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Abstract

Weathefresponsive variable speed limit (WRVS&ystems attemptto egul at e dri ver ¢
choice in adverse roadeather conditions (RWCSs) lexecutinga set of differentiated speed limits
implemented under different RWCEhis thesis attempts to propose an effective approach to set
WRVSLsin cold region rural highwaysased on the reliabilitgf aWRVSL & the probability of

aWRVSL being safe and compld by drivers.

This thesisaddressefour research question§) What i s the i mpact of dif
speecchoice? (i) What i s the most appropriate approac
adverse RWCs1ii() Are there any specdidriving conditions which intensify safety riskdhen

indicated by speed and speed varial®?lily) What is an effective approach to regulate speed in
adverse RWCs to mitigate safety risks induced by such RW@sirst research question is
addressed bproposing an approach to model speed distributionslifferent combinations of

traffic androadweather conditionsising the central limit theore€CLT). The second research

guestion is addressed by comparin@ tGLT-based speed distribution modellingpaoach

proposed in this thesis witnregressiormodellingbased approachi o address the third research
guestion,a holistic crash indicative measure is proposed based on both-vatiudracros¢ane

crash riskgestimated based on speed variabilioy)different driving conditionsuch agprevailing

RWCs, vehicle type, travel lane, and truck payload conditibime fourth research question is
addressed by proposing affective approach to set WRVSLs based on the reliability theory.

Overall, this thesisdemonstratethat extremeRWCs such as snow, amy pavementsotably

affectdr i ver s 0 ,sepultimgdncreabed speed variability, thotensifiedcrash riskan

such RWCsThe resultof thisresearclalsorevealed thatractortrailer combinations are highly
vulnerable when travelling in extreme RW@actical applications of the proposed research
methods includei) accuratelu n der st andi ng d paitevns in differers BWGsd c ho
(i) developing RWeGspecific speedidtributions that could be used as inputs in microsimulation
studies (iii) identifying RWCs withintensified crash potentialbased on speed and speed

variability, and(ivie f f ect i vely regul ating driversd speed
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Chapter 1. Introduction

Weathefresponsive speed management (WRSM) strategies attempt to improve road safety in
adverse roa@veather conditions (RWCs) mainly through the applicatiowehthesresponsive
variable speed limits (WRVS). 6 differentiated speed limits implemented under different
RWCs. Such WBMtechniques are particularly important for improving road safety in cold region
rural highways, where) speeding is prevalent due frequent uncongested traffic conditions
(Yasanthi & Mehran, 2020), and)(driving is often challenging due twatural hazards such as
recurrent extreme RWCs. This thesis attempts to improve road safety in cold region rural highways
by proposing an eftgive approach foWWRSM in such highways.

1.1 Background

Developing an effective WRSMtrategyto improveroad safety in cold region rural highways
starts with i) recognizing the state of the practice WRSM strate@igsacknowledginghe need
for WRSM techniquesand {ii) identifying the steps involved in developing effective WRSM
strategy

1.11 State of the practice WRSM strategies

WRSM is a branch of Weatheesponsive traffic management (WRTM) a road safety
countermeasuréocusing on the development obherent strategies to manage transportation
operations during differemRWCs (Pisano & Goodwin, 2004According toPisano& Goodwin

(2004), the statef-the-art WRSM techniques are threefold (Figure)l.(i) advisory, {i)

treatment, andii{() control. While both advisory, and treatment WRSM strategies attempt to
mitigate the impacts of adverse RWCs on drive
to be more effective due to the enforcement nature of control WiREiqueslin fact, anong

the widespread types of such control WRSM strategiasyroountries in Europe, North America,

and the Australasian region hawiccessfullyadoptedWRVSL systems to regulate spegd

extreme RWC¢Robinson 200Q. Therefore, this thesis focuses on developing WRVSL systems.

1.1.2 Importance bdeveloping and implementingffectiveWRSM strategies

Speedingd driving above the speed limit (SL) or driving too fast for the prevailing driving
conditions (Forbes et al.022)d is hazardous, particularly in adverse RWCs such as rain, icy



Weather-responsive speed management (WRSM) technique

Advisory
-lnfluence driv
decisions (e.qg., route choice,

speed choice) by informing

Attributes

them about the current RWCs

-Minimal enforcement

-Broadcasting radio

messages through highway

Examples

advisory radio

Treatement Control
- Attempt to minimize the impact - Drivers speed choice
of adverse RWCs on speed restricted by

choice by restoring highways implementing RWC-

obstructed by adverse RWCs specific regulations

-Zero enforcement -High enforcement

- Applying salt to remove -WRVSLs

ice/snow on road pavement -RWC-specific signal

timing

Figure 1.1: The three types of WRSM strategies

(Pisano & Goodwin, 2004)

pavemerd, poor visibility, and strong wind. In fact, 22.3% otdhcrashes reported in 2019 in

Alberta, Canada, were attributed to travelling too fast for the prevailing driving conditions (Alberta

Transportation, 2022). On one hasduare ofpeed is directly proportional to the stopping sight
distance (SSD); thubjgh speeds are associated with longer SBBSHTO, 201§. On the other
hand, adverse RWCs deteriorate driving conditions. For instance, formation of ice and/or frost on

road pavements substantially reduce pavement friction coefficiesisdt al., 1975 Pavement

surface friction coefficient, however, is inversely proportional to SSD; thus, adverse RWCs also

yield longer SSDsKordani et al., 2018 Therefore, speeding in adverse RWCs may intensify

propensity for weatherelated crashe® motor vehiclecollisions attributed to at least one adverse

RWC (Pisano et al., 2008

Speeding irrespective of the prevailing RWCreflectsd r i ver s 6 s pdecahaice bfe havi o

speed from several possible speedstifand & Delhomme 2005. Speed behaviouis often

perceived as idiosyncratice., subjective to an individuahccording taHauer(1971), drivers can

be categorized into two types) $low drivers, andi() fast drivers, depending on their speed choice

patterns. Slow drivers typically chooesv speedsHauer 1971) because they are reluctant to be

exposed to risks associated with high speeds (e.g., increased crash potential, severe injuries). In

contrast, fast drivers traddf safety for lesser travel tilmethus selecting higher travel spse

(Hauer 1971). In fact, past research (Edwards, 1999) suggests that fast drivers may continue to

select high speeds even in extreme RWCs although such drivers acknowledge the increased crash
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potential in adverse RWCs. Slow drivers, however, foajerreduce speed while travelling in
adverse RWCs. Such divergent speed choice patterns present in inclement RWCs result in
increased speed variabilitgnd thus increased crash potential (Solomon, 1964). In fact, the
Solomon curve (Figure 2). 8 agraphical representation of the relation between speed variation
and crash involvemeid® developed bysolomon (1964) demonstratesw high speed variability
contributes to increased crash risk, particuladring nighttime wha visibility is poor. The
Solomon curve iscritiqued by past literaturéResearch Triangle Institytd97Q Hauer 2009
predominantlydue to theheavyusage otrashes involvindeft-turning vehiclesn the left half of

the curve (the slownoving vehicle crashesY.et, speed variabty may lead to increased crash
potential. For instancehere is a possibility of collisiomwhen the succeeding vehiaké a two
vehicle platoon drives faster that the preceding vehicle. Therefore, speed vaimbilign used

as a surrogatmeasure of crash propensi@ir{llo, 2003.
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Figure 1.2: Relationship between crash involvement rate and travel speed variatic
(Solomon, 1964)

Note: Involvement rate represents the number of vehicles involved in crashes per 100 millionnaiésc
travelled.

In fact, while most drivers acknowledge the risks associated with driving in inclement @WCs
hydroplaning, poor visibility) some drivers mayi)(not be able to apprehend the safest speed to
travel in adverse RWCs, and/ar)(disregard the risks associated with such RWCs, (Edwards,
1999). In such conditions, WRVSLs can be usgttansport authoritiems a mediuno effectively
communicate the safeRWC-specific travel speeds drivers. Orthe other hand, adverse RWCs
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may cause substantial speed variabilities, #harsningcrash risksKigure 12). Yet, the intensities

of such crash risks are dependent on the magnitude of speed varg@tasignt in a specific
combination of RWCs (e.g., no precipitation in synchrony with wet pavements). Therefore, it is
important to design WRSM strategies dffectively alleviate crash risks induced bglifferent

combinatiors of RWCs.

1.1.3 Conceptual frameork for developing WRVSLs

Developing a WRVSL system is a thsiep procesé-igure 1.3.

Step 1 Step 2 Step 3
Evaluatingdr i ver s 6 . . Determining an
Identifying RWCs with
choice patterns in different appropriate SL settin
P - significant crash risk » pprop ¢
driving conditions approach to set WRVSLs
- Predominantly based on - Based on RWC-specific - The most frequently used
multiple linear regression speed variabilities; increased SL setting approach is
modelling (Kyte et al., 2000) speed variability imply operating speed method:
- Sample driving conditions: significant crash risks (Figure setting the 85t percentile
vehicle type/conditions, 1.1) speed as the SL (Forbes et
travel lane, RWCs al., 2017)

Figure 1.3: A stepwise conceptual framework for developing WRVSLs

The first stepassumes that drivers do not b&nowledge on the safest speed to drive in adverse
RWCs and/odrivers may take risks when selecting a speed to trAeebrdingly, the first step
involvesevaluaingd r i ver s s peed MOdreihgaenditonssuchias| differeftf er e n t
RWCs Kyte et al., 2000; Yasanthi & Mehran, 2020)) {ravel lane (Yasanthi & Mehran, 2020)

and (iii) vehicle type(Catbagan& Nakamura, 2008Yasanthi & Mehran, 2020i.e., passenger

vehicle or heavy vehicld vehicles with more than four tires touching ireund(HCM, 2(22).

When evaluatingpeed behaviour of heavy vehicles (HVS), it is also important to consider other
HV-relatedcharacteristics such as truck type and payload hauled (i.e., the weight of commodity
hauled by a truckyvhich might () have aconsiderablempact on speed behaviour of HV drivers
particularly when driving under adverse RWG@smd/or {i) lead to severe consequences in a
potentialHV-involvedcrash In fact,some H\tinvolved crashes (e.g., crashes involving hazardous
material transport trucks) may result in severe consequences such as leakage of toxic gasses and/or
release of flammable substandde conventional ethods used tanderstand contexdpecific

speed behaviour (e.g., speed choice in adverse RWCs) in road safety research are largely based on
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multiple linear regression modelling (Kyte et al., 2000; Yasanthi & Mehran, 2¥2Q)there is

an emerging trend of developing speed distributitors different driving conditions(e.qg.,
prevailing RWCs, vehicle type drivertp evaluate speed behaviour in different contexts
(Hoogendoorn2009). The second stegf the WRVSL development process (Figirg) involves
identifying RWCswith intensified crash risks Such hazardous RWCs could be identiftad
guantifying crash risk based on the RWgkecific speed variabiigs estimated istep lof the
WRVSL development process (Figute3). The third and final step in developing a WRVSL
system corresponds to selegtian effective approach to set WRVSILs.general SLs are set
based orthe operating speed approaah which, the 8% percentile speefl.e., thespeed at or
below which isselectedby 85 percent of drivejss adoptedas theSL (FHWA, 2009)

1.2  Problem statement research needsind research questions

Each step of the stepwise WRVSL development approach (Figure 1.3) endures a unique set of

problems.

7 Problems related to step Eval uating driversd speed choi c:

conditions

The conventional approach to evaluate driver
modelling. Such regressidrased speed behaviour models attempt to estimate average travel
speed chosen by a driver to drive in a specific combination ahdroonditions (e.gspeed

chos@ by apassenger car (P@yiver travellingin snow precipitation and icy pavements).
Fundamental problems associated witlchregressiorbasedspeed models ate/ofold. First,

extreme RWCs are rare evengsultingreducel traffic throughputn such RWCgGoodwin

2002); thus, weatherelated speed studi@seoften confined to limited sampling conditions.
Therefore,generalizing speed behaviour of an entiriver population using average speed
estimates is questionable. Secorde | ect i ng a travel speed repi
ability in rational decision makindn other words, evaluatintgpe impacts of a set of driving
conditonson dr i v er s arinvgiveseothpréhentdiragve itypically versatildluman
psychology In fact, nodelling human psychology through multiple linear regression

modelling might be challenging, particularly under limited sampling conditions.



Such problems associated with thenwentionalapproach of modelling RWSpecificspeed

behaviour have resuled in inconsistentRWC-specific speedbehaviour estimationsas
suggestedy past literature. For instance, sostedies [pbrahim & Hall, 1994; Kyte et al.,

2000 suggesthat extremeRWCsconsiderablya f f ect dri ver sd0 speed be
some studiegEdwards, 1999; Yasanthi & Mehran, 202Bmonstratenarginal impad of

RWCs on dr i v e Skldcordrpversied in pabkt titératuee.emphasize the need for a
robust apprachto model RWGspecific speed behavioun additond r i ver sd speed
also hypothesized to be dependent on the vehicle type dHamgendoorn2005h, i.e., PC

or heavy vehicle® vehicles with more than four tires touching the grodd@M, 2022),

and/or the payload conditions afheavy vehicle (HV). For instance, speed choice of a PC

driver travelling in snow precipitation and an icy pavement might be differ from the speed
choiceof the driver of a loaded HV travelling in the same RWCs, [yast literature on the

impacts of RWCs on the speed choice of drivers driving different vehicle types/HV loading

conditions is limited.

1 Step 2: Identifying RWCs wittensifiedcrash risk
An intuitive approach to identify RWCs withtensifiedcrash rsk is toevaluate the impacts
of different RWCs on crash frequency. In practice, howawar] safety researchers may not
have access to accurate and complete crash daté#ieds historical crash data are not
available, speed variability is conventionaliged as a metric of crash propensity (Solomon,
1964).Yet, past literature does not provide guidance on developing a holistic crash indicative
measure to evaluate RW&pecific crastpotentialin different driving conditionsOn the other
hand, crashes amare events; motor vehicle collisions in extreme RWCs are particularly
scarce. ldentifying RWCs with intensified crash risks based on such limited crash events is
guestionable becausg (evelopingveathefrelatedcrash models with statistically signidiot
model coefficients under limited sampling conditioe€hallenging and(ii) differentiating
the impacts of RWCs on crash risk from the other factors (e.g., driver fatigue, vehicle
condition) contributing to observed crashes is arguable particularly under limited sampling
conditions.Therefore, there is a need to deveapbustcrash indicativeneasure which could
help identify RWCs withntensifiedcrash risksparticularlywhenhistorical crashdataarenot

available



1 Step 3:Determininganappropriate Stsetting approach to set WRVSLs

Conventionally, fixed poste8Ls, suchas the SLsmplemented on most highways North
America are(i) designedor ideal RWCqi.e., no precipitation, and dry pavement conditjpns
and(ii) oftensetbased on the §5percentile spee(Forbes et al., 2012Yet, such fixed speed
limits set for normal RWCs may not be appropriate for extreme RWE&sausei) some
drivers may not be able to comprehend the safest speed to travel in inclement(iR\Wase
RWCs may lead toncreasedpeed variabilitiesvhich may result in increased crash potential
in such RWCs, andii() the degraded driving conditions resulted by most adverse RWCs
warrant reduced travel speeds. a solution, WRVSLs attemfit communicaten estimation
of the safest speed to travel imifferent RWCs, thus mitigate weathezlated crash risks.
Despite the potential safety benefitsWWRVSL systemge.g., reduced crash risks regut
from harmonization of speeds), the existing WRVSL systems daemedineffective
irrespective of th&L-setting @proach used to set the WRVS(Bowney, 2015; Elvik et al.,
2009) Thereforejt is important to develop robustapproach to sedffectiveWRVSLSs.

In summary, there af®ur research questiomsising from the problems related ttee WRVSL

developmenprocess

1. What is the impact of different RWCs on dri
2. What I's the most appropriate approach to e
RWCs?

3. Are there any specifidriving conditions (e.gRWCs vehicle types)vhich notablyintensify
safety/crash riskehen indicated by speed and speed variaBility

4. What is an effective approach tegulate speeth adverse RWC# mitigatesafety risks
induced by suchRWCs?

1.3  Goal, objectives definitions, and scope

Thegoal of this thesis is to improve road safety of cold region rural highways in extreme RWCs.

The goalof this researcks achieved througfour main objectives:

{ Objective 1(O1) : Tomodel desired speed distributions under the combined effect c
specific roaeweather and traffic conditions
{ Objective 2(02) : Toinvestigate the variability of modelling speed distributions base

on different data analytics



{ Objective 3(03) : To identify adverse RWCs whiatotablyintensify safety risks based
on RWGspecific speed variabilities

{Objective 4(04) : To propose an effective approach to set WRVEased on the
reliability theory

The scope of this thesis is defined by 8tedy data which are collected on rural highways.
Therefore, methods proposed in this study are only applicable to rural highmwagslition,the
scope othis thesisncludesheavydue tothe scarcity opast Iterature focusing othe impacts of
RWCsonheavy vehi cl e dFurthereirshodld ks mated that, intihas itheses, the

safety considerations are based on speed and speed variabilities.

The proposed framework tdevelop aneffective WRVSL system would help road safety
researchers and transport authorities located in cold regidahsitalérstand safety risks associated
with extreme RWCs;ji() identify the need for WRVSL systemsanld regiorrural highwaysand
(iii) devebp an effective WRVSL system thus mitigate weatledated crashes in cold region rural

highways.
1.4  Thesis organization

This thesis is organized asandwichstyle(a.k.a. a groupethanuscriptjhesis; thus, each chapter
reproduces published gereviewed journal articledt should be noted that the content presented
in chaptergawo throughfour are slightly changettom ther original papers to facilitate a smooth
flow of the thesisAll papers reproduced in this thesigereprinted withthe authorization of the
correspondingoublishes and ceauthors.Each chapter includes its own abstract, introduction,
literature review, and conclusion sectiohBe acknowledgment sectioand author contributions
of the original papers are included in thesispreface; eferences are provided at the end of the

thesis

Chapter 2 presents a research artideusing ondeveloping an approach to modgpeed
distributions in different RWC and traffic combinatio(@®;) followed by identifying adverse
RWoCsintensifying safety risks (§). Chapter Jertains to a research paper(gncomparing the
speed distribution modelling approach developed in chaptéh a conventional speed modelling
approach (i.e., regression modellingpYCand {i) developing a alistic crash indicative measure
to identify RWCs withintensifiedsafety risks using RW-Gpeed variabilities (§), in the context



of different vehicle types includinigeight transport trucks. Chaptéipertains ta research paper

focusing on the developent of an effective WRVSL systelbased on the reliability theo(Qs).

Chaptel5 concludes the thesis by Summarizing research findings) fighlighting contributions
of this thesis,i{i ) outlining research limitations, ani& recommending futuneesearchpertaining

to each research article pretain chapters 2 through



Chapter 2. Modelling speed behaviour in rural highways: Safety analysis of

driving under adverse roadweather conditions

This chapter initiates the processdefveloping an effective WRVSL system for cold regioral
highwaysby eval uating driver sd s pbMoedspebfieadilya this o ur
chapter presentan innovative approach to) (model speed distributienn different RWC and

traffic condtion combinationgOz; step 1 in Figure 1)3and (i) identify RWCs withintensified

safety risks (@ step 2 in Figure 1)3The speed distribution modelling approach proposed in this
chapter can beffectively used as an alternative to the conventioeglessiormodellingbased

approach used to evaluate speed behaviour in different conditions.
2.1 Abstract

Thisresearclproposes a methodical approach to model desired speed distributions under different
roadweather and traffic conditions followed bye identification of roadweather conditions with

potentially higher safety risks in rural divided highways located in extremely cold regions.

Distributions of dspeedsdhdadeesnratd dmpieedr s . @i

androadway conditionsfor uniqgue combinations of adverse readather and traffic conditions

are modelledas normal distributions characterized by their means and standard deviations
formulated based on two principal statistical theorems and techniqu€ené&al Limit Theorem

and Minimum Variance Unbiased Estimation. Combination of the precipitation conditions, road
surface conditions, time of the day, temperature, traffic flow and the heavy vehicle percentage at
the time of travel were considered in aéfig the combinations of roasleather and traffic
conditions. The findings reveal that simultaneous occurrence of particular precipitation and
pavement conditionsotably affect the characteristics of the desired speed distribution and
potentially expose rivers to elevated safety risks. Jurisdictions experiencing extreme road
weather conditions magdopt the proposed methodology to assess speed behaviour under different
roadweather conditions to establishing and deploying weatsgonsive traffic manageent

strategies such as variable speed limit to regulate speeding and improve traffic safety in winter.

Keywords: Adverse roadveather conditions; Speed behaviour; Desired speed; Highway speed
management; Traffic safety
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2.2 Introduction

Highway safety, characterized by the ability of a person to travel freely without injury or death,

has always been the primary objective of traffic engineering and is typically measured by the rate

of crashes belonging to different severity le€larteret al., 2017)As defined byHauer(2020)

a cause of a crash can be defined as fia circ
frequency of crashes and/or their severity wo
can be divided into four major categories: human factorsg(d pedestrian, etc. behavior), vehicle
conditions, roadway conditions and environmental conditi@@arber & Hoel, 2004) A
considerablg@roportion of crashes includes weathelated crashes, which are defined as crashes
occurring in the presence din, sleet, snow, fog, wet pavement, snowy/slushy pavement, and/or

icy pavement(Pisano et al., 2008)n fact, Transport Canada (201&)entified 307 fatalities
resultingfrom weatheirelated crashes in Canada in 2016. It is well documented in theurterat

that weatherelated crashes mostly stem from the impacts of adversenreaither conditions on

driver behavioufPisano et al., 200&ndrey& Yagar, 1993)

Speed is considered as one of the major contributing factors to crashes in terms of fragdency
severity, thus it has been widely used as a surrogate measure in assessing highw@bdafety
Atyetal.,2008) Speed | imits posted by jurisdictions
and attempts to mitigate crash rigkdvik, 2012) It is hypothesized that particular reagather
conditions may alter driversd6 speed choice an
may not effectively mitigate crash risks under adverse-weeather conditions. Variable Speed

Limit (VSL) which is implemented for redgime crash mitigatior{Abdel-Aty et al., 2008)s a

viable weatheresponsive traffic management strategy to alleviate safety risks imposed by adverse
roadweather conditions. Thus, understanding the speeding behaviour uneeseaadveather

conditions is essential for successful implementation of a westhponsive VSL program.
Desired speed, which is the speed chosen at {
conditions directly reflects driver behaviour ascextensively used in studying driver behaviour
(Yasanthi & Mehran, 2020Catbagar& Nakamura200§. Desired speed is manifested through

the freeflow speed of vehicleTRB, 2016)and i s referred to athte ispee
highwaycapacity manual (HCM) (TRB, 20168commends taking the speed observed under base

conditions at traffic flow volumes less than 1,000 passenger cars per hour per lane, as a reliable
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measure of freflow speedi.e., a measure of average vehicle spwed pecific facility) as traffic
becomes insensitive to flow rate at this much low traffic volurdesordingly, the lack of
negligible vehicle interactions in such frBew conditions substantiate approximating observed
vehicle speeds ads. Ddtributioreaf dedireddspesds atea dpedfip lecation
varies in a wide range mainly attributing to geometric characteristics of the road, existing road
weather conditions and the demographics of the drivers. In other words, desired speed explains the
speed at which the drivers are comfortable under the prevalent driving conditions. Adverse road
weather conditions such as icy road surface conditions and poor visibility are proven to affect the
desired speedotally (Yasanthi & Mehran, 2020; Kyte et &000) Accordingly, speed behavior,
which is defined as the choice between several possible shetidand& Delhomme 2005) is

widely chosen as a measure to study the impacts of adverseveastter conditions on driver

behaviour.

Past literature expred several approaches to investigate the impacts of adverseveatter

conditions on speed behaviour including statistical modelling and machine learning techniques
(Yasanthi & Mehran, 2020prahim & Hall, 1994; Thakuriah& Tilahun 2013. For instace,

Yasanthi & Mehran (202@Jeveloped a group of statistical modelestimatespeed variations

different roadweather conditiondy developing six multiple linear regression modeisere

separate linear and ndnear models were developddr threedatatreatmentapproaches:i)
treating individual vehicl e s peigtieatingg2minute gr es s i
aggregate speeds as r egr es dii adoptinga dbw elinmatiahe p e n d
technique According to the study results of Yasanthi & Mehran (202@dels with 2éminute

aggregate speeds as the dependent variable (Group Il models) was concluded as the best
performing model. Hoogendoo(@00%) developé a new unified approach to estimate the free

speed distributions based on the composite headway distribution model and the method of

censored observations.

