream of
the DMSs, the influencef the messages to drivergas not expected to extend 10 miles
downstream.
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Figure 5-4: Segments for Crash Da& Collectionfor Analyzing Benefits of DMSs

5.2.3 Methodology

Previous researcbuggest that the probability of a crash or potential crash is largely dependent
upon the turbulence in the traffic flow (Lee et al., 2003). The use ofinealtraffic flow data to

predict crashes has been encouraged to improve crash prediction models, as opposed to using
archived crash data typically used in traditional mod&fs gndAbdelAty, 2015.

The reattime traffic data collected from detectatewnstream othe 23 DMSs were analyzed

using theCVS as a surrogate measure of safety. Speed variatimsesved 30 minutes prior to the

display of thecrashmessages were compared with speedvariationsobservedor 30 minutes

during the display of therashmessagegsolobandRecker 2003) Duringthe3émi nut e fAbef or
period, the DMSs displayed messages that did not require drivers to change their driving behaviors,
e.g., travel time information, amber alerts,and vi sory messages, such as
NOT DRI VE UNDER | NFLUENCEO, et ceferred toaslear t ypes
messages in this study.

An analysiswas conducted to determine the traffic behaguariations in speedslownstream of

the DMSduring the display oflear andcrashmessagesas illustrated in the flow chart shown in
Figure5-5. For each pair ofrashandclear messageshe CVSwas calculated. The goal was to
compare the variations in traffic speetisingthe first 30 minutesf a crashmessage display with
the variations 30 minutes beforehen a clear message was being displayed. The processed
dataset, therefore, consisted of two set€\¥§6 data, i.e., one set fatear messages and another
set forcrashmessages.
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Figure 5-5: Data ProcessingStepsfor Analyzing Safety Benefits of DMSs
5.2.4 Results
5.2.4.1 Paired-test

A pairedt-test was performedn the two sets o€VS data The nul hypothesis waset asthe
difference in the means of the GWhenclearmessages were displayaddwhencrashmessages
were displayeds equal to zerdi.e., H: 0 @ = 0 w ). The alternative hypothesigasthat
the CVS when crash messages were displayed aigherthan the average speeds wiadear
messages were displayaih 95% confidencinterval(Ha 0 @ >0 @ ). Table5-4 presents
thet-testresults
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Based on thétest results, thaull hypothesisvas rejectedThet-statistic valuavas found to be
greater than the criticatvalue at a 95% confidencdevel. Ths signifies that theoefficient of
variationof vehicle speeds durirthe crashmessagewere significantlyhigherthan the CVS of
speedsluring theclear messages.

Table 5-4: t-Test Results for Coefficient of Variation of Speed
Coefficient of Variation  Coefficient of Variation

Estimates of Speed When DMS of Speed When DMS
DisplaysCrashMessage DisplaysClear Message

Mean 0.10 0.09

Variance 0.03 0.02

Number of Observations 876 876

Hypothesized Mean Difference 0

Degrees of Freedom 1,625

t-Stat 1.7086

P (T <=t) on&tail 0.0439

t-Critical onetalil 1.6458

The crash messages analyzed consisted of two p&itst, information about the crasias
consideredandsecondlythe expected downstream status or advisory information, suthJaS E
CAUTI ONO, ART LANBLBLOBKEBO ,BL OCWd ansideredt c .
Advisory information requires drivers to take action, such as changing their driving speed or
changing lanes. From the mobility analysied Chapter)4an average vehicle speeiuction of

up to 6% duringrashmessages was observed. During crash message displays, the flow of traffic,
particularly the speed of vehicles, was found to be less uniform, compared to conditions when
clear messages were display€ehe higher variationin speed duringrash messages may be
attributed to the driversod responses to the p

5.2.4.2 Crashes during Clear and Crash Messages

Based on previous studies, variations in vehicle speeds are considered to promote the potential for
crashoccurrenceGolob et al.,2008 ShiandAbdelAty, 2015. Therefore Gsecondary crashés

that occurred downstream of the DMSs, between the DMS location and the location of the
rimaryd crash (the crash referr edpritnasycriasg® tehvee nODMS)
were identified. For this scenario, further analysis was conducted to investigate the crashes that
occurred during the display oiear messages artashmessages. For both NB and SB directions,

the crashes that occurred downstream ef@MSs 30 minutes during tleeashmessagelisplay

and 30 minutes prior to thmwashmessage (during the displaya&ar messages) were filtered.

Out of 21,016 recorded crashes en5l during the 3/ear study period, 18 crashescurred 10

miles downstream of the DMSs 30 minutes afterdiash message started displaying, and 23
crashes occurred 30 minutes prior to ¢h@shmessage (i.e., duringéltlear message display).
Within two miles downstream, five crashes were observed dumagh messages and eight
crashes duringlearmessages. Due to the small sample size of those crashes, no further statistical
analysis was performed. However, the ltatamber of crashes duringrash messagesvas
relatively lower than the number of crashes duiepr messages, even though higher speed
variations were found duringrashmessage displays.
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The fewernumber of crashes during tbeashmessagesuggestshatdrivers compliedvith the

DMS messages, and although they reduced their speed and changed lanesalimngssages,

they proceeded more cautiously. As a result, the variations in speeds did not actually result in
secondary crashes

5.2.5Conclusions

This section provided the safety analysis of DMSsising the coefficient of variation of vehicle
speedgCVS) as a surrogate safety measure. The variations were determinetheltésplayed
messages on DMSs did not requdrevers to takeaction (clear condition/informatiomessaggs
versus when the DMSs displayed messages athmwhstreamcrashesRealtime speed data
collected from RITIS, aggregated fomiinute intervals, for a-§ear study period (20162018)

were used to evaluate the coefficient of variation of speeds. The variations were determined
downstream of the DMS locations where vebgcivere assumed to have started reacting to the
posted messages on the DMSs.

The t-test results comparing tH&VS during clear message periods amtlash message periods
showedhe CVS duringcrashmessageweresignificantly higher than duringear messgesat a
95% level of confidence. Based on thigerature review, variations in vehicle speeds have
translated into thpotentialfor crash occurrenceghe number of crashes downstream during crash
messages wakowever relatively small Out of 21,016 ashes that occurred o+¥5 duringthe
three years, 18 crashescurred 10miles downstream of the DMSs 30 minutes afterdiash
message started displayjrand 23 crashes ocead 30 minutes prior to therashmessage (i.e.
during theclear messagealisplayg. Within two miles downstreanfive crashes were observed
duringcrashmessages arglghtcrashes duringlear messages.

Overall, displaying crash messages on DMSs was found to redelvar crasheslespite the
increase in speagdriations. It is worth noting that the higher variations in vehicle spsestsved

when the DMSs displagrash messageasay be attributed to o#hn sources of information such as
navigation maps, Highway Advisory Radio, etc. The analysis did not consider other potential
factors such as incidents downstreamalthiay result in speed reduction and variatidits.ough
changes in the traffispeedsand the occurrenceof secondary crashesrovideinsight intohow
drivers reactdriver responses tthe DMS messageare subjective and dependent upon driver
behavior.

5.3 Road Rangers

The Road RangefService Patrol (simply known as Road Rangers) isRypisgram provided by
FDOT that offers free highway assistance services to motdRetsd Rangers provide a direct
service to motorists by providing a limited amount of fuel, assisting with tire changing and other
types of minor repairs, and by quicklyeaking travel lanes affected by incidendas well as
supporting other responders at crash siksrida®s Road Rangers provide assistance during
incidents onstateroadways to reducdelays and improve safety for the motorists and incident
respondersThe following sections discuss the selected study corridors, data collected, and the
methodology used to quantify the safety benefits of the Road Ranger program.
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5.3.1 Study Corridors

The folowing freeway corridors in Jacksonville, Floridamgincluded in the analysis of tisafet
benefits of Road RangetstiterstatelO (I-10), 1-95,andl-295 As shown inFigure5-6, the study
corridorsinclude a 3&mile section ¢ 1-95, a 21mile sectionof 1-10, and a 61-mile section ¢ I-

295, for a total of 17 miles. The posted speed limigdong the study corridorsnge between 55
mph and 70 mph.
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Figure 5-6: Road Ranges Program Study Corridor

5.3.2 Data

Data collected to evaluate tkafety benefits of the Road Ranger progiaoiuded speed data
from BlueToa® devices incident data fronthe SunGuid®@ databaseand realtime traffic data

from the RITISfor the years 2015 2017.A detailed discussion dhese data sourcesprovided
in Section 3.1.
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5.3.3 Methodology

The objective of the analysis was évaluae the safety benefits of Road Rangers based on real
time traffic flow conditions. Tis was achieved through the following steds: identificatian of
SCs; @) identification of SC contributing factors; and finall) prediction of the probability of
SCs and estimation of the safety benefitdhefRoad Rangeprogram Figure 5-7 providesa
framework forthe evaluationprocessadopted in this styd

:_ Inputs 1|
[ |
| |Incident Characteristics Operational Traffic |
| |* Date, time Characteristics Characteristics |
|| Incident type * Responding e Hourly traffic volume| |
y Incident severity agencies e Vehicle speed |
il Lanes/shoulders affected e Towing e Occupancy |
[ e e B e e I
\ 4 \ 4
Incident impact Secondary crashes
duration estimation identification
r-r———~~Fr """ """\~ T 7= 1
.| Secondary crashes occurrence

A

prediction model

\ 4
Road Rangers safety benefits
evaluation

Figure 5-7: Framework for Road Ranger Safety Benefits Evaluation
5.3.3.1 Identification of Secondary Crashes

The first step in the safety evaluation process was to identify crashes that would be categorized as
SCs.Secondary crashessult from a change in traffic characteristics causegkioyary incidents
(Pls).Researchers have traditionally used static and dynamic approaches to identify SCs. Previous
studieqZhenget al, 2014, Gooddl, 2017; Kitali et al., 2018 Kitali et al.,2019Yanget al, 2018)

provide more details about these methods. In this study, SCs were identified using the method
developed byKitali et al. (2018) where the spatiotemporal impact ranges of the Pls were
identified dynamicallyusingarchivedBlueToad®speed datarhis method captusghe effects of

traffic flow characteristics, such as speed, that change over space and tiaffeemthe quee
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formation resulting from a PIit overcomes the challenges pfedefning the impact range
thresholds or considering tlieterministic quetseof Plsthat occur withimobserved quesdrom
empirical measurements

The developed SC identification algorithm was automated irRtheopgramminglanguage. As

presented imable5-5, out of 6,865 reported incidents analyz&87 incidents were categorized

as SCgesulting from377 pimary incidents The remaining incidents (5,951) were not linked to

SCs, and so were termed as Onormal d incidents

Table 5-5: SecondaryCrash Distribution by FreewayCorridors (201571 2017)
Secondary
Crashes Share

Freeway Normal Primary Secondary Total

Incidents Incidents Crashes Incidents (%)
1-10 E 133 16 20 169 11.83
I-10 W 105 9 15 129 11.63
1-95 N 1,581 110 174 1,865 9.33
1-95 S 1,387 95 133 1,615 8.24
1-295 E 555 13 15 583 2.57
1-295 W 2,190 134 180 2,504 7.19
Total 5,951 377 537 6,865 7.82

5.3.3.2 Complementary Legog Analysis

A complementary logog analysis was performed where the response variable (SC likelihood)
was binary, taking a value of O for normal incidents (incidérasdid notresultin SCs) and 1 for

Pls (incidentsthat resultedin SCs). From the descriptive s&tics provided inTable 5-6, Pls
constitute5.9% of all incidents This means that the proportion of R¥&s much less than the
proportion of normal incidents, i.e., the Pdad the normal incidenta/ere asymmetrically
distributed Thus, a complementaryd-log model (cloglog) was applied to associate the
relationship between the probability of SCs and predictors. The model analyzed the relationships
between the PI characteristics and the possibility of SC. A complementanglogodel, being
asymmetricabround the inflection point, provides a more reliable prediction of SCs likelihood
(Kitali et al., 2018). The cloglog model is asymmetrical with a fat tail as it departs from zero (0)
and sharply approaches one (Kijtali et al., 2018). The cloglog model can be presentesihg
Equationss-3 and5-4.

®w 60t ¢ AT a (5-3)
WaEQWEDRDI C T © AN (5-4)
where,
“ denotes the probability of a SC induced by a primary incident,
@ denotes the vectaf explanatory variables
I is the coefficients vectdor explanatory variables Yand

| isthespecificconstant term.

The likelihood function for the cloglogegression can be expressed ugtagation5-5.
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0 QB a0 “w p - w (5-5)

where“ @ s the probability of the event for thih incident, which has covariate vector
5.3.3.3 Potential Explanatoiyariables

To predict the likelihood 0BCs this study examirtea set ottheincident traffic, and operational
characteristics having the potenfiai inclusion as independent variables in tloglog regression
model. The goal was to determine what factors increase the likelihood off B following
variableswere considered:

Incident Characteristics

1 Incidentimpactduration: This variablereferredto thetimetaken for the traffic flow speed
to return to normal This was estimated using the approach
developed byHauleet al, 2018). It is generally assumed that
the SC likelihood increases as incident impact duration increases
(Karlaftiset al, 1999 Haule et al., 2018)

1 Incidenttype Since t is logical to anticipat¢éhatthe probability ofSCdiffers
with incident type thisvariable was considerazategorical that
included: crashes, vehicle problems (alided or abandoned
vehicles,emergency vehiclesjehicle fire andpolice activity),
and traffic hazards (debris, floodingpillage,and pedestrian
crossing).

1 Incidentseverity. Incident severity may influence the clearance time of an incident
resulting in a higher chance of SC. Therefore, this variable was
considered as a bivariate variable categorized as minor, or
moderate/severe

1 Laneclosure This variablerefered to whether an incident blocked travel
lane(s). The percent of lanes clodsedusually considered an
indicator of the severity of an incident, as severe incidents tend to
result in an increased number of lanes cloketthis study, a 25%
lane closure implied that one out of four lanes of a roadway
sectionwereclosed. A closurefane out of three lanes is reported
as a 33.3% lane closure, and 100% indicates that all lanes were
closed. It can be anticipated that the probability of SC increases
with an increase in the percent of lanes closed.

1 Shoulder blockage This variableefaredto whether an incidefitiocked a shoulder.
Similarly, it is logical to anticipatéhat the probability ofSC
increases when a shoulder is blockEais variable was divided
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into two categories: No (no shoulder is blocked) and Yes (at least
one shouldeis blocked).

1 Incident occurrence tim&his variableindicated whether the incident occurred during
peak hours (0600 to 1000 or 1530 to 1830 hours) epedk
hours (other times of dayJime factors are good indicators of
traffic conditions, driver alertness, and familiarity with the route
(Zhanet al, 2009)

1 Day of the week This variablewasa proxy for activity variability and was coded
as eithemweekday(Monday to Friday) or weekends (Saturdays
and Sundays).

1 Lighting condition This variablewvasa proxy for lighting variability and was coded
as daylight or night conditions,with respect to sunriggunset
times

Traffic Characteristics

1 Hourly traffic volume  This variable reflected the 15minute aggregatedtraffic
volumes, collectedfive minutes before thei nci dent 0s f
notified timeandwithin 1-mile upstream and downstream of the
incident

1 Vehicle speed This variableeflectedthe 15minute aggregateeehicle speeds,
collectedfive minutesbeforethet nci dent 6s f i r st r
andwithin 1-mile upstream and downstream of the incident

1 Occupancy This variable referred to the percent time that the sensor
(detectorwasoccupiedoy a vehicle, usuallgt 30sec intervals
The 15minute aggregatedetector occupancy was collected

five minutesbeforetha nci dent 6 s fandwghin not i f
1-mile upstream and downstream of the incident

Operational Characteristics

1 Responding agencies This variablewasa bivariate, coded as Road Rangers involved
or other agencies involved. Other agencies included, but not
limited to, Florida Highway Patrol (HP), Jacksonville
Sherri ffos Oof fice (JSO), emer
Department, and Safety Tow. Of the variabkhis was a central
variable.

