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ABSTRACT

This thesisexploresthe safety impact oflifferential speed limit (DSL) sttagy by considering
gross vehicle weight (GVWgombined withaverage speed enforcement (A&&)heavy vehicles.
The study used orngear of Weighin-Motion (WIM) data (2014) and onmonth of Global
Positioning System (GP$®ata (Mar 2016) collected from alotige TransCanada Highway 1 in
British Columbia.

The research consisted of a ddtaven analysis and a twgart simulation analysis. As the
DSL investigated was based GVW, a ModifiedFederal Highway Administration (MHWA)
classification thatexplicitly consideredGVW was tested alongside the FHWA classification
regarding average speed and GVMIe smulation analysis assess$the DSL strategy associated
withM-FHWAc | assi f i cat i o nimpaatah thdsafigof kebvy wehideg.y 6 s

In generalthe analyses showed tHaBL adopted withtM-FHWA classesombined with

ASE would beeffectivein redudng heavy vehicle speaghd improving highway safety
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Chapter1l nt roducti on

1.1 Problem Statement

Heavy vehicle collisions on higépeed rural highways are largely due to human errors such as
speeding, impaired driving and fatigued driving. Speeding, which is defined in police reports as
Adriving in excess of thetpdwotrednwyp aged meinmiatl o
considered as a major contributing factor for collisions involving heavy vehicles osiegll
highways(NHTSA, 2008) The mass and speed of heavy vehicles, tartt to the often severe

heavy vehicle collisions that occur on roadways, particularly-spged highways.

The 2018 Humboldt Broncos collision between a bus and a-tsaifer truck at an
intersection on HWY 35 in Saskatchewan, Canada resulted in lifdatand 13 serious injuries
and can be viewed as a representative example of the disastrous consequences that may be
associated with a heavy vehicle collisigBBC News, 2018)In British Columbia, Canada,
statistics from 2013 to 2017 show an average of 14,000 heavy vehicle collisions/year involving an

average of 56 fatalities/year and 3,300 injuries/yE2BC, 2018)

Numerous engineering safety countermeasures are already deployed on rural highways in
North America to reduce the numberdaseverity of collisions involving heavy vehicles.
Countermeasures include speed limits, medians, transverse marking, transverse rumble strips, and
speed feedback informatiggHWA, 2009 Jonah et al., 20095 peed limits havibeen applied in
various ways and may be enforced through manual or automatic speed measurements, and
probably have the longest history of scientific and 1sorentific debate of any countermeasure

regarding the impact on safety.



In North America, the most common type of speed limit is the maximum speed limit
(sometimes combined with a minimum speed limit)sgeed limit that applies to all vehicles
equally is known as a uniform speed limit (USL). Some {sigbed highways have separate speed
limits for passenger cars and heavy vehicles. These speed limits are known as differential speed
limits (DSL) and may beegulated differently depending on the specificldys of different
jurisdictions(Forbes et al2012) DSL is used mainlyo reduce the severity of collisions involving

heavy vehiclegJohnsorandPawar, 2005Saccomanno et al., 2009)

Seven of thdifty -two States in the United States operate a DSL for passenger cars and
heavy vehicles on selected highwdysGates et al., 2016%Bross Vehicle Weight (GVW) is one
of the key criteria used to differentiate speed limits for passenger cars and heavy vehicles. In
Indiana, the speed limits for vehicles with a GVW of greater than 26,000 Ibs are lowdi@doby
20 mph on rural interstate highwafkGates et al., 2018{HTSA, 2012) California, Michigan
and Washington use 10,000 Ibs as the GVW criterion forrdifteating speed limits on rural
interstate highwaygl.Gates et al., 20188HTSA, 2012) Most states with DSLs have only a very
generic rationale based on tlnger braking distances and less flexible fahanging and/or

overtaking maneuverability of heavy vehicles compared with passenger cars.

Canada does not apply DSLs to heavy vehicles, but two Canadian provinces (Ontario and
Quebec) have mandated the a$ean advanced Electronic Control Module (ECM) known as a
heavy vehicle speed limiter which mechanically limits the maximum traveling speed of heavy
vehicles to 105 km/h on highways where the maximum speed limit is 100(Epderri et al.,

2008) As it is known that passenger cars typicaélvel at 10 to 20 km/h faster than the posted
maximum speed limit, the effect of ECM on traffic flow on highways in Ontario and Quebec could
be similar to the effect of a DSISaccomanno et aleported thamandatory speed limitecan

2



producesafetyberefitsundervarious traffic conditiongested usingnicrasimulation(Saccomanno

et al., 2009)

In the United Kingdomwhich mandated thénstallation of speed limitersfor heavy
vehicles in 1992the number of collisiosinvolving aheavy vehicle declined by 26 from 1993

to 2005( European Commission, 200Bransport Canada, 2008

In general, it seems possible that waljanized speed enforcement tactics/techniques will
maximize the effect of speed limits on heawlwi cl es 6 tr avel speed, and
perceived law enforcement will reduce the effect of such limits. Various types of speed
enforcement are currently applied by jurisdictions across North Am@ic8oole et al., 2014)
Enforcement ranges from manual speed enforcement by field police officers to sophisticated
automatic speed enforcement systems (ASES). Both approaches usually use some kind of radar
detecon system with/ without automatic |icense pl
limit violations. Neither approach can take into account the GVW of specific vehicles. Heavy
vehicle speed enforcement simply relies on surrogate weight meastressas t he v ehi c |
l engt h, classification, and/ or number of axl

subjective judgment.