While some studies confirmextucial changes in speed behaviour under adverse-weather
conditions(Kyte et al., 2000tbrahim& Hall, 1994; Oh et al., 2002pther studies contradict these
observations, mainly in terms of the intensity of speed dispe(3iasanthi & Mehran, 2020;
Edwards 1999) Further, the performance of conventional approactiesh as regression
modelling to study speed behaviour has been critici@éasanthi & Mehran, 2020)The
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underlying reasons for discrepancies in the literature are mainly threefold. The main prospective
reason discussed is limited sampling to represertifgpeoadweather conditiongYasanthi &
Mehran, 2020;Hall & Barrow, 1988) On one hand, adverse reagather conditions are
intrinsically scarce, restricting the number of samples, which can be collected under specific
inclement roadveather conditiongOn the other hand, the travel patternscagsiderablyaffected

by adverse roaweather conditions resulting in reduced traffic volumes under adverse road
weather condition§Goodwin, 2002)Limited sample rate under adverse r@ahther conditions

resuts in inconsistent speed reduction estimations and limits the applicability of desired speed
distribution modelling approaches developed by previous studies. For instance, free speed
distribution models developed @atbagar& Nakamurg2008)andHoogendoorrf2005) require
sufficiently large samples to minimize the standard error of the estimates, which may not be
feasible under adverse reagather conditions. Second, most of the studies relied onveather

data collected from data collectiatevices locatedonsiderablydistant from the traffic data
collection stations, which potentially reduces the representativeness of prevailingeaiher
conditions of the collected data. Third, treatment of speed data (e.g. aggregation interval) also
appears to impact the outcomg@&santhi & Mehran, 2020; Kyte et al., 200@hile it is common

to analyze speed behaviour through statistical modelling, it should be noted that speed behavior is
primarily a human response. Thus, modelling human psycholwgugh regression modelling,
especially with a limited number of samples is challenging and may lead to questionable results
(Dhami & Harries 2001) Further, the form of the dependent variables in the statistical models,
whether aggregated or disaggredass well as the aggregation interval is proven to impact the
study resultyYasanthi & Mehran, 2020)in fact, the optimum aggregation interval for loop
detector data (i.e., speed data) depends on the purpose of the application and traffic conditions
(Pak et al., 2009 Moreover, many researchers queried about the functional form to be used in
modelling the impacts of roadeather conditions on traffic stream characteristics of uninterrupted
flow (Yasanthi & Mehran, 2020brahim& Hall, 1994.

While usng identical study data as usedYsgsanthi & Mehran (2020}his researchintends to

fill the gaps identified irpastliterature by proposing a novel approach for modeling distribsition
of desired speeds in uncongested highways under different combinations -efeathér and
traffic conditions, rather than quantifying speed variations resulted by adverseveatubr
conditions. The proposed methodology embodies two novelties.Jyirstpdelling desired speed
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distributionsrather than quantifying speed variations resulted by adversevweatier conditions
through statistical modelling (e.g., regression analysie)proposed methodology in this research
attempts tavoid thewell-docunented issuesn RWC-speed modellinguch as poor goodness of

fit and statisticallyinsignificant model coefficients which are attributed to the low sample sizes
and the divergent nature of human behavidhrs researclattempsto resemble the speed cheic

of a specific driver population rather than
specific mathematical criterion such as ordinary least squares method. Accordingly, the proposed
methodology can be practiced under limited sampling condiienspreserves all observations.
Secondthis researchattemps to evaluate the impacts of different reagather conditions on a
populationlevel in contrast to the conventional samlgeel evaluations. One of the main
advantages of the proposed noeglproach is that modelling the desired speed distributions
eliminates the need to define a specific function or an aggregation interval. Moreover, road
weather and traffic data collection devices used inrdgsarchare located alongside each other

providing highly accurate data.

2.3 Researchobjectives

Thisresearchattempts to address two research questions related to rural divided higinwdga:
does the distribution of desired speeds change in the presence of adverseath&d conditions?

and(ii) Are there specific adverse reaeather conditions, whichotablyintensify safety risks?
Theresearchhas two objectives focusing on addressing the research questions:

i.  To model the desired speed distributions under the combined effegteoffic road

weather and traffic conditions, and

ii.  To identify specific adverse roadeather conditions whichotably intensify the safety
risksbased on speed and speed variability

The distribution of traffic s pdechottesrangisg frent i mar i
very low to very high speeds. According to Ha(@®971) slow drivers habitually select lower

speeds because they believe that slow driving is safe driving. On the other hand, fast drivers trade
off safety for lesser travel timgd#dawer, 1971) In this researchit is hypothesized that the
population of drivers under specific reaeather conditions choose a safe speed to travel based

on their comfort, convenience and confidence to travel under prevailingwesttier conditions.

14



Further, it is hypothesized that the divergent speed selection patterns under specific adverse road
weather conditions increase the variability of desired speeds, which is an indication of increased
safety risks. Theesearclattempts to test these hypothesgs$timating desired speed distribution
parameters for different populations of drivers under differentvasather and traffic conditions.
Resultsof this researchwill help authorities establish weathessponsive traffic management
schemes i.e., VSL tionprove traffic safety and operations under adverse-weather conditions

in cold regions.

2.4 Study data

2.4.1 Data collection

The study data were collected with the courtesy of Alberta Transportation and are of two types;
roadweather and traffic da. Roadweather data were collected by using a Road Weather
Information System (RWIS) and traffic data were acquired by a Waeighotion (WIM) station
installed alongside of each other (148.7m apart) on aémea;, tweway divided highway segment
(Figure 2.1). The study site is located on Highway 16 i.e., a major-prigrincial highway in
Western Canada a. k. a AYell owhead hi ghwayo.
Edmonton, and the study site lies west to the city of Edmonton. The locatioguwatibn of

RWIS and WIM sensors (Fige 2.1) enabled collecting redime, highly accurate and
representative roadbeather information for each vehicle recorded by the WIM station, adding a
distinct feature to thisesearchThe study site was subjectedan Annual Average Daily Traffic
(AADT) of 8,120 vehicles in 2018Alberta Transportation, 2016yloreover, the study site is in a
level(i.e., negligible grade)traight road section without any on/off ramps nearby. The study data

werecollected for 15 months ranging from October 2014 to December 2015.

The RWIS station records the pertaining reaehther conditions including air temperature,
atmospheric precipitation situation, pavement surface condition, pavement temperature, and
averag wind speed in every 20 minutes. In terms of traffic data, the WIM station detects the date,
time and vehicldy-vehicle information including travel lane, travel speed, axle weight and

interaxial spacing.
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(Yasanthi et al., 202])

Notes:

1 Map generated using data retrieved from Statistics Canada (2016a), Statistics Candn)aa(2016
Government of Canada (2021).

1 Containsinformation licensed under the Open Government Licébaeada
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2.4.2. Data preparation

Table2.1 summarizes the details of the remdather conditions as recorded by the RWIS station
and the alterations made to the raw data recorded by the RWt®n, in terms of the
categorization of continuous data and/egreuping of the categorical data records.

Initially, atmospheric temperature, precipitation situation, pavement surface condition, wind speed
and time of the day were selected as indepehdariables representing reagather conditions

as discussed itvasanthi & Mehran (2020)However, wind speed was not considered in the
analysis since the maximum wind speed recorded at the study site is 45I36mmch is lower

than the reported mmum wind speed required (51 km/h) to impact the behavior of passenger car
drivers (Schmidlinet al., 2003) The next step of data preparation includes evaluating whether
speeds in each roadeather attribute levetecorded by the RWIS station (Table 2dre
statistically differentfrom the speeds recorded under the remaining levels of the same road
weather attributge.g., whetherspeeds recorded under slight rain conditiotlow the same
distribution as speeds observed under moderate. raimerefore, aseries of twesample
Kolmogorov Smirnov (K-S) tess was conducted tdi) re-group thelevels of roaeweather
condition categoriesriginally recorded byhe RWIS by statisticaly evaluaing the difference of
speeds ireach levebf the categorical roadveather attributesand {i) categorize theontinuous
variables (i.e., temperatur®easons for choosing-8& test to evaluate the statistical independence
of speeds observed in each reeehther attribute level are twofold. Firte K-S test is a non
parametric tegfEngmann& Cousineau, 20)Mhich does not require any presumptions about the
underlying distributiofs) of the tested samples. Second, th& kest is particularly recommended
when testing samples with small andpmssessinequal sample sizeErfgmann& Cousineau,
201]). Results of the KS tests conductenh this thesisare presented idppendix A. After

analyzing the KS test results (Appendix A)he following alterations were executed:

1 Original precipitation conditions recorded by the RWIS station were combined in terms of
the intensities due to the statistically insignificant differeatepeeds recorded under
most i Moder at eo gpredpitativrHlevelsy (Figure Al2). The resultanh
precipitation conditions only have two

each for rain, frozen precipitation and sn@vable 2.).

17



1 Air temperature was categorized into three groups (GI, GIll and GllIlI) based on the

numerical value of the aiemperature as shown in Tal24.

1 Precipitation condition, pavement surface condition, temperature and time of the day were
modified to have seven, six, three and two levels, respectisely Appendix A for a

detailed explanation of the-gFouping proess)

Table 2.1: Road-weather condition categories

RW condition Description of the raw data as recorded by RWIS Alterations to the raw data
Air Wet bulb temperature falling between minus @has 40 GI: Temperature  10°C
temperature  recorded as a continuous variable Gll:  10°C Temperature 0°C

Glll: Temperature 0°C

Pavement Dry No moisture or unusual conditio No alterations
surface detected
condition Ice warning Detection of ice or black ice

Trace moisture Detection of isolated moisture ¢

pavement surface

Wet Wet roadway with considerable
moisture detection

Ice watch The risk of the formation of ice or blac
ice on the roadway is elevated, but
occurrence, location, and/or timing

still uncertain

Pavement Frost Detection of frost formation No alterations
surface
condition
Time of the Day Time from the sunrise to sunset No alterations
day Night Time from the sunset to sunrise
Precipitation ~ No precipitation 0 mm/h No precipitation  No alterations
condition Rain <2 mm/h Slight rain No alterations
02 and < Moderate rain Moderate & heavy rain

08 mm/ h Heavyrain

Snow <2 mm/h Slight snow No alterations

Precipitation ~ Snow 02 a mun/h< Moderate snow  Moderate & heavy snow

condition
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RW condition  Description of the raw data as recorded by RWIS Alterations to the raw data

Precipitation ~ snow 08 mm/ h Heavy snow Moderate & heavy snow
condition Frozen <2 mm/h Slight frozen No alterations
precipitation precipitation

02 and < Moderate frozen Moderate & heavy frozer

precipitation precipitation
08 mm/ h Heavy frozen Moderate & Heavy Frozel
precipitation Precipitation
As for traffic dat a, erroneous records includ

well as vehicles with speeds higher than 200km/h were removed from the analysis. Further, the
study data were aggregated into fiménute intervals, which isuggested as the optimum interval

to investigate traffic operatiof®h et al., 2005)Consequently, traffic flow and the percentage of
heavy vehiclesvaluesfor each fiveminute interval count were estimated. Traffic flow was
grouped into eight levels with a bin size of 100 veh/h. Likewise, heavy vehicle percentage was
grouped into 10 levels with a bin size of 10%. Traffic flow and heavy vehicles percentage
caegories were also subjected @oseries of twesampleK-S tess to verify the statistical
significanceof the difference of spesdn each categorysee Appendix A)Accordingly, each
five-minute interval during the analysis period was tagged with theagiregy precipitation,
pavement condition, temperature, time of the day, heavy vehicle percentage and traffic flow

categories at the time of travel.

Table 22 tabulates statistical information of the influencing factors with respect to several
statisticalattributes; number of vehicles recorded under each level of the influence factor along

with the mean and standard deviation where applicable.

Table22:l nf l uencing factorsdéd statistical

Influencing factor vehicles Mean Standard
observed deviation
Road Air Gl( 10°C) 230,489 -16.58 °C 4,77 °C
weather temperature  GII( 10°C & 0°C) 441,030 -3.98°C 2.79°C
conditions Glll ( 0°C) 880,823 8.74°C 6.35°C
Pavement Dry 958,017 Not Applicable
surface Ice warning 269,603 Not Applicable
condition Trace moisture 41,498 Not Applicable
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Influencing factor vehicles Mean Star'1d<?1rd
observed deviation
Road Pavement Wet 134,556 Not Applicable
weather surface Ice watch 132,540 Not Applicable
conditions  condition Frost 16,128 Not Applicable
Time of the Day 1,159,360 Not Applicable
day Night 392,982 Not Applicable
Precipitation ~ No precipitation 1,448,239 Not Applicable
condition Slight rain 21,429 0.48 mm/h  0.54 mm/h
Moderate & heavy rain 46,397 6.6 mm/h 4.29 mm/h
Slight snow 23,332 0.55mm/h  0.47 mm/h
Moderate & heavy snow 1,685 2.96 mm/h  2.73 mm/h
Slight frozen precipitation 9,578 0.63 mm/h  0.75mm/h
Moderate & heavy 1,682 5.28 mm/h  5.27 mm/h
precipitation
Traffic Traffic  flow TF: Gl ( 100 veh/h) 38,923 48 veh/h 27 veh/h
conditions  category TF: GlI (101 veh/kR200 veh/h) 26,544 152 veh/h 28 veh/h
TF: GllI (201 veh/R300 veh/h) 27,953 248 veh/h 31 veh/h
TF: GIV (301 veh/k400 veh/h) 10,962 346 veh/h 27 veh/h
TF: GV (401 veh/kK600 veh/h) 3,107 440 veh/h 27 veh/h
TF: GVI (501 veh/k600 veh/h) 767 538 veh/h 29 veh/h
TF: GVII (601 veh/k700 veh/h) 170 646 veh/h 29 veh/h
TF: GVIII (701 veh/R800 veh/h) 94 752 veh/h 30 veh/h
Heavy vehicles HV: GI ( 10%) 19,492 3.1% 3.8%
percentage HV: Gll (11%-20%) 20,410 15.8% 3.0%
category HV: GlII (21%-30%) 19,032 25.4% 2.7%
HV: GIV (31%-40%) 16,847 35.2% 23.0%
HV: GV (41%50%) 13,623 47.5% 3.1%
Traffic Heavy vehicles HV: GVI (51%-60%) 3,919 57.2% 2.5%
conditions  percentage HV: GVII (61%-70%) 4,275 66.1% 1.7%
category HV: GVIII (71%-80%) 2,656 75.8% 2.7%
HV: GIX (81%-90%) 576 84.6% 1.9%
HV: GX (>90%) 7,690 99.9% 0.3%
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2.4.3 Preliminary analysis

A preliminary data analysis was conducted on the eastbound data aim(ingdentify the level

of vehicle interactions at the study si(e) understand the overall speed behaviour in different
roadweather conditionasing descriptive statistics of speeds in different+wadther conditions
andiii) analyze traffic composidn and lane utilization patterns at the study gdeast study
conducted using identical study dé¥asanthi & Mehran, 2020kvealed that spedzthaviourin

the eastbound and westbound directions at the studweitemarginally differentAccordingly,

in this research, study data collected from the eastbound data weil@ asgithr analysis could

be conducted on westbound data

Figure 2.2 depicts the speeftbw relationship in the eastbound shoulder and median lanes
separately, where flovand speed are expressed in the hourly equivalent of thenfiugte
passenger car volumes per lane and the correspondingifivee aggregate spe€ide., five-
minute mean speedgspectively.The flow valuespresented in Figure 2 ®ere estimated by
corsidering the standard passenger car equivalent (PCE)dunite number of passenger cars
needed to replace the capacity of the considered vehicle (HCM, 8028) freeways with a
negligible terrainin this thesis, motorcycles weassigned with a PCE unit of 0Bdrvathyet al.,

2007 - -
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Figure 2.2: Speedflow variation in the eastbound shoulder and median lanes at the stud
site
(Yasanthi et al., 2021)
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2013, passenger cars with a PCE unit of 1, and trucks with a PCE unit of 1.5 (HCM, 2Qu€y.
2.2, the study site mostly operates under a density of 7pc/h/In and exjesrieevel of Service
(LOS) AAO, w h dflawhconditiorts iard iminisnal ¥ehideeinteractions between the

vehicles as characterized & et al. (2005)

The median lane, however, exhibits a lower range of traffic flow values and higher speeds
compaed to the shoulder lane. While presenting two types of descriptive statistics; mean and
standard deviation of the speeds observed in the eastbound shoulder and median lae2s Fig
confirmsthe observation of higher speeds in the median lane whildiglging the variations in

the mean and standard deviation of speeds under adversgeatmr conditions in both lanes.

Further, vehicles travelling in daytime, especially in the shoulder teaneel at slightly higher

speeds. Adverse pavement surfageditions, when coupled with adverse precipitation conditions

tend to reduce speedsnsiderablyFor instance, presence of an ice warning pavement condition
under a slight snow recordedtablylower mean speeds and considerably high standard deviation

of speeds irrespective of the temperature conditions, time of day and the lane type, suggesting that
the drivers are more sensitive to perceptible hazards such as adverse pavement and precipitation
conditions. Figre 2.3 suggests a few counterintuitive iheations potentially due to the small
sample sizes. For example, the mean and standard deviation of speeds of vehicles travelling in the
median lane at nighttime in temperature values more than 0 °C under a dry pavement and a
moderate and heavy frozen gigatation recorded a comparatively higher mean speed which can

potentially be attributed to the low sample size\(@Hicle speedsnly).

Figure24 presents the hourly variation of the heszs
factor in theeastbound shoulder and median lanes, where the lane utilization factor is expressed

in terms of the proportion of hourly vehicular flow of each lane to the respective total hourly
vehicular flow of the eastbound direction. According toulrgR.4, a substatial portion of the

hourly vehicular flow in the shoulder lane constitutes of heavy vehicles, especially around the
midnight. Moreover, the high hourly lane utilization factors of the shoulder lane further imply the
preference of the majority of the drigeto use the shoulder lane. Therefore, only the vehicles
observed in the shoulder lane are considered imabéarchio typify the pragmatic heterogeneous

traffic composition in study site.
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2.5Population, Sample and Sampling Distributions

It is hypothesized that drivers possess different speed behaviors under various inclement road

weat her and traffic conditions

characteri

important aspects in modelling the distribution of desired spareddefined namely, population,

sample and sampling distribution.

Population, in the context of thissearchencompasses the desired speeds of individual vehicles

observed at the study site under a specific combination ofweather and traffic condlins.

Population groups are identified based on the combination of six criteria explaining the road

weather and traffic conditions at the time of travel (iFg2.5). The distribution of desired speeds

of the individual vehicles observed under a unique lination of roaeweather and traffic

conditions is referred to as

24

Apopul ati on

di

zed

st



I Road-Weather conditions H Traffic conditions ]

’T._‘
ime
‘Pavementcondition Precipitation condition ’ofthe Temperature Flow Heavy vehicles percentage I
day
a
w
T
= -
a g|ls| @ 3 =lzls|<l=l=|=
e x|s 0] === =
@ z|=z|% £ alas|lc|e|ala]|a
=lsllgl.| 5 NS o SEE e e e |e =l=|s|sl=sl=|s|=
S| s = %) 5 olE = = = I e = | x
s|g|EllZlz|2|a|s|35]|3 =lalzll2|zI1E51ElZ1S18l=l=|2|o|a|o|a|a|la|lols
S5y G| E|2 e | & olulslle|slsls|sls|s|lsla|l2|z|2]|3]|2(2]2)|2
sloclzlzlell 512 5 x| F|a|llxl=|l = Fls|EIZE||Z(ZIs]2 = |2 =Zlz|=>=¢@
cglele|2|z|z|2)l=ls sz =l =l8E1 S| 22l lelg|lgs|=(S(E(Z|Z(E|2|2(2|
SIslal 2|2 Elglel2lslalzlzlzlelsISlsls]|alalalalalzlElslsls]s]s|s|S]|s|2
P I =l I AT T = ol - I N B ol = | =N I (S 0 ST = = = RN = = OO TN T R = I I I - I
S AR E-A N R A R A EEY ol - = T B R D B o -0 D R D O R D A R
(] T
g ls|sl|sla|8|2]e|3|e vl r[lS|slsls|slsls|e|T]8]82]s]s]s]e]]|%
B A T @ w = VI = hall S I Bl =
Flz] s A vi Slefels|efe|e A RN I N RN N
5 3 =|38 8 slsls|ls|lslsls
5 §%§ 7 slal@d(F |88
@
=]
(=]
=
|
1
( Example Population ID: D-NP-N-T:GlII-TF:GI-HV:GI )

Figure 2.5: Categories of roadweather and traffic conditions to identify populations
(Yasanthi et al., 2021)

The study period is divided into consecutive fimenute intervals analogous to samples drawn
from the speed population in equal intervals. Each-rivveute interval belongs to a specific
population labeled with a proper populatitb based on the prevailing roadather and traffic
conditions. The individual speeds in each tim
respective fiveni nut e i nterval s ar e considered as A
Accordingly, thenumber of vehicles observed in a particular{finmute interval is referred to as
the Asampl e (& "zue)d.e. dhe fiveminetaltrafficwolume. The number of unique
sample sizes that belong to a particular population is denoted®y 4 ). The average speed of
all vehicles observed during a fiveinute interval represents the sample mean and is referred to
as fiveminute aggregate speed. For a particular population, the sampling distribution of mean
speed refers to the distribution of t@mple mean speeds with a specific samplansizbus, each

speed population is representedkisampling distributions.

For demonstration purpose, birg 2.6 presents a graphical illustration of a speed population of
202 individual vehicle speeds reded under a unique combination of readather and traffic
conditions, enclosed in 38 fivminute intervals belonging to three unique sample skzed (Each
five-minute aggregate interval in the population is assigned with a unique sample ID denoted by
"Y;, , wheren denotes the sample sizeandp & 0 ) denotes the sample number pertaining

to the sample siza. The number of fivaninute intervals recorded with identical fim@nute
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volumes is denoted Byl (O M ¥ ). The fiveminute aggregate speed in each-inmute interval
represents the sample mean speed and is denotélg byThe fiveminute aggregate intervals
observed with identical number of vehicles are clustered together to produce sampling
distributions of mean speed. AccordingW represents the sampling distribution of fivenute
aggregate speeds pertaining to intervals with traffic volanm&ve-minute intervals withM=1

were removedto prevent population being represented by a sample disbrpand the rest of

the samples are sorted in an ascending order based on

Sample space for the population of desired speeds
. . . . . . . Legend
. . - . . . - . . . . 2 desired speeds in five minutes
. . . . . . . . . . . 5 desired speeds in five minutes
.. . .. . . . . . . 8 desired speeds in five minutes
Sampling distribution
Number . L _ . . of five-minute
Sample of Population of 202 individual vehicles with desired speeds aggregate speeds
size samples observed under a unique comblr_lz_atlon of road-weather and pertaining to each
(n) (M) traffic conditions sample size
(M't ~N (ﬂVn‘ 0'%1 ))
Five-minute 5 : : 5 N 2
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Figure 2.6: lllustration of a population and samples
(Yasanthi et al., 2021)
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Figure 2.7 shows an example of a speed population (IENBN-T:GllI-TF:GI-HV:GI) i.e. dry
pavement, no precipitation, temperature more than 0°C, q<100 veh/h and a HV<10% in nighttime)
represented by 8ffierent sampling distributions of sped#s8) along with the respective number

of five-minute intervalsil). For instance, the fourth sampling distributior4, M=267) in Figire

2.7 corresponds to the distribution of the fivénute aggregate speeds empassing 267 five
minute intervals with four vehicles observed in each-fivautes. The frequency of samples for
each sample size tends to decrease as the sample size increases implying comparatively low

traffic volumes observed at the study site, wh&cim an uncongested rural highway.

3
1l
&

n=1, n=2, n=3, n=4, n=5, n=6
M=1349 M=835 M=491 M=267 M=194 M=101

=5
T

350

300

250 1

2004

Frequency

150 1

1001

504

50

o o
n o
—
)

(km/h

T T

o o o o

0 O w w0
-

100
150
150
100
150
504
100
150

o o o o o (=] o o o
n o wuw 0 O W n o wuw

- - - - -
-I

o

5 ee

inute aggregate s

e}

Figure 2.7: Sampling distribution of mean speeds for a population represented by eight
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2.6 Methodology

The conventionaapproacksof eval uating the i mpactse@f RWCs
regression modellinggttempt to evaluate the impacts of different RWCs on speed behaviour by
inferring poptation parameters using samypbel statistic§e.g., using descriptive statistics to
express the impacts of RWCs on speed behavitlsipg such samplievelbasedstatisticsto

infer population parameters is questionable particularly when some RWCs may be under
represented in collected study detdicated by considerably low sample sizes in some RWCs

such cases, estimating populatiemel parameters by approximatinganplelevel distribution

to its populatiodevel distribution is questionable. In contraatcording to theCentral Limit
Theorem (CLT)for normally distributed populations,sampling distribution of means highly
representative of its population dibution irrespective of its sample sizdgyter, 2012)unlike a

sample distribution which may or may not be representative of its populagoardingly, this
researclattempts testimatea populatiod e v el s p e e garamieterbased dihetneao n 6 s
andstandard deviatioaf a sampling distribution (i.e., a fivainute aggregate spedubtribution.

In other words, the speed distribution modelling approach proposed in this research takes inputs
0 samples (i.e., speeds observed in a-fiveuteinterval) 8 to producesampling distributions

of means (i.e., fiveminute aggregate speed distributions) which are thus used to produce the
ultimate output of the speed distribution modelling proéegsopulationlevel speed distribution

for a unique combinain of roadweather and traffic conditions.