1 Towing This variableindicated whether taving was involved omot
involvedin the incident.
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5.3.4 Reslts

5.3.4.1Descriptive Statistics

Table 5-6 provides the dscriptive statistics of variables selected doalysis and modelinfpr
6,088valid incidents N) from the initial 6,865 incidents analyzed. The 537 SCs preseniadia

5-5 were excluded from the analysis, as well as 18 Pls, and 222 normal incidents (not linked to
SCs)which had missing informatio©f the valid 6,088 observations, normal incidents accounted
for approximately 94.0%, and nearly 6.0% were primary incidents. Over half (53.07%) of the
incidents involvedrehicle problemswhile 36.84% were categorized as crastzasl10.0%96 were
associatd with traffic hazards.

Overall, statistics showed that Road Rangers responded to oveqtiameers (76.94%)fahe

6,865 incidentsanalyzed.As shown in Tablé-7, despite Road Rangers responding to such a
significant proportion of incidents, 270 (562 were Pls, which resulted to 321 (6.2%) SCs
compared to 107 (6.4%) Pls and 216 (12.9%) SCs responded to by other agenciés7 Bidie
presents the incident impact duration distributions with respect to the responding agencies. In all
cases, Road Raars were associated with shorter average incident durations compared to other
responding agencies. Since there exists a relationship between incident duration @gith&éals

et al, 2009), these reductions in incident impact duration can translate into substavihitime
andfuel consuptionsavingsfor motorists, as well as a potential reduction in SC occurrence.
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Table 5-6: Descriptive Statistics of the Variables for SC Likelihood Model

Categorical
Variable Factor Frequency Share (%)
Incident Normal incidents 5,729 94.10
Primaryincidents 359 5.90
Crash 2,243 36.84
Incident type Vehicle problems 3,231 53.07
Traffic hazards 614 10.09
Incident severit Minor 5731 94.14
Y Moderate/Severe 357 5.86
Weekday 5,702 93.66
Day of the week Iy end 386 6.34
Incidentoccurrence @ Peak 3,350 55.03
time Off-peak 2,738 44.97
N " Daylight 5,419 89.01
Lighting condition Night 669 10.99
0-25 5,254 86.30
0 1
Lane closure (%) > 25 834 13.70
Yes 3,468 56.96
Shoulder blocked No 2.620 43.04
Towing involved Yes 826 13.57
9 No 5,262 86.43
Responding agencies Road Rangers 4,684 76.94
P gag | Other agencies 1,404 23.06
Continuous variable Min Mean Median Max SD
Hourly traffic volume 8 192 186 1564 93.47
(veh/hr.)
Average vehicle 6.08 63.23 65.74 85.14 9.00
speed (mph)
CHETER CHEE] 0.24 7.69 6.88 48.29 4.37
occupancy
Incident impact 15 86.93 75 285 60.00

duration (min)
Valid N = 6,088

Table 5-7: Incident | mpact Duration with Respect toRespondingAgencies

Responding Mean Median . Std. Dev.
agencies/Incident level (min) (min) (min)
Other Agencies 99.19 83.3 1672 15 285 64.45
Normal incidents 92.13 75 1349 15 285 62.51
Primary incidents 154.68 150 107 30 285 62.63
Secondary crashes 118.06 105 216 30 285 61.44
Road Rangers 83.04 66.4 5193 15 285 57.99
Normal incidents 77.67 60 4602 15 285 54.59
Primary incidents 143.87 135 270 30 285 62.29
Secondary crashes 112.25 105 321 30 285 65.54
All incidents 86.93 70.5 6865 15 285 60.00

Figure 5-8 presents the relative frequencies of Road Ranger responses versugesgbeding
agencies.The four plots show that Road Rangers responded to vehicle problems and minor
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incidents more frequently than other agencies, and these responses were morerevidektays
and during peak hours.
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Figure 5-8: Road Ranger versuther AgenciesRelative Response Fequencies
(a) Incident type, (b) Incident severity, (c) Day of the week, and (d) Incident occurrence time

5.3.4.2 Secondary Crash Occurrence Likelihbtmtiel

Results from the regression analysis are presenieahbie5-8, andmostvariables are statistically
significant at the 95% confidence leWel 1@t v. All of thevariablesdiscussedn Section5.3.3
were included in the modeThese results can be useful in explaining how various factors affect
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SC occurrence. Estimated coefficients measure the changeSe tileelihood due to a change in

the predictor variable while keeping the other predictor variables constant. A positive estimated
coefficient implies an increase in SC likelihood, and a negative estimated coefficient indicates a
less likelihood of SC oeerence. The walues indicate whether a change in the predictor variable
significantly changes the SC likelihogd ( 18t v8The hazard ratio measures the instantaneous
strength of as thassociatiorbetween predictors and the probability of SC occurrence. In this
study, the emphasis was placed on Road Rangers.

The cloglog results imable 5-8 indicate that a unit increase in traffic volume increases the
likelihood of SCs by 0.1%. Alternatively, a timmcrease in occupancy increases the risk of SCs

by 0.9%. A study byKitali et al. (20183) suggested that congested traffic is characteriged
smaller gaps between vehicles, which limits maneuverability, and an increase in average
occupancy represents an increasgaffic density, traffic volatility, and queue formation. Thus,

at higher traffic volumes and occupancy rates, the disturbances induced by a PI can easily
propagate in queuing traffic conditions, leading to a higher risk of SCs. Similarly, when all othe
factors are held constant, the likelihood of SCs is higher dpeaghours than during other time
periods. The coefficient of the peak hours variable was positive, suggesting thratthleility of

SC is higher during peak hours.

Incident type and serity also significantly contribute to the likelihood of SCs. Crashes have a
higher likelihood of resulting in SCs compared to the incidents associated with vehicle problems
and traffic hazards. The risk of moderate/severe incidanteasse by 4.7% reléive to minor
incidents. One possible reason for the increagmiskis that he percent ofane closurégs an
indicator of the severity ainincident Severe incidents tend to result in an increased number of
lanes closedThus, lane closure will ingease freeway congestion, and as traffic queue length
increases, the possibility of SCs increase, as represented by its positive coefficient. Furthermore,
additional procedures involved in clearing collisions increase the incident duration which in turn
increases thprobability of SCs.

For responding agencies, the negative coefficient of Road Rangers indicates a decrease in the
likelihood of SC. Probabilities of SC are illustrated in Figbt@for Pls consisting of (a) a crash,

(b) a vehicle prolem, and (c) a traffic hazard. For example, for a moderate/severe crash that
occurred on a weekday during afternoon peak heittemoderate traffic (750 veh/h) conditions

at a mean speed of 60 mi/h and occupancy of 7.68, blocked both the shoulder ramdaada
impacted traffic for 90 min, from Figuie9(a), the probability of a SC can be estimated as 18.5%
when Road Rangers were involved compared to 21.2% when Road Rangers were not involved and
other agencies responded. This indicates a 2.7% reduatithre irisk of SC with Road Ranger
involvement.
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Table 5-8: Secondary Crash Occurrence LikelihoodModel Results

95 % Confidence

: o Interval Hazar
- Variable Coefficients | Std. Error - F? afi‘ od
Bound | Bound
Intercept -3.4666 0.6249 | <0.0001 -3.4826 -3.4506 0.031 | -96.9
) Hourly traffic volume (veh/h) 0.0015 0.0005 0.0024 0.0014 0.0015 1.001 0.1
I;if:z'iccterisﬂcs Average vehicle speed (mph) -0.0124 0.0081 = 0.1250 -0.0126 -0.0122 0.988  -1.2
Average detector occupancy 0.0090 0.0174  0.6042 0.0086 0.0094 1.009 0.9
Incident impact duration (min) 0.0119 0.0008 <0.0001 0.0118 0.0119 1.012 1.2
Incident type Crash
Vehicle problems -0.8820 0.1378 | <0.0001 -0.8855| -0.8785 0.414 @ -58.6
Traffic hazards -0.9734 0.3212 @ 0.0024 -0.9816 -0.9651 0.378 -62.2
Incident severity Minor
Moderate/Severe 0.0455 0.2052 = 0.0246 0.0402 0.0507 1.047 4.7
_ Day of the week Weekday
Primary/normal Weekend -1.1217 0.3120 0.0003 -1.1297 -1.1137 0.326 -67.4
incident . Incident occurrence time Off-peakhours
characteristics
Peak hours 0.4470 0.1360 @ 0.0010 0.4435 0.4505 1.564 56.4
Lighting condition Daylight
Night -0.0990 0.1967 0.6147 -0.1040 -0.0940 0.906 -9.4
Lane closure (%) 0-25
> 25 0.3550 0.1694 0.0361 0.3507 0.3594 1.426 42.6
Shoulder blocked Yes
No -0.3085 0.1262 0.0145 -0.3118 -0.3053 0.735 -26.5
Towing involved No
Operational Yes 0.2888 0.1470  0.0495 0.2850 0.2925 1.335 335
characteristics Responding agencies Other agencies
Road Rangers -0.1974 0.1559 0.0256 -0.2014 -0.1934 0.821 -17.9

Note: AIC: 2364.9, Null deviance: 2729.4, Residual deviance: 1312.5, pseudo R2: 0.42, Italicized variables are not signtdetat.9
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5.3.4.3 SafetyBenefitsof Road RangerProgram

As discussed earlier, the assumption exists that FSPs can help with reducangc8@® of their
duties is to provide traffic control at incident scenes, and the better the traffic contlelsshe
likely a SCwill occur. Additionally, sinceFSPsare nobile-based, thewre often able to arrive at

Figure 5-9: Probability of SC Occurrenceagainstlncident Impact Duration

180

an incident scene quickly to enable early safety protection and traffic corasuresvhich may

help to prevent another related incident. In this study, two safety scenarios of Road Rangers are

discussed. Tdnfirst scenario considerthe benefit delivered from reduced incident duratamd
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the secondcenario considers safety benefiitan traffic contro i.e.,increased safety at incident
scens.

Incident Duration Reduction

The hazard ratiokstedin Table 5-8 assist in quantifying the effect of predictors on the likelihood

of SC asthey measure the instantaneous strength of association between predictors and the
probability of SC occurrence. For example, the hazard fatimcident impact duratiohstedin
Table5-8 is 1.012. This suggests thiair each additional minutéhe incident impact duration
increaseghe likelihood of a S@hcreasedy 1.2%.Figure5-10shows that the probability of a SC
occurrence increaseasincident impact duratiomcreasesmplying that reducing incident impact
duration would translate into reduced SCs.

1.80
1.70 - 2
1.60 - X
1.50 - _X
1.40 - >
1.30 - -
1.20 XK

1.10 A --X

1.00 {*

O .90 T T T T T T T T
0 5 10 15 20 25 30 35 40 45

Incident Impact Duration (min)

Hazard Ratio
X

Figure 5-10: Probability of SecondaryCrash Occurrence

Sincethe analysisisowed thaRoad Rangenvolvementeducstheincidentduration by offering

faster incident detection and resporaseduction in SCsvas alsexpected. For example, if Road
Rangers reducineincidentduration by an average of 10 min, based~@ure5-10 (or Table5-

8), the likelihood of a SC decreases by 12.6%@m Table 5-6, the average incident impact
duration is 83.04 minutes with Road Ranger involvement, which is 16 minutes less than the
averagealuration with other responding agencies (99.19 min). Accordimglte5-9, a 16minute
incidentimpact duration corresponds to a hazard ratio of 1.209, indicating that Road Rangers may
help reduce the likelihood of SCs by 20.9%. Therefore, traffic neanegt strategiesuch as

Road Rangerghat clear roadway blockages quickly as possible have a significant impact on
reducing the probability of SCs.
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Table 5-9: Estimation of Reduction of Probability of SecondaryCrash Occurrence
Incident Impact ility of Secondary Crash Reduction

Duration | e Safety
Reduction Effectiveness Estimate
-
0 1.000 1.000 0.0 0.0 0.0
4 1.049 0.951 4.9 4.8 4.9
8 1.099 0.901 9.9 9.9 10.0
12 1.153 0.847 15.3 15.3 15.3
16 1.209 0.791 20.9 20.8 20.9
20 1.267 0.733 26.7 26.7 26.8
24 1.329 0.671 32.9 32.8 33.0
28 1.393 0.607 39.3 39.3 39.4
32 1.461 0.539 46.1 46.0 46.2
36 1.532 0.468 53.2 53.1 53.3
40 1.606 0.394 60.6 60.5 60.8
44 1.684 0.316 68.4 68.3 68.6

Traffic Control

Based on the model results presenteBable5-7, Road Rangers reduce the probability of SCs by
17.9% (mean 17.9%; 95% confidence interval: 271.8.2). This reduction may be associated with
how quickly Road Rangers respond to incidents. Also, safety features, such as the flashing lights
on the patrol vehicles, warn motorists to exercise caution in the vicinity of assisted incidents.

5.3.5 Conclusions

This study evaluated the safety performapiche Road Rangdreewayservicepatrol, a mobile

based program administered by FDOT to assist motorists and minimize the impacts of freeway
incidents on noecurring traffic congestion. Specifically, this study examined the benefits of the
Road Rangeprogramin reducing the rislof SC occurrenceA modelwas developetb predict

SC probabilitiesisingdata from 410, 95, and 4295corridorsin Jacksonville, Florida. Data used

in the analysisncluded: speed data from BlueToad® devices, incident &ata the SunGuide®
database, and retiine traffic data from RITIS for the years 2002017.

A Complimentary logog regression model was developed to associate the probability of SC
occurrence with potential contributing factors. Of the factors analye&ific volume, incident

impact duration, moderate/severe crashes, weekdays, peak periods, percentage of lane closure,
shoulder blockage, and towing involving incidents were found to significantly increase the
likelihood of SCs. Road Rangarvolvement weekenddays off-peak periods, minor incidents,

vehicle problemsand traffic hazard related incidents were associated with relatively lower
probabilities of SC occurrence.

Model resultspredicted that the probability of SC occurrence increased by apmately 1.2%

for eachadditional minute oanincidentPr act i c al inferences to the n
were drawn from the estimated model coefficients and hazard ratios. For instance, based on
average incident duration reduction, the resultgyest that the Road Ranger program may reduce

SC likelihood by 20.9%By controlling the traffic aanincident scene, Road Rangeeduce the
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probability of SCs by 17.9%. These findings provide researchers and practitioners with an effective
means for coducting the economic appraisal of the Road Ranger program.

It is worth mentioning thain evaluating the safety benefits tife Road Rangeprogram the
evaluation did not account ftme disaggregatéevel operational details of Road Rangetsch as
day-to-day or seasonal variations in Road Ranger activities, fleet piates|lengths andprobe

vehicle typege.qg.,pickuptrucks,tow trucks etc). In addition, this study used speed data extracted

from BlueToad® devices to determine the spatio@mapimpact range obrimary incidentso

identify SCs. The average spacingloé BlueToad® devicesvas1.8 miles, which may not have
precisely captured the speed changes over space. Therefore, future studies may seek to expand the
analysis of Road Rangeperations (or other FSP program) to a microscopic level. Moreover,
future analysis can incorporate virtual detectors that use crowdsourced traffic information to obtain
additional traffic speed data.

5.4 Transit Signal Priority

Transit Signal Priorit( TSP) is an operational strategy that facilitates the movement of transit
vehicles (e.g., busgthroughsignalizedntersectiongSmithet al.,2005) Various types of transit

priority initiatives have been proposed internationally, and types vary degeodiroad space,

e.g., dedicated lanes, and time, or a combination of both space and time. TSP has been
implemented for transit systems throughout the U.S.

TSP provides significant mobility benefits on transit corriddtatkovicet al, 2013; Fengetal.,

2015;Ali et al, 2017 ShaabamndGhanim, 2018)Regardless of the significant improvements in
operational performance realized by TSP implementation, the safety benefits are usually
overlooked by transit agencies during the project developmeregso Also, little irdepth
research has been undertaken to measure the safety implications of TSP on roadways.
Incorporating safety assessments into the transit project development process would be helpful for
transportation agencies as standardpractice during decision making. The Highway Safety
Manual (HSM) offers one analytical tool with rigorous and rational procedures for traffic safety
assessmentg§Song and Noyce, 2018) However, safety assessments for transit preferential
treatment, suchsaTSP, has rarely been performed by agencies and research disipise the
immense advances in research valuing the wider ridership, mode shift, and environmental benefits
of TSP thesafetyimpacts of TShhasyet to be considered.