Regular, frequent and efficient speed limit law enforcement on high speed highways is
greatly hampered by adversseather conditions (e.g., snow, rain, wind, and extreme
temperatures), low traffic levels, and the vast distances of many high speed highways in rural areas.
It is particularly challenging for field officers to enforce speed limits and judge the weight of
vehicle on fast moving highways especially at night or when visibility is perghin-motion

(WIM) scale facilities on high speed highways are designed primarily to measure the weight of



heavy vehicles and have potential as a tool for heavy velgekdsenforcemer{tRD, 2017b)

WIM scale technologies have advanced dramatically and can now provide a vast amount of
additional traffic information. For each individuaghicle, the systems can record travel speed,
length (via wheelbase), class (via axle spacing) and, axle load and(@&¢db et al., 2010The

systems can also collect vehicle count data, and measure the time gap and headway between
moving vehicles. WIM scale facilities can even identify and accessateiafiormation such as

the commercial vehicle identification number, the company owning the commercial vehicle,
profiles of commercial vehicle drivers, e(tRD, 2014a) Also, WIM scale facilitieswereusedin

the United States to monitor traffic and provi@gattime traffic volume, occupancy and speed

data forpassenger cars and heavy vehidie@sng the evacuation féwurricane Irma in 201@RD.

2017)

Saifizul et al. (2011yeveloped a framework based on a dhtaen empirical approach
for determining appropriate DSLs for heavy vehicles. In 2013, Transport Scotland reported a pilot
study that examined the espd limit violation rate for heavy vehicles and used data from WIM

scale facilitiego screen vehicles above a certain weight (7.5tbri$,500 IbsA9 Safety Group,

2013) It is clear that modern WIM scale facilities have evolved into highly sophisticated devices

with many potential additional applications.

Vehicle speed may be measured in different svaMl North American jurisdictions
currently enforce speed limits by nse@ing the spot speed of the vehicle. In Europe, many
countries (e.g., Austria, Netherland, England, Scotland, Ireland, Switzerland, Norway, the Czech
Republic, Italy, France, and Spain) have adopted a new and stricter approach to speed limit

enforcement kown as average speed enforcement (ASEY it is also namegointto-point



enforcementor section speed enforcemé8bole et al., 2013Foole et al., 2014 ASE measures

the average speeds of vehicles traveling from one point to another on a section of highway and
allows authorities to manage vehicle speed@lavhole roadway sections rather than only at
selected location§Soole et al, 2013)Montella et al. (2012)eported a 31% reduction in the
number of collisions (all collision types/severities) after applying ASE on ltalian Motorway Al
Milan-Naples. The 31% collision reduction was much higher tharl6.2% collision reduction
reported for a study of automated spot speed enforcement (SSE) on 14 corridors with a high

number of collisions in the City of Charlotte, North Caroljfoon and Hummer, 2010)

1.2 Research Goal and Obijectives

The goal of the thesis t® explorethe safetyimpacts ofa differential speed limit (DSL) for
different type of heavy vehicles based on G¢@nbinedwith average speed enforcement (ASE)
to improve highway safety for freight transportatidime specific objectives of this research are

to:

1. Propose aVodified-Federal Highway Administration (MHWA) classificationwith a
more precise consideration @VW compared toFederal Highway Administration
(FHWA) class
2. Investigatethe empirical relationship et ween heavy vehicl,esd a\
FHWA classandM-FHWA class
3. Comparedraffic performancef heavy vehicles under two different speed limit strategies,
USL and DSL.
4. Comparetraffic performanceof heavy vehicles under two different speed enforcement

strategies, SSE amSE.



1.3 Scope

The scope of this study is limited to explorithg safety impaadf applyingDSL based on GVW
combined withASE for heavy vehicles. The reseamitaineddata from two WIMstationson the

British Columbia Highway 5 and Trai@anada Highwayl from Laidlawto Golden in British
Columbig The Two WIM stations are installed around 548 km apart from each other. The study

also used GPS traffic data collected from the same highway segment.

The research proposedveFHWA classincluding a more precise consideratiof GVW.
The study conducted a statistical analysis of the empirical relationships bétveeanv'y v e hi c |
average speed, GVWEHWA vehicle classification ant-FHWA classusing theintegrated

datasetleveloped bgombingWIM data and GPS data.

The studyemployed a simulation approach using PYNSSIM as a tool for microscopic
simulation analysis. No field studywas conducted to either calibrate or validate the study
results.The VISSIMmodel was used to understahe potential traffic impaadsf DSL basd on
GVW combined with ASHor heavy vehicles along the study corridbinree traffic performance
indicators were evaluated) the longitudinal85" percentilespeedprofile, 2) standard deviation
of speegand3) thespeed violation rateThe 85" percentile speed is widelysedby highway
agencies to describe operating speedstaedtablish speed zones, apked standard deviation
andspeed violation ratare theimportant potential contributing factor for collisions on highways
andhas been vdely used to evaluate the safety effectiveness of different tysgeed limitsand

speed enforcement



1.4 Thesis Organisation

Chapter 2 is an extensive review of the literature. The topics cover different speed limit
strategies speed enforcemenstrategies, speed data collection methods, and microscopic
simulation.

Chapter 3 describes the field data collected from the WIM stations and the GPS data
collected from the study corridor.

Chapter 4 presents the statistical methods used to analyzesvasipects of the collected
traffic data. The methods includaalysis of variance (ANOVAdest, QuantileQuantile (QQ)
plot, linear regression modd{jonte Carlodata fusiormethodand correlation tests. The Chapter
also discusses the microscopic simulation approach used to evaluate the traffic performance of
heavy vehiclesncluding the longitudinal speed profile, the speed violation rate and the speed
standard deviation.