The proposed methodology to estimate the mean and standard deofati@ndistribution of

desired speeds of individual vehicles is founded upon two main assumfiatserved speeds

on the study segment r epr @)steenpopulationiol abses/egd d e s i
individual vehicle speeds belonging to a uniqgue combination of traffic aneweatther conditions

is normally distributed and is represented by eamof‘ and a standard deviation ¢f.
Nevertheless, the study data were carefully checked to scrutinize the contrarieties between the
theoretical postulations and the empirical indications. To implement the proposed methodology,

the observed speeds st be first affirmed as desired speeds, characterized as the speeds of lead
vehicles i.e., notfollowers or observed speed of vehicles with minimal interac{{@Gasbagar&

Nakamura 2008) For congested highways witfequentvenhicle interactionsa  fiofvey/hon

foll ower o identi fication algorithm such as
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(Hoogendoorn 2005) ¢ a n be applied to i d-eot | bwerid ol £ bW
Consequently, the analysis can be conducted using the desired speedtiohsefrean non

follower vehicles. Alternatively, uncongested traffic streams operating at Level of Service (LOS)

AAO or fABO with traffic flow values |l ess thar
repr es4dtowdf rc €T®B] 2016)] wharedrivers are free to adopt their desired speeds.

The shoulder lane of the highway segment intbsearchma i nl y oper ates at LO
with traffic flow values less than 1,000 veh/h/lane, implying minimal interactions between vehicles
(Figure 2.2). Thus, observed speeds are assumed to represent desired speeds of drivers due to

prevailing freeflow conditions at the study site.

On the other hand, normal distribution is often used to represent desired(3@gtals Bonsall
2017)except for delations under certain situations such as special site characteristics resulting
from road geometr{GarcialJiménezt al., 2016 and highly heterogeneous traffach as traffic
compositions withvery high HV percentagegHashim 2011) According to Central Limit
Theorem (CLT)Vn (sampling distribution of mean speeds) will be nearly normal regardless of the
sample sizes given that the speed populations are normally distr{Meedenhall& Sincich

2016. Accordingly, the characteriss of the study data substantiate the main assumptions of the

research

26.1IMean of the of desiHr edf sipre¢idsibdwdalstveéeliudl @n

In this researchit is hypothesizd that the distribution of desired speeds under a specific
combination of roadveather and traffic conditions is represented by a random variable
following a normal distribution with a mean ‘of and a standard deviation ,of. As indicated by

CLT, for a normally distributed population, the population mean is equal to the mean of the
sampling distribution even for small sample sizes. However, as each speed population is
represented bl sampling distributions, a methodologyproposedo estimate thenean of the

speed population by combining sampling distributionsk( denotes the number of different
distributions of fiveminute aggregate speeds with specific traffic volumes (sample sizes),
comprising a population). In other words, 0 * h, is aralogous to the ultimate result of the
linear combination ofk independent normal random variables, kenumber of sampling

distributions of fiveminute aggregate speeds, whereithmdependent normal random variable
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and the associated weight factoe atenoted byx 0 * f,  andd® respectively, wheréd
¥ s'Q O(Hayter 2012)

Theorem: Linear combination ok distributions of fiveminute aggregate speeds

If o 0 *h P "Q "hare independent random variables andifp "Q ™Qare constants,
then

» Oow E dow E OO0 h Eq.2.1
where,
C®t E @ E O Eq.2.2
and
" w, E &, E &, Eq.2.3

The mean of the distribution of individual vehicle speeds observed under a unique combination of
roadweather and traffic conditions (analogous to a normally distributed populafiohh, ),
is inferred by i.e., the weighted combination of the mea the distribution ok different five-
minute aggregate speeds (sampling distributions) representing the population. Nevertheless,

estimating evokes two challenges.

First, the aforementioned Theorem only holds true for mutually independent raadabies. In

the context of thigesearchthe existence of vehicle interactions violates the condition of the
observations being mutually independent random variables. Therefore, the mutual independence
of the observations must be confirmed prior to gimgl the linear combination of the distribution

of five-minute aggregate speeds. As explained earliemgbéearctnvestigates the speed behavior
observed in a rural highway, which mostly encounters traffic flow volumes less than 1,000
passenger cars pkour per lane (Figre2.2). Hence, it is reasonable to assume negligible vehicle
interactions in this analysitn mathematical terms, recorded speed observations imiinete
intervals can be considered as independent random variableskfsisputions of fiveminute

aggregate speeds are mutually independent.
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Second, estimation 6f also requires the estimation of the weight factors ~ (Eq. 22). This
researclproposstoacdbpt t he A Mi ni mum Vari ance Umdgbetas ed
estimate the mean of the weighted combination of the distributions efifivete aggregate speeds

(* ) and the respective weight factots () pertaining toY bearing the minimum variance

(- ). MVUE representthe unbiased point estimate with a minimum variance of all the possible
unbiased point estimates for a particular paranfetayter, 2012) Therefore, the MVUE of is
represented by the mean of a unique distribution i.e., derived by linearly conbthgtgbutions

of five-minute aggregate speeds, possessing the minimum variance among all other linear
combinations. Accordingly, the precise population mean is epitomized by the MVUE of the
population mean. Yet, the widely used methods of estimatinylfHgEs such as th€ramér

Rao bound (CRByirectly estimates the MVUE without estimating the weight factday, 1993)

CRB estimates the theoretical lower bound for the variance of the unbiased estimator and a
particular estimate is recognized efficightthe CRB is met by the estimai{ay, 1993)
Nevertheless, MVUE, which matches the lower bound proposed by the CRB may not exist in
certain casegKay, 1993) Therefore, a more efficient and practical alternative approach is
proposed to estimate the MVUtAd the corresponding weight factors for population mean. The

precise value of the MVUE of can be obtained by minimizing the variance of the weighted

combination of distributions of fiveninute aggregate speeds as explained below.

2.6.11 Estimating the Minimum Variance Unbiased Estimate (MVUE) of

In the proposed methodologypopulation of individual vehicles with the desired speeds observed
under a unique combination of reaeather and traffic conditions is representeckisampling

distributions of fiveminute aggregate speeds, afid defined in terms of its mean and variance
. asin Egs2.1 through2.3, respectively. The weight factais , represent the contribution

of the individual sampling distribution of fiv@inute aggregate speeds in the resulting

population distribution fol. Therefore, the weight factors sum up to 1.

W p Eq.24
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A statistical approach to estimate involves solving Eqs2.2, 2.3 and2.4 while minimizing,,

which eventually yields the MVUE 0of . Nevertheless, the aforementioned system of equations
consists ok+2 degree of freedom including,,  anddp, , with only four constraints (i.e.,
Eqgs.2.2 through2 .4 and variance minimization equation) expressing the relationship between the
aforementioned variables. Accordingly, the system of equations becomes indetermif@te for

¢. However, he system of equations can be still resolved@r ¢ by treating the cluster of
sampling distributions of fiveninute aggregate speeds as a chain of the products of two
distributions at a time. Fige 2.8graphically illustrates the sequential combinapoocedure ok
sampling distributions of fiveninute aggregate speeds, wherekatlistributions represent an
identical population. Firsk distributions are sorted ascendingly in terms of theiimneute traffic
volume (sample size). Subsequently, tingt fwo out ofk distributions;w andw as depicted in
Figure2.8, are combined linearly yielding an intermediate hypothetical distribution effiuate
aggregate speeds i.€ . Afterwards,®y, is chained with the third distribution of fivainute
aggregate speeds, yielding the subsequent intermediat@bihetical distribution of fiveninute
aggregate speed®y;. The chaining process is continued until kllindividual sampling
distributions of fiveminute aggregate speeds representing the population of individual vehicle
speeds are encompassed ie thtermediate hypothetical distributions, eventually producing
Wnrrsisn bearing the MVUE of . Accordingly, an algorithm is proposed to estimate the

weight factorshd and the MVUE of which is equivalent t6 (Figure2.9).

For a given combination or roadeather and traffic conditions, the algorithm presented inrEig
2.9 initially combines the first two individual sampling distributions of fiméwute aggregate
speedsp andw according to Eq. 1, 2 and 3, such ti&tlinear combination @b * h, and

w* * h, yields a normally distributed hypothetical distribution of fivénute aggregate

speeds;®Oi*  ‘ fh, possessing the MVUE of j, which corresponds to the most

representative unbiasedtiezate of the mean ok . In other words®y holds the minimum
variance among all distributions representing the linear combinatianasfdw . The proposed

methodology for estimating the exact value of the MVUE @fis presented below.

The linear combination of andw corresponds to the bivariate linear combination of two (i.e.,

k=2) sampling distributions of fiveninute aggregate speeds. The linear combination ultimately
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Figure 2.8: lllustration of the chaining process of k sampling distributions of fiveminute
aggregate speeds
(Yasanthi et al., 2021)
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producesw;, (Eq.2.1 with k=2) which is a normally distributed intermediate random variable

characterized by its mean and variance , j

respectively withk=2. The values of ,®, ® and , j

while the coefficients in ER2 and2.3 i.e.,' h, i and,

distributions) are known for a specific population.

estimated according to EQ.2 and 2.3

are estimated as explained below,

(mean and variance of sampling

The weight factorsd andw represent the respective contrilomiofw andw in & . Therefore,

the two weight factorgb and w sum up to 1 (Eq2.4). Accordingly, the variance aby, is

expressed by:

The weight factorsd andw are estimated by setting thestiderivative of ,, j

O A, ; QO tozero to obtain the minimum variancef yielding,

Substitutingld in Eq.2.4 (k=2) yields:
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@y, is then chained with the next sampling distribution of-fiveute aggregate speeds; and a

new intermediate hypothetical normally distributed distribution of-fnreute aggregate speeds

@ is produced. This process is continued untilkatiriginal individual distributions of five

minute aggregate speeds are integrated in the chain of the resulting hypothetical intermediate
distributions. Consequently, the ultimate hypothetical distribution of-rfireite aggregate
speedsy ik wrwE conveys the characteristics of the population of-fivieute aggregate speeds
representing the distribution of individual desired speeds observed under a unique combination of
roadweather and traffic conditions. Therefoé®; ; ; s s IS equivalento Y as expressed in Eq.

2.1 and referred to aShereinafter. Moreovely possesses the minimum variange ( among all
combinations ok sampling distributions of fiveninute aggregate speddadingY to be the most
representative representation of the distribution of individual speeds under a particular
combination of roadveather and traffic conditions (a population). Consequently, the mean of

i.e.,* is concluded as the MVUE for the populatiean,’ .

Estimating the MVUE of according to the proposed algorithm for a population represented by

three sampling distribution&X3) is elaborated in the supporting information (Apper)ix

It should be noted th#he process of determining weidghttorsproposed in this research ensures

that each weight factor is directly proportional to the variance of anfineite aggregate speed
distribution. In other words, the weight factor estimation process proposed in this research attempts
to optimize he representativeness of the combined-finieute aggregate speed distributios {0

its population distributionAccordingly, the MVUE of and the weight factor® can be
considered as performance measures of the speed distributioningpdpfiroached proposed in

this thesis.

26.1.2.St andard deviation of t hhg désiimeld vedaatls
population

As explained before, the linear combination of k sampling distributions ofifimete aggregate

speeds yields to Y (EQ.1), which is characterized by a variance, of (Eq.2.3). On the other

hand,, , denotes the standard deviation of theamping distribution of fiveminute aggregate

speedsd) pertaining to a specific sample size (fimenute traffic volumet ). w is one out of k

sampling distributions representing the population of desired speeds of individual vehicles
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observed undea unique combination of roadleather and traffic conditions with a standard
deviation, . Eq.2.11 defines the relationship between the standard deviation of the population (

and that of'" sampling distribution,():

wo onl € Eq.2.11

Eqg.2.12

After rearranging ER.12, the standard deviation of the distribution of desired speeds of individual
vehicles observed under a unigembination of roadveather and traffic conditions, i.e., the

population standard deviation can be expressed as:

— Eq.2.13
B wj¢

2.6.2ldentification of roadweather conditions with intensified safety risks

To investigate the impacts ofleerse roadveather conditions on the desired speed distribution
characteristics, the combinations of readather conditions under prevailing traffic conditions,
i.e., traffic flow values from 100 veh/h to 200 veh/h and heavy vehicle percentages froam@0%

30% are explored.

Safety risks in thisesearchare evaluated in terms of two important aspects of a potential crash

i.e., severity and propensity. Speed and the variability of speeds are often acknowledged as
appropriate measures in evaluating crash severity and crash involvement respectivelyigivhere h
speeds and high standard deviation of speeds are associated with severe injuries occurred at a
potential crash and high crash involvement rates respec{selgmon, 1964)A weathesrelated

crash (hereinafter crash), however, involves the preseneewefrse roagveather conditions.

Moreover, combination of the most frequent reeshther conditions (dry pavement surface
condition, no precipitation, daytime and temperature values betd@8@ and 0°C in the context

of thisresearch can be consideredls normal roadve at her condi ti ons due t
exposure to such roasleather conditions. Therefore, the severity and the propensity of a weather

related crash can be accurately evaluated by assessing the difference in the desired speed
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distribution characteristics under normal and adverse -veg@ther conditions considering

prevailing traffic conditions.

The distributions of desired speeds under prevailing traffic conditions encompass two types of
roadweather conditions: normal and adverseeTht er m fiadverseo refers t
roadweather conditions under prevailing traffic conditions. Intbsgarchthe mean and standard

deviation of a desired speed distribution belonging to prevailing traffic and normalvezdder
conditionsare denotedy ° and ,, respectively, where the mean and standard
deviation of a desired speed distribution belonging to prevailing traffic and adversseaathr

conditions are denoted respectively by; and,, . In this researchweatherfrelated

collision risks are estimated by definifg Crash Severity Factor (CSF): proportion between

‘ and* (Eq. 2.14), andii) Crash Exposure Factor (CEF): proportion between
” and, (Eq. 2.15).
‘ | ‘ Eq.2.14
" f " Eg.2.15
where,
| : Crash Severity Factor (CSF)
i : Crash Exposure Fact¢CEF)

Mean speed is welicknowledged as an indication of crash sevé8tjjomon, 1964)Therefore,

CSF is considered as a surrogate measure for crash severity under a particular combination of road
weather conditions. Considering mean desired speed nod®al roaeweather conditions as a

reference, roatveather conditions with CSH imply lower (or equal) mean desired speed

( ‘ ). Thus, potential crashes under such re@dther conditions are classified

as Al ow s anpaeadiotngrmal raagieatbher conditions. In contrast, potential crashes
underroadve at her conditions with CSF>1 are cl assi:

desired speed ( ‘ ).

Similarly, CEF i.e., defined based atandard deviation of desired speed under a particular

combination of roadveather conditions, is considered as a surrogate measure for crash propensity
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(Peng et al., 2017Road weather conditionswithCEE ar e cl assi fi ed as Al ¢

lowervariability of desired speeds ( " ). On the contrary, roadeather conditions
with CEF>1 are identified as Ahigh exposureo
compared to normal roadeather conditions, ( . ).

Subsequently, each combination of reeelather conditions with the most frequent traffic
conditions are classified into four categories and labelled in terms of crash severity and exposure
depending on the values of CSF and CEBl@own in Tabl@.3.

Table 2.3: Classification criteria for combinations of road-weather conditions to identify
road-weather conditions with intensified safety risks

CEF CEF
CSF Low severity, Low exposure Low severity, High exposure
CSF High severity, Low exposure High severity, High exposure
Conditions | abell ed as AHIi gh sever iweather Hi gh
conditions imposing the highest safety risks
exposur eo, ALow severity, Hi gh reexpoisnr& odasnde

order with respect to safety risks.

2.7 Modeling results

Data collected from the study site encompassed 933 unique combinations -ofeaihdr
(precipitation condition, pavement surface condition, time of the dateraperature) and traffic
conditions (traffic flow, heavy vehicles percentage) as shown iar&@5. Accordingly, the
desired speed distributions of each of the 933 combinations were modelled as normal distributions

characterized by meah)(and standardeviation ().

To recall, a weight factora{) depending on the variancg () was assigned to each sampling
distribution of fiveminute aggregate speeds representing a specific desired speed population
pertaining to a particular combination of readather and traffic conditions. With a few
exceptions, the sampling distributions with a larger variance were assigthesimaller weight
factors, i.e., contributing less toward estimating the desired speed distribution characteristics
(Figure 2.10) thatis the direct consequence of implementing MVUEfact, the observation of

small weight factors estimated for fiveinute aggregate speed distributions with a larger variance
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(i.e., the proposed performance measure for-6a3ed speed distribution moded)) confirms

the effectiveness of the speed distribution modelling appreagosed in this researchhus, the
proposed methodology assures that more emphasis is placed on sampling distributions with more
stable speed observations (e.g., lower varigheeto larger sample size) while preserving and

using all observations.
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Figure 2.10: Weight factor VS the variance of the distributions of fiveminute
aggregate speeds
(Yasanthi et al., 2021)

Figure 2.11 presents the number of populations recorded at the study site in terms of traffic flow

and Heavy Vehicle (HV) percentage conditions. For instance, majority of the populations observed

at the study site correspondrtormal (i.e., prevailing)raffic conditionsthe traffic flow category

of A10i020v0e hv/ehh/ ho and the heavy wv8OG%wol el pefaen
out of the 933 populations (i.e., combinations of RWC and traffic conditions) recorttiedsaiady

site corresponds to the prevailing traffic conditigng r af f i ¢ f |l ow cat@gory o
veh/ hdo and the heavy vehd3dl%0 .p elrheee mteaxg e sceattd o

discusses the characteristics of desired speed bdistms of those 44 populations which

correspond to the prevailing traffic conditions.
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2.7.1Impact of roadweather and traffic conditions on estimated desired speed distributions

Figure 2.12 depicts the mean Y and standard deviatior) X of the desired speed distributions
under 44 unigue combinations of precipitation conditionsepeent surface conditions, time of

the day and air temperature categories observed under prevailing traffic conditions. Distribution
of desired speeds under the combination of the most frequentvestier conditions i.e., dry
pavement, no precipitatiodaytime and temperature values betwdd?C and 0°C (Group Il) is
characterized by a normal distribution with a mean of 112 km/h and a standard deviation of 6.5
km/h (Figure2.12). Figure 2.12 reveals interesting speed behaviour idiosyncrasies. For instance,
the average speed chosen by drivers travelling under ice warning pavement conditions is
considerabljjower than the average speed chosen by drivers travelling under other road surface
corditions (dry, wet, frost, trace moisture and ice watch), irrespective of weather conditions
prevailing at the time of travel. A closer inspection ofuf@R.12 further reveals that the desired
speed distributions of vehicles travelling under ice warnmadrsurface conditions possess
comparatively higher values of standard deviation, signifying the diversified speed choices under
ice warning pavement conditions. Thmver numerical values for means coupled with higher

standard deviation values of the dedi speed distributions under ice warning road surface
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conditions is intuitive since majority of the drivers are very much attentive towards the perceptible

roadway hazards during driving maneuvers. Nevertheless, each individual driver perceives the risk
on driving on such perceptible hazards at different levels which is manifested by the high standard
deviation of speeds eventually intensifying the crash risks. In general, drivers are well aware of

the reduced road surface friction under icy pavement conditions and typically incline towards
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driving at a lower speed compared to the fixed posted spegafifrlO km/h. The choice of such

lower speed is determined by drivers predominantly based on their driving experience, confidence,
and comfort levels. Accordingly, some experienced drivers may drive at higher speeds even though
they are aware of the det@rated driving conditions, leading to higher means of the desired speed

distributions (e.g., under frost and or ice watch conditions) and high crash severities.

The aforesaid argument is further validated in the presence of acute precipitatiostdfmenthe
desired speed distributions in daytime recorded with a road surface condition of ice warning,
temperature values above 0°C (Group Ill) and slight snow evinced a phenomenally low mean with
a numerical value of 102 km/h, which is the lowest naaong the 44 desired speed distributions,

and a considerably low standard deviation (6.39 km/h) compared to the remaining 43 combinations
of roadweather conditions (Fige 2.12). This observation supports the hypothesis that the
majority of drivers are nocomfortable driving at or near the speed limit of 110 km/h, which is
considerably higher than 102 km/h. Moreover, the low standard deviation of the aforementioned
desired speed distribution suggests a comparatively low variability in the desired smalgohgi

the alike collective judgment of a safe speed among the majority of the drivers. In contrast, the
highest variability of speeds prevails under ice warning pavement, slight frozen precipitation,
nighttime and temperature values above 0°C (Groupvhih is manifested through a standard
deviation of 20.07 km/h. Nevertheless, mean of the aforementioned desired speed distribution was
estimated as 106 km/h, which is comparatively low with respect to the rest of the desired speed
distribution means prested in Figre2.12. This inconsistency is potentially due to the unexpected
slight frozen precipitation occurring at peculiar temperature values, leading the drivers to prefer
speeds in a wide range depending on their confidence and comfort of drigipgréitular speed,
yielding aconsiderablyhigher standard deviation of the distribution of desired speeds.

Surprisingly, however, the presence of precip
uncertainty towardsadopting a safe speed to trabunder most precipitation conditions. This is

evident from the comparatively higher means of the desired speed distributions under dry
pavement conditions even in the presence of frozen precipitation and snowy conditions. In fact,

the highest mean desitespeed (115 km/h) among the combinations of «@edther conditions
considered in Figre 2.12 was under dry pavement, temperature values between 0°Q G

(Group I1), nighttime and slight frozen precipitation conditions. Nevertheless, the aforeradntion
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desired speed distribution possesses a comparatively low standard deviation (7.49 km/h) signaling
a moderate homogeneity of desired speeds under particular combination efeathdr
conditions. On the other hand, the combination of +wadther condibns; wet pavement, slight

snow, nighttime and temperature values above 0°C (Group Ill) recorded the minimum standard
deviation of desired speed distributions inF&R.12 with a value of 0.39 km/h. Meanwhile, the
mean of the same desired speed distidlous surprisingly high with a value of 113 km/h. These
rather contradictory results can be attributed to driver experience as a result of frequent exposure
to driving under inclement roadeather conditions. As discussed before, the study site is located

in an extremely cold region which is subjected to frequent adversevesttier conditions. Hence,

it could conceivably be hypothesized that frequent exposure to hazardous driving conditions could
be a major factor in the inferred weak link between theees roadveather conditions and the
selection of a lower speed as a safe speed to travel, which is manifested by the high mean and the

extremely low standard deviation of the aforesaid desired speed distribution.

With successive increases in the intgnsf the atmospheric temperature, the mean speed of the
desired speed distributions gradually increases in the case of ice warning, no precipitation and
nighttime conditions. Interestingly, however, both the minimum and the maximum standard
deviation of @sired speed distributions under prevailing traffic conditions emerged under identical
time of the day and temperature group, which are nighttime and temperature values above 0°C
(Group Ill) respectively. This is rather an important outcome as it reveatishie variability of
speeds is particularly affected by the combination of precipitation and road surface condition.
Nevertheless, there is no convincing evidence to concludetablerelationship between the
desired speed distribution characteristicd the two roadveather conditions, time of the day and

temperature.

In summary, the characteristics of the desired speed distributions suggest that there is a strong
association principally with the two roadeather conditions i.e., road surface and jpittion
conditions. In particular, the speed considered safe by each driver under identieakabiaer
conditions seems to be dependent on their personal comfort levels and confidence to travel,
specially under perilous pavement conditions which is faestad through divergent values of

desired speed distribution means and standard deviations.
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2.7.2Adverse roadveather conditions with intensified road safety risks

To identify the specific roatveather conditions with intensified safety risks, mean aaadsrd
deviation of desired speed distribution pertaining to a normaklwn@adher and normal traffic
conditions;" and,, were first estimated as 112 km/h and 6.5 km/h, respectively.
Consequently, CSF and CEF values estimated for each combination -efeatter conditions

under prevailing traffic conditions were estimated as presented imeEig13 (a) and2.13 (b),
respetively. The maximum CSF corresponds to the dry pavement, temperature values between
0°C and-10°C (Group Il), nighttime and slight frozen precipitation conditions, while the minimum
CSF corresponds to ice warning road surface conditions, temperature abte 0°C (Group

[1), daytime and slight snow conditions (kig2.13 (a)). In terms of the CEF, the maximum crash
exposure is estimated for combination of ice warning road surface conditions, temperature values
above 0°C (Group Ill), slight frozen piipitation and nighttime. The minimum CEF is estimated

for the combination of wet road surface conditions, temperature values above 0°C (Group 1),
slight snow and nighttime (Fige2.13 (b)).

Figure 2.14 classifies each combination of readather condibn observed under prevailing
traffic conditions in terms of potential safety rigkstimated based on speed and speed variability)
as defined in Tabl@.3. According to Figre 2.14, only two combinations of roadeather
conditions are classified in theategory of extremely high potential safety risks, i.e., the
combination of(i) ice watch road surface, temperature values above 0°C (Group llI), nighttime
and no precipitation conditions, a@ig dry pavement, temperature values between 0°GHifC

(Group 11), nighttime and slight frozen precipitation conditions. Moreover, 14 out of the 44
combinations of roatveather conditions considered in the analysis were classified in the category
with no potential safety risks compared to reference conditions vilfil combinations were
classified in the category with high potential risk of severe crashes. Finally, 18 combinations were

classified in the category with high potential risk of crash occurrence.