More support fotthe mplementation of TSknay be realizedf an assessmem$ conductedd
guantify the road safety benefitdoreover, adetailed evaluatiomay alleviate concerns agency
officials have tatraffic and road safetyelated to TSP implementatioRrevious sidies on the

topic haveshown mixed results of TSP pertaining to road safety. Several studies indicate that TSP
deployment improves road safety, while others correlate it with worsening road safety. Therefore,
a comprehensive study to quantify the safetypacts of TSP, as well as to develop crash
modification factors (CMFs) is needed. The objective of this study was to quantify the safety
benefits of TSP using CMFs. A Full Bayes (FB) befafter study was conducted to assess the
safety effects of TSP algncorridors in Florida with TSP systems deployed in the years of 2016
and 2017. A corridor levedssessment waserformed onsidering all traffic crashe#cluding
property damage only (PDO) crashes and fiajaty (FI) crashes
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5.4.1 Study Corridors

The analysis wasdsed on 1zoridors as treatment corridors and 88ntreatmentcorridor
segments in Orange and Seminole Counte&lorida. The treatment corridors consisted of
roadways with TSP systems deployed, while the-tneatment corridors wem®adways without

TSP. Treatment corridors were selected based on being existing TSP enabled transit corridors in
the years of 2016 and 201Fable5-10 lists the treatment corridors analyzed and the gaah

TSP system was activated.

The 29 nortreatment corridors were identified either on the upstream or downstream of the
treatment corridoor the adjacent corriddo the treatment corridor. Netneatment corridors also
had similar geometric design and traffic patterns as the seteestohent corridors.

Table 5-10: TSP Enabled Corridors (Treatment Group)

County D Trea'Fment TSP Activation
Corridors Year
1 Americana Boulevard 2016
2 Church Street 2017
3 Denning Drive 2017
4 Fairbanks Avenue 2017
5 GoldwynAvenue 2016
Orange 6 Metrowest Boulevard 2016
7 Michigan Street 2016
8 Raleigh Street 2016
9 Rio Grande Avenue 2016
10 Universal Boulevard 2016
11 Vineland Road 2016
Seminole 12 State Road 46 2017

Figure5-11 maps the location of the 12 TSP treatment corridors in Florida. As noted in5Fable

9, 11 treatment corridors are located in Orange County, and one corridor is located in Seminole
County. The south section of the analysis area (Fiftk#a)) contains ght of the treatment
corridors, and four corridors are located in the north section (Figliéb)).

5.4.2Data

Since the treatment corridors had TSP installed in the years of 2016 and 2017, crash data for both
the treatment and the noreatment corridors were collected for the years 2014 to 2018. Crash
data were extracted f r odatabgeand daggteydtesl foiSeaoh atradt F o u r
section by year as annual frequencigsart from the total crash frequency, which included crashes

of all severity levels,separate analyses involving PDO and FlI craategories were also
performed Traffic volume datawr e obt ai ned from Floridads Tr a:
information was collected from multiple sources, including Google Maps, Google -stebt

view, and historical imagery tools, to retrieve geometric information for previous years-before
andafter TSP installation. Functional classification informatveas extracted using the ArcGIS
geoprocessing tool from FDOTO6s shapefiles web

139



5 ________ ¢ o s io_/.—o

o9
00 orlando

(a) South Section (b) North Section

Figure 5-11: TSP Treatment Corridors in Orange and Seminole @unties,Florida
5.4.3Methodology

The respective year when TSP was installed on each study corridor was excluded from the analysis
to allow enough buffer time for changes brought by this straiegform a réerence group (nen
treatment corridors) fathe full Bayesian methodology, 29 corridors without TSP were selected.

To ensure a good similaribetween the netreatment and the treatment corridors, with respect to

the geometric design features and thefitrafatterns, only nottreatment corridors consisting of

urban streets with the same functional classification, the same number of lanes, the same posted
speed limit, and in the same county as the treatment corridors, were considered. It should be noted
that the pairing of treatment and ntseatment corridors is not necessarily to®ne; hence, the
number oftreatmentaind nortreatment corridors do not have to be equal.

A full Bayesian beforafter evaluation was adopted in lieu of other approadhekiding the
empirical BayespproachThe FBmethods a single step integrated procedure, where it integrates
the process of estimating the safety performance function @RFyreatment effect in a single

step, thus incorporates the uncertainties of the SPFs in the final estimates. This method is also
independent of sample size, yielding robust results even when the sample size is small.
Furthermore, this approach has tibdity to account for most of the uncertainties in the dataset
and model paramete(Barket al, 2010)

The safety effectiveness of countermeasures installed on roadways generally can be quantified
using either a beforafter or crossectional evaluabth, depending on the study design and the
nature of the data. However, a befafeer evaluation is typically considered superioctoss
sectionaldata analysis in that befeedter assessments also can managetsiéde variability

more efficiently. kgure 5-12 provides the steps involved to evaluate the safety benefits of TSP
using a FB beforafter method.
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Figure 5-12. Approach to Evaluate Safety Benefits of TSP

5.4.3.1 Poisson Lognormal Model

The Poisson lognormal model, a statistical modehnalyze crash counts of treatment corridors,

was used to assess the effect of TSP on the safety performance of the dduiretak, 2008)In

all casesg in Equation5-6 denotes the crash count observed at a TSP coirfdor 1 ,

duringyeat(t= 1, 2, é, 3) a

equal to—8

@ | — ~Poisson ()

nd

can

be model ed

The Poisson mean can be written as shown in Equati®T.

ae— =0 ¢EA
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The beforeandafter study employed collecting crash data before and after TSP was installed. A
linear intervention model (Equatidn8) was incorporated, such thatrepresents the treatment
indicator (assigned 1 for a treatment corridor, and O famaparison corridor)p represents the
intervention year for théQ treatment corridor and its matching comparison corridors, and
‘Orepresents the time indicator (assigned 1 in the after peridd) amthe before period). For
exposure variabk, ®p denotes the Average Annual Daily Traffic (AADT) on the corridors.
Additionally, (¢ ¢, ) symbolizes other explanatory variables, including geometric
characteristics, such #senumber of lanes,gstedspeed limit, etc.

The lognormal radel for crash density is a piecewise linear function of the predictor variables,
shown by EquatioB-8, such that the function is continuous at the change pioirithe piecewise

linear function was defined by at least two equations, each of which applies to a different part of
the domain (i.e., before and after installation of TSP).

o A Y | o | 4) Fod e E 1O (5-8)

The linear intervention model allows for different slopes of crash frequency for times before and
after the installation of TSP, and also across the treatment and comparison corridors.

54.3.2 Model Evaluation

TheWidely Applicable Informatia Criterion (WAIC) was used to investigate the performance of
the Poisson lognormal model in fitting the crash data. Similar to many other information criteria
goodnesf-fit statistics such as the Deviance Informati@niterion,the WAIC considersnodel
complexity and prediction accuracy to correct for overfittidglman et al., 203Martin, 2018).

A model withtheexcesffective number of parameters is penalized moredhmaodelwith fewer
effective numbes of parameters (Kidando et al., 2®)9 Alternatively, the WAIC isa full
Bayesian measure of eaf-sample predictive accuracy, which is suitable for use in evaluating
models that are fitted using the Bayesian approach. The WAIC estimate comes from the log
pointwise posterior predictive densit@€lman et al., 2014&idando et al., 201§). Equation5-9
presents the expression used to calculate the WAIC from the estimated posterior distribution.

w008 ¢z anna (5-9)

where a 1) rfis@he log pointwise posterior predictive densihd0 is the effective number of
parameters

5.4.3.3 Measuring Treatment Effectiveness

LetA andA represent the predicted crash counts foi®h&eatmentorridoraveraged over
the yeas before andhe after periods, respectivelyin addition, letA andA represent the
corresponding counts for the paired comparison corridors. SupergcaptB represent the after
and the before periods, respectiveiynd superscript¥ and C represent the treatment and the
comparison corridors, respectively. The ragkiofA , conventionally known as the comparison
ratio, is included during the evaluation of the safety effect of the countermeasweatot for
other external factors that may influence the change in the crash frequency dia&ando,
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2017) Potential external factors include improvements in vehicle safety technology, new traffic
policies, traffic safety awareness education, etc.,daanot be attributed to the treatment (i.e.,

TSP deployment). Explicitly, the estimate of t@mmparison raticA TA was combined with

the observed crashes during the before period on the treatment corridors to compute the expected
crashes o the treatment corridors, assuming that the TSP was not deployedFinally, the
treatment effectiveness index, i.e., CMF, was estimated using EqGdtibn

CMFi = A , Wwhere* =A 2— (5-10)

5.4.3.4 Model Estimation Using the Hamiltonian Markov Chain Algorithm

The Bayesiarmapproachimplemented in this study employéide Hamiltonian Markov Chain
(HMC) algorithm. The HMGCalgorithmis aMarkov Chain MonteCarlo MCMC) algorithm that
usesthe derivatives of the density function being skedp Poisson lognormal in this cade,
generatahe posterior distributions of the parameters intended to be expEdfi&tiemploys the
principles of the Hamiltonian dynansisimulation that is based on numerical integration. The fact
that this algorithm employs the use of physical system dynamics rather than a probability
distribution to estimate future states in the Markov chain makes it more appealing than other
MCMC algoithms(Brooks et al., 2001 The use of physical system dynamics allows the Markov
chain to approach the target distribution more effity, thus resultingn faster convergence.

54 .4Resultsand Discussion

One additional model, Roisson modewascomparedo justify the use of the Poissoognormal
model Specifically, the WAIC goodness-fit measure was used. Note that the model with the
lowest WAIC best fits the data characteristics (Gelman et al., 2014). After fitting threddels,

the Poissoriognormal model was observed to have the lowest WAIC value for total crashes
(2257.1), PDO crashes (2439.2phd FI crashes (1589.4)inSe the Poissormgnormal model was
observed to best fit the data, further analysis peaformedusing this model.

The safety assessment of the 12 corridors with TSP in Orange and Seminole Counties was
performed by following the steps of the FB befafeer methodTo obtain the FB estimates of the
unknown parameters, prior distributions for the hyp@rametersnust ke specified The most
commonly used priors are vague normal distributions (with zero mean and large variance) for the
regression parameters. The posterior distributions needed in the FB method were sampled using
the HMC and he posterior estimates of theodeb s par amet er s wéreobtainech e FB
usingfour independent chains wii®,000iterations whereby the firs0,000were used as a burn

in sample Descriptive statistics of variables used in the analysis are presented irb-4ble
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Table 5-11: Descriptive Statistics of Treatment and NonTreatment Corridors for TSP

Evaluation

Variable Year @ Min. @ Max. Mean SD Min. @ Max. Mean SD
2014 9 263 116.44 78.58 6 99 38.71 27.68
| 2015 8 231 104.00 74.72 4 76 33.20 22.30
I:?;hes 2016 12 174 69.75 71.41 9 43 23.11 14.35
2017 9 218 107.67 70.58 1 83 30.00 21.60
2018 9 247 114.54 81.72 2 83 35.43 21.44
2014 6 184 77.78 53.08 2 73 26.62 20.61
2015 5 162 72.08 54.13 2 54 23.30 15.72
E?aghes 2016 9 130 49.50 5453 7 32 17.22 9.40
2017 4 143 9.64 47.71 1 60 20.43 15.36
2018 6 183 79.92 58.22 0 58 23.63 15.33
2014 2 79 38.67 27.08 6 30 12.10 8.12
2015 3 70 31.92 21.78 4 28 9.90 7.93
Fl Crashes | 2016 3 44 20.25 17.33 9 14 5.89 5.23
2017 5 75 35.22 23.81 1 29 9.57 7.38
2018 3 74 34.62 25.20 2 26 11.80 7.55
2014 | 1500 35,500 16,878 10,340/ 1,500 35,500 16,338 9598
2015| 1500 38,500 17,977 12,366/ 1,500 38,500 17,090 11,707
AADT 2016 | 4500 37,500 19,275 16,994 | 4,500 37,500 17,700 15,457
2017| 1600 40,000 21,000 12,879| 1,600 40,000 20,695 12,179
2018 | 1600 41,000 20,461 13,453| 1,600 41,000 19,777 12,981
Length All 0.5 2.8 1.47 0.74/ 0.2 1.1 33.42 0.23
No. of Lanes  All 2 6 3.42 1.23 2 6 3.59 1.12
Speed Limit All 30 45 34.38 4.57 30 45 33.11 6.07

Note: SD = Standard Deviation

The posterior distributions for each crash category, along with the means and fher@sntile
Bayesian credible intervals (BClgyeshown in Tablé&-12. The predictor variable is considered

to be significant at 95% BCI if the values of the 2.5% and 97.5% percentiles do not include zero,
and they are both either negative or positive. Overall, the results of the posterior means indicate a
decreasing trenith crashes for treatment sites over years and for corridors with a higher proportion
of signalized intersections with TSP enabled. Moreover, jump parameters also show a sudden
decrease in crashes after TSP was installed. However, for all catestoriesthe resulting
posterior means also indicate an increase in the tendency for crashes on corridors with higher
AADT, posted speeds of 40 mph and over, and a higher number of Vditesan increase in

traffic volume accompaniedby an increase iheterogeneity in driving behaviahe probability

of crash occurrence is expected to (i€aali and Sando, 2017)Higher posted speed linsibn

urban arterialare alsassociated witlanincrease in crash€gVanget al, 2018)
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Table 5-12: Posterior Distribution Summaries for Different Crash Categories

Mean 2.5% 97.5%
Total Crashes
Intercept -4.814 -5.408 -4.234
Treatment indicator 4.103 3.846 4.358
Crash trend over years -0.056 -0.073 -0.039
Jump parameter -0.12 -0.159 -0.082
Posted speed > 40 mph 0.569 0.398 0.744
Ln AADT 0.799 0.751 0.848
Proportion of TSP intersections -8.21 -8.684 -7.737
PDO Crashes
Intercept -4.935 -5.595 -4.291
Treatment indicator 3.94 3.639 4.253
Crash trend over years -0.056 -0.077 -0.035
Jump parameter -0.116 -0.163 -0.07
Posted speed > 40 mph 0.58 0.381 0.785
Ln AADT 0.773 0.717 0.83
Proportion of TSP intersections -7.988 -8.564 -7.434
Fl Crashes

Intercept -6.491 -7.447 -5.559
Treatment indicator 4.314 3.844 4.786
Crash trend over years -0.055 -0.087 -0.024
Jump parameter -0.13 -0.202 -0.057
Posted speed > 40 mph 0.292 0.002 0.594
Ln AADT 0.855 0.766 0.946
Proportion of TSP intersections -8.183 -9.04 -7.347

As shown in Tabl®&-12, regression coefficients for the proportion of signalized intersections with
TSP parameter (parameter accounting for a higher proportion of signalized intersections with TSP
enabled) is significantly negative for all crash types. For the total crashas évie21, 95% BCI
(-8.684,-7.737)), PDO crashes (Mean%/988, 95% BCI{8.564,-7.434)), and FI crashes (Mean
=-8.183, 95% BCI-0.04,-7.347)). These results suggest a decrease for all crashes categories after
TSP installation. Crash trend of thedatment sites over the years also showed significant decrease
for total crashes (Mean .056, 95% BCI1+.073,-0.039)), PDO crashes (Mean®.056, 95%

BCl (-0.077,-0.035)), and FI crashes (Mean-6.055, 95% BCI {0.087,-0.024)). The jump
parameteror the total crashes (Mean-6.12, 95% BCI140.159,-0.082)), PDO crashes (Mean =
-0.116, 95% BCI {.163,-0.07)), and FI crashes (Mean-6.13, 95% BCI {0.202,-0.057))
indicate a sudden decrease in crashes for all crash categories in the after period

Table5-13 lists the evaluation results of the effectiveness of TSP, showing the CMFs and their
related 95% credible intervals of the total, PDO, and FI crashes. The index of effectiveness was
considered significant at the 95% BCI when the valuesen15% and 97.5% percentiles did not
include one. As shown in Tab%12, BCI values for all crash categories are less than one. The
CMFs for total crashedean = 0.8843, 95% BCI (0.8619, 0.9387)), PDO crashes (Mean = 0.9203,
95% BCI (0.8754, 0.9675)), dr-I crashes (Mean = 0.8558, 95% BCI (0.7924, 0.9228)) crashes
are significant at the 95% BCI. Analysis results indicate a significant reduction in total, PDO, and
FI crashes after TSP installation. These findings were expected as drivers have moiiengreen t
along TSP corridors to navigate through the signalized intersections, thereby reducing the queue
formation at the intersection stop bar and avoiding crashes.
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Table 5-13;: CMFs for TSP

CMF for TSP
Crash Type BCI
Total Crashes 0.88 0.86 0.94
PDO Crashes 0.92 0.88 0.97
FI Crashes 0.86 0.79 0.92

With theimplementatiorof TSP, total crashes reduced by 12% along the treatment corridors. A
similar pattern was also observed for PDO and FI crashes, revealing a reduction in crashes by 8%
and 15%, respectively, alod@P, enabled corridors. Furthermore, these results aréstenswith

previous TSP safety studies Gphet al.(2013, Goh et al. 2014, Nazninet al.(2016, andSong
andNoyce(2018)

54.5Conclusios

The objective of this study was to quantify the safety benefits of TSP. A full Bayesian-akéore
approach was used for thralysis of TSP enabled corridors (treatment corridors) with comparison
groups (nortreatment corridors)The FB beforafter stuly wasperformedusing data o 12
transit corridors in Orange and SeminGlaunties in Florida, which had TSP activated in the years
of 2016 and 2017A total of 29 street sections withotite TSP treatment were selected as
reference groupo compare wh the treatment sites in easpective countykindings from the

FB beforeafter analysisnclude

1 The implementation of TSP correlates with the reduction of total corridor level crashes,
with an index of effectiveness of 0.884.2., about 12% redumin.