Chaptel5 introducesvi-FHWA classthat takes GVW into accounsed in this study. The
Chaptepr esents the studyds data fusion anal ysi s
data in order to develop an integrated dataset. The Chapter also discusses tbal sedéistinship
between heavy vehicle speed, GVW, the FHWA vehicle classification, and the prdgesed
FHWA classification

Chapter 6describesusing VISSIM simulation to analyze the traffic impaétUSL and
DSL strategies and the traffic impact of SStldASE strategies.

Chapter 7 presents to a summary, the conclusions of the research and recommendations for

future studies.



Chapter2L i t er ature Revi ew

Historically, speed limits designed to reduce vehicle speeds on a section of highway are the most
popular countaneasure used to improve traffic saf@yrk & Co. Consulting Ltd. et al., 2014,
Montella et al., 2012)In order for a speed limit to be effective in reducing vehicle speeds,

enforcement tactics need to be implemented properly.

This Chapter reviews three speed limit strategiegnlform speed limitSL), 2) variable
speedimit (VSL) and 3)differential speed limitPSL). Two speed enforcement strategies, SSE
and ASE, are also reviewed. microsimulationusingVISSIM is also described in terms of its

varied applications for evaluating safety and operational performance.

2.1 Speed Limit

Speethg has been recognized as the most importanmttributing factor for vehicle
collisions involving heavy vehicle@Monsereet al, 2017 Paton et a).2018)The most effective
speethg control stratey, with a long history of application, is tkpeed limit In this Chapter, we
review three particular forms of speed limit: 1) uniform speed limit (USL), 2) variable speed limit

(VSL), and 3) differential speed limit (DSL).

2.1.1 Uniform Speed limit

The most common type of speed limsithe USL @lso known as fixed speed limit) USL
is currently appliedbn most highways in the world. Many researches have condstiddesto
understand the effectiveness of URL-Ghamdi, 1998Keall et al., 2001Monsere et al., 2017)
However the USL does not eliminate collisions. For exampliee fatalitieson highway A56, a

urban motorway witlan80 km/h USLanda total length of 20.2 km in Naples, Italjhiswas the



highest number of fatalitiesnahe motorway(in terms of theaumber ofcollisionsper kilometer)

in Italy in 2008 (Punzoet al., 2010)Neuman et al. (2009¢ported thaUSL was applied othe
A56 with little consideration of potentially important factors that may influence travel spekd
safety. They overlooked some key characteristics of thetdGnfluence speed such as traffic,
roadway design and environmental characteriskiesy concluded tat USL might not béhemost
suitable form of speed limit for A56.

Similarly, a speed limit of 72.4 km/h (45 miles per hour) has been associated with
considerable delay and a large number of crashes due to high traffic demand during the peak
periods. An gample is a 4km bi-direction freeway corridor on Interstate 880 in Califorfiia
et al, 2016) In this case, a simulation model was used to develop a VSL strategy designed to
reduce both the number and severity of highway collisions. The resutmolation analyses
showed that a VSL could reduce the number of collisions by up to 25.88% and reduce the number

of injury collisions by up to 14.7%.

2.1.2 Variable Speed Limit

VSL is designed to take traffic and highway environmental factors into acafsintcan
apply show variable speed limits appropriate totthffic and environmentatonditionsof the
highway considered

For some highways in Europe, Asia and North America, VSLbleasn implementeah
response to the adverse weather condit{@moi andOh, 2016 S&eha at al015 Li et al, 2014)
Saha et al.Z015)investigated the effectiveness of VSL systems and the effect of grades and sharp
horizontal curves on collision frequency in adverse weather conditions (snow, ice, frostAwind).
negative binomialNB) regression model was employed for modeling collision occurrence to

determine the effectiveness of a VSL system for reducing crash frequencies. The data was



collected from multiple sources including crash data, weather data, roadway geometridi@and tra
data on four Interstat®0 VSL corridors in Wyoming from 2007 to 2012. The simulation model
estimated that 29 collisions could be avoided each year. The model also found that horizontal
curves had no impact on crashes, but was significant undeinoggather condition8/SL hada
significant effect of reducing collisions for steep grades. Similarly, VSL was also reported to help
reduce the number of collisions on geometrically challenging corridors (e.g., sharp horizontal
curves and steep gradisough mountain terrain). VSL could also help to reduce the number of
highwaycollision onlesschallenging corridors

Although VSL is a popular form of speed limit in many countries, it is still relatively rare
in CanadgLudwar, 2017) The Ministry of British Columbia (B.C.) has installed VSL systems on
three major highway sections, the Coquihalla Highway 5 through Snowshed Hill (40km), Highway
99 between Squamish and Whistler (30km), and Highway 1 from RRever to Revelstoke
(30km) (Ludwar, 2017) The VSL systems display varying speed limit according to the rapidly
changing weather conditions as these corridors include high elevation mountain passesliwith high
changeable environments subject to a diverse range of weather that can change very rapidly
especially in winter. A set of sensors that can instantly detect changes in various traffic, pavement
and visibility conditions was installed on the target highve&ctions. The sensors provide
operational staff with recommended speeds allowing staff to continuously monitor the various
changes on the highway sectiargl manuallyadjust the digitatlisplay ofthe variable message
signsaccordingly.For exampleBritish Columbisghad heavy snow during Dec 2016 and the speed
sign on Highwayl was reduced to 60 km/h from 100 km/h. THepgScentile speed on the

corridor was recorded as 59 km/h.
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VSL hasalsobeen implementeth response to highway work zones with higlels of
congestion and potential safety problems. A work zone along a highway seedigf) (hear
MinneapolisSaint Paul, Minnesota, had a VSL system installed and operated for three weeks
(Kwon et al, 2007). Speed data showed a 25 % to 35% reduction in average speed during morning
peak hours (6:00 to 8: 00 a.m.) and a 7% increase in total throughput traffic volumes during
evening peak periods.