Overall, 68% of roagdveather combinations under préigy traffic conditions are classified to be
hazardous in terms of either potential crash severity or potential exposure to crashes, which
conveys the vulnerability of traffic safety under adverse -weadther conditions.More
specifically, the CSF for for combinations of RWCs were estimated as 1.01 whereas the CSF for

five RWC combinations were estimated as 1.02.
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Figure 2.13: Crash Severity and Crash Exposure Factors for each roaweather combination under the prevailing traffic
conditions
(Yasanthi et al., 2021)
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Figure 2.14: Classification of each roadweather combination under the prevailing traffic
conditions
(Yasanthi et al., 2021)

One combination of RWCs was estimated to have a CSF of Ti8.number of RWC
combinations with specific CEFs are as followsfgur RWC combinations fgqp 6 ‘0 "O p®,
(i) five RWC combinations fop® 0 O 0¢8g, (iii) two RWCcombinations foggt 6 ‘0O
¢®, (iv) one RWC combinations f@® 06 O "0 a8, and ¢) one RWC combinations fadt

0 O'0o®.
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2.7.3 Comparative analysis

According to past literatureno previous researchas modelled the desired speed distributions
under the combination of roadeather and traffic conditions for rural highways in cold regions
even though several past studies have estimated the speed variations resulted by adverse road
weather conditiongY asanthi & Mehran, 2020; Kyte et al., 200Revertheless, the resutibthis
researclrelating to the most frequent combinations of traffic conditions (i.e., traffic flow values
between 10200 veh/h and heavy vehicle percentages between3®0%) are comared with
Yasanthi & Mehran (202@ndthe HCM (TRB, 2016)Yasanthi & Mehraif2020)used regression
modelling to investigate the same study site and data as in the aqeseatchwhich provides

consistent basis for comparison.

Therefore, speed reductidactors for vehicles travelling in the shoulder lane under specific
combinations of roa@veather and traffic conditions estimated by Group Il models (linear
regression models with 2@inute aggregate speeds as the dependent variables) as suggested by
Yasanthi & Mehran(2020)were considered for comparative evaluation. Further, speed reduction
factors suggested liie HCM (TRB, 2016yere also considered for evaluation and comparison.

It should be noted that numerical values for the temperature, heavieadicentage and traffic

flow are used to allow better comparison as well as to represent a practical application of the
populations. For instance, a numerical value of 5°C is used for the comparison as compared to
using the temper adblezlywhigh enablps dicett esfintatioh bf dhe gpded
reduction suggested Masanthi & Mehrar{2020)andthe HCM (TRB, 2016)

Table 24 presents speed reduction factors (comparing to reference normalveatter
conditions) under four combinations ofadweather conditions. To allow better comparison, only
slight and heavy snow are considered. The results show that desired speed distributions under
different roadweather conditions can be characterized by considerably distinctive means and
standard deaations which implies that the speed behaviour of drivers travelling in rural divided
highways under adverse roeagtather conditions is affected by pertaining reghther
conditions, which is consistent withlasanthi & Mehran(2020) and the HCM (TRB, 201p
observations. Both the preseesearctandYasanthi & Mehrar{2020)revealed that the choice of
desired speed is predominantly influenced by precipitation and perceptible road surface conditions
at the time of travel.
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Table 2.4: Comparison of results with past literature

Combination of Road-weather conditions

Combination Combination Combination Combination

I Il 1] v
Pavement condition Ice warning Wet Wet Ice warning
Roadweather  Precipitation Intensity (mm/h) 1 1 9 1
condition Temperature (°G) 5 5 5 -15
Time ofthe day Daytime Nighttime Daytime Daytime
Traffic Traffic flow (veh/h) 150 veh/h 150 veh/h 150 veh/h 150 veh/h
condition® Heavy vehicles percentage (9 20% 20% 20% 20%
Desire speed  Mean (Km/h) 102 113 109 110
distribution Standard deviation (Km/h)
o 6.39 0.39 6.53 3.58
characteristics
Presentesearch 8.93% -0.89% 2.68% 1.79%
) Yasanthi & Light vehicle§ 2.15% 2.16% 3.79% 3.73%
Speed reduction :
Mehran Heavy vehicles
factors? 4.64% 3.47% 1.67% 6.03%
(2020)
HCM (2016¥ 13% 13% 16% 13%
Notes:

! Numerical values used to allow better comparison of the existsgarch s

23 DABAA O AN OF©

resul ts with

3Speed under normal roadeather conditions: 112 km/h

4Speed under normal roageather conditions: 117 km/h

5Speed under normal roageather conditins: 116 km/h

pTT

[ 9]

6Speed reduction factors based on HCM (2016) only based on the precipitation condition and a-Hase free

First, it should be noted that the speed reduction factors (Rat)leestimated by Yasanthi &
Mehran (2020) HCM (TRB, 2016)and thecurrentresearchare founded upon fundamentally

and

different approaches, which in turn lead to different speed reduction factors as anticipated. For

instance,Yasanthi & Mehran(2020) inferred freeflow speed reductions under different read

weather conditions based on linear regression models wWkiMd (TRB, 2016)proposed free

flow speed reductions under different precipitation conditions based on stepwise regression models

developed ¥ Rakha et al. (2008)Yet, as explained earlier, representing speed behaviour under

adverse roagveather conditions through regression models is challenging especially considering

restricted sampling conditions occurring under adverse-weadher condibns. For example,
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eachindividual 2dni nut e aggregate speed wwasenthi&Mehranhe @ G

(2020)equally contribute to estimating the regression coefficients irrespective of the number of
vehicles (sample size) observed in the respe@dminute intervals. Therefore, the suitability of

a sampldevel analysis such as regression modelling to study the impacts of adverseeather
conditions on desired speed is questionable. In contrast, the cegeatchesults are based on a
populatiortlevel analysis that differentiates the contribution of eachifiveute aggregate speed
observed in a particular combination of readather conditions upon the variance of the
distributions of fiveminute aggregate speeds representing a spgmfiulation. Yasanthi &
Mehran(2020) concluded one of the linear regression models produced inrdseiarchas the

best performing model to represent the relationship betweesildreespeed and roadieather
conditions, the dependent variable of the esgion models (freffow speed) only provides an
average estimation of the frlew speed under specific adverse reeeather conditions unlike

the currentesearchwhich estimates the distribution of all possible desired speeds under specific
roadweather conditions. Further, the regression models develop&@bgnthi & Mehrar{2020)
include some statistically insignificant regression coefficients pertaining to certahtweadier
conditions implying the absence of a linear relationship between sagweather conditions and
desired speed. In contrast, the presesearchonly uses four roatveather conditions with
statistically different level§in terms of the difference of speeds) each roadveather condition
(Table2.1). Moreover, it should beoted that the speed reduction factors estimated according to
Yasanthi & Mehrar(2020) HCM (TRB, 2016)and the presemesearci{Table2.4) respectively
consider six, one and four roagkather conditions leading the speed reductions estimated by the

three studies to spread among a different number of factors.

The speed reduction factors suggesteth@HCM (TRB, 2016)are based on roaseather data
collected from an automated surface observing system (ASOS) located in nearby airports as
compared to the alongside data collection devices used in both the pessantrandYasanthi

& Mehran(2020) In fact,Rakha et al. (2008)he underling source for the speed reduction factors
proposed inthe HCM (TRB, 2016) highlighted the issue of obtaining highly representative
microclimate data to represent the prevailing rea@dther conditions at the traffic counters.
BesidestheHCM (TRB, 2016)estimates correspond to a different geographical region possessing
unique characteristics of the driver population, resulting considerably divergent speed reduction
factors compared to the presessearch
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2.8 Conclusion and future directions

Thisresearctproposed a novel approach based on Central Limit Theorem to model desired speed
distributions (meart () and standard deviation)) of vehicles travelling in rural divided highways
under different combinations of roagkather and traffic condans, followed by identification of

the combinations of roadeather conditions imposirgpnsiderablesafety risks under prevailing
traffic conditions. Often, the impacts of adverse raather conditions on the speed behaviour
are evaluated largely by emerating the absolute speed reductions under adueaseweather
conditions estimated largely through regression analysis at a skawple Speed behaviour,
however, reflects the intrinsically divergent driver psychology. Tésearchtherefore, propesi

a robust methodology to model the desired speed distributions at a popléagibrvhich can in

turn be used to identify roadeather and traffic conditions with potential safety risks. The
theoretical models are calibrated with reméather and traiit data collected from a study site in
Alberta, Canada where a fixed speed limit of 110 km/h is implemented irrespective of the
prevailing roaeweather. Yet, the proposed methodologyadbsptable for uncongested divided

highways in other geographical loats with similar roadveather conditions.

The outcomes of theesearcthighlight the importance of paying special attention to traffic safety
under the combination of precipitation and atypical road surface conditions while the impacts of
temperature andime of day were deemedegligible This researchidentified two specific
combinations of roa@veather conditions potentially imposing higher crash severity and
involvement risks{i) ice watch pavements, temperature values of above 0°C, nighttime and no
precipitation conditions andi) dry pavements, temperature values between 0°C-hHDC,

nighttime and slight frozen precipitation conditions.

An extensive literature review conducted on the research topic revealdlisirasearchis the

first comprelensive attempt in proposing a coherent methodology to model the desired speed
distributions under different roasleather and traffic conditions for rural divided highways located
incoldregions. Theesearch s contr i buti ons asteeinpact bfdiffecknt Fi r s
roadweather and traffic conditions on the desired speed distributions in uncongested rural
highways while identifying roatveather conditions with potentially higher safety risks. Second,

a methodological contribution is made pyoposing an innovative approach to model desired

speed distributions which can be used under different sampling rates and conditions. Thus, the
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research findings contribute toward understanding the divergent speed behaviour which is often
critigued as &ask not trivial due t@) versatile nature of driver psychology diidllimited sample

sizes observed under adverse roshther conditions. Transportation authorities which
experience extreme roadeather conditions magdopt the methodology to undesstd the speed
behaviour to identify prominent roadeather and traffic conditions needing urgent safety
precautions such as implementing a reliable weattsyonsive variable speed limit under
potentially highrisk roadweather and traffic conditions. Tlikesired speed distributions can be
further used as input driver behavior parameters in defining the speed distributions in
microsimulation applications to realistically simulate traffic operations under different traffic and

roadweather conditions.

The generalization of these results, however, is subject to certain limitations. First, the proposed
methodology is only applicable under uncongested traffic conditions. Second, the methodology is
not applicable for study sites with special features sadtygpical road geometry and extremely
heterogeneous traffic, which may violate the assumption of a normally distributed desired speed
distribution. Notwithstanding these limitations, the results of this research support the idea that
drivers select diff@nt speeds under different reagather conditions depending on their attitude
about a safe speed to travel irrespective of the posted speed limit. This is particularly manifested
through the considerably high standard deviations of the desired speduitiists in the study

area estimated for particular reagtather conditions. In other words, higher variability of speeds
caused by lack of proper communication about the safe speed to travel, iroposieerable

safety risks by paving the way toward el&ad crash involvement. Consequently, the research
findings provide the following insights for future resear@hHow reliable is the existing speed

limit in terms of consistent communication of a safe speed in differenrtiweather conditions?

(i) How to propose a reliable speed limit to be implemented under the combinations -of road
weather and traffic conditions which are characterized by potentially higher safety risks and
How to predict the performance of a specific speed limit prior to agpl{? Accordingly, further
research focusing on proposing a robust methodology to develop a reliable wesplossive
variable speed limit system which can be effectively used in uncongested rural highways in

extremely cold regions are recommended.
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Chapter 3. Application of Different Data Analytics for Evaluation of Heavy

Vehicle Vulnerability in Cold -Region Rural Highways

This chaptecompareghe performance ofwo speed distribution modelling approacli@s): (i)
the speed distribution modelling appch presented in chapter 1, anid the conventional
regressiorbased approachisedto model speed distributionBurther, this chapter also involves
developing &holistic crash indicative measure based on ¢betextspecific speed variabilities
estimaed using speed distribution parametersdelled for different driving conditionsuch as
RWCs, vehicle type, and travel laf@s). Thus,the research work presented in this chapaerbe
used to i) understandvehicletype-specific speed behaviouand (i) identify RWCs posing
considerableafety riskdor different vehicle types

It should be noted that the crash indicative measure proposed in this chapter is an extension of the
methodology proposeto identfy RWCs with intensified safety risksin chapter 2 More
specifically, chapter 2 proposes identifying RWCs vintfensifiedsafety risks based on within

lane crash riskestimated using speed and speed variapitihapter 3presents an approach to
identify such RWCs based on both withiand acros¢ane crash riskgstimated using speed
variability. The scope of this chaptercludestractortrailer combinationd.e., vehicles belonging

to FHWA vehicle classes eight through thirteen.

The contents of tkichaptercorrespondo the first and second steps of #tepwise conceptual

framework for developing WRVSL@Eigure 1.3).
3.1 Abstract

Understanding the impacts of different driving conditions on truck speed is critical to the
development, and maintenance of resilient highway freight transportation system&séhigh

attempts to evaluate the combined impact of +wadther, travel la@ vehicle type, and truck

payl oad conditions on driversbéb speed choice
distributions. Two data analytics: a regresdo@sed approach, and a central limit theckased

approach, areadopted to model contexspecfic speed distributions. The regressioased

approach models populatidevel speed distributions by considering samples of individual speed

data, whereas the central limit theorbased approach uses sampling distributions produced

according to the cerdt limit theorem. A holistic approach is proposed to identify overall vehicle
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specific collision risks imposed by different reagather conditions, based on the speed
distribution parameters estimated. Implications of the restittés researcpertainng to trucking
industry are threefold. Firsgdopting different data analytics lead to different results; yet, the
central limit theorenbased approach is recommended to model speed distributions. Second, truck
speeds areconsiderablyaffected by the presmice of adverse roasleather conditions; yet
marginally varied under different loading conditions. Third, overall, tratcédler combinations

entail high collision risks, particularly when transporting a freight load under adverseeater
conditions The result®f this researckwvould be useful to policy makers particularly for effective

speed management in extremely cold regions. Trucking companies may use the study results to

identify the least risk posing roageather conditions to deploy safeifjiet transport operations.
The resulting speed distribution models are also useful as input to calibrate traffisimatation

models.
Keywords: Speed distributions, Adverse reagather, Payload, Collision risk

3.2 Introduction

Adverse roaeveathelis often perceived as a risk to highway freight transportation sy$&mus
2016 due to several reasons. For example, maneuvering freight transport trucks (hereinafter
trucks) in winter storms can be challenging due to their vehicle characteidigset al., 201%
such as size, weight, structure, and vehicle performance attributes (e.g., braking, acceleration, off

tracking). Although truck drivers are compelled to drive slow under inclementweather

conditions, it i s ey ¢hocde Is didated [@)dorevaitling toaelderther e r s 6

(Yasanthi & Mehran, 2020; Yasantti al.,2021, Kyte et al., 2Q0), (ii) vehicle typgCatbagar&
Nakamura 2008; Jagerbrand Sjobergh, 201p (iii) travel lane(Yasanthi & Mehran, 2020
Hoogendoorn200%), and {v) personal traits such as mood, driving experience,(imasa

2018) Payload hauled: the mass of commodity hauled by a {Rexehiet al., 2020)is perceived

as a safety concern by truck drivéBlower & Woodrooffe, 201 thus may also affect truck
driverso6 speed choice. For e x a-omitruek maychdoseu c k
to drive at 120 km/h in a dfgavement shoulder lane, while the same driver may reduce speed to
80 km/h when drilng a loaded mulitrailer truck on an icjpavement median lane. In fact, speed
choice is idiosyncratic, and each driver representing the population of truck drivers may therefore

select a unique speed from a pool of conspdcific speeds. Such divergepeed choices may
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increase withinand acros$ane speed variation which are wattknowledged crash precursors
associated with increased crash potertiee et al., 2002 Thus, understanding the impact of

di fferent factors 0 ne ig aritica kn egstablishing resilient segle e d ¢
transportation systems, particularly in extremely cold regions.

While the choice of speed is intuitive under certain settings, the combined effect of several speed
decisive factors (e.g., roadeather condions, truck type, truck payload, and travel lane) on truck
driverso6 speed choice can be comprehensi ve.
represent interactions of many factérdoogendoorn2005%). Advanced automated traffic data
collection techniques practiced today (e.g., loop detectors) enable reliable collection of-vehicle
by-vehicle speed dat@hu et al., 201Bleading to large speed data sets. Accordingly, modelling
populationlevel speed distributions is recommended in exploringntipacts of different driving
conditions on driverso6 speed choice to effect
and large speed data sé¥asanthi et al., 2031 Although several data analytics exist to model
populationlevel speed disibutions (speed distributions hereinafter), the modelling results may be
influenced by thei] analysis approach, anid)(data treatment methods (e.g., definition of sample),
adopted Thus,there is an appareneed to evaluate the suitability of diffatestatistical inference
techniques to explore the impacts of different driving externalities such as prevailingaatr

conditions and vehicle type, on driverso6 spee

Thisresearchntendst o st udy dri verso6 speed <roasweatler, under
vehicle type, truck payload, and travel lane. The aforementioned driving conditions are referred to

as speedlecisive factors hereinafter. Firgt, is hypothesizd that the speed choice of the
population of drivers is dependent on the speecisive factors. Second, is assumedhat

increased withinand acros¢ane speed differential leads to higher collision potential wital
acrosslanes. This paper focuses four research questions) YWhat is the combined impact of
roadwe at her, vehicle type, truck payi)besidataand t
analytic approachdoptedinfluence desired speed distribution parametaiig?To what lewel are

trucks vulnerable under adverse reaglather conditions? and/Y Which speedlecisive factors

increase collision potential for truck3 he four research questions are addressed byrdsesrch
objectives:(i) to model desired speed distributiangler different combinations of roackather,

vehicle type, truck payload, and travel lane condition3,t¢ investigate the variability of
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modelling speed distributions based on different data analytics,iightb(propose a holistic
approach to ideify vehicle-specific collision risks imposed under different reaeather

conditions based on the distributions of witramd acros$ane speed differentials.

Traffic and roadweather data collected on an uncongested segment of highway 16 located west of
Edmonton, Canada are used to model desired speed (hereinafter speed) distributions. The speed
distributions are modelled as normal distributions characterized)byeén (), and (i) standard
deviation (). Two data analytic approaches: regressiometimg-based approach (RBA), and
Central Limit Theorem i.e., CL-based approach (CBA), are used to model speed distribution

parameters and, .

1 Regression modellingased approach (RBA): In the RBA, a set of multiple linear
regression models are devednl to model speed distribution parameteand, based
on collected speed samples. Sample, in the context of the RBA, is defined as individual
speeds observed under a specific combination of speadive factors. Accordingly,
regression models arelifmated with descriptive statistics of speed samples belonging

to different combinations of speelécisive factors to infér and,, .

1 CLT-based approach (CBA): The CBA as proposed by Yasanthi et al., (2081)
attempts to modél and,, based on stattical inference techniques including CLT and
Minimum Variance Unbiased Estimation (MVUE). Vehicle speeds collected within
five-minutes under a unique combination of spdedisive factors is defined as a
sample in the context of CBA. In brief, CBA comksnaultiple fiveminute aggregate
speed distributions (i.e., sampling distributions) to ihfand,, by assigning relatively
larger weights to fiveninute aggregate speed distributions characterized by large

samples.

A unified approach is proposed to identify vehisfgecific collision risks under different road
weather conditions based on the speed distribution parametard, . More specifically, twe
dimensional naive-kneans clustering is used to define andtifigsuch context specific collision

risks at three levels: high, moderate, and low. The freight industry and policy makers may use the
study resultsi} to understand the impact of truck payload, truck type, travel lane, and/ezdlder
conditonsontra k dr i ver s 0ii) ® prelerstandahe wariabibty of peed distribution

55



estimates caused laybpting different data analytic techniques to model speed distributiins, (
to apprehend the vulnerability of different vehicle types under adveaskveather conditions,

and {v) as direct input variables or surrogate safety measures in traffic simulation studies.

3.3 Background and literature review

Several past studies have model |l ed ddeciswer so s
factors(Hoogendoorn200%; Yasanthi et al., 2021, Kyte et al., 2Q00For instance, by developing
free-speed distributions, Hoogendodi200%) revealed tht trucks travel faster in median lane;

yet, they travel much slower than passenger cars irrespective of the travel lane. Aggregating
passenger cars and trucks resulted in asymmetry in the speed distribution for median lane
developed by Hoogendoor(200%), emphasizing the impact of vehicle class on speed
distributions. Speed distributions produced by Catbagan & Nakamura (2008) revealed that road
weather conditiongmposenotablei mpact s on heavy vehiclesd spee
similar heavy vehicles. Adverse pavements i.e., slippery road surface conditions due to weather
events(Yasanthi & Mehran, 2020; Kyte et al., 200 and snow(Yasanthi & Mehran, 2020;
Catbagar& Nakamura200§ were found to haveotableimpacts on truck speed. While Yasanthi

et al. (2021) stresses on the impact of the combined effect of adverse pavement, and precipitation
conditions on speed, they concluded that time of the day or atmospherieratung do not

crucially influence speed distribution parameters. While estimating the impacts of different road
weather conditions on speed, only limited number of stydiasanthi & Mehran, 2020{asanthi

et al.,2021;Jagerbran& Sjobergh, 201pusedRoadWeather Information SystegifRWIS) to

collect roadweather data in close proximity to traffic data collection devices.

Past literaturéHamdaret al., 2016 Chen et al., 2017;efeve 1953 also identified road grade:

the ratio of rise (or drop) ithe vertical distance to the horizontal distance naisrgoortantfactor

among different roadway geometric characteristics affecting speed. For instance, Hamdar et al.,
(2016) showed that, for passenger cars, the impacts of the presence of frequentiochaages

grade may be more severe than the impacts of adverseveadider conditions. By evaluating the

impact of road grade on frdlow speeds, Chen et al., (2017) concluded that road grade is
negatively associated wilelmpatts of upslops Segnemse(ieed ¢ ho

positive slopes) on drivers6 speed choice wer
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segmentgChen et al.2017). Further, it is documented that drivers tend to reduce speed ahead of

vertical curves with shosight distancef_efeve 1953)

The intensity of speed reductions resulted by different driving conditions seem to vary among past
studies. For example, when compared with normal-veeather, Yasanthi et al. (20243timated

a speed reduction factor d68% for vehicles travelling on wet pavements in daytime under heavy
snow, and a temperature of 5°C; while Highway Capacity Manual (HCNRB, 2016)
recommends a speed reduction factor of 16% for comparablevesttier conditions. While such
differencesare predominantly attributed &obptingdifferent data analytio®rasanthi et a] 2023,

some authors argue that the number of sjueeisive factors considered in eaebearctimay also

cause such controversifgasanthi & Mehran, 2020}t is apparenthat adopting different data

treat ment met hods to study dr research® @ corfipeeled c h
analysisl ev el . For exampl e, using descriptive sta
different roadweather condition§TRB, 2016 convey samplspecific observations. Although

popular, regression modelling with individual vehicle speeds as dependent variable is deemed
controversial in modelling the impacts of different driving conditions on speed due to several
reasongYasarhi et al, 2021) For example, it is argued that some drivers may not perceive
adverse roatveather as a substantial hazask (TRB, 2016) thus, the average speed reductions
suggested by regression model sd6 esti-meathegs mi gl
conditions on speed choice of such drivéfasanthi et a] 2021; Yasanthi & Mehran, 2020)o

address such issues, pasidies have suggested comparing speed distributions under different
driving conditiongCatbagar& Nakamura2008;Hoogendoorn200%) rather than apprehending

the impacts of different driving conditions on speed based on average speed reductionsdsuggest

by regression model sd0 estimates. Literature
distribution parametergYasanthi et a] 2021; Jagerbrand& Sjobergh 2019; Catbagan&

Nakamura 2009. For example, HoogendoofB005%) and Catbagan & NakamuraQ08) used
KaplanMeier estimation to model lan@nd vehiclespecific desired speed distributions; yet,
application of this methodology is restrained under limited sampling conditions due to high
standard error associated with small samplestbagan Nakamura 2008) Moreover, speed
distributions developed by Hoogendod2®0%) and Catbagan & Nakamura (20@R) not infer

population parameters. In contrast, Yasanthi et al. (2p&I)osed a methodology to estimate
populationlevel speed distributiongrameters based on the CLT and MVldtespective of the
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sampling condition. Yet, it is important to note that findings of Yasanthi et al. (a62&pntrolled

for the impact of traffic conditions, and vehicle type.

Despite controversial conclusions abondidweatherspecific speed reduction factors, most past
studieqYasanthi et al., 202Kyte et al., 20Q; Hoogendoorn200%) support the hypothesis that

all speeddecisive factors prompt speed variation to some extent. It isdeellmented that
traveling at speedsconsiderablydifferent from the average traffic speed increase crash
involvement(Lee et al., 2002Edwards, 1999Solomon, 196t This is rather intuitive because

high speed differentials trigger passing maneuvers, particularly for fast drivers who are willing to
tradeoff safety for lesser travel times. By comparing speed distribution parameters under adverse,
and normal roadveatter conditions,Yasanthi et al. (202lidentified combinations of road
weather conditions with high crash severity, and high crash exposure for shoulder lane traffic. Yet,
acrosslane speed differential was not considered as an indication of intensifedyg gsks. It is
important to note that understanding differences between wihith acros¢ane collision risks
considering different vehicle types, and reagather conditions is cruciélee et al., 2002Shi,

& Liu, 2019, particularly in weatheresmnsive speed management.