1 Similarly, the implementation of TSP also correlates with the reduction of PDO and FlI
crashes at a corridor level, with indicestod effectivenessf 0.9203 (about 8% reduction)
and 0.8558 (about 15% reductiprgspectively

From the results, it could be inferred tHe&P not onlyprovidesmobility benefits to improve

transit performancebut alsopromotes afety to the driving public A major implication of the

research is that bus priority measures improve road safetgall which is a strong rationale for
implementingthis TSM&O strategy.

5.5 Adaptive Signal Control Technology

Adaptive Signal Control Technology (ASCT) continuously monitors arterial traffic conditions and
the queuing at intersections adgnamically adjusts the signal timing to optimize and improve
operational objectives. ASCT has historically been deployed to réxhifte congestion,
particularly during highly variable traffic conditions. Signal timings and phasing scenarios are
adjustel in reattime with ASCT, which allows the signal to better adjust the changes in demand
created by incidentspecial eventseasonal variation, or traffic growth over time (USDOT,
2017). The following sectiordiscuss the evaluation of the safety bdseff this TSM&O strategy
deployed in Florida.
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5.5.1 Study Corridor

Recommended by thé&merican Association of State Highway and Transportation Officials
(AASHTO) HSM, an observational beforafter empirical Bayes approach with comparison
groups was usedo evaluate the safety effectiveness of ASCT deployed in FIGAESHTO,
2010) Also recommended in the HSM, studjtes selected for ASCE&valuation mustbe
homogenousi.e., comparison sites (with and without ASCT) shdwdgle similar characteristics
(AASHTO, 2010) Intersectioncharacteristics consideredtime initial identification of treatment
siteswith ASCT deployed consisted of intersections withir-legged geometry or thrdegged
geometryand maintainedhe same characteristit®th before and after ASCT installations. A
minimum of two years of crash data after ASCT deployment was also considered as a criterion for
the selection of the treatment sites. Due to the limited number of-ldgged signalized
intersections with ASCT in the study area, only flegged signalized intersectiowereanalyzed

in this study Figure5-13 shows the locations of the selected treatment intersections with ASCT
in Orange and Seminole Counties, Florida.

The study area oludedfive corridorscontaining4?2 intersectionsvith existing ASCT systems
Of the 42 intersections, 27 intersections were deployed with InSync AS8@The remaining 15
intersections were deployed with SynchroGré&CT. The two systems optimize sigrtahing
using different algorithms. InSync uses r8ale data collected through four video detection
cameras at each intersection to select signalization parapsetgrsas state, sequenaed amount

of green timeto optimize the prevailing conditior asecondby-secondbasis Optimization is
based on minimizing the overall delay and reducing the number of (®yfis®=m Engineering,
2017) Alternatively, SynchroGreen uses an algorithm that optimizes signal timing based-on real
time traffic demandwith SynchroGreergptimization is based on minimizing total network delay
while providing reasonable mainline progression bandwiditte dgorithms of both systems
utilize the detection data obtained from Aamprietary technologyuch as inductive loopgideo,
wireless and radarBoth algorithmsalsorequire stogbar detection and advanced detection, and
the detection data are sent to the signal system master through local cor(ffoifrsware,
2012) Although the optimizations are different, theotwystems are expected to have similar
safety performanc@hattaket al, 2018)

A total of 47 comparison sites were selectedlierevaluation of safety performanddese sites
were located within the same jurisdiction as the treatment siteshamdimilar geometric
characteristics and traffic volumesto the treatment sitesSimilar criteria have been used
previous studiegFink et al, 2016 Kitali et al, 201&). Figure 5-13 shows the locations of the
selected comparison sites used in this study
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Figure 5-13: Treatment and Comparison I ntersectionsfor Analyzing ASCT Benefits
5.5.2 Data

The following datavere needetb evaluakethe safety performance of ASCdrashdatg geometric
characteristicsof major and minorintersection approaches AADT for major and minor
intersectiompproaches, land use informati@amd traffic control baracteristics. These dateere
collectedfor both thetreatment ad comparison intersections. For each treatment intersection, at
least two years of before and after data were retriearatht least two years of data were retrieved
for each comparisontersection.

Historical AADT data for the major and minottersectionapproaches were retrieved from the
Florida Traffic Online and FDOT shapefiles. Since AADT is a vital variable, additional efforts
were undertaken to estimate missing AABdta If AADT data were available for only one year,
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a growth rate of 3% was used to estimate the AADT for the missing Yesirailar approach was
usedin previous studiegSrinivasanand Bauer 2013; Alluri et al, 2018) Additionally, if the
AADT for the two major ad minor approaches were different, the larger AADT wsadfor
analysis.

Geometric characteristics datansisting ofintersection geometry, number of lanasdmedian
width, and posted speed were retrieved fierd O TRoadway Characteristics InventaiiRCl)
andGeographic Information System (GIS) databasel Google Maps. Land use information was
retrieved from the Florida Geographical Data Library (FGDh¢tadataexplorer. Google Earth
Pro software was used to retrgehistorical roadway geometric information. The Google Earth Pro
historical imagery tool was used to verify that no major geometric chaxxgesred at the study
intersectiongluring the study period.

Crash attribute data were availabde years 2011 2018 and were retrieved frothe SignalFour
Analytics database. Crash data were categoasexash types (total and reand crashes) and
crash severity (FI and PDO). Angle crashes were not included in the analysistideéndated
number ofrecordedargle crashestthe treatment and comparison intersections. All crashes that
occurred within 250 ft of the intersections were considered as intersesladed crashes. The 250

ft radius conforms to the definition of intersectiatated crashes in FloridgDOT, 2012) Table

5-14 provides the descriptive statistics of annual crash datah before and after ASCT
deploymentat the selected treatment sites

Table 5-14: Annual Crash Data Summary for ASCT Treatment | ntersections

Before ASCT Deployment After ASCT Deployment
Crash Category  ™—gean— T Min | Max__|__Mean | __ Min___|__ Max |

ax
Total crashes 32.73 1 98 20.07 2 103
Rearend crashes 18.75 0 54 14.97 0 56
FI crashes 8.08 0 28 57 0 27
PDO crashes 25.29 0 70 17.02 0 84

Note: Units reflectrashes/year/intersection

5.5.3 Methodology
5.5.3.1Safety Performance Functions (SPFs)

Safety performance functionSRPF$ are crash prediction models that relate crash frequency to
traffic volume, geometric characteristiesd other factors that inenceachange in crash severity
patterrs and crash rate§Grosset al.,, 2010) SPFs are developed through statistical multiple
regression techniques using observed crash data collected over a number of years at sites with
similar characteristics referreb as comparison sitegSrinivasanand Bauer, 20B). These
characteristics typically include traffic volume (historical AADT) for both major and minor
intersectiomapproaches, geometric characteristics (number of lanes, neddieacteristicsetc),

posted speed for both major and minor approaches, land use information, signal turning phase
system and number of bus stops within 1,000 ft of the intersedd&BSHTO, 2010) There are

two types ofSPFssimple SPFs and full SPFSimple SPFs include AADT as the only independent
variable in predicting crash frequency. Full SPFs provide a mathematical relationship that relates
all the possible attributes that may influence variation in crash frequeoluding traffic volume,
geonetric characteristics, posted speed, signal phasing land use informatioras predictor
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variables(Gross et al., 2010JFull SPFswveredeveloped in this study to capture the influence of
all attributes on the frequency and severity of crashes.

Floridaspecific SPFs were developed in this study to be used in the {adferempiricalBayes

analysis to estimate CMFs for the ASGTrategy Therefore SPFs were developedom the
reference sitethat are similar tdhe treated site€Srinivasanand Bauer,2013. A total of 47
comparison sites were selected for SPF development. These sites were located within the same
jurisdiction as the treatment sites aratikimilar geometric characteristics and traffic volurass

to the treatment sites.

A negativebinomial model is better suited for modeling crash datiderthan a Poisson regression
modelsincea regativebinomialmodelaccounts for the ovetispersion of crash da(&rinivasan
andBauer 2013). The degree of ovatispersion in th@egative binomial model is represented by
the overdispersion parametewhich is then used to determine the value of a weight factor to be
used in theempirical Bayesnethod(AASHTO, 2010) This study used the Bayesian Negative
Binomial (BNB) approachto develp the SPFs. Unlike the classical statistical approach, the
Bayesian approach uses the maxinpusteriormethod to estimate the posterior distributions of
the parameters and treats parameters as random variables with known distriiNitoofas,
2009) Furthermore, the Bayesian inference technique can provide better,resaiftsvitha small
sample sizgsince it can provide a distribution that includes prior information of the(dateet
al.,2008) Utilization of prior probability distribution impras model fitting, prediction accuracy
and avoids overfittingGenkinet al.,2007 SpiegelhalteandRice, 2015) Several studies have
reported the superiority of the Bayesian inference approach over the maximum likelihood
approach in modeling crash défameret al.,2012;Ahmedet al.,2013; Yuet al.,2013)

Bayesian Negative Binomial Model (BNB)

Modeling of cash frequency igperformedusing count modelsince crash count data are
nonnegative, discrete, and generally random events in nature. This section presents an overview
of the modeling technique used to develop the SPFs.

Consider crashes that occurratlintersection’Q denoted by, are modeled with aegative
binomial distribution withamean and variance equal_tq as presented iBquation5-11.

& 0 Q°Q6 VL QO (5-11)
where
a g () (5-12)
where
0 'Q"Q06 Q¢ geprézends thregativebinomial distribution,
is a crash rate for the intersectigh
is the overdispersion parameter,

|=
I and are vectors ofheregression coefficiengnd
@ is the vector of independent variables
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Model parameters of threegativebinomial model presented iBquation5-12 are estimated using

a full Bayes approach through MCMC simulations. As siiclias necessary tassignthe prior
distributions to model pametersTherefore, sincenformative priors fronpreviousresearch with
similar model setips were not available vague priorswere specifiedo the model. Normal
distributions witha meanof zero anda standard deviation of 1@ereassigned to the regien
coefficient§ , and . For the dispersion parameters, Gamma distributions with shape 0.001 and
rate 0.001 T8t prdt p, wereassigned as prior distributions. The convergence of the MCMC
simulations was assessed using the GelRwaloin Diagnostic taitistic. This statistic assesses the
difference between multiple chains and across steps within the chairieelruodel to achieve
convergence, the difference between variances, which is the GBlutam Diagnostic statistic

had to be equal to IHuanget al., 2008) Moreover,a visual diagnostics approaetasused to
assess chain convergenaecluding the use o&n autocorrelation plot and trace plot of each
parameter.

5.5.3.2 Empirical Bayes Method

The empirical Bayesnethod with comparisogrougs prescribed inthe HSM (AASHTO, 2010)

was used to estimate the CMFs fioe ASCT strategy Theempirical Bayesnethod accounts for

the regressioio-themean effectsas well as changes in traffic volume and other roadway
chalcteristics by combining SPFs with crash courtauer, 1997)It is also considered more
reliable and rigorous than other methods since it takes observed crash frequency into account and
combines it with long term expected crash frequencies estimategl stsitistical models (i.e.,
SPFs)(Gross et al., 2010Previous studies have usedsiailar empirical Bayesbeforeafter
approach for developing CMFs for ASGystemgKhattaket al.,2018; Khattak et al.2019).

An observational beforafterempiricalBayeswith acomparisorgroup accounts for confounding
factors. A confounding factor is a variable that completely or partially accounts for the apparent
association between an outcome and a treat(dvik, 2002; Gross et al., 2010Jhe use ofhe
compaison-groupmethodhas been proveo control the confounding factors whose effect cannot
be estimated statisticall{Elvik, 2002) Figure 5-14 shows theprocess otthe empirical Bayes
approach used to estimate CMFs in this study.

5.5.3.3Crash Modificatbon Factors (CMFs)

A CMF is a measure of the estimated effectiveness of a safety countermeasure. Specifically, it is
a multiplicative factor used to computeetexpected number of crashesaospecific roadway
facility after implementing a specific countegasure. It can be presented in terms of a single value
(point estimate) or a function that considers relevant site characte(@ider, 2017.)A CMF of

1.0 serves as a referendeelow or above whicla decreaseor increase in crash frequency,
respectiely, is expectedafter implementing a specific countermeas@&Fs were developed for

the ASCT strategy to determine the expected safety benefits of ASCT in terms of crash reduction.
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Figure 5-14: Flow Chart for the Empirical Bayes Method

5.5.4 Results
5.5.4.1 Safety Performance Function Results

SPFs foitotal crashesrearendcrashes anél crasheat fourlegged ASCTenabledntersections
were developed using the BNB model. SPFs were developed to be usecenpiheal Bayes
beforeafter gproach with comparisomgroups to estimateCMFs for the ASCT strategy.
Significant variables at 95% BCI were used as SPF model variabédde 5-15 shows the
computed SPFs for total and reard crashesand Tables-16 shows the computed SPfes Fi
crasles.

55.4.2 Crash Modification Factors Results

Table5-17 shows the results of the estimated CMFsifdersections wittASCT. As indicated in
the tableall the estimated CMFs are statistically significard 85% confidencdevel. The CMF
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for total clashes is 0.948, indicating a 5.2% reduction in total crdelewing ASCT deployment.
This finding is consistent with several previous stu@a et al., 2016Khattak et al., 2018)

The CMF for reatend crashes is 078, indicating a 2.2% reduction in reaend crashefllowing
ASCT deployment. Reaend crashes are associated with unsafe stoppiageoiuction in speed
of the leading vehicle due to wait, go, and stop movesmanised by poor signal timifgHWA,
2017) Since ASCTsystemamprove traffic flow, reduce the number of stppad control delay
at an intersectiorg reduction in reaend crashewith ASCT enabled werexpected. Khattak et
al. (2018)also observed a similar reduction in read crashes although the reduction was
statistically significant aa 95% confidencdevel.