Yang et al(2017)conducted a study to show the operational and safety impact of a VSL
system installed in 2011 on a wadne along highway{495) near Silver Spring, Maryland. They
used VISSIM to develop a simulation network covering upstream and downstream from the work
zone area. The results showed that the VSL system could reduce speed in the upstream to
downstream corggtion and improves the operation efficiency at the veorke area. The study
also compared a RESL scenario with a VSicontrol scenario. The results showed that VSL
system could smooth speed reduction and prevent a sudden speed drop within one toéwis seg
The speecthange ratevas 31 km/h in the rYSL scenario and 14 km/h in the V&lontrol
scenario

VSL has also been expected to brpaential safety benefitsn non work zone highway
sectionsThe benefits include reducing the number of highwalysaans (Li et al, 2016 Guebert
et al., 2012)reducing speed variation which decreased the probability of collifdmsdaker
andKattan, 2015)and reducing the speeding violation r@dellinga et al2011)

However, some studies have shown inconclusive and inconsistent results for VSL
applications on highways and in work zones. An early study investigated a VSL system on a work
zone on higway +495 in Minnesota. The highway had heavy congestion due to high traffic

(Fudalaand Fontaine, 201QaFudalaand Fontaine, 2010b)The VSL evaluation study showed
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inconclusiveresults perhaps because of the site conditions and issues such as inconsistent use of
the VSL due to control algorithm problems. The researchers conducted a simulation study to
understand the impact of VSL. The results showed that VSL was not recommentgghivay

sections where traffic demand is far above capacity. The study did not consider safety benefits of
VSL for work zones and also did not look into possible benefits during uncongested hours.

Nissan and Koutsopoulosb(2011) evaluated the impact of a VSL system on the E4
motorway in Stockholm, Sweden. The results indicated that there was no significant impact on
changes intraffic volume anddensity, both immediately after VSL installation and again several
months later.

Kianfar et al. 2015)evaluated the impact MSL system=n eightdifferentlocationson
thel-270 in Missouri The study used two separate approaches to analyze traffic conditions before
and after VSL installation: the nonparatric twedimensional Kolmogoro¥smirnov Test, and
parametric flowoccupancy curve fittingBecause the impact of traffic control affected the
highway traffic conditions at the different sites, the effect of VSL was inconsistent. After VSL
installation, he study found that maximum traffic flow before breakdown decreased at four
locations, but increased thie rest ofour locationsThe study also found the maximum flow after
breakdown decreased at three locations and increased at five locations. ibm atifditaverage

duration of congestion decreased at five locations, but increased at three locations.

2.1.3 Differential Speed Limit

DSL is another commonly used speed lilMany jurisdictions inNorth Americahave
introduced lower speed limits for heavy vadbgthanfor passenger car®lisaghi and Hassan,

2005 Transport Canada, 200Rorkut et al, 201Q Gates et al., 2016/onsere et al., 2017PSL

12



is used mainlyo reduce the severity of collisions involving heavy vehi¢les\insorand Pawar,

2005 Saccomanno et al., 2009)

The DSL is usually based odifferent maximum speedor different classification®f
vehicle(NHTSA, 2012) but some jurisdictions use different criteria such aseah i sizZie and s
weight and some DSL approaches are baseaveather orotherroadvay conditionssuch as
nighttime speed lim&, work zone speed linst transition zone speed linsjtand seasonal speed
limits (Forbes et al., 2012[pSL does not requirthe complexspeecdcontrol algorithms andxtra
cost of purchasingequipmentand/or installation and maintenandees associated with VSL

systems

A typical DSL is setat amaximum speed limithat isaround 1620 km/h lowerfor heavy
vehiclesthan for passenger vehiclegShods et al. 2012)As an examplethe speedimit for
passenger cars and motorcycie typically between 80 km/h to 90 km/h on expressay
Singaporeand60 or 70 km/h foheavy vehiclegYeung et al. 2015)n Malaysiathe speed mits
on expressways are 110 km/h for passenger cars a8@d B®/h for heavy vehicles. Federal and
State Routes iin Malaysiahave a speed limit of 90 km/h for passenger vehicles a@& kKin/h
for heavy vehiclegSaifizul et al. 2011)The rationaldor the lower speed limior heavy vehicles
include 1)heavy vehicles require longer braking distar®)eneavy vehicles are less flexible in
lanechanging and/or overtaking maneuverability compared with pgssearsand 3) collisions
involving heavy vehiclesften result in serious fatalitigdontella at al. 2011Montella et al.,

2015)

Saifizul et al.(201]) proposed a new approachR&L based on theehicle®GVW rather

than the vehi cl e 3he apprbaghswas basedoa anioloservatoritibes wazg e .
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a highercorrelation between e h i tcaleespe@d and gross vehicle weight (GMWgnbetween

vehicle speed aneehicleclassification osize.

In the United Stateseven statesurrentlyoperatea DSL systembased on vehicle GVW
Washington, California and Montanie a 15 mph differentiabetween passenger vehicles and
heavy vehiclesMichigan and Oregomusea 10 mph differentigl and Indianauses a 5 mph
differential (Gates et al. 2016)ndianauses26,000 lbsas theGVW threshold to differentiate the
speed limit whe California, Michigan, and Washingtarse10,000 IbgNHTSA, 2012)(Gates et

al. 2016)

In Italy, the maximum speed limi@n motorway and expressways88 km/hfor heavy
vehicles weighing more thn 2 tomesand 100 km/h for heavy vehicles weighing less than 12

tonnegMontella at al. 201;1Montdla et al., 2015)