Figure3.1 presents a summary of the reviewed literature, and the research gaps identified. First,
literature on the extent of the impact of different r@ahther conditions on speed is less
consistent. Although evaluating roeagkatherspecific speed distributions is recommended in
apprehending roadieatherspecific speed choicgrasanthi et al., 2021Hoogendoorn200%),

past literature do not provide a conclusive reference to the most appropriate data analytic approach
(e.g., BA versus CBA) and data treatment method (e.g., definition of a sample), leading to the
second research gap. Thiad,extensive literature review conducted on the research topic revealed
thatthecombined impact of roadieather, travel lane, truck typer(gle- versus multitrailer), and

payload conditions (empty versus loaded) on truck speed has not been studied. Fourth, past
literature partially addresses the problem of identifying crash indicativeweather conditions

when collision statistics are havailable. To fill the first three research gapss researcintends

to evaluate the combined impact of readather, travel lane, vehicle type (focusing on different
truck types) and truck payload condition, on speed distribution parametersiusiBg\( and {i)

CBA, with a unique definition of sample used in each apprdéddelling speed distributions

under different driving conditionadeedp r ovi des a deeper insight t
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than estimating average speed reductions under different driving conditions. The fourth research
gap is addressed by proposing a holistic approach to identfyweather conditions with

escalated collision risks for different vehicle types based on both wéhahacros¢ane speed

differentials.

Research Gap: 2 Research Gap: 3 Research Gap: 4
1l Lack of directives on the most 1 Limited focus on the combined effect of || 1 Lack of a holistic crash indicative
appropriate data analytic approach and road-weather, travel lane, truck type and measure to identify combinations of
data treatment method to model speed payload condition crash prone road-weather conditions
di stributions® mean for different vehicle types

Vehicle speed generally low in

shoulder lane; high in inner {1 High mean speeds for

>
E lanes (3, 6) passenger cars compared to %
X ! other vehicle classes (3, 6, 7, 8) N
$ °
‘5‘7‘ Lanet and %

Q‘? T ;:cmk;;tfgﬁlujeznvsz\ée' lane VEh'CIZ}SEe_C'f'C 1 Limited focus on truck type "%
s speed,choice and payload condition o)
g conducted on two-lane roads : pay ®

(7,8)

1 Trucks reduce speed 1 Lack of focus on

1 Driving over the speed Lane- and vehicle- significantly when truck type and
limit prevalent in median,, -, spetﬁmc rolafi—d following another truck payload condition
lane (3) o weather relate @ 3.6.7)

speed choice
p 1 Intensity of the

impact on speed is
inconsistent (3)

9§ Truck drivers do
not reduce speed
under rain (3, 8)

1 Higher mean speed
inmedianlane I N~_ [+ 7 >~ N ________J
irrespective of the
vehicle type (3, 6)

1 Lack of focus on
truck type and
payload condition

1 Significant impact on speed due to perceptible road-
weather conditions (3, 4, 7, 8)

1 Time of the day and temperature has minimal impact

on speed choice (5, 8)

Analysis type used in the study
[Reference front color]

1 Modelling speed distributions recommended over
regression to study the impact on speed (5)

@ Regression modelling

1 High speed - -
reductions in 1 Intensity of the impact on speed |_4 Speed distribution based
o . dRe earch Gap: 1 ) .
median lane is inconsistent (3, 4, 5) s P @  (Kaplan-Meier estimation)
under adverse T
Speed distributions based

road-weather (3) [ ) (CLT and MVUE)

Ro e
4d-Weather related speed ono!

Figure 3.1: Summary of related literature, and research gaps
(Yasanthi & Mehran, 2022)

3.4 Study data

3.4.1Data collection

Study data used in thigesearchconsists of roadveather and traffic datayqvided by Alberta
Transportation. Roadeather, and traffic data were collected IR\&IS station and a Weigin-
Motion (WIM) station respectively, for 15 months from October 2014 to December 2015. The
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study site (Figure.2) is located west of Edmonton, Alberta on a f#ame, divided segment of

highway 16a provincial highway, which is part of yellowhead highway between Jasper and
Lloydminister. The study site operates at fixed speed limit of 110 kAwgtording to Alberta
Transportation, the Annual Average Daily Traffic (AADT) at the study site in 2015 was 8,120
vehicles(Alberta Transportation, 20).6The study site is located on a road section with negligible
longitudinal grade and with no appreciable horizontal curVkesite (Figure3.2) was selected

for thisresearctdue to two reasons. First, it typically operatesuhderv el s of ser vi ce
and ABO022()Fiigwr.e uncongested; thus, vehicle sp
desired speeRB, 2016). Second, the RWIS station precisely captures the microclimate data for

each vehicle recorded by the WIM station as it is only 148.7 m away from the WIM (Bigure

The WIM station recorded vehicley-vehicle speed, axel weight, intaxle spacing, and
timestamp for each vehicle passing the WIM station. The RWIS station recorded several road
weather attributes including precipitation conditig¢type and intensity), pavement surface
condition, and temperature in every-2lnutes. Arecentresearchby Yasanthi et al. (2021)
revealed thatpavement surface condition and precipitation condition at the time of travel
consider abl y ad chace althodghhe tireer of§ day, anal éemperature do not

N Study Site
W ﬂa E (Schematic representation)
<+—— Highway 16 (Westbound)
S Banf'f.
Qw 148.7 m =°
RWIS station WIM station
Highway 16 (53.57821, -116.04753)  (53.57854, -116.04534)
Highway 16 (Eastbound) —»
Kilometers[ T T T T T T T7]

0 50 100 200

Figure 3.2: Study site
(Yasanthi & Mehran, 2022)
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crucially affect speed distribution parameters. Accordingly, teisearchonly focusses on two

roadweather attributes: pavement surface, and precipitation condition.

3.4.2 Datapreparation

First, the collected data were cleaned By (r emovi ng AN/ A0 and -AError
weather dataset,and)( r emovi ng vehicle records with Anul
km/h i.e., considered as error. Thereafter, each vehicle was categorized into oriE3ofehiele

cl asses proposed i n t he Feder al Hi ghway Adr
classification systentFHWA, 200J). Tractortrailer combinations (TTC), i.e., trucks belonging to

FHWA vehicle classes eight through thirteen, were further divided into two categories based on
their payload condition. According to Regehr et al. (2020), ni@anweight of a specific truck
configuration can be estimated by approximating its Gross Vehicle Weight (GVW) distribution by

a Gaussian Mixture Model (GMM). Accordingly, the mean tare weight for each ttaailer
configuration observed at the studtesvas estimated by approximating the GVW distribution of

each tractotrailer configuration as a GMM. Similar to Regehr et al. (2020), tHgp@8centile of

the first GMM component was concluded as the tare weight of each TTC. The TTC with a GVW
morettan its tare weight were | abelled as HALoade
FHWA classes were aggregated into six categories, each representing different vehicle
characteristics. A series #folmogorov Smirnov (K-S) tests conducted between edebel of

vehicle type, precipitation type, pavement surface condition, and traveldsegories concluded

thatthe speeds iall levels in each study data category are statistically independent from the rest

of levels at a significance level of 5&&cep for a fewlevels where the original levels were kept

for practicality and consistendgee detailed results in Appendix Al.P)nderlying reasons for

choosing KS test to evaluate the statistical difference of speeds in different attribute levels are
presented in section 2.4.Retails of different study data categories used in ithsearchare

tabulated in Tabl8.1.

Descriptive statistics of the speed data are presented in Hgune terms of mean, Standard
Deviation (SD) of speeds and the numbkvehicle observations for each combination of study
data categories. According to Figud8, speed is apparently affected by travel lane, vehicle type,

and roaeweather (the numbers in brackets show the sample size).

61



Table 3.1: Study Data Categories

Category

Description

Vehicle Type

Passenger vehicle (PV)

Vehicles belonging to FHWA classest1

SingleUnit Truck (SUT)

Vehicles belonging to FHWA classes’5

Empty SingleTrailer Truck(E-STT)

Vehicles belonging to FHWA classesl8 with a GVW less than it:

tare weight

Loaded SingleTrailer Truck (L-STT)

Trucks belonging to FHWA classesl® with a GVW more than it
tare weight

Empty Multi-Trailer Truck (EMTT)

Trucks belonging to FHW classes 1113 with a GVW less than it

tare weight

Loaded MultiTrailer Truck (L-MTT)

Trucks belonging to FHWA classes-1B with a GVW more thar

its tare weight

Precipitation Condition

No precipitation

Zero precipitation

Slight rain

Slight snow

Slight frozen precipitation

Precipitation intensity < 2 mm/h

Moderate & heavy rain

Moderate & heavy snow

Moderate & heavy frozen precipitation

Precipitation intensity 2 mm/h

Pavement Surface Condition

Dry

No moisture ounusual condition detected

Ice warning

Detection of ice or black ice

Trace moisture

Detection of isolated moisture on pavement surface

Wet Wet roadway wittconsiderablenoisture detection
The risk of the formation of ice or black ice dme roadway is
Ice watch ) . Lo
elevated, but its occurrence, location, and/or timing is still uncel
Frost Detection of frost formation
Travel Lane
Shoulder The rightmost lane in each travel direction
Median The leftmost lane in each travel direction

62



As expected, most vehicles seem to travel faster in median lane irrespective of the vehicle type,
and prevailing roadveather conditions. Similarly, the higher SD of speeds recorded under all

roadweather, and vehicle type combinations in median lane imqiyparatively higher speed

Median lane Shoulder lane
Moderate and Heavy Frozen Precipitation 4 a7 gy #4) @ (426) @ (1541 g —
Moderate and Heavy Snow (352) @ ) @ (1168)g (632) g §
Moderate and Heavy Rain - 2370/ 6 @ 7875\ 22) @ 5 8
Slight Frozen Precipitation{ 7621q@y (1862 (38 g T4 g 2si)g,  (5a5)gy (1) g cung %Eg
Slight snow - (1540 (1720)@ (325)gy Lal Bt J (16209 78
Slight rain | (2350)gy #8431y (35) @ (16) @ (2430) @ (15419 112 g (02 gy I [
Mo precipitation _(318754‘. [35581. [5847). (15120. (42552. fSUZJS. 105164‘ (1227Q~ HBEZ“»' t‘WEJG. [15373* (25713(‘ = @
Moderate and Heavy Frozen Precipitation - 6 @ G g @ g _
Moderate and Heavy Snow @ 18) @ (15) E
Moderate and Heavy Rain - B @ (105) g ?,H“;'—,
Slight Frozen Precipitation{ 119 @ 26) @ e @ “) g 108 @ @ 0 g %gg
Slight snaw (¥ @ 2 @ 3) 80) @ s g (284) ]
Slight rain{ #4) @ &g e ong % 2
No precipitation - t3550). (382) . (63) . (172}. (454). (1083 ) [17575. [1591.. (313) (818) . (2851), (5264), - Mean SpEEd
Moderate and Heavy Frozen Precipitation - (0 ¢ (43) (20) % m (km/h)
Moderate and Heavy Snow 4 2 o (140) (71) % jg 120
Moderate and Heavy Rain < &) @ (831) () S § N
Slight Frozen Precipitation {16! @ (51 18] @ (202) 75) 0] g (212) 23 110
Slight snow+ 24 @ @8 (134) (a81) 71y (1968) ] Q,,g'
Slight rain{ %) @ ™) @ 2 g {856) (1453). (14) (13) EJE_" 100
No nrenl‘pllannn H (risigy (808) gy (161) (350) @ (1143), (2635), (111313) (13300), (2178) (5383) (17564) (33997) = 2 -,
Moderate and Heavy Frozen Precipitation - (35) ® -
Moderate and Heavy Snow 4 @ o (5) (108) (46) % 48 dSiapd(grd : s
Moderate and Heavy Rain - 0n @ (487) @ S23 eviation of speeds
2iw| (kmh)
Slight Frozen Precipitation{ (19 @ (an U4 @ (209) {456) (@) (138) 2=a
Slight snow (13 1) {70 (318) (486) (1281) 8 ff. =0
Slight rain4{ 23 @ SN (522) (808) (@) © @ #33 ® 0
No precipitation | 3272} 374) @ ) @ (164) g (648) g (1377), (73062) (8606), (1414), (3842) (12356} {24147y = g . 20
Moderate and Heavy Frozen Precipitation | @ @ @ (27 (18) = . a0
Moderate and Heavy Snow (O ] @ (74 (36) % o E
Moderate and Heavy Rain - 48) @ @ g (430) ) = §§ Inside brackets:
Slight Frozen Precipitation{ 8 “3) @ o am (358) ® (140) %2 | Number of vehicles
Slight snow+ 118 @ ) @ 124 (301) (385) (1279) 8 % | recorded under each
Slight rain{ 3 @ 59 @ @ (448) (700) ) 15) T:‘E' E% ::Ebégf;g,:r;;mu“
No precipitation 1 (6530 (©25) g % g @z g (1365 (2737) (65627) (7552) (1460 (3508) (12205, (22814) @
Moderate and Heavy Frozen Precipitation 4 @ . (30) 32) [ -
Moderate and Heavy Snow - [N (88) (46) % = g
Maderate and Heavy Rain | (13} (589) @ ng
Slight Frozen Precipitation{ ('Y @ (11 {10) (218) {484) 7 (203) g_"’F E
Slight snow+ 12 @ 1% @ (55) (359) (527) (1554) 5,-_;‘5;
Slight rain{ @9 @ 39 (559) (925) 02) ® 32
No precipitation < (3196), (348) ® (72) (210}. (616). 1408), (87291) (10078) (1908), (4711), (186016} (20708) @ =
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Figure 3.3: Descriptive statistics of speed data
(Yasanthi & Mehran, 2022)

variations in median lane as compared to the shoulder lanaenotaiely higher mean speeds for
Passenger Vehicles (PV), followed by Singleit Trucks (SUT) signal the importanacs
differentiating speed distributions by vehicle type. Neverthelegare3.3 reports approximately

similar mean, and SD of speeds for Sirgtailer Trucks (STT), and MukTrailer Trucks (MTT)
suggesting that TTC speeds might not be affected by the number of trailers attached to a tractor.
Overall, the synchrony of snow precipitan (irrespective of intensity) and ice warning pavements
crucially affect mean and SD of speeds particularly for PV, and SUT travelling in both lanes. Such

speed variations imply driver s o6 -wadthereanditions.e ne s s
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Yet, it is important to note thatigure 3.3 merely exhibit descriptive statistics based on small

samples, potentially leading to counterintuitive observations.

3.5 Methodology

The methodology proposed to evaluate the combined impact of fourdpeiste factors (road
weather, travel lane, vehicle type, and truck payload) on speed consists of two steps. The first step
focuses on modelling speed distributions under different combinations ofdpeisit/e factors.

The second step attempts to identify camabions of roaewveather conditions posing high
collision risks for different vehicle types, based on the speed distributions modelled in the first

step.
3.5.1Modelling speed distributions

In thisresearchspeed distributions are modelled based on ssoir@ptions:ij observed speeds
reasonably represent iiftheipepelatien®findigdsal desrdd sgepds e d s
under a specific combination of spegekisive factors can be modelled as a normal distribution
characterized by a mean of and a SD oftl. Study data used in thigsearchsupport both
assumptiongYasanthi et al., 2031In fact, it is weldocumented that desired speed distributions

can be modelled as normal distributions under most conditiesanthi et al., 202Ifaylor &

Bonsall 2017. Yet,in thisresearch, it ibypothesizdt hat dr i ver sé smened cho
the prevailing driving conditions; thus, the speed distribution parameters are expected to vary
under different combinations of speédcisive factors. Howevethis researchargues that the

speed distribution parameters might also be affected bydtee analytic approach considered.
Thereforethis researcimtends to compare speed distributions developed using two data analytic
approaches: RBA, and CBA. Population is defined as the distribution of individual vehicle speeds
under a specific combiriah of speeetecisive factors (e.g.,-MTT travelling in shoulder lane

under slight rain, and wet pavements) in both approaches. Yet, there are two principal differences
between the two approaches. First, definition of saragipted in each approach is igque.

Second, the theoretical foundation of the two analysis approaches is fundamentally different i.e.,
RBA infers the populatiohevel speed distribution parametérand,, based on samples, while

CBA infers* and, based on sampling distributions.

64



3.5.1.1Modelling* and, based on the RBA

Sample, in the context of RBA, is defined as individual vehicle speeds observed under a specific
combination of speedecisive factors during the entire study period. For instance, sample
considered for the spd distribution representing PV traveling in shoulder lane under no
precipitation, and dry pavements consists of all individual PV speeds observed under such driving
conditions during the study period. To model speed distributions according totii8Asearch
assumet hat a speed dand8D, iarb lintarlyadepénsientroe thenset of speed
decisive factors considered in tissearchAccordingly, two multiple linear regression models
(Models 1, and 2) are developed to estimate the rekttips between each speed distribution
parameter, and the set of speltisive factors. Multiple linear regression modelling is used to
develop the two speed models dubdéing highly explainabléEberly, 2007, and its widespread

use in modelling the ipacts of adverse roasleather on spee¥asanthi et al., 2021; Edwards,

1999 Kyte et al., 200L Model 1 estimates the relationship between the four speedive factors

and the mean of a speed distributignvhereas Model 2 estimates the relationship between the
four speeddecisive factors and the SD of a speed distribytioh should be notethat levels of

each independent variable (TaBlg¢) are coded as dummy variables whitie’Q independent
variable is considered to havenumber of levels. Thidividual desired speeds of PV travelling

in shoulder lane undero precipitation, andrgt pavements (hereinaftanrmal roaeweather) are
considered as the reference condition (i.e., intercept) for both mbttal formats used in the

two models are expressed in.BdL:

w T f o Eq.3.1
where,
IDPARBOOOH RADEAITG AAI
SPARROOOBAGGHIA AA I
T = 4ERAAAGAITTIOED ARROOOH ARAD EAIDA £A QAT MEMBIED 1A
4 ERAAOATTOED ARBROOOBA®GHOA £AA QAT MEMBED 1A 1
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Modelling speed distributions using RBA is straightforward. Yet, the explanatory power and
statistical significance of model coefficients may vary depending on the samples collected,

particularly under small sample sizes.

3.5.1.2Modeling* and, based on the CBA

The CBA applieshe approach proposed Basanthi et al., (2021p estimaté and, . The CBA
is based on two fundamental statistical theorems: CLT, and MVUE. While the following section
briefly explains the fundamental steps, comprehensive details of the methoddtgapd in the

CBA were discussed extensively in Yasanthi et al., (2021)
1 Step 1: Defining speed populations and samples

In the context of the CBA, a speed population is defined as all collected individual speeds
under a specific set of speddcisive factors. Sample is defined as vehicle speeds collected
during a fiveminute interval. Two sample statistics) £€: sample size (i.e., the number of
vehicles observed in five minutes), ang (: sample mean (i.e., fivminute aggregate

speed), are used in the CBA.
1 Step 2: Producing fiveninute aggregate speed distributiosanipling distribution of speed)

According to the CLT, a population of individual desired speeds is represented by a normally

distributed fiveminute aggregate speed distribution i.e., the sampling distribution of speed
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(Yasanthi et al., 2021Buch fiveminute aggregate speed distributions are characterized by
unique sample sizes. Yet, due to the definition of saragtged in the CBA, a specific
population of speeds may encompass several sample sizes. Accordingly, some populations
are represented by mydte sampling distributions (see Figwt®). For example, Figur2.7

shows a population represented by eight different sampling distributions of observed speeds
(the number of sampling distributiorlg € 8), whereM represents the number of fimainute

intervals (i.e., samples) contributing to each sampling distribution.
Step 3: Linear combination of sampling distributions of speed

All "Qsampling distributions representing a specific speed population can be linearly
combined to producéthat is a randm variable possessing the minimum variance of such
combination. MVUE technique is applied to estintateestimated weight factor assigned to
the i" sampling distributionto ensure minimum variance property @f By applying
estimated weight factoreach sampling distribution will be represented proportional to their

sample size while producing
Step 4: Estimating and,,

According to CLT, the mean J and SD () of a particular speed population are related to
* and, i.e., the mean and SD ahs expressed in E&.2 and3.3, wheret is the sample

size used i sampling distribution combined to produide

Eq.3.1

m Eq.3.2

By estimating speed population parameters using all representative sampling distributions, the

CBA s particularly advantageous for investigating the impacts of extremewveaither conditions

in rural highways, where the sample sizes are inhlgrentall due to limited traffic throughput

under different adverse roackather conditions.
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3.5.2Identifying RoadWeatherSpecific Collision Risk Levels for Different Vehicle Types

In thisresearch s peed iddefinedas tieerdiffaremde detween two populatienel

speed distributions. If the two speed distributions correspond to identical travel lanes, the
distribution of speed differentials is categorized as withire speed differential, or acrelssie

speed differetial otherwise. Thisesearctidevelops withinand acroséane speed differentials for
different combinations of roadeather conditions, vehicle types, and travel lanes (in case of
within-lane speed differential). Speed differential is often used asragate safety measure
indicative of crash potentigGettman& Head 2003. Thus, for a specific combination of driving
conditions,this researctassumsthat () within-lane collision risk for a particular travel lane is
implied by corresponding withitane speed differential, andi)( acrosdane collision risk is
reflected by corresponding acrdase speed differential between two adjacent lanes. According
to the CLT, the subtraction of normally distributed random variables (i.e., speed distributions)
yields a new normally distributed random variable, irrespective of the samp(elajter, 2012)
Accordingly,this researclassumsthat the population of the distribution of speed differentials for

a specific combination of roadeather, and vehicle tym®nditions is represented by a normally

distributed random variable characterized by its mean and SD.
Theorem: Difference of two populatiortlevel speed distributions

If ox 0 h R 9 ,andowx O © h Ry u , represent twindependent populatielevel
speed distributions, then

A ® o0 h Eq.3.4
where,

: Co Eq.3.5
Eq.3.6

For a specific combination db: travel lane, : vehicle type, and : adverse roawveather
condition, Algorithm 3.1 (Figure3.4) explains the process of modelling O f j : within-lane
speed differential distributiorand {i) O j; : acrosdane speed differential distribution, for the
combination of ,f , and0. More specifically, Algorithn8.1 outputs four matrices providing) (

“ rr:meanofO i, (1), fi:SDOfO g, (i) :meanofO g, and{v), :SDofO .

68



Algorithm 3.1 Pseudocode for estimating speed differential distribution parame’

InpUt : Nvta Nrw' a, Bv L, Ua,B.L) Oa,p,L
1. Estimateparameters of the withilane speed differential distributions
forL=1to2
for a = 1 to Ny,
for B =1 to N,y

I“Lgllfﬁ,L = |:uoc,B,L - #a,o,L|
TapL = \/(Ja,B,L)2+(Ja,O,L)2

end
end
end
2. Estimateparameters of the acreEmespeed differential distributions
fora =1toN,,
forp=1toN,,

lié,ﬁ = |#a,B,1 - #a,ﬁ,zl
Tap = \/(Ua,ﬂ,l)2+(0a,ﬂ,2)2

end
end
Output: The matrices Ofy 3 1, 04 5 1+ Hé g Oap

Figure 3.4: Algorithm for estimating parameters of within- and acrosslane speed
differentials

(Yasanthi & Mehran, 2022)
Algorithm 3.1 takes sevemputs: () 0 : number of vehicle types considered (6 types in this
research (i) 0 : number of adverse roadeather combinations considered (41 combinations in
this research (i) vehicle type indicatar (codedfrom 1 through) ;e.g., 1 for PY, (iv) road
weather condition indicatdr (coded from 1 through  with O representing normal roadeather
conditions i.e., dry pavements and no precipitatior))lane indicato (coded as 1 foshoulder
lane and 2 for median landyi) * i : speed distribution mean for combination of , and0,
and ii) , §r: speed distribution SD for combination|off , andd. For a specific combination
of| ,f , and0, Algorithm 3.1 first estimate$ j  according® Eq 3.5. Speed differential for a
particular combination af ,1 , and0, irrespective of its sign, indicates increased crash potential;

thus, the algorithm only retains the absolute valué gfy. Thereafter,, yy is estimated
according toEg. 3.6. Similarly, the algorithm estimatés ; and, j for all combinations of

and! observed at the study site. The distribution parameters of wilhith acros¢ane speed

differentials output by Algorithn3.1 are explored separately to identify clusters of novadther
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conditions, and vehicle types whicheghypothesized to impose different levels of collision risk:
high, moderate, and low. Twdimensional naive-kneans clusterinHackeling 2017 is adoped

to partition each set of speed differential distributions into the three collision risk levelsdmase
the SD of the speed differential distributions. Accordingly, a holistic collision potential indicative
measure is proposed by considering both witlind acros$ane collision potential for each

combination of roagveather conditions, and vehicle gpategories.

Algorithm 3.2 explains the criteria for assigning collision risk level based on the witimid
acrosslane collision potential (Figurg.5). Algorithm 3.2 takes four inputsi0 : the number of
combinations of roasiveather conditions angehicle type categoriesi 'Y : within-lane collision
risk for shoulder lane (high, moderate, or lowi)) {Y : within-lane collision risk for median lane
(high, moderate, or low), andv) Y : Acrosslane collision risk (highmoderate, or low). To
preserve indication of high collision risk for either withor acrosdanes, the algorithm assigns
the collision risk for each combination of reagather conditions, and vehicle type with the
highest collision risk level amony , Y , orY . Consequently, algorithi®.2 outputs a unified

collision risk level for each combination of reaeather, and vehicle type category observed.