The CMF for FI crashes is &8, indicating a4.2% reduction in Fl crashe®llowing ASCT
deployment. This result is consistent with several previous st(Kinedtak et al., 2018; Khattak
et al., 2019). The CMF for PDO crashes is43,9ndicating a5.7% reduction in PDO crashes
following ASCT deployment. This finding is also consistent witevious studies (Khattak et al.,
2019).
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Table 5-15: SPFM odel Resultsfor Total and Rear-end Crashes

Total Crashes Rear-end Crashes
Estimates Error Error

25 | 975 | | |
Intercept -6.164 0.587 -7.298 -4.989 -8.061 0.745 -9.683 -6.898
Ln Avg. AADT (major) 0.612 0.065 0.496 0.734 0.817 0.084 0.675 0.971
Ln Avg. AADT (minor) 0.264 0.026 0.21 0.313 0.131 0.029 0.078 0.185
Excl. right lane (major) -0.226 0.030 -0.284 -0.168 -0.279 0.038 -0.358 -0.205
Excl. right (minor) 0.113 0.042 0.028 0.194 0.164 0.055 0.073 0.279
Median width (major) -0.006 0.003 -0.011 -0.001 -0.018 0.004 -0.026 -0.011
Median width (minor) 0.021 0.003 0.015 0.027 0.026 0.004 0.019 0.033
Speedimit (major) -0.093 0.046 -0.180 -0.010 0.193 0.062 0.073 0.303
Speed limit (minor) 0.205 0.026 0.156 0.256 0.151 0.043 0.051 0.233
Number of lanes (major) 0.183 0.03 0.126 0.236 0.115 0.041 0.032 0.187
Number of lanes (minor) -0.068 0.023 -0.115 -0.027 NA NA NA NA
Median presence (major) -0.382 0.107 -0.573 -0.158 -0.430 0.155 -0.687 -0.120
Median presence (minor) -0.247 0.047 -0.336 -0.146 -0.351 0.069 -0.471 -0.230
Land use (commercial) 0.103 0.055 -0.005 0.204 0.187 0.079 0.01 0.331
Land use (public) 0.229 0.059 0.112 0.333 0.254 0.091 0.064 0.424
Left turn phase (major) PO 0.417 0.068 0.289 0.540 0.636 0.097 0.477 0.828
Left turn phase (major) PS -0.926 0.53 -2.009 -0.010 -1.563 0.739 -3.138 -0.248
Left turn phase (minor) PO -0.130 0.035 -0.199 -0.060 -0.191 0.064 -0.296 -0.058
Left turn phase (minor) PS -0.373 0.070 -0.525 -0.243 -0.376 0.086 -0.585 -0.229
Bus stop (minor) 0.109 0.009 0.089 0.126 0.067 0.013 0.043 0.092
Intersection geometry NA NA NA NA 0.184 0.087 0.039 0.346
Excl. left (major) NA NA NA NA 0.222 0.075 0.078 0.356
Family specific parameter 282.471 105.869 137.26 547.383 309.775 129.886 138.266 621.131

Note: PO- Protected Only for thkeft-turn phase at major and minor approaches:; P8rmissive Only for left turns at major and minor approaches; Excl.
Exclusive lane in major and minor approachasAvg. AADT - Natural logarithm of average AADT for major and minor approaches.
NA 7 Not Applicable
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Table 5-16: SPF M odel Results for FI Crashes
Standard 95% BCI

Variables Estimates

Error
Intercept -6.975 0.954 -8.751 -4.835
Ln Avg. AADT (major) 0.598 0.117 0.333 0.832
Ln Avg. AADT (minor) 0.249 0.043 0.174 0.331
Excl. right lane (major) -0.282 0.052 -0.379 -0.167
Excl. right (minor) 0.273 0.072 0.140 0.402
Median width (major) 0.013 0.005 0.002 0.024
Speed limit (minor) 0.233 0.047 0.148 0.319
Number of lanes (major) 0.176 0.058 0.064 0.298
Medianpresence (major) -0.682 0.146 -0.977 -0.382
Median presence (minor) -0.459 0.077 -0.618 -0.322
Land use (commercial) -0.021 0.089 -0.195 0.149
Land use (public) 0.268 0.101 0.068 0.455
Left turn phase (major) PO 0.322 0.109 0.120 0.545
Left turnphase (major) PS -1.297 0.835 -3.244 0.040
Left turn phase (minor) PO -0.139 0.066 -0.276 -0.018
Left turn phase (minor) PS -0.401 0.107 -0.587 -0.197
Bus stop (minor) 0.134 0.018 0.096 0.166
Family specific parameter 389.737 138.609 165.38 688.99

Note: PO - Protected only for théeft-turn phase at the major and minor approaches; B8missive only for a left
turn at the major and minor approaches; ExElxclusive lane in major and minor approaches;
Ln Avg. AADT - Natural logarithm of werage AADT for major and minor approaches.

Table 5-17: CMFs for ASCT
95% Cl

Standard

Mean % Reduction in

Crash Type

(i.e., CMF) Error Crashes
Total crashes 0.948 0.955 0.942 0.003 5.2%
Rearend 0.878 0.886 0.870 0.004 12.2%
crashes
FI crashes 0.98 0.971 0.945 0.007 4.2%
PDO crashes 0.943 0.951 0.936 0.004 5.7%

55.5 Conclusions

This study evaluated the safety effectiveness of ASCT, a traffic management strategy that
optimizes signal timing based on réimhe traffic demand. The evaluation examined the safety
benefits of ASCT using field crash data collected the years20117 2018 from signalized
intersections irOrange and Seminole Counti€dorida. The analysis was based on 42 treatment
sites(with ASCT deployed)and47 corresponding comparison sites (without ASCT).

The BNB model was used to develop SRéistotal, rearend and FI crashesThe SPFavere
developed from comparison intersections based on heterogecearsteristics with ASCT
treatment sitesThesecharacteristicsnclude additional factors that influence changes in crash
frequencies and crash severity patseahthe treatment sites independent of the deployed ASCT.
The heterogeneous factors incorporated in this shalydetraffic volume (AADT) on major and
minor streets, geometric characteristics (number of Janéxsection geometryand median
charactestics), and posted speed, number of bus stops within 1,000 ft of the intersection, signal
phasing, and land use information.
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CMFs were developed usiran empiricalBayesbeforeafter approach with comparisgmnoup.
The analysis revealed that ASCT insttibns reduce total crashes by 5.2% (CM®.948), rear
end crashes by212% (CMF = 0.878), Fl crashes by.2% (CMF = 0.958), and PDO crashes by
5.7 (CMF=0.943). Note that these results are statistically significaat&® confidencdevel.

These finihgs provide researchers and practitioners with an effective means for quantifying the
safety benefits of ASCTan economic appraisal of the ASC3trategy,as well as a key
consideration to transportation agencies for future ASCT deplogment

5.6 Summary

This chapterdiscussd in detail the adopted study locations, research methodology, data, and the
analysis results to quantify tisafetybenefits of the TSM&O strategies that have been deployed
in Florida, with a specific focus on the following strategies:

Freeways
A R avletpringSystem
A Dynamic Message Signs (DMSs)
A Road Rangers

Arterials
A Transit Signal Priority (TSP)

A Adaptive Signal Control Technology (ASCT
5.6.1 Safety Benefits of Ramp Metering

The study analyzed the benefits of ramp metering by analyzing the crash risk on the freeway
mainline. Results indicate safety improvensemn freeways resulting from ramp metering
operationsStudyresults reveal a 41% decrease in the risk of crashes when RMSs are operational
compared tathe time periods when RMSs are ragierational.However, the improvements
evaluated in this study are @igcableto the mainline traffic when ramp metering is operational
during peak hours.

5.6.2 Safety Benefits of Dynamic Message Signs

The safety analysis of DMSsas conductedising the coefficient of variation (CV) of vehicle
speeds as a surrogate safetgasure. The variations were determined when the displayed
messages on DMSs did not require drivers to take adtmnvyhen the DMSs display advisory
messagegsversus when the DMSs displayed messages about downstream crashes.

The number of crashes dostream during crash messages was relatively small. Out of 21,016
crashes that occurred onArb during the3-year study period18 crashesccurred 10miles
downstream of the DMSs 30 minutes after theshmessage started displaying, and 23 crashes
occured 30 minutes prior to th@ashmessage (i.e., during tleeear message display. Overall,
displaying crash messages on DMSs was found to result in fewer crashes despite the increase in
speed variances.
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5.6.3 Safety Benefits of Road Rangers

This study evaluated the safety performance of the Road Ranger freeway service patrol-a mobile
based program administered by FDOT to assist motorists and minimize the impacts of freeway
incidents on noecurring traffic congestion. Specifically, this djuexamined the benefits of the
Road Ranger program in reducing the risk@tondary crasbccurrence.

Overall, statistics showed that Road Rangers responded to oventiamters (76.94%) of the
6,865 incidentsinalyzedandwere associated with shorter average incident durations compared to
other responding agencies. Since there exists a relationshigdmetiwcident duration and
secondary crashékhattak et al., 2009 these reductions in incident impact duration can translate
into substantial travel time and fuel consumption savings for motorists, as well as a potential
reduction insecondary crasbccurence.

Based on average incident duration reduction, the results suggest that the Road Ranger program
may reducehelikelihood of secondary crashéy 20.9%. By controlling the traffic at an incident
scene, Road Rangers reduce the probabiliseobndey crashedy 17.9%.

5.6.4 Safety Benefits dfansit Signal Priority

A full Bayesian beforafter approach was used for the analysis of TSP enabled corridors
(treatment corridors) with comparison groups @@atment corridorsCMFsweredeveloped to
guantify the safety effectiveness of the TSP stratdthe study results indicated that the
implementation of TSP resulted in a 12% reduction in total cortela@l crashes, 15% reduction

in FI crashesand 8% reduction in PDO crashes

5.6.5 Safety Beriies of Adaptive Signal Control Technology

This study evaluated the safety effectiveness of ASCT, a traffic management strategy that
optimizes signal timing based on r¢mhe traffic demand. The analysis was based on 42 treatment
sites (with ASCT deployd® and 47 corresponding comparison sites (without ASCWV)-s were
developed using an empirical Bayes befafter approach with comparisg@moup. The analysis
revealed that ASCT installations reduce total crashes by 5.2% (CMF = 0.94&ndeaashes by

12.2% (CMF = 0.g8), FI crashes by.2% (CMF = 0.%8), and PDO crashes B 7% (CMF =

0.943), and these results are statistically significant at a 95% confiderale
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CHAPTER 6
USER MANUAL FOR TSM&O STRATEGIES ASSESSMENTTOOL
This chapter presentghe user manualor the TSM&O StrategiesAssessmentool. The Tool is
intended to provide support and guidance to transportation practitioners to quantify the safety and
mobility benefits of thdollowing TSM&O strategies

Freeways
1 Ramp Meterindsystem
1 Dynamic Message Signs (DMSs)
1 Road Rangers
1 Express Lanes (ELS)

Arterials
1 Adaptive Signal Control Technology (ASCT)
1 Transit Signal Priority (TSP)

6.1 Getting Started

This section describes the basic interactions needed to complete an evaluation using the Tool. It
consists of the following subsections.

Enabling Macros: guidance for setting worksheet security to enable macros.
Navigation: guidance for selecting ansing the worksheets.

Info Worksheeta brief overview of TSM&O strategies.

Entering Dataand Reviewing Results: guidance for entering data in a worksheet,
reviewing, saving, and printing results.

= =4 =4 -4

6.11 Enabling Macros

The Tool contains computer coderitten in the Visual Basic for Applications (VBA)
programminglanguage ands referred to agfi macr o 0 c¢ @.dfeprompted, Bha maerb
code must be enabled when first loading the Tdol.enable macrosici ck on t he
Content o, aeb6khown in Fig
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Figure 6-1: Enabling Macrosin MS Excel
6.1.2 Navigation

The Tool contains a total afine (9)worksheets. To navigate among worksheets, click on the
worksheet tabs at the bottom of the workbook window. Worksheets have the following contents:

1 Preface includesaforeword, acknowledgments, and a disclaimer

1 InfoT providesabrief overview ofTSM&O strategies

1 Worksheets for each TSM&O strategyncludes a separate worksheet for each TSM&O
strategy (amp metering,dynamic messagesigns, Road Rangersxpresslanes,adaptive
signal control technology, andransitsignal priority).

1 InputData Description includes stefby-step procedures tmlculate the input values for
theTool.

6.13 Info Sheet
The "INFO" sheet provides useful information about each strategy. This information should be
read prior to first use of the worksheet apalion. The worksheet consists of a short description

of the strategy, performance measures usepliamtify the benefits, and definitions of the input
variables. This information is given in the following subsections.
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6.1.31 RampMeteringSystens

Definition

A rampmeteringsystem (RMS])s a strategy that uses signals installed at freewanaimps to
control and regulate the frequency at which vehicles join the flow of traffic on the freeway
mainline.

Performance Measures

Mobility Performance Measa: Travel Time Reliability Buffer Index (unitless)
Safety Performance Measuf@rash Occurrence RiskPercentage (unitless)

Table 6-1: RMS T Input Data Needed for Mobility Performance Measure

AverageMainline Traffic Speed | Average traveling speed on the segm

(mph) mainline 19> SV p
Ramp Volume (vph/lane) Qie:r?giil\i/r?elrum@f vehicles entering 216- 660 vph/lane
Off-ramp Density (ramp/mile) Number of exiramps per mile 0.5- 1.4 ranp/mile
Onrramp Density (ramp/mile) Number of entryramps per mile 1.2- 1.6 ramp/mile
Level of Service (LOS) Level of service othemainline C-F
Table 6-2: RMS T Input Data Needed for Safety Performance Measure
DA EITITTS SETRErE DEEo S.D. of Speed 5 minutes prior to RMS activation 0.05- 16 mph

(S.D.) of Speed
Mainline Standard Deviation S.D. of Occupancy 30 minutes prior to RMS activation 0.15- 15%
(S.D.) of Occupancy

Ramp metering signal on tinearest upstream ramp is

ON . Not Applicable
. operational
RIS ORI Ramp metering signal on the nearest upstream ramp is n
OFF P! 9sig P P Not Applicable
operational

Note
1 The analysisinvolved RMS operationfor recurrent congestion only.
1 Stepby-step procedures to calculate the input values are provided INEET DATA
DESCRIPTIONtab.

6.1.3.2Dynamic Message Signs

Definition
Dynamicmessageigns (DMSs) are programmable electronic signs used for disseminating real
time information taoad users.
Performance Measures
Mobility Performance Measurdverage Speeddjustmen{mph)
Safety Performance Measuferash Frequencynumber of crashes per year)
Coefficient of Variation of Speddnitless)
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Table 6-3: DMS T Input Data Needed forMobility Performance Measure

Attribute Description Thresholds
Traffic volume (vph/lane) Avgrage LELIE WEILE W CTEE TS 1-1,500 vph/lane
is displayed
Occupancy (%) Eercen_tage of time the detector is occupie 0-12 %
y vehicles
AM Peak 6:00 am- 10:00 am Not Applicable
Time of Day = PM Peak 4:00 pm- 6:30 pm Not Applicable
Off Peak 10:00 am- 4:00 pm & 6:30 pm 6:00 am Not Applicable
UseCaution Drivers advised to proceed cautiously Not Applicable
All Lanes Closed All travel lanes are closed Not Applicable
Lane Blocked | Left Lane(s) Closed @ Left lane(s) closed Not Applicable
Right Lane(s) Closed Right lane(s) closed Not Applicable
Other Shoulder, ramp ahead or any other closur Not Applicable
Note

1 The analysis was conducted for only messages displaying crash information and those
displaying advisory information.

1 The speed reduction and higher variations when the DMSs displagstirelated
messages may be attributed to other sources of informatioh as navigation mapsd
Highway Advisory Radio.

1 The analysis did not consider other potential factors, such as incidents downstream which
may result in reduction in speeds ancreasedpeed variations.

6.1.3.3Road Rangers

Definition

Road Rangers afecewayservicepatrollers on major roadways in Florida. The Road Ranggrs
virtue of their roving presencarrive at an incident scene quickly to assist with incident clearance,
improve traffic conditions, antnprovesafety.