SomeEuropean countriegsuch as the United Kingdom, Denmark, Finland, and lsddp,
mandate the use of an advanspded control device in the form of daatroniccontrol module
The device isconnectedto thet r uc k 6 s ind and lsngéd teme maximum lspeed
accordingtothe e hi ¢ | e(Busope@\MOdmmission, 2008Buropean Council DirectiviEU-
Directive 92/24/EE@nd its recent adaptation (Council Directive 2004/11/EEC) mandajsskd
limiter on heavy vehicle over 3.5tonnes and on all vehicles weighing more thad0 tonnes
including buses/coach&gth more than nineeatgEuropean Commission, 2009ontella et al.,
2015. It is believed that speed limitelnsive contributed to improvingad safety. Irthe United
Kingdom which mandated thiestallation ofspeed limitergor heavy vehicles in 1998he number
of collisions involving a heavy vehicle declined by 26 %om 1993 to 2005 ( European

Commission, 2009Transport Canada, 2008
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In Canada, Ontario and Quebleave mandate the use of truck speed limigem heavy
vehicles witha GVW greater than 1194 kg The maxinum speed is set up d$¥5 km/h
(Saccomannet al., 2008 Saccomanno et al., 200accomanno et aleported thamandatory
speed limites can prodice safety benefits under various traffic conditionstested using

microsimulation (Saccomanno et al., 2009)

DSL and speed limitengducetravel speed anthe number otollisions invohing heavy
vehicles,and canalsoimprove service reliability and efficiency for backhawost European
countries e.g., Italy, Bulgaria, the Netherlands, Estonia, Finland, and Ausave, 20and25 %
of heavy vehicleg vehiclekilometers (VKM) running emptyMcKinnon, 2010) In Canada
between 200@nd 2009, it is estimatedhat approximatelyl4 % of a | | heavy vehicl

travelledempty(Natural Resources Canada, 2009)

Some studiehavereported thaDSL haslittle impact onhighway capacity andraffic
safety(Neeleyet al, 2011 Ghods et al., 203 Daviset al, 2015 GhodsandSaccomanno, 2016)
and some haveeported thaDSL and truck speed limitersay have an adverse impacttoaffic
flow conditions by increasingavel time(Ghodsand Saccomanno, 201@&ndincreasing speed
variationbetween vehicle€GhodsandSaccomanno, 201 &ates et al., 201&Russo et al2017)
Thesenegative impacts are expected to apply mainlyo-lane highwaygGates et al., 2016

GhodsandSaccomanno, 201®usso et al., 2017)

2.2 Speed Enforcement
Speethg is recognized apossibly thanost importantollision contributingfactor,
particularly for fatal collisiongMontella et al., 2015)Speed managemeonanimprovetraffic

safetyand is therefore important. Effective speed management techniques include the various
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types ofspeed limitoutlines in Section 2.1 arldw enforcementGoverning agencies have
dedicatedsignificant resources teveloping and impleenting variouspeed enforcement
tacticsdesignedo reducehe number otollisions.

Section 2.2 chapter reviews two speed enforcement tactics: spot speed enforcement

(SSE), and average speed enforcement (ASE).

2.2.1 Spot Speed Enforcement

All North American prisdictions currently enforce speed by measuange hi c | e 6 s
speedIndeed, this conventional methisothemost common methadir controlling traffic speed
around the worldA v e h i ttaleéngspeeds measured as the targehicle passeaveryshort
section of highway (spat)lhe speednay be measuredhanually by handheld radar guns, loy
automatic enforcement devices such as predarcoupled with CCTV and license plate readers
Many studies have shown the effectiveness of conventionadl sgdorcement tactics.

Liu et al. (2011) for instanceanalyzed the effect chutomated (fixedspeed camera

enforcement in Nanjing, China. Speed data was collected from April 20h& 2010 at seven

sites.Three sites were rural highways with a speed limit of 60 km/h, and two sites were located on

Ningli highway and S341 highway that have employed automated speed cameras for at least two

years. The third site was the control sitedted on Ningli highway whickid not have speed

cameras. The left four sites were rural highways with a speed limit of 80 km/h, and three of them

were located on G104 highway and Ningli highway that have employed automated speed cameras

for at least two gars. The forth site was the control site located on G104 highway didictot
have speed camerasu et al. (2011yeported that the camerdscreased medravelspeedy 12
km/hto 16 km/handdecreased th@5" percentie travel speed bg2 km/hto 22.3 km/h. Thetudy

also reported that theoportionof speeding vehicles (defined as travelin@@¥ or more higher

16



than thespeed limif wasreducedoy 41 % to B % for the study sections with tie® km/hand 80
km/h speed limitespectively.

Liu et al. (20113tressedhat spot speed enforcementusfortunatelynota veryeffective
toolforredudangv e h i ¢ | e sspeedsbeyone tleeaof ghfluenceof thespeedenforcement
installation They observed thatiders usuallyreduce travel speed froB0 m- 400 m upstream
of the speed camera locatiandthenrecovertheir vehicle speed &00m - 400 m downstream
of the speed camera location. As a resh#,ihfluenceareaof the speed camera was less than 1
km.

In Belgium Pauw et al.Z014b)looked intothe effect ofafixed camera on speeash two
sections of motorwaysherethe speed limitvas120 km/h.The first section was in Brasschaat on
the direction of Antwerp on thelB, a twelane motorway. The second section was in Boutersem
on the E40 in the direction of Liege, a thtape motorway. The speed cameras were employed in
Nov 2011. At the Brasschaat locatidhauw et al.collected 13 months of before data (from
October2010) and 10 months of after data (to September 2012). At the Boutersem location, they
collected 11 months of before data (from Dec 2010) before and 18 months of after data (to May
2013).