Algorithm 3.2 Pseudocode for assigning collision risk levels
Input: N¢, Ry, Ri, Ry
1. Initialize matrixR with N, random variables
2. Assign collision risk level for each roadeather, and vehicle type combination
forc=1to N,
if (Ry; ORRI ORR,)==f Hi gho
Rc==fHi gho
else if R, ORRIL ORR,)==fiModer at e 0
Rc==fAModer at eo
else
Rc==fALowo
end
end
Output: Collision risk level matrixR

Figure 3.5: Algorithm for assigning collision risk levels
(Yasanthi & Mehran, 2022)

3.6 Modelling results

3.6.1 Speed distribution models

In total, speed data belonging to 248 combinations of sgeedive factors were used while
modelling the speed distributions. To recall, Models 1 and 23Epattempt to estimate the linear
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relationship between a set of spakatisive factors, and speed distribution paraméteasd,, .
Figure 3.6 graphically presents the regression model coefficients for Models 1 and 2, where the
intercept of both modelsorrespond$o PV travelling in shoulder lane under no precipitation and

dry pavement conditions.

Precipitation Pavement surface condition Vehicle Type and Loading Condition Travel Lane
(Intercept: No precipitation) (Intercept: Dry) (Intercept. Passenger Vehicles (PV)) (Intercept: Shoulder)
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Figure 3.6: Model codficients for Models 1, and 2
(Yasanthi & Mehran, 2022)

The adjusted Rvaluesof the two modelsuggest that 68% of variations'irand 29% of variations
in,, are explained by thendependent variables of the modé@fsgure 3.6) The poor prediction
power of Models 1 and 2 indicated by such comparatively RBwaluesimply that the two
regression modelsay not be suitable to make predictions. However, accordingrigpure 3.6,
most model coefficients (e.g., coeffintefor slight snow, wet pavements) in both models are
reported as statistically insignificant at a significance level of 5%. Such statistically insignificant
model coefficients might result due to small sample sizes for some combinations as presented in
Figure3.3. For instance, only three SUTs were observed on wet pavements under moderate, and
heavy snow in median lan€et, samples wittsuch small sample sizesay not be representative
of the population thus violating one of the assumptions in regressidaling approache®n the
other hand, mother potential reasdor the statistically insignificant modelling coefficientshst
therelationship between the dependent variable in question (i.e., ‘eitingl) and the independent

variables may not be lineadowever, it is welldocumented that very small sample sizes are
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associated with type Il erroL@chneret al., 2001) which is often referred to as false posdive
accepting a false null hypothesis. Accoghin deriving conclusions about the impacts of different
driving conditions ol and, based on indications of the acceptance of the null hypothesis in
linear regression modeling (i.e., no statistically significant linear relationship between the
dependat and independent variable) is questionahldéimited sampling conditionsLimited
sampling conditions might have also led to some counterintuitive suggestions implied by
statistically insignificant model coefficients. For example, Model 1 suggestsritaaterage, PV
travelling on dry pavements in shoulder lane drive approximately 2.5 km/h faster under moderate
and heavy frozen precipitation, as compared to travelling under no precipitation. In contrast, the
statistically significant model coefficientsmvey intuitive suggestions. As expected, the average
speed of trucks travelling in shoulder lane under normalwaather conditions aonsiderably

lower than that of PV. For instance, the model coefficient f&TH (-9.2km/h) suggests that, on
avera@, ESTT travel approximately 9km/h slower than PV when travelling under normal road
weather conditions. Similarly, travelling in median lane under normahneadher conditions is
estimated to increaseby 5.3km/h for PV. However, the impact of paylaaahdition on both

and, seem marginal for all TTC. In fact, the difference’ obetween ESTT and LSTT was
estimated as 0.85km/h, whereas the differencg whs estimated as 0.07km/h. Such marginal
effects of payload condition on truck speed may potentially attributed to firm schedules
practiced in trucking industry prompting truck drivers to prioritize travel time irrespective of truck

loading condition, leading to similar speed choices under all loading conditions.

Figure 3.7 presents rad compares the speed distribution parameters estimated according to the
RBA and CBA. Speed distribution parameters estimated based on RBA are presented irrespective
of their statistical significance. Yet, discussions on RBA estimates are limited toxesesoth

‘ and, are estimated based on statistically significant coefficients (RBA estimates marked with
fk«0) to all ow f or f discussioa drihedngpacts afrtravel tame.on sSpéed s |,

choice is confined to the CBA.
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Figure 3.7: Speed distribution parameters
(Yasanthi & Mehran, 2022)
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According toFigure3.7 as per CBA estimations, TTC travelling in median lane are described by
considerably low as compared to TTC wralling in shoulder lane under extreme reaeather
conditions (e.g.; of L-STT travelling in median lane on ice warning pavements and moderate
and heavy snow is approximately 6km/h less thanh tieL-STT travelling in shoulder lane under
similar roadweather conditions). Although counti@tuitive, such low values of imply that truck
drivers are vigilant while driving under inclement readather conditions irrespective of their
travel lane. Yet, TTC travelling in median lane seem to choose the@dsin a wide range,
reflected by relatively high SD values characterizing most speed distributions irrespective of the
speeddecisive factor combination considered. As anticipated, PV travelling in median lane are
estimated to drive faster than their nterparts travelling in shoulder lane under most +oad

weather conditions (e.g., PV travelling on ice warning pavements and moderate & heavy snow).

Vehicle type, in particulanotablyi mpact dri verso6 speed choice.
on, , a estimated by both RBA and CBA, is marginal under normal-wesather conditions,

TTC combinations are characterized ¢gnsiderablylow values of* in comparison with PV
travelling under such roagteather conditions. For instance, both RBA and CBA edtons
suggest that {STT travelling in shoulder lane on wet pavements and moderate and heavy snow
will travel approximately 7km/h less than PV travelling under the same driving conditions.
Similarly, both RBA and CBA estimated comparatively low values dor all vehicle types
(except for SUT) travelling in shoulder lane on ice warning pavements with no precipitation. The
increase in, is marginal for the aforementioned combination of spdexsive factors. For
instance, according to CBA estimatgs,for PV travelling in shoulder lane on ice warning
pavements with no precipitation was 3.7km/h greater than that&&f T travelling inshoulder

lane under identical roageather conditions. However, even a small increase iimply that
drivers perceive the risk of adverse pavement conditions differently. Although marginal in most
cases, loaded trucks appear to have higherder mostoadweather conditions. For instance,
estimated according to CBA for&TT travelling in shoulder lane under slight rain and ice warning
pavements ‘( 100.8km/h) isconsiderablylower than that of LSTT (  112.6km/h). It is
possible that truck drivetend to drive faster irrespective of prevailing reeelather conditions,
when delivering a freight load. According to the CBAMI T in median lane under dry pavements

and slight frozen precipitation, are estimated to drive above the speed limit oneavidragis
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rather an important observation because such speed choices may lead to additional severe

consequences (e.g., load spill) in the event of a collision.

According toFigure 3.7, the data analytic approaetloped notably affects speed distribution
parameters, particularly in the simultaneous presence of adverseveatter conditions. For
example, while the RBA estimatedcansiderablylow ‘ (104 km/h) for EMTT travelling in
shoulder lane under ice warning pavements and moderate & heavy frezgtation, the CBA
estimated a considerably high(113 km/h). Yet, it should be noted that the sample size for the
aforementioned combination of spegekcisive factors is very limited (i.en=16), which
potentially explains the substantial differenceestimation. Further, it is important to recall that
the two approacheéBBA and CBA, hadadoped fundamentally different analysis approaches
while modelling speed distributions. While both approaches use identical source of data, the
differentiation bewveen the definition of a sample used in each approach potentially contribute
towards the differences observed in speed distribution estimates. The CBA, in a way, subdivides
the sample used in the RBA into smaller groups to develop sampling distributichsandhighly
representative of a population. Thus, while RBA infeand, based on samplds/hich might

not be representative of their respective populatjotis¢ CBA benefits from sampling
distributions while inferring and, . On the other handhe statistically insignificant model
coefficients reflected in study results question the application of RBA, particularly under limited
sample size conditiordue to the possibility of type Il error associated with small sample &izes
contrast, the BA provides a robust approach to model speed distributions by optimizing the
representativeness of a sampling distribution of means to its population distriaotiothus
eliminating problems (e.g., statistically insignificant model coefficients) associated with applying
RBA in limited sampling conditionsAccordingly, the CBA is deemed as a more appropriate

approach to infer and,, under different combinatiorsf speeedecisive factors.

3.6.2Roadweather Conditions withncreasedCollision Potential

Speed distributions modelled according to the CBA were used to model the distributiathsef
and acros$ane speed differentials for 135 combinations of raadther, and vehicle type
categories. Kmeans clustering labelled each combination of twadther, and vehicle type
category based on the parameters of the distributions of speed differentials3(Zaldteshould

be noted that the collision risk levelas assigned to each cluster based on the SD of speed
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differential distributions due to the marginal difference in means of the speed differential

distributions among the three clustefalfle3.2).

Table 3.2: Details of the Three Cluster Centroids

Within -lane speed differentials distribution parameters Acrosslane speed
o Median Shoulder differentials distribution
Collision
. parameters

Risk _— —
Mean Standard Mean Standard deviation Mean Standard deviation
(km/h)  deviation (km/h) (km/h)  (km/h) (km/h)  (km/h)

High 2.12 44.24 3.37 15.06 3.89 41.97

Moderate  5.78 21.06 1.89 11.07 3.31 14.17

Low 3.96 13.86 1.86 6.96 5.86 3.07

BSS/TSS 80.4% 84.3% 92.1%

Notes:

BSS=Between Sum of Squares

2TSS=Total Sum of Squares
Figure 3.8 demonstrates the collision risk levels estimated for different combinations of road
weather, and vehicle type categories in terms of witie, acros$anes, and overall collision
risks (sed-igure3.5for estimation of overall collision risks). The silhouette coefficient: a measure
evaluating the compactness or separation of the clusters, typically ranges from zero to one; a
silhouette coefficient of zero indicates poorly separated clusters whereawiocagesproperly
assigned clustergHackeling 2017. The high silhouette coefficients (shown in brackets)
pertaining to each classification implies that collision risks are well clustered. Big§imghlights
important implications. First, the withilane collision risks in shoulder lane seem divergent as
compared to the withitane collision risks present in the median lane, particularly for SUT.
Presence of such comparatively low withame collision risks in the median lane is rather intuitive
becauseunlike shoulder lane, median lane in a rural highway is predominantly used for passing
with more homogeneous passing speeds. In contrast, shoulder lane is used by different vehicles
(Figure3.3) potentially travelling at their desired speed; thus, slepuéhe entails higher within
lane collision risks, particularly for SUT travelling under adverse -meather conditions.

Number of trailers attached to trucks seem to reduce the vigthéncollision risk for trucks
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irrespective of the travel lane, and prevailing regehther conditions. For instance, the within
lane collision risks for SUT (zero trailers); & T, and EMTT travelling in shoulder lane under
normal roaeweather conditions are estimated as high, moeeaad low respectivelyn fact, past
literature (Regher et al., 2009) suggests that longer combination vehicles (i.etraneittrucks),
when evaluated based on collision rate, are safer than other articulated trucks (i.etrasiegle
trucks).Overall, truck payload condition increases withame collision risk, particularly for mukti
trailer trucks. Unlike for PV, the acretme collision risk for all types of trucks appears to be low
under most roasveather conditions. Trucks predominantlycopy the shoulder lane, which
potentially explains the low acretane collision risk for trucks. The only high acrdase
collision risk is present for PV travelling under no precipitation, and ice warning pavements. The
comparatively low acros&ne colision risks may be attributed to the predominant usage of
shoulder lane in rural highways.

According toFigure3.8, the withinlane collision risk consists of a diverse mix of low, moderate,
and high collision risks. In contrast, the acrtzs®e collision risks are described by either low or
moderate collisions risks except for PV travelling under no precipitationi@ndvarning
pavements. Thus, overall risk mainly reflects the wHhaime collision risks due to the low
variation of acros$ane collision risks irrespective of the reagather condition and vehicle type.
According toFigure3.8, trucks (particularly SO and L-MTT) entailconsiderablhhigher collision

risks as compared to PV under most reaghther conditions. Such high overall collision risks
confirm the vulnerability of freight transport vehicles in comparison to PV. In fact, icy pavement
conditions sem to intensify the overall collision risk particularly for TCC. For example, the
overall collision risk is estimated to be low for empty TTC travelling on wet pavements under
moderate & heavy snow; yet, the collision risk is high when travelling on igenpants.
Importantly, travelling loaded appears to increase collision potential for botls Tfid&r most

roadweather conditions.

In summary, the resultsf this researchinveil important findings. First, the CBA, in comparison
with RBA, is deemed as a neappropriate approach to model speed distributions under different
driving conditions. In factthis thesis does not recommend RRBA to model speed distributions
particularly under limitedsampling conditions. Second, resutis this researchsupport tle
hypot hesi s t h artciallyaffectecby thedpresapirey eoddeathsr, travel lane, and
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vehicle type. Yet, the impact of truck payload condition on truck speeds seems to be marginal
under most roatveather conditions. Although the acrdase collision risk seems marginal for
most roaeweather conditions, theotablewithin-lane collision risks signal the need for advanced
speed management techniques. One potential approach to minimizelanthicollision risks is

to differentiate fasmoving vehicles from slownoving vehicles in each lane under adverse-road
weather conditions. This could be achieved by implementing-based Weatharesponsive
Variable Speed Limit l(-WR-VSL) systems together with lane advisories for slow moving
vehicles SuchL-WR-VSL systems attempt to minimize speed variation induced by different road
weather, vehicle type, and travel lane conditions by imposing unique, differentialaedeepeed

limits under different roasveather conditiongShi & Liu, 2019. For example, imposing a
comparatively low speed limit for shoulder lane under snowy conditions constrains drivers who
are not comfortable to drive in high speeds to shoulder lane; it further enables fast drivers driving
in inner lanes to maintain high speedshwiit being constrained by slemvoving vehiclegShi &

Liu, 2019.

3.7Conclusion & future directions

Inclement roadveather undoubtably imposeotable collision risks to highway freight
transportation. Yet, how to identify roageather conditions posingrucial truck collision risks

remains a critical question. On the other hand, while past studies recommend modelling context
specific speed distributiorts evaluate the impacts of different driving conditions on speed, the
most appropriate data analytic approach to model such speed distributions needs to be evaluated.
To address this questiothis researclfi) evaluate the combined impact of four speddcisive

factors: roadveather, travel lane, vehicle type, and truck loading condition (empty or loaded) on
dri ver s 6 di¢gexploreghd vasapileyecalsed lfgdoping a regressicihased approach

(RBA) and a central limit theoretmased approdc(CBA) to model speed distributions, anidl)(

proposs a unified approach to identify roadeather conditions imposing higher collision risks

based on both withirand acrosgane collision potential.

The study results recommend modelling speed distributions using the CBA as compared
to evaluating contex¢pecific speed choice according to the RBA. Further, findings afgbesarch
support the hypothesis that truck speeds are mainly affected byveastter conditions, travel
lane, and vehicle type. Particularly, the impact of raaéther conditions wasrucial when
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adverse precipitation, and pavement conditions are present simultaneously. Travelling loaded
appears to marginally increase truck speatkumost roadveather conditions. Further, the study
results suggest low to moderate acrias® collision risks for all truck types irrespective of the
prevailing roaeweather conditions. In contrast, the witlame, and overall truck collision risks
arealarminglyinflated particularly under adverse roagather conditions. Such collision risks
emphasize the importance of implementing proactive countermeasures to mitigate potential truck
collisions under adverse roackather conditions. Thuthis reseech recommend evaluating the
suitability of advanced speed management strategies such alsakete weatheresponsive

variable speed limits for colaegion rural highways.

Contributions of thisesearctare mainly threefold. First, jurisdictions locdt& extremely
cold regions maydoptthe methodology to evaluate the combined impact of different speed
decisive factors on drivers6 speed. Under st an
the trucking industry,altheisspegding pattarns o same ex@edt. ¢ h o
Second, the collision risks estimated this researchmanifest the vulnerability of trucks under
different combinations of roadeather conditions, particularly when loaded. Thus, transport
authorities may applythe proposed methodology to form the basis for important policy
implications such as weathspecific truck weight restrictions to mitigate truck collisions
potentially leading to severe consequences. In addition, trucking companies may also use the study
results to strategize their freight operations based onweather conditions, using the read
weather specific truck collision risks unveiled by thésearchFor instancetransporting freight
loads only in roagveather conditions with low collisionsks may help trucking companies to
minimize weatherelated risks imposed on their combination trudkarther, transportation
authorities may use the study results to explore the need for advanced westbasive speed
management systems. Third, thepplationlevel speed distributions can be used for calibration
of traffic simulation models considering different vehicle types andwesather conditions, while
overall collision risks estimated in thissearclcan be used as surrogate safety measuhes w

collision data are not available.

Despite the important implications associated with tieisearch adoptbility of the
proposed methodology is limited to uncongested, -fane divided highwaysAdopting the
methodology in congested highways viotathe two basic assumptions) ¢bserved speeds
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represent dr i ver sip spake gistributioths ase prepresersed byatmednornal
distribution, formulated while developing speed distributions. First, congested traffic entails
frequentv ehi cl e i nteractions. I n s uc hnotablyaffedted ¢ ¢ o n «
by the speed of surrounding vehicles. Thus, speeds observed in congested traffic conditions may
not reasonably represent dr i vibatros dndedoergyéstece d s p
traffic conditions might not be represented by normal distribifion, 201). The overall collision

risks estimated in thisesearchare based only on two lanes; thus, the methodology may not be
adoped for multilane highways vhtmore than two lanes in one travel direction. Accordingly,

future research may focus on extending the proposed methodology to congested traffic, and multi
lane conditions. The study results highlight the limitation of linear regression to model speed
distributions under limited sampling conditions; thus, future research may focus on evaluating the
minimum sample size required to model speed distributions using regression modelling. Future
research may also focus on validating the overall collision rigkaaed in thisresearchusing

collision statistics associated with similar study site characteristics. In addition, future research
may focus on empirically validating CBA using extensive datasets collected in various highway
locations with similar feates. While this could be challenging due to limited availability of RWIS
stations in the vicinity of traffic detectors, implementation of connected vehicle technologies to

collect required speed and reagather data at regional scale should be exploréaefur
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Chapter 4. A Reliability -based WeatherResponsive Variable Speed Limit
System to Improve the Safety of Rural Highways

This chapterdevelops an effective approach to set WRVSLs to improve the safety of rural
highwaysusing the reliability theoryThe content presented in this chapter corresponds taghe
step of the WRVSL development approach (Figure Ti@8nsport authorities located in extremely
cold jurisdictions maydoptthe proposednethodologyto setWRVSLsin their rural highways.
Althoughthis chapter develops WRVSLs falt RWCsobserved at the study siie practice, it is
recommended tprioritize setting WRVSLs for RWCs withotablesafety risks (step 2 iRigure

1.3) particularlywhen resources (e,diuman resourcegjndg are limited.

4.1 Abstract

Weathefresponsive Variable Speed Limit (WRVSL) systems treat speed limits as weather
dependent random variables, as opposed to the conventional static speed limitsseBndd(i)
evaluates drivets r esponse to a f i xe dveathpreanditions,iamdit i n
proposes an effective approach to set WRVSLSs, for rural divided highways located in extremely
cold regions. Study data: roakather, and speed data, collected from a rugahiny (fixed speed
limit=110km/h), are used toi)(estimate the 8% percentile speeds of populatitevel speed
distributions, andil) develop WRVSLs based on the reliability theory. More specifically, the
WRVSLs are set based on reliability: the probgbof a speed beingi) likely complied by

drivers, andi{) adequate to avoid a reand collision. The study results reveal that merely 73%

of the drivers at the study site comply with the existing posted speed limit under normal road
weather conditios i.e., no precipitation and dry pavements. The reliability of the current speed
limit is revealed to be approximately one under normal-teedther conditions; thus, the current
speed limit is perceived credible under such raadther conditions. Yet, liability of the current

speed limit is substantially reduced in the presence of slight snow, and ice warning pavement
conditions. A set of reliabilifpased WRVSLs ranging from 80 to 110 km/h is proposed.
Jurisdictions experiencing extreme readather caditions mayadoptthe proposed methodology

to effectively manage speed, particularly in rural highways under adverse/easioer conditions

to enhance the probability of speed limits being safe and complied by drivers and as a result reduce

crash propenty.
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4.2 Introduction

Weathefresponsive variable speed limit (WRVSL) systems consist of differentiated speed limits,
implemented under different roadeather conditions (RWC) (Downey, 2015). More specifically,
WRVSL systems treat desired speed (hereinafter speed), thus spae(bl) as a weather
dependent random variable rather than setting SLs as fixed deterministic values established
irrespective of the prevailing RWC (Downey, 2015). WRVSL systems attempt to regulate
speeding i.e., driving above the speed limit (SL) ovidg too fast for the prevailing driving
conditions (Forbes et al., 2012), particularly under inclement RWC. Speeding under adverse RWC

is perceived hazardous due to two reasons. First, in tHeakingdistance is directly proportional

to the square opeed (Garber & Hoel, 2014); thus, speeding is associated with longer stopping
sight distances (SSD). On the other hand, adverse RWC such as heavy precipitation and icy
pavements lead to degraded driving conditions described by limited visibility (OECB), 48d

reduced pavement friction (lvey et al., 1975); thus, SSDs are further elongated under adverse
RWC. Accordingly, speeding in the presence of adverse RWC undoubtably jeopardize road safety
particularly in rural highways, where speeding is prevalaattd low traffic throughput (Yasanthi

& Mehran, 2020). Second, driversd speed choi c
Anastasopoul os & Mannering, 2016) , and is ai
confidence, and comfort to tralvunder the prevailing driving conditions (Yasanthi et al., 2021,

Hauer, 1971). In fact, desired speed distributions under extreme RWC are generally represented
by (i) comparatively lower mean speeds, anjl gubstantial speed variations, with respect to

normal RWC i.e., no precipitation and dry pavements (Yasanthi et al., 2021). Such versatile RWC
specific speed patterns signgl timulated crash propensity under adverse RWC (Xing et al.,

2019; Solomon, 1964), andi)( dr i ver s 6 a mb idgving éxternalities whilp pr ai s
selecting a safe travel speed (Forbes et al.,, 2012). Accordingly, WRVSL systems attempt to
communicate commuters with a safe speed to travel under different RWC, thus promoting road
safety particularly under adverse RWC (Dowry15).

Thisresearclaims to improve traffic safety in rural highways located in cold regions by proposing
a methodological approach to set effective WRVSLs using the reliability theory. Two research
guestions are addressed in tieisearch(i) Isdrivee s 6 response to a fixed S
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and (i) What is an effective way to set a credible WRVSL on rural highways under extreme
RWCs? The research questions are addressed througtesearchobjectives: () To evaluate

dri ver so6 r e sSlwmdsrdliffetent combinations ®dRWCs, amd To propose a

reliability based WRVSL system to regulate speed under adverse RWCsre3éarch

met hodol ogy is divided into two phases. First
the 8%" percentile speed of populatidavel speed distributions under different RWCs. Second, a

set of WRVSLs is developed based on the reliability theory. More specificallyretbesirch

identifies WRVSLSs, based on the probability of each WRVSL beangdequaté¢o avoid a rear

end collision, andii() likely compliant by drivers, under a given combination of RWCs. The
researchmethodology is demonstrated using raaehther and traffic data collected from a rural

highway in Alberta, Canada.

The key contribution of this research is that it provides an effective approach to implement
WRVSL systems in rural highways located in ccakgions. The proposed WRVSietting
approach focuses on collision mitigation, and SL compliance. Thus, practical application of the
proposed methodology may) fequire lesser SL enforcement efforts, ampriitigate reaend

collisions, in extreme RWCs

4.3 Literature review

Speed limit: the maximum (or minimum) threshold vehicular speed allowed by law in a particular

hi ghway segment (AASHTO, 2009), attempts to i
choice. Highways are often legislated byxmaum SLs set according to one of the four universally
adoped SL setting approaches (Forbes et al., 2012¢ngineering approachj) expert system
approach,i{i) optimization, andiy) safe system approach (SSA). Depending on the consistency

of opeation, SLs can be divided into two types: fixed, and variable. As opposed to the fixed SL
systems, variable SL systems implement dynamic SLs set based on the prevailing driving
conditions (Forbes et al., 2012).