Performance Measures

Mobility Performance Measuréncident Clearance Duratiofminutes)
Safety Performance Measufecondary Crash Occurrence RidRercentage (unitless)
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Table 6-4: Road Rangers Input Data Needed for Mobility and Safety Performance

Measures
Incident Attribute Categories Element Components \
Crash All crash types
Incident Type Vehicle Problems Mechanical breakdown, out of gas, etc.
Traffic Hazards Debris, spillage, flooding
Minor No lane closure
Incident Severity Moderate One lane closure
Severe Multiple to full lane closure
Time of Day Peak 6:00 am- 10:00 am & 3:30 pm 6:30 pm
Off peak 10:00 am- 3:30 pm & 6:30 pm 6:00 am
Weekday Monday 600 am through Friday :60 pm
Day of the Week Weekend Friday 800 pm through Monday :60 am
N - Daylight Daytime hours (depending on sunrise and suns
Lighting Condition Night Nighttime
Towing Involved Yes An incident involves towing
No An incident does ndtvolve towing

Note
1 The evaluation did not account for disaggredatel operational details of the program
(e.g., dayto-day or seasonal variations in Road Ranger activities, fleet sizes, beat,lengths
probe vehicle typesndpickup versus tow trucks)

6.1.3.4Express Lanes

Definition

Expresdanes(ELs) are managed toll lanes, separated from gespengdose lanes or general toll
lanes within a freeway facility. They provide a high degree of operational flexibility, which enables
theexpresdanes to be actively managed to respond to changing traffic demands.

Performance Measures
Mobility PerformanceMeasureTravel Time Reliabilitysing theBuffer Indexunitless)

5 & orami 0oLl 0QI @QE O VWA DL QI @IQBO @& Q 6.1)
00 134340 50 Q1 ®000 @& QO

Performancevas compared for two scenarios:
1. The performance of express lanes with that of their adjacent ggnepalse lanes, and
2. Operational performance of the gengualpose lanes when the express lanes were
operationalversts when they were closed.

For each scenario, the average and tifgp@bcentile travel times were calculated

Table 6-5: ELs T Input Data Needed for Mobility Performance Measure

Attribute Description |
Average Travel Time (min) Average travel time along the corridor on typical weekdays
95" Percentile Travel Time (min) 95" percentile of the travel times along the corridor on typical weekd:
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Note
1 The analysiswas conducted for typical weekdays
1 Weekends, federal holidays, and the time periods affected by hurricanes were not included
in the analysis

6.1.3.4Adaptive SignalControl Technology

Definition

Adaptivesignal controltechnology(ASCT)is a traffic management strategy that optimizes signal
timings based on rediime traffic demand. It continuously monitors the arterial traffic conditions
and queues attersections and dynamically adjusts the signal timings.

Performance Measures
Mobility Performance Measuré&verage Trave§eed(mph)
Safety Performance Measuférash Frequency (number of crashes per year)

Table 6-6: ASCT i Input Data Needed for Mobiity and Safety Performance Measures

Attribute Categories Description Thresholds
AM peak 6:00 am- 10:00 am Not Applicable

Time of Day PM Peak 3:00 pm- 7:00 pm Not Applicable
Off Peak 10:00 am- 3:00 pm & 7:00 pm 6:00 am = Not Applicable

All crashes along the study corridor withi
the analysis period

Rearend crashes alorige study corridor
within the analysis period

Total Crashes Not Applicable

Rearend Crashes Not Applicable

CrashType ,
Fatal and InjuryF) Crashesesulting in fatalities or injuries | Not Applicable
Crashes
Property Damage Only A L .
(PDO) Crashes Crashes resulting in no injuries Not Applicable
Intersection is close to financial
Commercial institutions, malls, restaurants, markets = Not Applicable
etc.
Land Use Institutional Inter;ecuon is close to churches, schools Not Applicable
hospitals etc.
Residential Intgr;ectmn is close to residential Not Applicable
buildings/apartments
. < 20,000
Major Street :X?;?gri Qc'zg: forthe majoapproach to 4 44 40 900
> 40,000
AADT (vpd) _ < 4000
Minor Street :r\:?;?gres?é:\igg for the minor approach tc 4.,000- 8,000
> 8,000
Note

1 The analysis was conducted for omyersectionrelated crashes

1 The analysis did not separately analyze the safety performance of InSync and
SynchroGreen technologies

The analysis did not consider the effect of pedestrians on the performance aof ASCT

1
1 The analysis did not consider othetgntial factorssuch as incidents and adverse weather
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6.1.3.5Transit Signal Priority

Definition
Transitsignal priority (TSP) is an operational strategy that facilitates the movement of transit
vehicles (e.g., buses) through signalizgdrsections.

Performance Measures
Mobility Performance MeasuréverageTravel Timgminutes)& Average Delay Tim@minutes)
Safety Performance Measuférash Frequency (number of crashes per year)

Table 6-7: TSP1 Input Data Needed for Mobility and Sdety Performance Measures

Attribute Categories Description
AM peak 6:00 am- 10:00 am
Time of Day PM Peak 4:00 pm- 6:00 pm
Off Peak 10:00 am- 4:00 pm & 6:00 pm 6:00 am

All crashes along the study corridor within tt

Total Crashes . i
analysis period

Crash Type Fatal and Injury(FI) Crashes Crashes resulting in fatalities or injuries
Property Damage Only (PDO) Crashe Crashes resulting in no injuries
. Buses Buses only
VR VEIEEs All Vehicles All vehicle types
Travel Time Continuous Average travel time along the corridor

Note
1 The mobility study on TSP considered only PM peak periods in the analysis
1 Average stopped delay for buses and all vehicles were not considered in the .analysis

6.2 Entering Data

The cells with a white or ofivhite background are for user input. Other cells are locked to prevent
inadvertent changes to cell content. Left click the mouse tnveinput cells to see the input
message bgxvhichgives thresholds relevant to the respecinput variables, as shown in Figure
6-2. These threshold values are also provided inNiF®OIworksheet.

Input Attributes Values | Categories
Average Mainline Traffic Speed (mph)
Ramp Volume (veh/hour/lane) 384
Off-ramp Density (ramps/mile)
On-ramp Density (ramps/mile)
Mainline Level of Service (LOS)

Figure 6-2: Sample Interactive Input Message Box for Continuous Variables

A drop-down list is provided for some cells with a drdpwn combdox, as shown in Figure-6
3. Left click on the dropdown arrow to see the list of input choices. Use the mouse pointer to
select the desired choice.
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Figure 6-3: Sample Dropdown List for Categorical Variables

The data entered intbhe worksheets can be saved by saving the entire worldsomkeparate file

On the main menugtectFile > Save Asandenter a new file name when prompted (i.e., avoid
overwriting the original Tool workbook). Seletle > Print on the main menuClick on Print
Previewto see and print the ofpage printout of the results. If the information shown is acceptable,
press theérint button at the top of the window fwint the results pag&nsurethat the printers
turned on prior to clicking th@rint button. The following sections explain data input and the
interpretation of the resultfor each strategy in the Tool.

6.21 Ramp Meterin@ystems

To quantify the mobilitypenefits olaramp meteringystem the user is required to colleddta on
the mainlineand the ramp. Collected data includes mainline traffeeed, ramp volume, mainline
occupancy, offamp density, omamp density, and level of service (LOB)ainline traffic speed,
volume, and occupay is required to quantify the safety benefits of the ramp metering system.

Input Variables: All input variables are added by filling in thH@ol cells with a white or off-
white backgroundexceptthemainline LOS which isselected fronthe dropdownoptions Some
input values need to be computed before they are keyed. The following sections provine step
stepexample®n how to quantify teseinput valuegor mobility and safety performance measures

Input Values for Mobility Performance MeasurBuffer Index

Figure6-4 shows a typical freeway segmemith ramp metering systesron both orramps (i.e.
Ramp 1 ad Ramp 2)Thestudy segmeris defined by the detectdmcations Other featuresuch
ason-ramps oroff-ramps canalsobe used talefine the study segment. The zones,(Zene 1,

Zone 2, Zone 3andZone 4) represent locations with detectors for collecting data from each lane.
The ramp detectors are passage detectdng;h measurghe number of vehicles joining the
freeway mainlie. Sample traffic dataollected from the detectqrsorresponding with Figure-6

4, arepresented iMable6-8. The data arased to demonstrate the calculation of inmltiesfor
evaluating the mobility benefits of ramp meteringha TSM&O Strategies gsessment Taol
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Figure 6-4: Typical Segment for Analyzingthe Mobility Benefits of Ramp Metering

Table 6-8: Sample DataCollectedfrom Freeway Segment Detectors

Detectors | Time Lane 1 Lane 2 Lane 3
ooy | Vo2 | o | e | Y02 | o | oo | VO3 | o

Zone 1 | 8:00am 33 580 12 58 485 18 33 432 29
7:55am 37 613 11 54 502 19 23 431 25
Zone 2 | 8:00 am 28 605 12 56 548 24 32 441 30
7:55am 31 633 12 54 550 22 26 410 27
Zone 3 | 8:00 am 37 637 14 54 552 25 30 417 11
7:55 am 35 657 13 54 487 21 31 456 14
Zone 4 | 8:00 am 35 654 12 56 494 15 58 457 24
7:55 am 41 578 25 24 512 23 31 454 30
Ramp 1 | 8:00 am 38 18 21
Ramp 2 | 8:00 am 40 20 15

Note: Sp= Speed; Vol= Volume(veh per 5 min)Occ.= Occupancyfi---" indicatesNot applicable
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Using the collected data shown in Tabl8,8nput variables fothe mainline traffic speed, ramp
volume, offramp density, omamp density, and mainline LC#f8e calculated as follows:

Average nainline traffic speed (mph), arfbinute intervas illustration:
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d) The mainline LOS is determined using the calculated mainline occupatesya listed
in Table6-9. For examplea calculated mainline occupancy of 20.5% implies the freeway
mainline isoperatingata LOS E

Table 6-9: LOS Criteria
LOS Occupancy (%)
0 OOccupancy < 5
5 OOccupancy < 8
8 OOccupancy < 12
12 OOccupancy < 17
17 OOccupancy < 28
Occupancy O

MmO |m|>

Source: (Bertini et al., 2004)

Input Values for Safetyerformance Measure (Crash Occurrence Risk)

Figure 6-5 shows a typical freeway segment downstradman orramp wth a ramp metering
system. The studgegmenboundariesare defined bydetectorlocatiors. Tables 6-10 and 6-11

contain sample traffic data lbected from the detectom each landownstreanandupstreanof

the orramp respectively, corresponding with the Figurd Geeway segmeniThedata areised
to demonstrate the procedsfer calculating the input \raes for the safety performance nsae
of ramp metering in thESM&O Strategies Assessment Tool.
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Figure 6-5: Typical Segment Downstreanof an On-Ramp with Ramp Metering

Table 6-10: Sample Data from Downstream Detectors

Downstream Detectors

Time Lane 1 Lane 2 Lane 3
e R R B I R S B A
8:00 am 33 580 12 58 485 18 33 432 29
7:55 am 37 613 11 54 502 19 23 431 25
7:50 am 28 605 12 56 548 24 32 441 30
7:45 am 31 633 12 54 550 22 26 410 27
7:40 am 37 637 14 54 552 25 30 417 11
7:35 am 35 657 13 54 487 21 31 456 14
7:30 am 35 585 12 56 580 15 58 579 24

Note: Sp= Speed; Vol= Volume; Occ= Occupancy
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Table 6-11. Sample Data from Upstream Detectors

Upstream Detectors
Time Lane 1 Lane 2 Lane 3
e B I R I Ak B A S A T
8:00 am 36 540 24 32 440 15 34 474 23
7:55 am 39 593 22 30 519 27 39 478 30
7:50 am 41 578 25 24 512 23 31 454 30
7:45 am 38 572 21 56 498 30 32 439 12
7:40 am 40 588 15 50 402 29 34 565 12
7:35am 32 551 13 38 474 28 23 520 21
7:30 am 40 589 14 39 591 29 26 587 26

Notes: Sp= Speed; Vol= Volume; Occ= Occupancy

In this example, it is assumed that the activation towh¢he ramp metering systeis 8:00 am.
Using the collected data shown in TablekO6and 611, input variables fathe standard deviation
of speed and occupancgre calculated as follows:

Mainline dandard deviation (S.[pof speed, Bninutes prior to activation time:
YO @& Q0N UAQGEDQE BRI 8 B0 N QORGP N QQBROLM N QRO LQ

The calculations of the speg&dlane 1, speeih lane 2, and spedd lane 3are as shown in CVS
calculation

YO & N UOQDKQE BRI8 O o ix top  Ld X [Q
Mainline dandard deviation (S.[pof occupancy, 30 minutes pritwr activation time:

a) 0666 N M dd QX T 8 8 8 paob

b) O w6 N O dd QX TR 8 ¢gb

=2

c) U OO N Wixdd Q&dp T8I 8
d) "BO® Xdp TBI8 "BO ¢ (BRH & PR @BRE O LM BAd G 'Q
YO BE M UQEHIXREERIS MO pg ft v @& T b
Ramp metering systems are usually turned on whefrebaray mainlind.OS drops below.OS

B (i.e, LOS CthroughF). Figure6-6 providesan example otheinputoutput scenaridor LOS
C.
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Syitems Marugemart & Corators

TSM&O STRATEGIES

Ramp Metering System

General Information

Agency Analysis Date
Analyst | lStudy Area

Mobility Performance Measure: Travel Time Reability - Buffer Index (unitless )

Input Attributes Values / Categories

Average Mainline Traffic Speed (mph)
Ramp Volume (veh/hour/lane) 384

Off-ramp Density (ramps/mile)
On-ramp Density (ramps/mile)
Mainline Level of Service (LOS) < -]

For the considered scenario, at 95% confidence level:

Ramp Meter is expected to improve the travel time reliability by 21.8%

Safety Performance Measure: Crash Occurance Risk - Percentage (unitless)

Input Attributes Values

Mainline S.D of Speed, 30 min prior to RMS activation
Mainline S.D of Occupancy, 30 min prior to RMS activation

For the considered scenario, at 95% confidence level:

RMS is expected to reduce crash occurrence risk by 10.3% to 13.1%

Figure 6-6: Ramp Metering Strategy Sample InputOutput

Error Checks
All input values must be entered to obtain the resWilsen LOS A and Bare selected,amp
meters are not turnexh, andtheworksheet will return an error messagseshown in Figures-7.
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Mobility Performance Measure: Travel Time Reability - Buffer Index (unitless )

Input Attributes Values / Categories
Average Mainline Traffic Speed (mph)
Ramp Volume (veh/hour/lane) 384
Off-ramp Density (ramps/mile)
On-ramp Density (ramps/mile)
Mainline Level of Service (LOS)
For the considered scenario at 95% confidence level:

Ramp Meters are NOT turned ON during LOS B

Safety Performance Measure: Crash Occurance Risk - Percentage (unitless )

Input Attributes Values

Mainline S.D of Speed, 30 min prior to RMS activation
Mainline S.D of Occupancy, 30 min prior to RMS activation

For the considered scenario, at 95% confidence level:

RMS is expected to reduce crash occurrence risk by 10.3% to 13.1%

Figure 6-7: Ramp Metering Strategy Sample Input Error Check

6.22 Dynamic Message Signs

To quantify themobility and safetypenefits of DMS, the user is required to collect the following
data: traffic volume, occupancy, time of day, day of the week, and lane blockage information. Lane
blockage information igatheredrom theDMS displayednessages. Examples of such messages

i nclude MCRBARDHSHECAUTIONO, A CR7S3HSRR22/NW 39TH AVE

RT LANE BLOCKED 6, CRASBEYONDCR234ALL LANES BLOGCKEDO,

Input Variables: All continuousnput variables are added kgyingin a value in thecells with
a white backgroundCategorical input variables amdedby selecting categas from the
respective drojalown liststhat represerthe best possible conditianr situation

Input Values for Mobility Performance Measure

Traffic Volumeand Occupancy
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For a location with a DMS, traffic data (traffic volume in veh/hr/lane and occuparpsrcent

are collected from the immediate downstream detectors. The analgsisasmedfor a specific

DMS displaying crash information for at least 30 minutes. The goal is to look at the changes in
average traffic speed 30 minutes before displaying the crash information and 30 minutes during
the display of crash inforation. The time (Peakff-peak) and day of the week
(weekday/weekend) are record@@ble6-12 contains a sample of collected traffic data from the
detectors. The data are used to demonstrate the calculation of the input values for evaluating the
mobility benefits ofDMSsin the TSM&O Strategies Assessment Tddlis example ssunesa
crashrelated message was displayed during AM peak hours on a weglaaly displays a
"CRASH AHEAD ALL LANES BLOCKED " message

Table 6-12: Sample Data from the Immediate Downstream Detectors

Lane 1 Lane 2 Lane 3 Averages
Time Vol. 1 Occ.1 | Vol.2 Occ.2 | Vol.3 Occ. 3 | Avg. Vol. g\é%
(veh/hr) | (%) | (veh/hr) | (%) | (veh/hr) | (%) | (vehihriin)| oo
8:00 AM - 8:30 AM 630 8.2 608 7.8 598 7.9 612 8.0

Note Vol. = Volume; Occ= OccupancyAvg. =Average.