Pauw et al.Z014b)reported thatte instdation of the speedameras resultad an average
speed decrease of 6.4 kndhthe two locationsThe proportion of driverexceedng the speed
limit decreased b80 % and he proportion of driverexcesdng the speed limit20 km/h by10%
or moredecreased by 86%.ike Liu et al. (2011) Pauw et alreported that the area of reduced
speed was limited. Blear \:shapedpeed distributioalong both highway sections was observed
asdrivers avoieéd enforcement near the point of speed detedtyprauddenly reducing, but then

recovering speed shortly after passing the detector.
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Shim et al. (2015also repaied that drivers usually reduce speed near the speed cameras,
but increase their speeds shortly after passing the cartéias et alcollected traffic data from
GPS equipped taxis and inductive loop detectors for the month of May, 2013. The studgrates w
selected according to data availability for 259 taxis in Daegu, South Kbneastudy used
geographic information system (GIS) to spatially match the trajectory data with the automated
speed enforcement locations. Trajectory data was collected frooéations around Taegu. Two
of them were on Korean Expressways and two of them were on Gyeongbu Expréssuciive
loop detectors data was collected frtmee sites along Gyeongbu Expresswilye study was
divided into segments and thesearchersanducted a comparative analysis using the Empirical
Bayes method for each segment before and after the speed camera installation. The results of the
comparison showed that total crashes decreased by 7.6%, but collision occurrences increased by
11% at1500m and 508m segments upstream tfe speed cameras due to drivers suddenly
reducing speed as they approached the location of enforcement. These findings are similar to those
of previous studiefLiu et al., 2011 Pauwet al, 2014b) In the study segments, the magnitude of
the positive effect of the spot speed enforcement cameras on overall traffic safety was small
compared to the negative effect.

Interestingly, a few studies have foundttepeed enforcememtameras can affect road
safety adversely by increasing the number of collisions because the cameras increase speed
variability along the affected highway sectioi@@uddus, 2013Shim et al., 2015Soole et al.,
2012) These studies found, for example, that sairieers tred to avoida speethg ticketby
suddety decelerahg upstream o$peecenforcement cameras leading to an unprepatexiving
rear ending the leading vehicluch problems suggest that SSE may not be suitable for reducing

vehicle speedt hasalsobeen found thahcreass inacceleration and deceleratiassociated with
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spot speed enforcement leadncreases ifuel consumption and pollutant emissioegy(,CO2,

CO, NOx, pm10)Punzo at al.201Q Soole et al., 2012)

2.2.2 Average Speed Enforcement

ASE presents an improved speed control strategyavatcoms spot speed enforcement
issuesand isgainingin popularity. ASE is described differently irdifferent jurisdictions. It is
known as ASE irthe United Kingdom, Suth AfricaandChina(Velden, 2017Akpaet al, 2015
Speed Check Services, 200@3point-to-point speed enforcemeint AustraliaandNew Zealand,
(Soole et al., 2012Montella et al. 2015)and assection speed enforcement in Italy @&wlgium

(Pauw et al., 2014&;ascetta et al., 2011)

Unlike conventionalspot speed enforcement, ASkEses theaverage speedstimated
between two pointsf interest abng a section of highway as the justification for speed enforcement
(Soole et al., 203, 500le et al., 2013)he length of ASEpplied in various regiongaries widely.

ASE on Tower Bridge in London(United Kingdom) is for a section of only 300 m, sieortest
section whereASE is implemented.The Tower Bridge speed limit is60 kmh (Speed Check
Services, 2007)The longest ASEpplication is in the Aberdeen direction orila7 kmsection of

the R61 route between Beaufort West and the Eastern Cape border in South Africa. This
installation was introduced lize Western Cape government in 2011 starting with a pilot project

(Velden, 2017)

Many studiesconducted from variousountrieshave safetybenefitsfrom ASE. The
benefitsinclude reductiorsin averayetravelspeedthe 85th percentile travepeedthenumber of

speeding violatios) andspeed variabilityand reductions imehicle emissios(Soole et al., 2013)
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The first successf ASE application was Netherlands in 199Average travel speed was
reduced by from 115 km to106 km/h, and the speeding violation rate was reduced (508086
et al., 2012) There vasalsoa reductionin the 85" percentile speedsnd speed violation rater
both passenger vehicles and heavy vehiclé®e Netherlandscurrently has 11 ASE systems
operating on sections of various highwaysh as the A2 motorway (between Amsterdam and
Utrecht)and the A13 motorway (between Rotterdam and the Hg§vuegmanand Goldenbeld,

2006 Soole et al., 2012)

The United Kingdominstalled anASE system in 199@sa pilot project The speeding
violation ratewas reducetty 30%(Soole et al., 2012heASE is now widely used in tHénited
Kingdom . In addition to the benefit of reducing speeding, ASE also reduced the number of
collisions(Soole et al., 2013500le et al., 2012)orinstance, an ASE system was installed in
January, 2012 on a section of the A614 near Ndtangrhis section had a significant history of
severe collisions with 289 people killed or injured in a five year period. The study compared speed
data before thenstallation of the ASE in January, 2012 and for the 23 months after the installation
ending in Dec 2013. The study found a 52% reduction in the number of total collisions and a 40%
reduction in the number of serious injury collisions. No fatalities wasrteg(Collins andHurt,

2014)

Owen et al.2016 evaluated the impaof ASE using15years oftraffic and collisiondata
(2000 to 2015) in the United KingdorASE cameras were installed 25 sites covering94 km
of road.The studyfound a 36.4% reduction in the mean rate of fatal and serious collisions in the
afterinstallation period. Personal injury collisions of all severities decreased byCddifias and
Hurt (2014)eportedhat ASE helped reduspeedstandard deviation that contributed to reducing

the number of collisionsThe redued speedstandard deviatiomalso contributed to achieving a
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morehomogemroustraffic flow than before the ASE installation and increasing highway capacity
as well ageducingcongestior{Collins andHurt, 2014 Soole et al., 2012)