Engineering approaah the most common mettology used to set SLs worldwidleestablishes

SLs based ori)the 84" percentile fredlow speed (Gayah et al., 2018), d) (oad characteristics

such as adjacent land use and/or anticipated traffic conditions (Forbes et al., 2012)""The 85
percentilefree-flow speed @ ): speed at or below which &doped by 85 percent of drivers
(FHWA, 2009), is widely used in setting SLs particularly in rural highways (NFSC 1998)
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particularly in North America (Forbes et al., 2012hew is frequently usedotset SLs due to
two reasons:i travelling at or neat yields minimum collision risks for drivers (Solomon,
1964), andi{) @ represents the collective judgment of drivers (Forbes et al., 2012). According
to the Manual on Uniform Traffi€ontrol Devices for Streets and Highways (MUTCD), a SL set
based on the is acquiescent ifo is within 8km/h( 5mi/h) of the posted SL (FHWA, 2009).
Yet, adverse RWCs are typically described by substantial speed variabiidiested by
comparatiely high standard deviation values of speed distributigfesanthi et al., 2031
Standard deviation is directly proportionaldo . Accordingly,® in some adverse RWCs may
be greater than tHgL in effect.For instanceYasanthi et al. (2021) modetl thespeed distribution

for dry pavement, temperature values between 0°C-20%C (Group II), nighttime and slight
frozen precipitation conditioneshich wasdescribed by a mean of Akm/h anda standard
deviation of 7.49 km/t{Figure 2.12); thab for the above combination of RWCs is 122 km/h
which is considerably higher than the speed limit at the study site (i.e., 110 Krhirs,
implementing a fixedv -based SL may violate the MUTCD criterion for an acceptable SL under
some RWCs. Accordingly, SLfor such RWCs should either be lowered, or increased to
complement thev of corresponding speed distributions. Yet, setting very high SLs, specially
under inclement RWCs, undeniably jeopardize traffic safety. On the b#ret, empirical
evidence sugggts limited compliance to SLs on rural highways (Johnstdfu&ay, 2010) Thus,
however widespread, setting SLs based orutheés questioned in the literature mainly because
(i) some drivers may not efficiently identify the safest speed to drive garticunder degraded
driving conditions (NR@JS, 1998), andii() usingw as the SL may escalate vehicular operating
speeds (i.e., the speeds selected by drivers to operate their vehicles untlew foamditions
(AASHTO, 2019) in the long term(Hauer, 2009).

To address this issue, the expert system approach uses algorithms (e.g., USLIMITS2) which takes
multiple inputs (e.g. crash history, etc.) to mimic the
(Forbes et al., 2012). Yet, such algamithare still in their infancy with exclusive focus on fixed

SLs (Fitzpatrick et al., 2019). Although welstablished, optimization: setting SLs based on the
optimal speed possessing minimum total societal cost (e.g., crash costs, travel time costs), is
sddom used due to the difficulty in accurate estimation of societal costs (Forbes et al., 2012).
Speed limits set according to the SSA are designed to provide adequate SSD resulting minimal

crash and injury potential (Arason, 2019). Crash injury severtdweker, is dependent on the
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kinetic energy released in a crash event whi ¢

speed (Donnell et al., 2018; Alhajyaseen, 2015). Thus, injury minimization approaches in setting
SL such as SSA often output SLsialhare typically lower than the conventional SLs (Forbes et
al., 2012); thus, not perceived suitable for rural roads (WFSC1998).

Adverse RWCs are often described as vulnerable driving conditions (Shaheed et al., 2016) due to
the increased speed vdiility present in such RWCs (Yasanthi et al., 2021). Yet, the intensities

of such speed variabilities are dependent on the prevailing RWCs (Yasanthi et al., 2021). On the
other hand, substantial speed variabilities result increased crash potential (SdI®64)nThus,
frequent occurrence of adverse RWCs warrant variable SLs differentiated by the prevailing RWCs
i.e., WRVSLs (Downey, 2015). Yet, in practice, the existing WRVSL are reported to be ineffective
(Downey, 2015; Elvik et al., 2009) despite thetmoelology adoped in setting such SLs
(Sisiopiku, 2011). Potential reasons for documented inefficacies are twofold. First, most existing
WRVSL are developed based on sarvpleel statistical measures (e.g), of RWC-specific

speed samples). Yet, pasetature argues the credibility of using such sarglel appraisals in
weathefresponsive speed management (WRSM) due to limited sampling conditions prevalent
under adverse RWC (Yasanthi et al., 2021). Second, although the effectiveness of a Slyis heauvil
dependent on SL compliance (Hellinga & Mandelzys, 2011), most SL setting approaches attribute
a notablylow weight to SL compliance while setting the SLs. To address these igssiessearch
propossto incorporateij populationlevel speed distribidns rather than establishing SLs based

on an individual sampiievel statistical measureii)( crash mitigation measures, and)(SL
compliance, when setting WRVSL. More specifically, a methodology is proposed to set distinctive
SLs for different combiations of RWCs by incorporating the concept of reliability with ihe (
maximum speed a vehicle can travel avoiding a-eealr collision, andii) compliance of drivers

to the SL in effect at the time of their travelo(npliance hereinaftgr Thus, the saty- and
compliancedriven SL setting approach proposed in tieisearctcould effectively improve road
safety, particularly in cold region rural highways. An additional advantage of the proposed
methodology is that it allows evaluating the performanca jpérticular proposed WRVSL prior

to practicing, by considering the probability of such a SL scheme being safe and complied by
drivers simultaneously under given RWCs. Tadle presents a summary of literature review,

identified research gaps, and resbagap fills proposed in thigsearch
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Table 4.1: Summary of literature review

SL setting approach

Strength(s)

Shortcoming (s)/

research gap(s)

Proposed research gap fill

(®)

Engineering Operating
speed method
(SL set based

Reflects actual travel

speeds; thus, minimal

Identifying a safe speec

based on dr

enforcement required judgment is

Safe speed defined in tesm
of the minimum SSD

required to prevent a rear

onw ) (Forbes et al., 2012) questionable end collision
(Forbes et al., 2012)
Using sampldevel Populationlevel speed
statistical measures to distributions used to set SLz
set SLs is questionable
Road risk Considers functional  Typically set below Compliance incorporated
method classification of road; @ ;thus, heavy while seting the SLs
(SL set based thus, agrees with the enforcement required t
on road road design (Forbes e ensure compliance

characteristics)

al., 2012)

(Forbes et al., 2012)

Expert system

Multiple factors
considered while
setting SLs

(Forbes et al., 2012)

Not applicable to
setting variable SLs
(Forbes et al., 2012;
Fitzpatrick et al., 2019)

WRVSLs determined based
on the reliability theory

Optimization

Incorporates several
aspects of speed on
society including
societal costs
(Forbes et al., 2012)

Difficult to estimate
societal costs accuratel
(Forbes et al., 2012)

Proposed SL setting
approach attempts collision
prevention, which eliminate:
the need to estimate societ¢
costs while indirectly

reducing crash cost

Safe system

Prioritizes on serious

crash/injury
prevention
(Forbes et al., 2012)

Typically yield low
SLs; thus, not
appropriate for rural
highways

(Forbes et al., 2012)

1 SL setting approach
demonstrated based on a
rural highway

1 A range of predefined
speeds considered when
setting WRVSLSs, enabling
practitioners to select a

rational speed as the SL
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4.4 Study data

4.4.1 Data collection

Study data: traffic and roadeather data used in thissearchwere collected over 15 months
(October 2014 to December 2015) from a weigimotion (WIM) sensor and a roadeather
information system (RWIS). The WIM and RWIS devices are stationed alongside each other at

the study site

(Figure 4.1) located on highway 16: an easst fourlane rural highway located in Alberta,
CanadaThe study site operates under a fixed SL
topography can be described as flat with negligible slope and no sharp horizorgalwithin a

radius of 5 kmFigure4.1).

Notes - mm= =
1. Road-weather information system (RWIS) collects e d . e o
pavement and precipitation data in every 20 minutes. e WIM station N

4 \
2. Weigh-In-Motion (WIM) collects vehicle-by-vehicle i 2

/
traffic data. / RWIS station /
/f

3. Consistent land elevation around the study site
leading to negligible grade at the study site. |

= ——— "

! Study site with the data
‘\ collection devices located
\ 148.7m apart !
Spudy'site  Edmonton : \ !
Lloydminster \ b
\ Data collection device coordinates
Jasper R (in a decimal lat-long system): !
NS - RWIS: 53.57821, -116.04753 .
Legend S, - WIM: 5357854, -116.04534 <
Highway 16 \\~\\ T
Banff" . T = N
Land elevation (m)
3354 W E
I T T T T T T T 1
0 1.25 25 5 Kilometers
515 S

Figure 4.1: Study site

(Yasanthi et al., 2022)
In total, six pavement surface conditions: dry (no ice or moisture detected on pavement), wet
(considerablemount of moisture on the entire pavement), trace moisture (moisture detected on
parts of the pavement), ice watch (potential ice formation detected), ice warning (ice present on

pavement), and frost (frost present on the pavement), were observeduadytsstst Further, three
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precipitation types: snow, rain, and frozen precipitation, were observed in two precipitation
intensity levels: i) slight (intensity 2mm/h), andi{) moderate and heavy (intensit2mnvh).
Traffic records collected by the WIM si@n includes i) spot speed,i( date and time,ii{) axle

weight, andif/) inter-axle spacings, for each vehicle passing the traffic counter.

4.4.2Preliminary data analysis

The impacts of travel direction (i.e., eastbound, or westbound fordkesach) on speed is
documented as negligible under most RWCs at the study site (Yasanthi & Mehran, 2020). In fact,
geometric conditions at the study site are consistent in both travel directionse(&id).

Therefore, there is no obvious difference in the speed distributions in the east or west direction.
Thus, only eastbound traffic data were used inrdggarchFurther, thigesearctonly considers
shoulderlanetraffic due to its i) divergent trafic composition implied by substantial hourly
heavy vehicl esi®) pheirgche nhtoaugrelsy, laannde (ut i |l i zati on
preference to travel in shoulder lane, at the studyBigeife 2.4. A Kolmogorou Smirnov (K-S)

test was condted to statistically evaluate the independenceesired speeds iaach RWC
categoryUnderlying reasons for choosingXtest to evaluate the statistical difference of speeds

in different attribute levels are presented in section 2Ak2ording to theK-S test result¢see

Figures Al.1 and A2 presented in Appendix Aldesired speed iall roadweather attribute
categories are statistically independent excepsdane cases includirtbe precipitation intensity

|l evel s fimoderatedodeandhdédheaegodopi Takeremoi ntens

Aheavyo were combined into one category: i mod

Frequent, and fast transitioning of SLs, particularly in a WRVSL system, lead to recurrent speed
recoveries (Katz et al., 2017). In fact, iiementing excessive number of WRVSLs may decrease
driversodo compliance. Thus, the number of uni g
implemented in WRSM needs to be prudently selected (Katz et al., 2017). Accordingly, the study

data were first ftered to include RWCs withotablesafety risks. While the presence of solitary

RWCs (e.g., icy pavements with no precipitat
(Yasanthi et al., 2020; Kyte et al., 2000), it is reported that the synchroneitynbfr@iions of

different RWCs (e.g., icy pavements and snow precipitatiargially intensifies safety riskahen

estimated based on speed and speed variabiliti@santhi et al., 2021; Fountas et al., 2020).

Particularly, combinations of adverse pre@pdan and pavement surface conditions are often
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recognized as vulnerable (Yasanthi & Mehran, 2020) due to the substantial speed variations under
such RWC combinations (Yasanthi et al., 2021). Therefore, only two RWC indicators: pavement
surface conditiorand precipitation condition, were considered in tegearchThe impact of time

of the day (day/night) on driversodé speed choi c
et al., 2021). Further, road alignment of the study site does not irenhydgpecial features such

as steep grades or sharp curvesyfed.1). Therefore, thisesearcldoes not consider the impact

of road alignment as a factor influencing dri

To explore the combinations of traffic and readather conditions at the study site, each-five

minute interval during the study period was labelled with ithedqurly equivalent of fivaninute

traffic volumes categorized into eight groups (bin size=100 vehihhdurly equivalent of five

minute heavy vehicles percentages categorized into 10 groups (bin sizesiiQ%edipitation

condition, and i) pavenent surface condition, reported within the five minutesufeigh.2

presents the number of RWC combinations observed under different traffic flow and heavy vehicle
percentage categories at the study site. Implicatiofrggafe 4.2 are twofold. First, thetudy site

operates uncongested under all RWC combinations indicated by traffic flow values less than 800
veh/h. In fact, low to moderate traffic throughput i.e., traffic flow less than 1,000 veh/h, facilitates
driving maneuversvith negligible vehicle iteractiong TRB, 2016). Thus, each vehicle recorded

by the WIM station corresponds talaving maneuvewith negligible vehicle interactiontn such

freef | ow settings, the observed speeds refl ect
and radweather conditions. Second, most RWC combinations (44 combinations) were observed
operating with i) traffic flow values between 100 veh/h and 200 veh/h, ahd (heavy vehi c
percentages between 20% and 30%, which indicates the most prevalentctaffitions at the

study site. Effective WRVSL systems attempt to prioritize on safety risks induced by inclement
RWCs. Therefore, it is important to distingui
choice which could be obtained by analyzingsided speed under steady traffic conditions
(Yasanthi et al., 2021). Accordingly, traffic records reported during the most prevalent traffic

conditions were used in thiesearch

Figure 4.3 presents the descriptive statistics of speeds: mean and standard deviation (SD) of
speeds, observed at the study site under different RWCs (sample size indicated within brackets).
The RWGCspecific means and SDs of spedgigire4.3), confirm the impactsferevailing RWCs
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Figure 4.3: Study site traffic conditions
(Yasanthi et al., 2022)
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Figure 4.2: Descriptive statistics of speeds at the study site
(Yasanthi et al., 2022)
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on speed. For example, the comparatively low mean speeds and high SDs of speeds under ice
warning pavements imply driversdé attentivenes
speed (104 km/h) was recorded under ¢dombination of ice warning pavements, and moderate

and heavy snow precipitation. Adverse precipitation conditions, particularly moderate and heavy
snow, seemingly diversify driversé6é speed choi
speeds obserdeunder such precipitation conditions. The highest SD of speeds (11.2 km/h) was
observed when moderate and heavy snow occurs in synchrony with wet pavéngents4.3

also presents a few coundatuitive observations potentially due to the limited sangpl
conditions. For instance, the minimum SD of speeds i.e., 6.1 Kfghré 4.3), was estimated

based on 11 speed observations recorded under the concurrent presence of wet pavements, and
moderate and heavy frozen precipitation conditions. WHidgire 43 pr esent s dri ver s
choice under different RWCs, it is important to note that sahepld speed statistics such as the
descriptive statistics presented kigure 4.3, may not effectively communicate the impacts of

different RWCs on speed, particulatpder limited sampling condition¥ ésanthi et al., 2031

4.5 Methodology
4.5.1 Assumptions

Driversod6 speed behaviour: the choice of speed
2005), impliesi) dr i ver s6 r es p ¢Yasamthi & Mehranh2020e and){theng SL
stochasticity of speed choice particularly under adverse RWCs (Yasanthi et al, 2021). Thus,
understanding RW&Gpecific speed behaviour is a critical precedent in wea#dsgonsive speed
management . D havioure pasicularly pndee idclerhemt RWCs, can be reasonably
evaluated by exploring populatidevel speed distributions under such RWQChis research

proposs a methodology to set effective WRVSLs based on three main assumptions:

I. A populationlevel sped distribution representing a uniqgue combination of RWCs can be

modelled as a normal distribution represented by a meanamid a SD of,().

Populationlevel speed distributions are often modelled as normal distributions for rural
highway segments which are not characterized by special properties such as distinctive
geometric features (e.g., sharp curves) or diversified traffic (Yasanthi et al., 2021: Garcia
Jiménez et al., 2016; Hashim, 2011).
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i. Thew of a populatiorevel speed distriltion pertaining to specific RWCs represents

driverso6 collective judgment -wedtherattrisutes. e s pe

Thew is often used as a measure in evaluating operating speed. The studythiite
researcloperates under freftow conditions with negligible vehicle interactions (fig
4.2). Thus,assessingy under different combinations of RWCs at the study site reflects

the preferred safe speed adopted by most drivers to travel under the prevailing RWCs.
iii. A WRVSL can be moelled as a weathatependent discrete random variable.

Desired speed, particularly under inclement RWCs, is often modelled as a discrete random
variable (Yasanthi et al., 2021) due to theidiosyncrasies of speed behaviour, amy (
randomness of the @sence of adverse RWCs. The process of setting an effective WRVSL
attempts to identify the most appropriate speed among a set of such discrete random
variables representing desired speed under different RWCs. Therefore, the candidate
WRVSLs assume the pregies of a discrete random variable; thus, can be modelled as

weatherdependent discrete random variables.

4.5.2 Modelling methodology

The general framework of the proposed methodologyu(Eig.4) is divided into two phases. In
phase |, dse tothe cusrént fixed SLpab the study site is evaluated under different
combinations of precipitation, and pavement surface conditions. Phase Il of the methodology

attempts to propose an effective WRVSL system based on the reliability theory.

Fundametal steps of the proposed methodology to set a WRVSL for a given combination
of RWCs is explained in the following section.

4.5.2.1Step 0: Data collection angreparation

Setting WRVSLSs require two types of dati:rpadweather data, and ) traffic data. Traffic data

required consists of vehiclgy-vehicle data. Roadeather data corresponds to the microclimatic
environment for each vehicle observed. In terms of data preparation, first, the collected data are
cleaned by removing erroneoustl a entries (e. g., A N/ Aweathefi Er r or

data, and unrealistic vehicle speeds in traffic data i.e., speeds greater than 200 km/h in this
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Step 0: Data collection and preparation

Data required: road-weather data, and traffic data

Data preparation conducted in three stages:
i Stage 1: Data cleaning
i Stage 2: Combination of road-weather data, and traffic data
1 Stage 3: Modeling RWC-specific speed distributions

.

Step 1: Evaluating current speed behaviour at the study site

Evaluation based on & of the RWC-specific speed distributions

- Phase |

(see Step 0: stage 3)

Step 2: Defining Recommended Speed (RS)

Recommended speed (RS): a prospective WRVSL which is (i) likely complied by
drivers, and (ii) adequate to avoid a rear-end collision, under a specific RWC
combination, is modelled as a weather-dependent discrete random variable.

L

Step 3: Identifying Candidate Recommended Speeds

For a given RWC combination, assess desired speeds based on two criteria: (i)
compliance criterion, and (ii) safe speed criterion.
1 compliance criterion fulfilled if the speed is selected by a compliant driver: a driver
who obeys the SL
1 safe speed criterion fulfilled if the desired speed is greater than minimum speed
required for a vehicle to avoid a rear-end collision with its preceding vehicle

—+»Phase Il

L

Step 4: Estimating the reliability of a desired speed being a RS

Reliability of a desired speed being a RS (reliability hereinafter): probability of a
desired speed being a safe and compliant speed, estimated based on reliability

theory.

Step 5: Determine the WRVSL for a given RWC combination

For a given RWC combination, select the RS with the desired reliability as the
WRVSL to be implemented.

Figure 4.4: Proposed framework of the devioped WRVSL system

(Yasanthi et al., 2022)
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research Second, each traffic entry in the cleaned traffic dataset is assigned with the prevailing
RWCs at the time of the traffic entrfhird, a methodology previously developed by authors
(Yasanthi et al., 2021% adoped in thisresearcho estimate mean § and standard deviation

of a populatiorevel speed distribution for a uniqgue RWC combinatiém. brief, speed

distributions are developddr each speed population: individualhige speeds under specific



traffic and roadwveather conditions, by considering speed samples: individual vehicle speeds
collected within fiveminute intervals. Sample size represents the number of vehicles present
within such fiveminute intervals. Thusn individual population may encompass samples with
different sample sizes. According to the Central Limit Theorem (CLT), for normally distributed
speed populations, the sampling distributions of mean speeds, i.anifiuee aggregate speed
distributions are normally distributed irrespective of the sample size. Moreover, a speed
popul at i 0)nsGepreserged by the mean of its fimenute aggregate speed distribution
(Hayter, 2012). However, the presence of multiple sample sizes leads somdi@oputabe
represented by multiple sampling distributions. In such cases, the normally distributedhiiie
aggregate speed distributions are linearly combined to pro@udbe resultant fiveninute
aggregate speed distribution of the linear commnabf all fiveminute aggregate speed
distributions representing a population. Meagf ) is estimated using the Minimum Variance
Unbiased Estimation (MVUE) technique where each-fiiaute aggregate speed distribution is
assigned with a properweiht f act or proportionate to its va
deviation () is thereafter estimated usindy yariance oft, (i) &: weight factor assigned to the

“Q five-minute aggregate speed distribution during the process of esimatirand (i) ¢ :

sample size of th® five-minute aggregate speed distribution.

Step O outputs populatielevel speed distribution (speed distribution hereinafter) paranteters

and,, for different combinations of RWCs.

4.5.2.2 Step 1: Evaluating current speed behaviour at the study site

Driversod6 response to the existingd (Assumptibn SL a't
2). Thus, can be estimated by considering the Z score corresponding to'tpe@®ntile in

normal distribution, i.e., 1.036. Outputsstép O i.e.; and, of a particulaRWC-specific speed
distribution are used to estimaie for a given combination of RWC (properties of normal
distribution):

W ‘ p8too, Eq.4.1
4.5.2.3 Step 2: Defining Recommended Speed (RS)

Determining the anticipated properties of a SL is crucial in developing effective SLs. While

ensuring driverso6 safety is the prime objecti
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a key determinant of the effectiveness of a SL (Hellinga &dédeys, 2011). Thus, in this
researcha credible SL is characterized by the synchrony of two features: safety, and compliance.
The safety objective of a SL is typically achieved by setting SLs basé&doon (e.g., engineering
approach application)rdii) crash mitigation (e.g., SSA). For example, travelling at or aear

yields the lowest crash risk for drivers (Solomon, 1964). Yet, adverse RWCs increase speed
variability (Yasanthi et al., 2021) leadingriotablyhigh®w under such RWCs. In ctmast, crash
mitigation approach attempts to prevent collisions by warranting adequate SSDs under prevailing
RWCs (Arason, 2019). Accordingly, a potential WRVSL can be represented by a weather
dependent discrete random variable hamely recommended spéea @RSired speed which is

(i) likely complied by drivers when implemented as a SL, @ndadequate to avoid a reand
collision, under a specific RWC combination. Thus, anglesired speed of the succeeding vehicle

in a platoon of two vehicles tralieg under a unique combination of RWCs, fulfilling the
compliance and safety criteria may represent a RS. Thus, RS for a specific RWC combination may

be represented by a distribution.

4.5.2.4 Stef®: ldentifying candidate recommended speeds

A RS is defired based on the synchrony of two criteripcompliance criterion and) safe speed

criterion. Thus,dentification of candidate RSs consists of two tasks:
i.  Evaluatingd for compliance

Drivers' speed choice is typically individualistic; yet, largely depends on driving
externalities (e.g., RWCs, speed regul atio
To allow for such contingencies intrinsic to speed behaviour, inrdgsarcho: a
dichotomous random variable representing compliance, is modelled with two distinct
levelsd compliant, or norcompliant.A driver who obeys SL, is specified as a compliant

driver; otherwise labelled as a roampliant driver. For instance, two drrgdravelling at

100 km/h and 120 km/h at the study site (SL=110 km/h) are identified as compliant, and

noncompliant respectively.
ii. Assessing the safety property®f

Crash avoidance ability of a SL has long been used to indicate the credibility of SLs

(Arason, 201% In this researchthe safety property aob i.e., the ability of a vehicle
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traveling at to avoid a reaend collision (collision hereinafter) with its preceding vehicle,
is assessed by consideritigg maximum speed allowed for such aaside. Safe speed is
defined as anyb adequate to avoid a collision under the prevailing RW&tepping
maneuver of a vehicle consists of two phasBsbieak reaction time (BRT), and)(
braking process. The BRT of thi@ vehicle (Q p for precedingvehicle, Q ¢ for
succeeding vehiclep : time interval from a driver identifying an obstacle to
successfully applyingbrake i s dependent on driver 6s
(AASHTO, 2018). In contrast, braking process is governed by driving etters (i.e.,
vehicle condition, prevailing RWCs, headway) (AASHTO, 2018). For a velttiging

at a speed in a level road with a negligible grad®,"Y'Cthe SSD for vehicleéQcan be
expresseaccording t)AASHTO (2018) as:

N 0
YYO ™ X ¢ O T[8'[0‘-(63- Eqg.4.2
Where,
6  : Initial speed of vehicl&}Q plg in km/h
0 : Brakereaction time of the driver of vehiclQ plt in seconds
@ : Deceleration rate il i

However,a v ehi cl eb6s (hedcteus &3Dast dependentr oa tite vehicle
characteristics such as weight and braking cap@8\&HTO, 2018. In fact, HVs are
anticipated to have longer SSDs particularly due to their large weight and brake system
characteristics (AASHTO, 2018). For instance, HVs are often manufactured with air brakes
which prolong braking maneuvefieadng to lower HV deceleration rat¢sas compared

to hydraulic braking systems which are often used in passenger cars. Yet, thckpé |

a HV driver is substantially higher than the eye level of a passenger car driver due to the
comparatively higher position of the driving seat of a HV. Accordingly, a HV driver would
be able to identify obstructions downstream of a highway moreteéy and promptly

as compared to a passenger car driver, which negates the need to considespetifate
braking distances and thus vehislgecific SSDsTo mitigate the impact of vehicle type

on SSD, in this researchyin Eq. 4.2 was representég the product of 'Q the friction
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coefficient of a pavemerdnd "Q the acceleration of gravityGarber & Hoel, 2014

Accordingly, by considering a value of 9.81  for "Q Equation 4.2 can be modified as:

YYO @ x @0 Eq.4.3

CLTQ

Figure4.5 demonstrates safe stopping maneuvers in avelecle setting, where an abrupt
stop is triggered due to an obstacle downstream the leading vehicle when travelling at a

space headwa§ the distance between the fronts of vehicle 1 and 2 at'¥meat(Gatber

& Hoel, 2014.
(a)
/ Hypothetical Initial condition (Time T = 0) \
; disturbance to
— 0 Vehicle 1 0 : Speed of the preceding vehicle
— 30 -R {} 6 : Speed of the succeeding vehicle
L= |
lairs @) @) &> - _
Vehicle 2 | Vehicle 1 Q Initial space headway between vehicles
B > 0 : Length of Vehicle 1
. o “’ J
(b)
e < o "\
 rooooooooooooooocoooo=o=s O ——---mmmmmm - —— >,
Ultimate condition (Time T =t) -
'O : Total distance travelled by vehicle 1 iy Tv—
\'O : Total distance travelled by vehicle 2 Vehicle 2 Vehicle 1 j

Figure 4.5: A two-vehicle setting with a hypothetical disturbance introduced to
the preceding vehicle
(Yasanthi et al., 2022)

At the initial condition (Time€Y ), vehicle 1: the preceding vehicle, identifies an interruption
downstream (Figre 4.5 (a)), and stops after time by applying breaks Higure 4.5 (b)).
Accordingly, vehicle 2: the succeeding vehigkeprompted to stop within a time intervalIn
such cases, the possibility of a collision can be determined by evalatipg the total distance
travelled by vehicléQluring timed. However, determinants @ depends on the position of the
vehicle i.e., preceding or succeeding. For the preceding vehiclé(i.g), O is equivalent to
Y'Y @see Eg4.3). While the stopping maneuver for vehicle 1 starts at tiner, stopping action

for vehicle 2 is triggered at timi& 0 ; i.e., immediately aftev e hi c | e 1 06 sbraker i ver
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Thus,O consists ofif "Y"YdEq. 4.3), and (i) "Y : distance traversed by vehicle 2 within time

intervalo . Accordingly,”Y can be estimated as:
"Y 6 0 Eq.4.4

The total distances traversed by vehicles 1 and 2 during time peafedexpressed according to

Eq.4.5 and Eq4.6 respectively.