For this examplethe averagéraffic volume and occupandyg used as the input values. From the
data listed in Table-&2,the averagéraffic volumeis 612 veh/hr/laneand theaverage occupancy
rate is8.0%,assuming a\M Peakhour, on a weekdayand & lanes closed.

Categorical variables as defined in Tabl&§in thischapte) and INFO tab in the Tool.
1 Time of Day: Please select frorthe respective dredownlist.
1 Day of theWeek:Please select frorthe respective dregownlist.
1 DMS LaneBlockageMessagePlease select frorthe respective dregownlist.

Figure 6-8 shows the worksheet interfacé the sample scenarifor a traffic volume of 612

vehhr/laneandan occupancyate of8.0% during AMPeak on a weekdayand a DMS message
display offi Al | Lanes Closedo.
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2 Expsorng blaragerird L

TSM&O STRATEGIES

Dynamic Message Signs (DMSs)

General Information

Agency Analysis Date

Analyst Study Area

Data Input
Traffic Volume (veh/hour/lane) | 612 |
Occupancy (%) | ] |
Time of Day | &M Pesk -|
Day of the Week | weskday - |
DMS Lane Blockage Message | AllLanesClosed | v |

NMobility Performance Measure: Average Speed Adjustment (mph

For the considered scenario, at 95% confidence level:

DMS is expected to reduce travel speed by 6.6%

For example,

If the average speed of vehicles when there is no crash message displayed on the DMS
is 60 mph, the average speed during crash message is expected to be 56.0 mph

Safety Performance Measure: Crash Frequency (number of crashes per year)
Coefficient of Variation of Speed (unitless

For the considered scenario, at 95% confidence level:

When the DMS displayed messages related to crashes downstream, the coefficient of
variaton of speeds were significantly higher than during advisory messages.

Displaying messages related fo crashes on DMSs was found to result in fewer crashes
despite the increase in speed variations.

Figure 6-8: DMS Strategy Sample InputOutput

Error Checks
All inputs must be entered to obtain the resdite worksheet will return an error mességene
or moreinput attributés) is not selectedr keyedin, as shown in Figuré-9.
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Data Input

Input Attributes Values |/ Categories
Traffic Volume (veh/hour/lane) | 612 |
Occupancy (%) | 8 |
Time of Day C | -setect - ): |
Day of the Week | weekday E3
DMS Lane Blockage Message |AII Lanes Closed E]

Figure 6-9: DMS Strategy Sample Input Error Check
6.23 Road Rangers

To quantify the mobility and safety benefits of Road Rangers, required edltataby the user
includes the followingncident attributesincident typejncident severity, time of dagay of the
week, lighting condition, and towing wasinvolved. These attributes are also describethén
INFO sheetn the Tool

Input Variables: All variables are categoric&ategorical input variables aaeldedoy selecting
categoiesthat represdrthe best possible conditidar, situatior) from their respective dregown
lists. No calculations are needed.

Categorical variables as defined in Tal@et (in thischapte) and INFO tab in the Tool.
Incident TypePlease select frotme respective dredownlist.

Incident SeverityPlease select frothe respective dredownlist.

Time of Day:Please seled¢tom the respective dregownlist.

Day of the WeekPlease select frothe respective dregownlist.

Lighting Condition:Please select frotme respective dregownlist.

Towing Involved:Please select fromme respective dredownlist.

= =4 =4 8 A8 -9

Figure 6-10 shows the worksheet interfacd the sample output scenarfor the Road Rangers
strategy This exampleonsideeda severe crash on a weekday, during a daylight peak period, and
involved towing.
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TSM&O STRATEGIES

Road Rangers

General Infoermation

Agency Analysis Date

Analyst Study Area

Data Input
Incident Type [ Crash -]
Incident Severity [ Severe -
Time of Day [Peak =]
Day of the Week | wheskday |
Lighting Condition | Daylight |
Towing Involved [ es -

Mobility Performance Measure: Incident Clearance Duration (minutes

For the considered scenario, at 95% confidence level:

Road Rangers are expected to reduce incident clearance duration by 22.6%
For example,

If the average incident clearance duration without Road Rangers is 30 min,

the incident clearance duration with Road Rangers would decrease to 23.2 min

Safety Performance Measure: Secondary Crash Occurrence Risk - Percentage (unitless

For the considered scenario, at 95% confidence level:

Road Rangers are expected to reduce the likelihood of secondary crashes:

For incidents lasting 30 minutes or less, by 4.1%
For incidents lasting 30 - 60 minutes, by 12.8%

For incidents lasting 60 - 30 minutes, by 22.2%

For incidents lasting 90 minutes or more, by 27.2%

Figure 6-10: Road Rangers Strategy Sample InpuDutput

Error Checks

All input variables are categorical and can be added by clicking theddrep arrow and selecting
category that best represents an
to calculate and display the resulBtherwise the worksheet will give error messagas shown

a

in Figure6-11.
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Data Input

Incident Attributes Categories

Incident Type -- Select — -]
Incident Severity | - Selent - -
Time of Day [ - Select - ~|
Day of the Week [ - Select - |

Lighting Condition

| -- Select —-

Towing Involved - Select—

o —

Maobility Performance Measure: Incident Clearance Duration (minutes

(Piease select at least one incident attribute category

S~

Safety Performance Measure: Secondary Crash Occurrence Risk - Percentage (unitless

< Please select at least one incident aftribute category

Figure 6-11: Road Rangers Strategy Sample Input Error Check
6.24 Express Lanes

To quantify the mobility benefits of express lafEks), the user is required to collect data on the
travel timeto determinghe average and the ©Hercentile travel time The worksheet considers
two scenarios to calculate the mobility benefits offhe: (a) when bothELsandgeneralpurpose
laneg(GPLs)were openand(b) whenELs were closed and on(yPLswere operating. A sample
input-output scenario is given in Figugel3.

Input Values for Mobility Performance Measure

Consider segment-B8, with four GPLsand two ELsas shown in Figure-62. Traveltime data

are collected from all the detectors within the segrnf@meach langandfor every intervale.g.,
5-minutg for typical weekdays (288 observations per day) over a certain perdte two
scenarios.The tavel time between point A and B is the summation of travel times between
individual detectors.
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______________________ Express Lanes

- D Lane 1 D ]
N T D F Lane 2 D

---------------------------- " General-purpose Lanes
- D Lane 3 D .

------------------ mmp Traffic Direction

D Detector

" Study Segment B
Figure 6-12 Typical Segment with Express Lanes

The average travel time and correspondiny @&rcentiletravel timeare calculateds follows

0O 0 o 0 QEOO o 0w o 0 QEOD
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¢
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The 5minute travel times are collected for typical week days (288 observations per day) over a
certain periodor two scenarios: (a)roELs and GPLs when both are operatipaalb(b) on GPLs
whenELs are closed. The average travel time and corresporddiigpercentiletravel timeare

then calculated.
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TSM&O STRATEGIES

Express Lanes (ELs)

General Information
Agency Analysis Date
Analyst Study Area

Data Input
Input Attributes Values

Express Lanes (ELS)

Average Travel Time (min)
95th Percentile Travel Time (min)

Express Lanes Buffer Index 0.20

General-purpose Lanes (GPLs) when ELs are open

Average Travel Time (min)
95th Percentile Travel Time (min)

General Purpose Lanes Buffer Index 025

General Purpose Lanes (GPLs) when ELs are closed

Average Travel Time (min)
95th Percentile Travel Time (min) | 20 |
o

General Purpose Lanes Buffer Index 033

Mobility Performance Measure: Travel Time Reliability - Buffer Index (unitiess

Performance of ELs vs GPLs

Express Lanes are expected to be 20.0% more reliable compared to GPL
when both the Els and GPLs are operational.

Performance of GPLs When ELs are open vs when ELs are closed

When ELs are open, GPLs are expected to be 25.0% more reliable
compared to when ELs are closed.

Figure 6-13: Express Lanes Strategy Sample InpuOutput

Error Checks

All input variables are added by key#igthe collected travel times. No output is calculated when
i nput cell s are-i empt V. i Ap inPscagaailsapped & ippatrcello r
areincomplete A buffer index value will also shotheer r o r i #ab sh&vn I Figuré-14.
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Data Input
Input Attributes
Express Lanes (ELs)
Average Travel Time (min)

95th Percentile Travel Time (min)

Express Lanes Buffer Index

General-purpose Lanes (GPLs) when ELs are open

Average Travel Time (min)

95th Percentile Travel Time (min)

General Purpose Lanes Buffer Index
General Purpose Lanes (GPLs) when ELs are closed

Average Travel Time (min)

95th Percentile Travel Time (min)

General Purpose Lanes Buffer Index

Performance nf Fl « ve APl 5

Please key-in all input values

Pzrformance of GPLs When ELs are open vs when ELs are closed

Please key-in all input values

_
Figure 6-14: Express LaneStrategy Sample Input Error Check

6.25 Adaptive Signal Control Technology

To quantify the mobilityand safetybenefits ofadaptive signal control technologgCT), the
useris required to collect the following data: crash attributes, land use information, roadway
geometric characteristics (median width, median, left and right turn, me historical AADT.

A sample inpubutput scenario is shown in Figusels.

Input Varia bles: All variables are categorical in this strate@ategorical input variables are
addedby selecting categas that representhe best possible condition / situation from their
respective droglown lists No calculations are needed.

Categorical varidles as defined in Table@®(in thischapte)j and INFO tab in the Tool.
1 Time of Day:Please select frome respective dredownlist.
1 Crash TypePlease select frothe respective dregdownlist.
1 AADT on Major Street (veh/dayPlease select fromme respective dregownlist.
1 AADT on Minor Street (veh/dayPlease select frothe respective dregownlist.
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1 Land UsePlease select fromme respective dregownlist.

RO ok

TSM&O STRATEGIES

Adaptive Signal Control Technology

General Information

Agency Analysis Date
Analyst Study Area

Mobility Performance Measure: Average Travel Speed (mph

Input Attributes Categories

Time of Day | AMPeak -

For the considered scenario, at 95% confidence level:

ASCT is expected to increase travel speed by 6.4%

For example,

If the average travel speed on Time of Day (TOD) signal plans is 40 mph, the average
vehicle travel speed on ASCT would be 42 6 mph

Safety Performance Measure: Crash Freguency (number of crashes per year

Input Attributes Categories

Crash Type | Toral Crashes v
AADT on Major Street (veh/day) | 20,000-40,000 - |
AADT on Minor Street (veh/day) | 4,000 - 8,000 - |
Land Use | Commercial -

For the considered scenario, at 95% confidence level:
Crash Modification Factor (CMF) is 0.755 for Total Crashes

In other words,
ASCTIis expected to reduce Total Crashes by 24.5%

The analysis for ASCT was site-gpecific, the resultz may or may not be similar to other sites. The user is advized to
conduct a field study or use the resultz with caution.

Figure 6-15: ASCT Strategy Sample InputOutput

Error Checks

All the input variables are added by clicking the ddmpvn arrow and selecting a category that
represents the site conditions. Thmeday must be selected for the Tool to calculate and display
the mobility results. At least one category must be seldoteshch input attribute fahe Tool to
calculate and display the safety results. The errors shown in Bidiavill appeamwhenan input

is not selected.
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Mobility Performance Measure: Average Travel Speed (mph)

Input Attributes Categories

Time of Day

@ed all input attributes

Safety Performance Measure: Crash Frequency (number of crashes per year)

Input Attributes Categories

Crash Type | Total Crashes |
AADT on Major Street (veh/day) | 20,000 - 40,000 - |
AADT on Minor Street (veh/day) | 4,000 - 8,000 v

Land Use G—Select-— Bp)
N

@ct all inputr@

The analysis for ASCT was site-specific, the results may or may not be similar to other sites. The useris advised to
conduct a field study or use the results with caution.

Figure 6-16: ASCT Strategy Sample Input Error Check
6.26 Transit SignaPriority

To quantify the mobility benefits dfansit signal priority TSP), the user is required to collect data
on theaverage travel time along the corridbor the safety benefits of TSP, the user is required
to collectcrash typadata.A sample inpubutput scenario is shown in Figug€l?.

Input Values for Mobility Performance Measure

Input values for the average travel time

Field Measuremerd: Totaltravel time is measured by driving a vehicle along a preselected
corridor from the beginning to the ending point of that corridor. This process uses a stopwatch to
record the time and global positioning system (GPS) to record the distance. Whilendgy, it is
suggested to drive at the median speed of traffie.average travel time is calculated by averaging
the total travel time oflathe runs along the corridor.
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Simulation Measuremerg Average travel time is calculatéy averaging thetravel time
collected from each data collection point in the VISSIM model. The data collection points are
located at the beginning, the center of each signalized intersection, and the ending point of the
corridor.

Other input variables are categorical amd added by selectirggtegoiesthat represerthe best
possible condition / situation from their respective didogn lists as shown belowNo
calculations are needed.

Categorical variabls as defined in Tablé-7 (in thischapte) and INFO tab in th& ool.

1 Target VehiclesPlease select fromte respective dregownlist.
1 Time of Day Please select frome respective dredownlist.

Input Values for Safety Performance Measure
Input variable for safety performance measure is categorical audléxl by selecting categories
that represent the best possible condition / situation from #spective drolown lists.

Categorical variable as defined in Talfie7 (in thischapte) and INFO tab in the Tool.

1 Crash TypePlease select frothe respective dregdownlist.
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FOOT) R,

TSM&O STRATEGIES

Transit Signal Priority (TSP)

General Information

Agency Analysis Date
Analyst Study Corridor
Mobility Performance Measure: Average Travel Time (minufes) & Average Travel Delay (minutes )
Input Attributes Categories [/ Values
Target Vehicles
Time of Day
Average Travel Time Along the Corridor 35.0
With NO TSP (min}
Average Travel Time Along the Corridor 31.8
With TSP frmin}

For the considered scenario, at 95% confidence level:
TSP is expected to decrease average travel time for Buses by 9.1%
TSP is expected to decrease average travel delay for Buses by 13%
For example,

If the average travel time along the corridor without TSP for Buses is 35 min,
the average travel time with TSP would be 31.8 min

Safety Performance Measure: Crash Frequency (humbe of crashes per year

Input Attributes Categories

Crash Type | Tatal Crashes |

For the considered scenario, at 95% confidence level:
Crash Modification Factor (CMF) is 0.884 for Total Crashes

In other words,
TSP is expected to reduce Total Crashes by 11.6%

The analysis for TSP was site-specific, the results may or may not be =similar to other sites. The user is advised to
conduct a field study or use the results with caution.