In Italy, thefirst ASE system was introduc&u2006and by 2015, 32fhotorwaysectiors
with 2,900 km of roadway had ASE install@dontella et al., 2015)n 2009,Punzo et al(2010)
conducted @eforeafter studyto evaluate the safety impact of the ASE instabbedhe A56
motorwaynearNaples The sectionds speed | imit was 80
km/h rediction in averagespeedfrom 80.8 km/h to71.7 km/h, and a decreased percentage of
speed violations, from 51.6% to 17.4%. Speed variability was reduced from 18.1 km/h to 12.1
km/h (Soole et al., 201Runzo et al., 2010)The study found that the ASE system significantly
reduced travel speed and speed variance leading to homogeneoudvaitmnditiors.

In 2015,Montdla et al. (2015evaluated ASE associated with DSL on two motorways in
Italy, theA56 (anurban motorwayandthe A3 (arural motorway). The speed limifisr heavy and
light vehicleswere 70 km/h and 80 km/h respectively time A56 and 80 km/h and 10km/h
respectively orthe A3,. The study reported th#te ASE system®n the A56 urban motorway
resulted ina 84% and 77% reduction respectively in the number of light and heavy vehicles
exceeding the speed limitkyy more than 20 km/h, anthat theASE sysems also reducethe
standard deviation dhe speedf light vehicles (by 26%) and heavy vehicleby20%). The ASE
safety improvements atiie A3 motorwaywerelesssignificantthan those achieveah the A56
motorway.The researchers concluded that thés due to the lack of public education and public
involvementabout the ASE othe A3 motorwaywhere approximatel25% of drivers did not
know how the ASE systems work aB#% on the A56. The percentage of people unaware of the

presence of ASE was 35% 83 and 26% on A56.

21



In Scotland,Summersgill and Neil (201Zpund that ASE combined with DSL could
improvetraf i ¢ saf ety by c¢hangi nrgespkaiallyfoeverscidin exgegsr at i or
of 7.5 tomes by increasinthe speed limit from 40 mph to 1) 50 mph and 2) 60 mph. The study
involved the development of anF&ramics microsimulation model to simelghe route between
Dalwhinnie and Moy. The results indicated that the ASE astincreagd speed limitfor heavy
vehicles would result in a reduction of 3 mph average speed for all vehicles, a reduction of
approximatelyl3% in the desire to overtake emgle carriageway sectiongnd a reduction of

speed variancef approximately35%.

In Canadatew publicagencietiave endorsed theseof ASEon Canadiahighways(Plant
andPerry, 2018Coulter, 2018Fletcher, 2018KendallandYoung, 2014 Antweiler, 2016) The
Traffic Safety Commission dhe Capital Regional District has proposaxdd recommended that
ASE be installed othe Malahat highwaya high traffic corridor in British ColumbigPlantand
Perry, 2018)Local politiciangn Squamish and Lion Baw British Columbiahaverecommended
consideringASE as a wayo reduce speeding violatison Hghway 99(Coulter, 2018)Similarly,
municipal officialsin the vicinity of theSea to Sky Highwaynd theCoquihalla Highwayin
British Columbiahave discussed the podsilmplementation of ASE othese highwag (Fletcher,
2018 KendallandYoung, 2014 Antweiler, 2016) Althoughmanylocal jurisdictions in Canada,
especially in British Columbidjave discussdthe potential use 0ASE as a speed enforcement

tactic ASE has not been introducexficially in Canada.

2.3 Microsimulation
In recent years, transportationengineers and reaechers have used different

microsimulation modedto analyze the@erformance of heavy vehicl@s. Saccomannet al, 2008
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Summersgill and Neil, 2012jorca et al., 20%). A popularmicrosimulation tool iPTV VISSIM
(PTV VISSIM, 2011) VISSIM cansimulate traffic performance byonsideringspeed, density,
travel time, weight, vehicle typand other related parameters.

Wang and Wang (2011) used VISSIM to evaluate the impact of various speemtdi
targeting different sections of rural highways in ChimaStotland, Transport Scotland developed
a microsimulation traffic model tonderstandheimpactof ASE for heavy vehiclegSummersgill
andNeil, 2012)

In Canada, VISSIM simulation has been appliedet@luate truck speed limiten
highways in Ontario and Quebegaccomanno et al. (2008) have also used VISSIMimstry
of Transportation of Ontario (MTOl)esearch designed to evaluate the safety impact of speed
limiters for heavy vehicle with GVW gréa than 11,794 kg. The analysis of the safety impact
included the expected the number and severity of collisions involving heavy vehicles under
different traffic scenarios and speed control strategies, and included 1) various geometric
configurations (staight segments, ofamp segments, and -samp segment), 2) various traffic
conditions (traffic volume, heavy vehicle percentage, and rates of speed limiter compliance) and
3) different speed control strategies (105 km/h and 110 km/h). The results iofditegtion found
that speed limiters set to 105 km/h would increase safety on uncongested roadways for all types
of geometry highway configuration, that the safety impact of the 105 km/h speed limiter would be
reduced when traffic volume and the percentafgleeavy vehicles increased, and that the safety
gains of speed limiters would be reduced as vehicle compliance increased.