0 ™XP0 — Eq.4.5
0 MxXPgo — 00 Eq.4.6

For vehicle 2 to safg stop while avoiding a collision with vehicle 4 distance ob : the length
of vehicle 1, must be left between the fronts of the two vehicles after atiinis important to
note that vehicle 2 also travels a distance equivalent to the initial space héadra@yboth
vehicles to stop safely while avoiding a csilbin, relationship between) O 5, (i) 0 , and {ii)

‘Q 6 "Qcan be formulated as

0 0 o Eq.4.7

Thus,any 6 satisfying Eq4.7 is designated as a safe spa@d ( ) in the context of thisesearch

In other wordsg corresponds to the maximum speed the succeeding vehicle ofvahabe
platoon can travel under the prevailing pavement conditions to avoid-angawllision (i.e.,

0 o ).

A simulation modelling approach wagloped to generate modelling data used to identify
candidate RSs (step 3 of Big4.4). For a given combination of RWCs, modelling data used in
this researchincludes a set of 10,000 twaehicle scenarios produced using the Monte Carlo
simulation methodEach simulation modelling (simulation hereinafter), by considering a two
vehicle scenario (Fige45) , attempts to evaluate the succe
compliance, thus RS. The inputs required to simulate a two vehicle scenaviehile speeds

(6 ), (i) brakereaction timesd ), (iii) pavement friction coefficient®, (iv) preceding

vehicl ed} (V)linkial spacek heddway between vehicl® and ¢) compliance ), are
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generated by considering the study data collected and some additional assumptions. AMdorithm
(Figure4.6) presents the modelling data generation process for a given combination of RWCs, and
0 : average SL compliance ratio at the study. $ter eactsimulation, Algorithm4.1 takes nine
inputs: () 0 : number of simulation trialsiif 0 6 c1'‘Pavement surface condition consideriid) (

“, (iv),, (v) 0 "Y'Q precipitation condition considered;)6 , (vii) _: mean vehicle arrival rate

atthe study site \ii) T: time headway shift, andxj 0 i : average proportion of heavy vehicles

at the study site.

For each simulation, Algorithm.1 executes the following tasks:

1. "Q: "Qfor theQ simulation, is generated based on the inpiite An thisresearch™Q
values proposed by Kordani et al., (2018) are used to generatéQagees: () 0.6 for
dry pavements,ii() 0.5 for wet, frost, or trace moisture pavements, @#ndQ.18 for ice

warning or ice watch pavements.

2. 6 :vehicle speeds for th@ simulation, are generated as random speeds drawn from

corresponding modelled speed distribution (e, h, ) for the considered combinations
of RWCs.

3. Driver specificd : BRTs for the’Q simulation, aredrawn from a lognormal
distribution based on empirical evidence suggesting that BRTs are represented by a
lognormal distribution (Koppa, 2017)he average precipitatiespecific BRTs proposed
by Hammit et al. (2018) were considered as rieans of BRT distributions for each
precipitation type considered in this researthe standard deviations of the lognormal
BRT distributionswere estimated ithreesteps. Firstthe standard deviation of the BRT
distribution under no precipitation cdtidn was estimated by considering the"90
percentile of a BRT distribution which is 2.5 secoadsording to AASHTO (2018rnd
the mean BRT as suggested by Hammit et al. (2@)ondfor each adverse precipitation
condition consideredy  :thepercentagehange in the mean of a BRT distributias
compared to no precipitatignyas estimated based on the differencé of Y. mean BRT

in no precipitationand6 'Y "Y mean BRT iranadverse precipitation conditipas
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Algorithm 4.1 Pseudocode for generating modelling data for a given RWC combination and a compliance rate

Input: L, ||'='|T;H' q, ||'=| Pl W L

1. GeneratéQ, -, 0g,5 - 0 , andQ

for'Q pod
if0 6 woes OUe
0
elseifd 6 ®0) AA 7AO0IcBETAAOAE?R
My
else
Q™
end
for'Q po g
62h generate random number from the normal distribudionf,
if0'YO6iNo Precipitationo
0 0.8 seconds
elseifd 'YO6A S| i ght Raino
0 1second
else if0 'Y 'O 6 fiModerate & Heavy Rain
0 1.7 seconds
else
0 1.2 seconds
end
end
"Q h generate random number from the exponential distribi@idnny with a shift oft
Q 6
6 h generatdinomial random individual according tee Bernoulli distributiod Qi &
iféo 1
6 AComplianto
else
6 ANeGomplianto
end
end
2. Generate)

forQ pod 01
preceding vehicle considered as a heavy vehicle

0 h generate random number betwdés to 27.5 meters
end

forQ 0 01 0d
preceding vehicle considered as a lighlicle
0 h generate random number betwdeio 12.5 meters

end
3. Evaluated_*for RS
for'Q pod
o] o}
0 00 ('J;f?(
o T[& X m&) qu @
. - ) .
O ™ XxXgo ) 04
if Op Q o 0 AND 0 € dnacQune o
O ¢eYvw
else
O aéeYW
end
end

Output: The matrices 0b , O

Figure 4.6: Modelling data generation process for a given combination of RWCs ang,
(Yasanthi et al., 2022)

suggested by Hammit et al. (201B}stimation of] ~ can be mathematically described
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as:——7 p T.ithird, for each adverse precipitation condition consideiied,

the percentage change in the standard deviation of a BRT distribution (as compared to no
precipitation), was estimated by assuming that  is equivalent ton  , i.e.,

n n  .However, the minimum BRT value in this research was limited to 1.64
seconds to allow for the minimum BRT proposed by AASHTO (2018).

. 6 : compliancefor the 'Q simulation, is generated using Bernoulli distribution
represented by a discrete probability valué oBernoulli distribution is used to simulate
compliance due to the dichotomy between the compliant and¢arpliant behaviour of
drivers In thisresearchthreed values are considerefl0%, 70%, and 95%. For instance,
a driver population with @ value of 50% implies that 50% of drivers at the study site
comply to the SL in effect; the rest 50% drivers tend to defy the SL.

. "Q:Ofor the™Q simulation, is generated according to a shifted exponential distribution
represented by with a shiftof 1. In thisresearch_ was estimated based on the most
frequent traffic flow value at the study site i.e., 150 veh/h. On the other hand, drivers prefer
to maintain comparatively short headways, particularly in rural highways with frequent
passing optins (AkKaisy & Karjala, 2010). Thust of three seconds wasdoped to
eliminate the presence of very short headways in the s& ehlues(HCM, 2016).
Accordingly,’Q : ‘Qfor the'Q simulation, is generated as the produab ofandQ.

. 0:0 for the Q simulation,is generated based on the type of preceding vehicle
considered.lepr eceding vehiclebs type is deter min
the study site. In thisesearchthe proportion of heavy vehicles in each nilg dataset

is proportionate to the most freqiient heav
o 1  Accordingly, 30% of the preceding vehicles in the modelling data correspond to

heavy vehicles (,ep @& 0 ¢ ®a); the rest of vehiels correspond to light

vehicles (i.,e.xa 0 p @ &). The extent of the vehicle lengths is determined based

on the legal dimension regulations enacted in Alberta (Government of Alberta, 2021).
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7. Finally, Algorithm4.1 identifies candidate RSs in all simulations by evaluating for
compliance and safety (see Step 3 inuFégh.4). Thus, Algorithm4.1 outputso : Q

random speed, arfd : evaluation ob for RS, i.e., RS, or nGRS.

4.5.2.5Step 4: Estnating the reliability of a desired speed being a RS

Eacho fulfilling the compliance criterion is identified as a candidate RS (see step 3) i.e,, a
potential WRVSL; a noiRS corresponds to arty which fails to satisfy the compliance and/or
safey properties simultaneoushAccordingly, RWC combinations are often represented by
multiple RSs. Yet, for effective speed management, each RWC combination should be regulated
by only one WRVSL representing the epitome of all RSs representing an ideatida@hation of
RWCs. Thus, in thisesearchthe reliability theory is used to evaluate the reliability of a particular
desired speed: the pobability of 6 being a RS under a certain combination of RWUwse
reliability theory provides a mathematical framework to model the ability of a technical system to
function according to a set of specifications (Mendenhall & Sincich, 2016). Estimating the
reliability of such technical systems consists of three stggeterminological mapping from
reliability theory to WRSM, i{) formulating reliability, andiii) determining parameters of the
reliability function.

I.  Terminological mapping from the reliability theory to WRSM

Table 4.2 analogizes the conventional addility theory terminology to WRSM
nomenclature used in thresearch Technical systems are often represented by formal
studyobjectsd i.e., a credible WRVSL in thisesearchA credible WRVSL system is
expected to function according tbe fundamentalrieria used in developing its SLs
(compliance, and safety properties in ttesearch thus, can be treated as a technical

system.

Table 4.2: Terminological mapping between reliability theory and WRSM

Reliability theory Weather-responsive speed management

Technical system WRVSL system

System unit 0

Success Recommended Speed

Reliability Probability ofo being a RS under a certain combination of RWCs
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In reliability theory, success represents the event of fulfilling a set of specifications
(Mendenhall & Sincich, 2006 On the other hand, RSs are identified based on two
specifications(i.e., compliance, and safety); thus, ed&8 corresponds to a success.
Accordingly, failure represents any speed which is not a RS i.e.,-R80ofigire 4.7
demonstrates the phenomermfh A Successo and AFailureo in

of thisresearch

06 OVEMET GMAT | biAOE G

6 o6nvma o6 O

3OAAMOG 6%n s6M 6™ 086
&AE] OOK  6MA 6057 698

Figure 4.7: Defining success and failure
(Yasanthi et al., 2022)

Formulating reliability

For technical systems, reliability (a.k.a. survival function) represents the probability of
such systems functioning according to their specificatidMenflenhall & Sincich, 20106

In thisresearchreliability Y 6 represents the probability 6fbeing a RS under a certain
combination of RWCs. Reliability modelling approaches are twofojdparametric, and

(i) nonparametric. Parametric reliabilityodelling approaches assume that reliability can
be modelled according to a specific distribution; 4pamametric approaches do not
consider such assumptions. Parametric approaches offer a wide range of benefits (Zhang,
2016; Crowther & Lambert, 2014 Fird, predefining a particular distribution (e.g.,
exponential, Weibull, or Gamma distribution) to model reliability facilitates estimating
reliability for all system units (Andersson et al., 2013); thus, reliability, inrdgsarch

can be estimated forng given speed. Second, parametric reliability modelling is
widespread due to its availability in standard softwa&eoWther & Lambert, 2014
Weibull distribution (WD) is frequently used in parametric reliability modelling (Zhang,
2016), mainly due to st flexibility in modelling Mendenhall & Sincich, 2006 More
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specifically, the WD parameters) [ : shape parameter, and){ : scale parameter, can

be often manipulated to represent a unique distribution. For instafizes identical to

the exponemdl distributionwhen represented by a shape parameter of [L i.e p. In fact,

WD can be used to accurately represent the reliability of a wide range of systems and
products Mendenhall & Sincich, 2016

This researchmodels’Y 6 according to Weibull distribution represented|byandrf .

Mathematical formulation 6% 6 can be expressed as:
Yo @ 7 Eq.4.8
Determining parameters of the reliability function

Parameters of the reliability function:, andf , can be estintad by () maximun
likelihood estimation, orii) method of least squares. While maximtikelihood method

is often used in parameter estimation, its application is limited to sufficiently large samples
(Mendenhall & Sincich, 20)61Inclement RWCshowever, are often attributed as seldom
events leading to limited sampling conditions characterized by small sample sizes
(Yasanthi & Mehran, 2020). In such limited sampling conditions, maxuiiketihood
estimates can be heavily biasédiedenhall & Sinath, 201§. Thus, in thigesearch ,

and] are estimatedn a threestep processccording tothe method of least squares
(Mendenhall & Sincich, 2016

First,"Y 0 is rearranged by transforming E48:

e, 0
I Yo T Eqg.4.9

Second, E4.9 is obtained by taking the natural logarithm of both sides o Bg.
atifve 11 116 £q.4.10

Third,| and are estimated by approximating BdlOas a simplénearregression model
ODdo & & eywhere () dependent variabley: & ¢ 1 Y 6 , (i) independent variable
(6y: 1 16, (i) gradient ¢): | , and {v) intercept §: 1 ¥ . The characteristics of
modeling data required to calibrale are twofold. First, the modelling dataset includes
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individual random speeds cetlted under a given combination of RWCs. Second, each
speed in the modelling dataset needs to be evaluated for the properties of RS. Therefore,
thisresearchuses the Monte Carlo simulation method to evaluate each spégéd set of

¢ random speeds hlmiging to a population of speeds derived for a specific RWC
combination, for its safety, and compliance properties. Accordingly, each sp@éd in
represented by a RS or a AB® (see step 3 in Rige4.4). The modelling data generation
process used imis researchs discussed in detail in the next section. Consequently, point
reliability 'Y '@ the proportion of RSs at th® observed speed iit¥(Mendenhall &
Sincich, 201§ is estimated for each speed¥(Eq.4.11).

3
O Eq.4.11

€

Where,
¢ : the number of RSs at tf@ speed
¢: sample size ofY

Accordingly,| andf are estimated according to E§12 and Eq.4.13 respectively, by

consideringd , andc

| d Eq.4.12
roQ Eq.4.13

Speeds ranging from 50km/h to 150km/h are considered inebesircHor the reliability

analysis.

4.5.26 Step 5: Determine the WRVSL for a given RWC combination

A credible WRVSL is defined based on its reliability i.e., probability of the WRVSL being a RS
under the considered RWCs. Thus, the WRVSL for a given combination of RWCs is estimated
(see Eq4.8) according to a usatefined reliability (preferably clos¢o one). It is important to

note that RWCs may be represented by multiple potential WRVSLSs as per desired reliability levels.
Thus, it is possible that an estimated WRVSL is greater than the existing SL. In suclihcases,
thesis recommend limiting WRVSL to the existing SL to discourage over speeding. It is
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recommended to select WRVSLs in the form of multiples of five for jurisdictions using imperial

units (Noyce, 2019), and ten for jurisdictions using metric units (Forbes et al., 2012).

Theproposedmetod ol ogy t o set effective WRVSLSs can b
behaviourin a computebased environmenbefore and after implementinthe WRVSLs

suggested in this thesisor instance, traffic flow simulation software (e.g., PTV VISSIM) can be

used to calibrate TM_Ebasemicrosimulatiormodelsimulatingd r i w@renssi@eed behaviour

in a unique combination of RWGmder the current speed limiih fact, inputgi.e., base dataio

TM_1 include: {) the RWGspecific populatiorevel speed distribution (step 0 in Figure 4.4)

added as desired speed distributipr) speed limit(i.e., speed limit fixed at 110 km/h for this
research)and (i) the prevailing traffic compsition at the study site (e.g., a HV percentage of

30% for this researchpimilarly, a separate model TM_2: a microsimulation model simulating
driverso6 expected speed behaviour in a unique
can be developedinputs to TM_2 include: i the RWGCspecific populatiodevel speed
distribution (step 0 in Figure 4.4) added as desired speed distribiit)ahe(proposed WRVSL

for the RWC combination considered, ant) the prevailing traffic composition at the stuslie.

The outputs of TM_1 and TM_2 (i.e., vehicle speeds under a unique combination of RWCs and
two different SLs) can be used éstimatewy (Eq 4.1) and thusevaluate the impact of SL on

dr i v er dnfactsvphicle speeds output by TM_2 are ap#ited to be comparatively lower

that the vehicle speeds output by TMbé&cause the proposed WRVSLs are developed by

i ncorporating driver s 0 Itpractipd, thegppromosed WRMVSIhsettinge SL
approach can be validated by conductinigefore and afterstudy focusing oni w , and (i)

crash statistics at the study site, before and after implementing the proposed WRVSLs.

4.6 Implementation: Case study

This section presents a sequential stepwise approach for setting a WRVSL for a given combination

of RWCs, and & value:
1. Task 1: Data collection, cleaning, and preparation (see Step QuireBig)

This step takes two inputs) (cadweather data, an@) traffic data, and outputs, and,
for the combination of RWCs considered. Roashther data used in thissearchwere

collected from a RWIS station located on a straight segment of highway 16 (SL= 110km/h),
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a rural multilane divided highway lo@t in Alberta, Canada (Rige 4.1). Traffic data
were collected from a WIM station located alongside the RWIS station. The study data

were collected for a period of 15 months from October 2014 to December 2015.
. Task 2: Evaluate the current speed behawabstudy site (see Step 1 in &ig4.4)

Dri versd response to the SL in effect may
i.e., fixed or variableThe study siteconsidered in this thes@aperates under a fixed SL.
Therefore, in thisesearchdrive r s 6 response to the current S
of RWCs is evaluated based an (Eqg.4.1) estimated using speeds recorded under the

RWC combinationn question In other words, current speed behaviour evaluations for

fixed speed limit study sites can be expressed using an individua¢cause the SL is not

varied. In contrast/ariable speed limit (VSL) systesimay implement different SLs even

under the same R@&. Therefore, fostudy sites operating undeSL systens, driver 6s
response to each VSL should be evaluated based on the observed speeds collected during
each VSL i mplementation. Driversd response

VSL system ca be evaluated according to EqL.
. Task 3: Defining RS (see Step 2 in lig4.4)

A RS in thisresearctwas defined based on the synchrony of two criterjasdfety, i.e.,

the ability of a vehicle to avoid a reand collision in thigesearchand (i) compliance to

the SL in effect. However, practitioners may consider additionakpgeific attributes in
defining the RS in practice. For instance, for study sites encountering excessihgnhead
collisions, the proposed methodology can be succegsfatlopted by amendinthe
definition of RS to include a third criteria: the ability of a vehicle to avolieadon

collision.

. Task 4: Generate modelling data (see Algorithir)

Modelling data are generated according to Algorithin(Figure4.4).
. Task 5: Identifying candidate RS (see Step 3 iufeg.4)

Candidate RSs in the set of modelling data generated in step 3 are identified based on the

synchrony of compliance and safety propert
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6. Task 6: Estimating theeliability of a desired speed being a RS (see Step 4 urd4dgl)

Reliability can be modelled according to different distribution functions (e.g., WD, gamma

distribution, normal distribution, etc.). In thigsearchreliability is represented by WD.
7. Task 7: Set WRVSL for the considered combination of RWCs (see Step Sune £i).

4.7 Results and discussion
4. 7.1 Driverso response to the existing fixed
In total, 18 different combinations of precipitation, and pavement surface conditions were

observed at the study site. Big 4.8 presentsi) ‘, (i) ,, and {ii)  , for each combination of
RWCs.

1 =110 km/h
Moderate & Heavy Frozen Precipitation (o] = ?&I;m/h Vgs: 85" Percentile Speed
Vas = m/h
(km/h)
U =112kmh | =111 km/h 127
Slight Frozen Precipitation{ |0 =35kmh |G = 22km/h L)
Vgs = 116 km/h e = 113 km/h 2
I =113kmh |1 =106 km/h i3
Moderate & Heavy Snow G =3kmh |G =86kmh 115
Vgs = 116 km/h |y = 115 km/h
=110
H =112kmh | =112km/h
Slight snowq{ |6 =51kmh |0 =6.7 km/h
Vgs = 117 km/h |y, = 119 km/h
I =111 km/h
Moderate & Heavy Rain G =93kmh
Vgs = 121 km/h
L =112kmh [0 =113 km/h
Slight rain{ |6 =7.1kmh |G =2.7kmh
Vgs = 119 km/h |y, = 116 km/h
M =113kmh | =108kmh |1 =107km/h |H =111kmh (L =109km/h (1 =111km/h
No precipitation{ |6 = 5kmh |G =74kmh |G =89kmh |G =42kmh |G =10.1kmh |G =86.8kmh
Vgs = 118km/h  |yg, = 116 km/h |y, = 116 km/h |y, = 115 km/h |y = 119 km/h |y, = 118 km/h
Dry Wet Ice warning Frost lce watch Trace moisture

Figure 4.8: Desired speedd i st ri buti on char act émpércertile c
speeds under different combinations of pavement and precipitation conditions
(Yasanthi et al., 2022)

As anticipated, the speed distribution paramétersd, , thusw , are governed by the prevailing
RWCs. Importantly , under all RWCs except for the combination of slight frozen precipitation
and ice warning pavements, are greater than the current SL implemented at the site (110 km/h).
Such highwy valuesindicaté he | ack of driverso6 collective
under most RWCs. In fact, only 73% of drivers comply with the existing SL at the study site under
normal roaeweather conditions i.e., no precipitation and dry pavements. The perceaitage

compliant drivers is further reduced to 54% in the presence of slight snow, and ice warning
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pavements. On the other hand, the notably dighp p B I7E observed under normal RWCs
guestions the credibility of the current SL implemented at the stielyRirther, substantially

lower w values under some combinations of RWCs (e.g., 110 km/h under slight frozen
precipitation and ice warning pavements) i mpl |
speeds in the presence of some adverse RWlsthe presence of aggressive drivers: motorists
who are willing to tradeff safety for lesser travel times (Hauer; 1971), may increage speed
distribution. For instance, the speed distribution under slight snow, and ice warning pavements is
represented by a notably low(108 km/h); yet aonsiderablyhigh, (18.2 km/h). In fact, some
combinations of RWCs (e.g., moderate and heavy snow, and ice warning pavements) are
represented by speed distributions withtablyhigher values of, , althoughthe w under such

RWCs are less than that under normal RWCs. Such high valyeslemhonstrate the versatile
speed behaviour, indicating higher crash propensity at the study site under specific adverse RWCs.

Thus, observationsf this researcimply that formulating WRVSLs based on is questionable.

According to MUTCD, ab -based SL is acceptable if the operating speed at the study site i.e.,
® , is within 8 km/h of the posted SL. Accordingly, the current SL at the studig sithmissible

under normal RWCs. Yet, implementing a SL of 110 km/h under some RWCs violates the
MUTCD criterion for acceptable SLs (kigg4.8). For instance, implementing a fixed SL of 110
km/h under the combination of slight snow, and ice warning pam&sn(o =127 km/h) is
particularly questionable. Theoretically, in such casesl( "Y{, the operating speed method in
setting SLs prompts increasing SL at the study site (FHWA, 2009). Yet, it is apparent that raising
SL may provoke drivers into speadi thus elevating traffic safety risks (Garber & Hoel, 2014).

Therefore, implementing a WRVSL system would be vastly beneficial.

4.7.2 Reliability-based WeatheResponsive Variable Speed Limit Estimations

In total, reliability was evaluated for X@®mbinations of RWCs corresponding to three different
mean compliance rate® (); 50%, 70% and 95%, and the results are presented imeMHd.
According to Figire4.9, the reliability of the current SL (110 km/h) under normal RWCs (dry, no
precipitation) is approximately equal to one irrespective ®f implying the suitability of
implementing a fixed SL of 110km/h under normal RWCs at the study site. Similarly, a SL of 110
km/h proves to be reliable under most combinations of RWCs, whisngreaér than 70%. Yet,

'Y p p mreliability of the current SL, is notably reduced for driver populations wiei®50%
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Figure 4.9: Reliability curves and the proposed reliabilitybased WRVSLs underdifferent combinations of pavement and
precipitation conditions
(Yasanthi et al., 2022)
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