Figure 6-17: TSP Strategy Sample InputOutput
Error Checks
The input variables are added by clicking the éllogvn arrow and selecting a category that
represents the site conditions. At least one cayagast be selected felach variable fothe Tool
to calculate and display the results error messagevill appear f inputfields arenot populated,
asshown in Figures-18.
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Mobility Performance Measure: Average Travel Time (minutes) & Average Travel Delay (minutes)
Input Attributes Categories | Values

Target Vehicles C | seea— >3
Time of Day PMPeak | v

Average Travel Time Along the Corridor 35.0
With NO TSP {min)
Average Travel Time Along the Corridor 31.8
With TSP (min)

Forthe ; T nce level

Please select/ key-in all input attributes

Safety Performance Measure: Crash Frequency (numbe of crashes per year)

Input Attributes Categories

Crash Type

@eﬂ all input aﬂ@

Figure 6-18: TSP Strategy Sample Input Error Check
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6.3Summary

This chapterprovidesthe user manuafor the TSM&O Strategies Assessment Tool. The Tool
assesses the safety and mobility benefits of the following TSM&O strategies:

Freeways
1 Ramp Meteringsystems
1 Dynamic Message Signs (DMSs)
1 Road Rangers
1 Express Lanes (ELs)

Arterials

1 Adaptive Signal Control Technology (ASCT)
1 Transit Signal Priority (TSP)
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CHAPTER 7
SUMMARY AND CONCLUSIONS

Transportation Systems Management and Operations (TSM&O) is a program based on actively
managing the multimodatansportation network, measuring performance, and streamlining and
improving the existing system to deliver positive safety and mobility outcomes to the traveling
public. TSM&O comprises a set of strategies that focus on operational improvements that can
maintain or restore the performance of the existing transportation system before extra capacity is
needed. The Florida Department of Transportation (FDOT) has been a pioneer in adopting

TSM&O strategies to iIimprove s af®SeyeralaiBM&OmMobi I i

strategiesuch asampmeterirg, Dynamic Message Signs, Road Rangers, TSP, ASCT, etc., have
currently been deployed in Florid&ince each project is unique, the selection of the most suitable

TSM&O strategy and its deploymetite pends on t he regionds needs

The primary goal of this research was to deve&gources to assist FDOT and other agencies in
evaluating the effectiveness of the strategies identifiagdlar?017F | or i dadés TSM&O
Plan (FDOT, 201a). The developed resources will enable FDOT and local agencies to prioritize
TSM&O strategies using quantifiable safety and mobility metrics

The study goals were achieved through the following objectives:

Identify and discusexisting TSM&O strategiethat have been deployed in Florida
Develop research approachegjuantify the safety and mobility benefits of the identified
TSM&O strategies

Quantifythe mobility benefits of tha&lentified TSM&O strategies

Quantifythe safety benefits dhe identified TSM&O strategies

1
1
1
1
The followingsix TSM&O strategies werevaluatedn this research project

1. RampMeteringSystem

2. Dynamic Message Signs

3. Road Rangers

4. Express lanes

5. Transit Signal Priority

6. Adaptive Signal Control Tectology

The following sectionsliscusghe conclusions for eadf the abovdisted TSM&O strategiesA
quickonepagesummary of the description, methodologgd results of each strategy is provided
in Appendix A.

7.1 Ramp MeteringSystem
Ramp metering or signaling is a traffic management strategy that installs traffic satprags
freeway onaramps to control and regulate the frequency at which vehicles enter the flow of traffic

on the freeway mainlingGanet al.,2011; Mizutaet al.,2014). The primary operational objectives
of ramp meteringsysteminclude: controlling the frequency of vehicles entering the freeway,
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reducing freeway demangdsnd breaking up platoons of vehicles released from the upstream traffic

signals(Balkeet al.,2009).

Travel time reliability wasselected aghe mobility performance measure fa&stimatingthe
Mobility Enhancement FactorMEFs) of theramp meteringystem The MEFs were developed
based on thanalysis of a corridor with systemide ramp metering irMiami-Dade County
Florida. Buffer index (Bl) estimated using the 9%ercentile travel time and average travel time,
was adopted as the travel time reliability measure for the analy@IMEF for ramp metering at
LOS CG&D was 0.784, equivalent &22% reduction in the Blalues. The MEF for ramp metering
operations during LOS&F was 0.701indicating a30% reduction irthe Bl values These results
indicate thatamp meteringperationsmprovemobility onfreeway regadlessof the LOS on the
freeway mainline.

The study analyzed theafetybenefits ofthe ramp meteringsystemusingthe crashoccurrence
risk on the freeway mainlin@he risk of traffic crashes was estimated usimgsecontrol study

design of crash andon-crash cases. The crash cases were identified using the crash data, while
the noncrash cases were identified using the spatial and temporal criteria of each crash case.

Results showed that the crash occurrence riskattaculartime was significantly affected by the
standard deviation of speed 30 minubtefore the timestandard deviation of occupancy 30
minutesbefore the timgand the ramp metering operations during that tivhereover, results

revealed a 41% decrease in the wv$lcrashes when RMSs were operational compared to when
they were not operational. Based on the study results, it can be concluded that ramp metering

operations improve safetn the freeway mainline.

7.2 Dynamic Message Signs

Dynamic messagesigns, or DMSs, also referred to ashangeablemessagesigns (CMS) or

variablemessagesigns (VMSs), are programmable electronic signs that appear along highways

andtypically display information about retime alertselated tounusual traffic conditionsuch

as adverse weather conditions, construction activities, travel times, road closures or detours,
advisory phone numbers, roadway incidemi€. These messages are intended to affect the

behavior of drivers by providing retime trafficrelated information tavarn drivers, regulate
traffic flow, and manage congestion on the roadwBgsaraet al.,2011; Wanget al.,2017) DMSs
are usually permanently mounted, whild1Ss are commoly usedin work zones or where
temporary messaging is needed

The methodologyfor quantifyingthe mobility benefitsof DMSsinvolved assessing the reaction
of drivers tocrashmessages bgbservingtheir speed adjustments between ¢hear and crash
message display durations. For evergsh message that had been disgidyfor at least 30
minutes, the message that was displayed 30 minutes prior was chBokexerage speed ratio
(calculated as the ratio of tlaerage speed durirmgashmessages tthe average speed during
clear messages) was then used as a performance measstartatethe MEFsfor DMSs. The
overall MEFwasfound to be 0.94, implying that there wag%reductionin average speeds when
the DMSs displayedrash information. Results also revealed that among ngessdisplaying
crashi nf or mati on, i f secondary informat ilesn
speed reductionsompared to lane blockage informatiare( DMSs displaying lane blockage
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information such aall lanes blocked, left landocked, right lane blockecktc). This implies that
drivers were more willing to reduce speeds if lamese blockedlownstream as a resulta€rash.

The safetybenefits ofDMSswere quantifiedising the coefficient of variation of speeds (CVS) as
a surro@te safety measure. Theefficient ofvariationof speedsvhenthe displayed messages on
DMSs did not requirdrivers to takection (clear condition/informatiamessaggsvere compared

to the coefficient of variation of speedéen the DMSs displayed nssges aboudownstream
crashesOut of 21,016 crashes that occurred erblduring the threeyearanalysis period18
crashes occurred 10 miles downstream of the DM®S80 minutes after therashmessagevas
displayed and 23 crashes oceed 30 minutes prior to therashmessage (i.eduring theclear
messagelisplayg. Within two miles downstreanfive crashesoccurredduring the time when
crashmessagewere displayed on the DM&deightcrashesccurredduringthetime when the
DMSs displayedlear message®verall, displaying crash messages on DMSs was found to result
in fewer crashedespite the increase in speatiations. It is worth noting that higher variations
in vehicle speedsbserved when the DMSs digglcrash messagesay be attributed to other
sources of information such as navigation maps, Highway Advisory Radio, etc.

7.3 Road Rangers

Road Rangersra a crucialcomponenof incident management systeitiet facilitate a quick
clearancef incidents through faster response and reduced clearancé&kimeéats Road Rangers
provide free highway assistance services during incidents on Eormedways to reduce detay
and improve safety for the motorists and incident responRees] Rangexin Floridaassistthe
Florida Highway Patro(FHP) to reduce incident duration, proeidssistance to disabled or
stranded vehicles, remewoad debris, and increasafety at incident sites

Incident clearance duration was selectésdthe performance measuregieantify the mobility
benefits of Road Ranger®@uantile regression was applied to predict incident clearance duration
andidentify factors that may affect the clearance durafidre following variablesvereincluded

in the analysis: incident attributes (event type, detection method, incident severity, shoulder
blockage, anghercentage dfane closure), temporal attributes (time of day, day of the week, and
lighting condition), and operational attributes (number and type sgforeling agencies, and
towing). The following seven factors were found to be significantly associated with longer incident
clearance duratian crashes, severe incidents, shoulder blockage, peak hours, weekends,
nighttime, number of responding agges, ad towing involvementAnalysis results reveadithat

crashes generally have longer clearance durations than the incidents involving vehicle problems
and traffic hazards. Incidents first detected by responding agencies other than Road Rangers were
associaté with longe incident clearance durations.

The likelihood ofsecondary crash (S@gccurrence was used as a surrogate safety measure to
evaluate the safety benefits of Road Rang&rsomplimentary logog regression model was
developed to associate th@pability of SC occurrence with potential contributing factors. Of the
factors analyzed, traffic volume, incident impact duration, moderate/severe crashes, weekdays,
peak periods, percentage of lane closure, shoulder blockage, and towing involvingsneielen

found to significantly increase the likelihood of SCs. Road Raimyelvement weekenddays
off-peak periods, minor incidents, vehicle problemsd traffic hazard related incidents were
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associated with relatively lower probabilities of SC ocence Based on average incident duration
reduction, the results suggest that the Road Ranger program may reduce SC likelihood by 20.9%.

7.4 Express Lanes

Expresslanesare a type of managed travel larmmhysically separated fromgeneralpurposeor
general toll lanewithin a roadway corridor. They use dynamic pricing through electronic tolling
in which toll amounts are set based on trafbaditions Neudorff, 2011)Express lanes provide

a high degreef operational flexibility, which enable them to be actively managed to respond to
changing traffic demandaspects of express lanigglude congestion pricing, vehicle restrictions,
and may be operated as reversible flow editectional facilities to bst meet peak demands.

Buffer index (Bl) was selected as the performance measure to quantify the mobility benefits of
express lane§heMEFswere estimated by consideritige Bl as a performance measudaerall,

on 95Express northbound lanes, the express lanes resulted in a 50% reduction in Bl (MEF = 0.5)
compared to their adjacegéneralpurposdanes while the reduction was 60% (MEF = 0.4) for
southbound lanes. When the express lanes were operatiemglerformance of the adjacent
generalpurpose lanesnproved.The Bls for the genergdurpose lanes improved by 20% (MEF =

0.8) and 60% (MEF = 0.4), respectively, for the northbound and the southbound directions, when
the express lanes were operatiac@hpared to when they were closed. Overall, both the express
lanes and the genefpurpose lanes were found to perform bettbenthe express lanewere
operational The study esults showed mobility improvemerdsa both the express lanes and the
generalpurpose lanes, although the extent of the improvement varied by direction and the time
of-day (i.e., AM peak, PM peak, effeak).

7.5 Transit Signal Priority

Transit Signal Priority (P modifies the signal timing at intersections to better accommodate
transit vehicles. Typicallya bus approaching a traffic signal will request priority. This request for
transit priority is often transmitted directly from an approaching bus to a tsaffial ororiginated

by a centralized transit priority management systeRWA, 2018) When a request is received

the traffic signal controller applies logical rules to decide whether or not to allow priority to the
bus (FHWA, 2018) These rules typically includeonsideration of whether the bus is behind
schedule; the length of time since the last priority was awarded to a bus; the state of the traffic
signals along the route; and the time of (lRj{WA, 2018)

The analysis was based on arfile corridor along USt41 between SW'BStreet and the Golden
Glades Interchange Miami, Florida. Two microsimulation VISSIM modelheBase model with

no TSP integration and the T$Regrated model, were developed and usestionateMEFs for

TSP consideringransit buss and all vehicles. The MEFs based on travel time were 0.96 for all
vehicles and 0.91 for buses, and the MEF based on average vehicle delay time was 0.87 for all
vehicles and buses. Based on #malysis resultsTSP was found toimprove the operational
performance of the corridor.

A full Bayesian(FB) beforeafter approach was uséal quantify the safety benefits ®5P. The
safety performance of TS&habled corridord.€.,treatment corridors)as compared to the safety
performance of nofTfSP corridors (i.e.nontreatment corridors). The FB befeafter study was
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performed using data on 12 transit corridors in Orange and Seminole Counties in Florida, which
had TSP activated in the years of 2@ 2017. A total of 29 street sections without the TSP
treatment were selected as a reference group to compare with the treatmémiesgasdly results
indicated that the implementation of TSP resulted in a 12% reduction in total cdendbr
crashs, 8% reduction in PDO crashes, and 15% reduction in FI crashes.

7.6 Adaptive Signal Control Technology

Adaptive Signal Control TechnologfASCT) is an Intelligent TransportationSystems (ITS)
strategythat optimizes signal timings meaktime to improvetraffic flow along the corridarThis
strategy continuously monitors arterial traffic conditions and the queuing at intersections and
dynamically adjusts the signal timing to optimieied improveoperaional performanceASCT

has historically been deployed to redtradfic congestion particularly during highlyvolatile

traffic conditions Signal timing and phasing scenarer® adjusted reattimewith ASCT,which

allows the signal to betteadjust the changes in demand created by incidepesial
events seasonal variatiqror traffic growth over tira (United States Department of Transportation
[USDOT], 2017).

Average speed was selected as the performance measure to quantify the neiglig of

ASCT. The Bayesian Switcipoint RegressiofBSR) model was used &valuae the operational
benefits of the ASCT. The analysis was base@ @&3mile corridor alongMayport Road from
Atlantic Boulevard to Wonderwood Drive idacksonville, FloridaThe ASCT was found to
improve theaveragdravel speeds by 4% duriragtypical weekday 7% during AM peak hours,
5% during offpeak hours, and 2% during PM peak hours, énrtbrthbound direction.

Mixed results were observed in the southbound directionoVéalIMEFs show no improvement
with ASCT on Tuesdas/and Thursdayand2% decrease iaveragdravel speed on Wednesday
Moreover, the analysis based on peak anepe#ik hours revealed thAISCT increased the
averagdravel speed by 3% and 2% during AM peak anepetik hours, respectively. In contrast,
during PM peak hours, ASCT showed a 5% reducticavaragdravel speeds in the southbound
direction. The inconsisént resultsin the southbound direction may be attributedtraffic
congestion antherelativelyhigher drivewaydensity (1.5driveways per mile in the southbound
directionversus 8.3iriveways per mileri the northbound direction

The Bayesian Negative Binomi@BNB) model was used to develop SRéistotal crashesrear
endcrasles and FI crashesThe CMFs were developed usirap empiricalBayesbeforeafter
approach withthecomparisorgroup Thefollowing factorswere considereith the analysistraffic
volume (AADT) on major and minor streets, geometric characteristics (number of lanes
intersection geometrandmediancharacteristics posted speddnit, number of bus stops within
1,000 ft of the intersection, signghasing, and land use informatidrhe analysis revealed that
ASCT installations reduce total crashes by 5.2% (GNE48), reatend crashes by212% (CMF
=0.878), Fl crashes by.2% (CMF=0.958), and PDO crashes 5/7% (CMF=0.%43).
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7.7TSM&O Str ategies Assessment Tool

The TSM&O Strategies Assessment Tamla spreadsheet applicatidhat wasdeveloped to
automatically estimate the safety and mobility benefits of deploying the TSM&O strafElyges.
Tool contains a total afineworksheets

1 Preface includesaforeword, acknowledgments, and a disclaimer

1 Info - abrief overview of TSM&O strategies

1 Worksheets for each TSM&O strategincludes a separate worksheet for each TSM&O
strategy (Ramp MeteringDynamic Message Signs, Road Rangerspréss Lanes,
Adaptive Signal Control Technology, and Transit Signal Priority)

1 InputData Descriptioni includes stefby-step procedures tmalculate the input values for
theTool.
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Ramp Metering Signal (RMS) Ramp Meterind>eployment
along 195
Safety Benefits

A Performance MeasuréBuffer Index A Performance MeasureCrash Risk

A When the freewaynainline Level of
Service (LOS) was D or better, activating
RMSs resulted in a 22reduction inBuffer
Index.

A The crash risk on segments downstream
of an onramp decreased by 41% when
RMSs were operational compared to
when notoperational

A When freeway mainline LQ@as E or
worse, activating RMSs resulted in &30
reduction inBuffer Index.

A The reduction in Buffer Indices indiest
that ramp metering signals improve trave
time reliability.

A The mobility impacts of ramp meters on the adjacent arterials were not evaluated
A The safety impacts of ramp meters on the adjacent arterials and the ramps were not
evaluated

For more information, please refer to theport BDV29 9746


