Microscopic simulation has also been used to evaluatsatetyaspectf differential
speed limits ora Canadian highway.Lee et al. (2006applieda PARAMICS microsimuhbtion

modelto understand the impact of various speed limits orGéeliner Expresswaiy Toronto.
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The studyshowedthatvariable speed limitsould substantiallyeduce colsion potential, i.e., by
5% to 17% depending on time of day (peakfmébak and morning/ afternoon

Some studies have developedcrosimulation moded to show the impact of various
intelligent transportation system (ITS) such as WIM systants GPShased detecting devices
Gu (2005)developedasimulationmodelusing VISSIM to compare the performance of two WIM
threshold strategies regarding traffic volume, weight distribution, and WIM accuracy and static
scale service time. The two types of threshold strategies were thetfrestiold algorithm, mainly
focusing on weight limit and WIM accuracy, and the floatihgeshold algorithm which also
considered traffic volume, heavy vehicle weight distribution, and static service time. The
simulation results showed that the floatihgeshold algorithms resulted @ more effective
performance than did the fixetreshold algorithm, and that the floatittgeshold algorithm was
moreeffectivethan the fixeethreshold algorithnfior WIM systemgegarding weight enforcement
and reducing delay.

It is worth noting thathe development of a traffic simulation model requires proper
calibration of the model. The calibration is aimed at finding the appropriate combination of various
input parameters to reduce the size of the errors between observed and simulated measures of
performance (e.g., travel time, speed and traffic volume) to assure the accuracy and reliability, in
this case, the VISSIM microsimulation mod@&ppiahet al.,2012)

An approach to calibrating a microsimulation model is to use a genetic algorithm (GA)
which is a stochastic algorithm that can maximize tbedges=f-fit values(Yu et al, 2013
Appiah etal., 2012 Fan et al.2013) Appiah et al(2012)applied a GA to a VISSIM modeaind

compared the average speed estimation of the calibrated and uncalibrated models. The researchers
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found that the calibrated model errors ranged from 10% to 16% while the uncalibrated model
errors ranged from 15% to 35%.

Some researches have argued @A can evaluate only one measure of performance per
simulation and that a large set of simulations is required to fully evaluate many performance
measures. In such cases, GA is not effic{Buiong et al.2010)

Alternative approaches have been developed for calibrating the VISSIM model. They
includemulti-criteria calibrationand twastagecalibration(Duong et al., 20L,0Fan et al., 2013)

Fan et al. (2013found that the two-stage calibration procedure could improve consistency
between simulation and observation. Lakéayers of the Wisconsin DOT proposadjoodness

of-fit measure known as the GEH (for Geoffrey E. Havers) to calibrate the VISSIM simulation
model and this is now the most widely used measure of perforrffRaceezani et ak018a; Choi

andOh, 2016 Ramezani et al201&). Although the GEH approach provides a good assessment
of how accurately the traffic model reflects observed conditions, there were still some concerns
with the approaci{Wisconsin DOT, 2014)An updated calibration approach has since been
proposed. Thissia new goodness of fit metric called the Root Mean &gquPercent Error
(RMSPE)that has been endorsed by Wisconsin DOT. It can be applied to various calibration
parameters including traffic volume, speed, travel time, queues, and la(@igsensin DOT,

2018)

2.4 Chapter Summary

This chapter focused on reviewing three topics: 1) speed limit, 2) speed enforcement tactics, and
3) microsimulation.
The speed limit discussion reviewed three different speed limit strategies and their impact

on operational and safety aspects officefow condition. The conventional uniform speed limit
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does not differentiate the maximum speed for passenger vehicles and heavy vehicles. For the
variable speed limit, the safety impact particularly for heavy vehicles was not consistent. Some
studies hae shown meaningful safety benefits, but others have shown inconclusive results or even
no significant impact on safety. The differential speed limit has been applied in many countries
with some safety gains for heavy vehicles, but it is not currentlyingédnada.

The speed enforcement tactics discussion noted that conventional spot speed enforcement
has a limited area of enforcement (i.e., speed is reduced near the speed enforcement location only).
Possible negative impacts included an increased eumb collisions, and increased fuel
consumption and pollutant emissions. As an alternative, average speed enforcement is used in
many countries and significant safety benefits such as significant reductions in highway speed, the
number of collisions andhé speed violation rate are reported, but the approach has not been used
in North America.

The discussiorof microsimulationconcentrated on VISSIM model. These models have been
applied widely to evaluate the safety and operational performance of hdaicleseVarious
approaches to model calibration are available to maximize the accuracy of VISSIM as a simulation

tool for evaluating performance measures such as speed, travel time and traffic volume.
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Chapter3St udy Dat a

3.1 Study Location

This studyobtained heavyehicle travel speed and GVW dditam theBritish Columbia
(BC) HWY 5 and Trang€Canada HWY Xrom Laidlawto Goldenin B.C. SeeFigure 31. The
corridor has twdVIM stationsinstalledabout 548 km apaftom each other.

We used ongear(2014)of WIM data collected frorthe twoWIM stations and oneonth

(March, 2016)f GPS data collected from a sample of heavy vehicde®lled alondhe corridor.
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Figure 3-1: Study Corridor

3.2 Data Collection Method

3.2.1 Wegh-in-Motion
Back in the early 1950s, WIM scales were mainly usetatnited Stateso collect data

on vehicls @eight and axlefNormanandHopkins, 1952)The information was usetargelyto
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improve pavement maintenanesd design Over the years, WIM scaléechnologies have
advanced tremendously and can now provide a vast amount of additional traffic information. For
each individual vehicldetectedtheWIM system can record travel speed, length (via wheelbase),
class yia axle spacing) and, of course, axle load and GV&¢ob and Feypetle La Beaumelle.
2010) The system can also collect vehicle count dathmeasur&gavel spee@ndthe time gap

and headways between travelling vehicles.

Some studiebaveexplored the technical feasibility of ngi WIM scale facilities equipped
with automatic license plate readers to enforce speed lifatsandHargrove(2007) used WIM
scale facilities near Knoxville, Tkb enforce heavy vehicle speed limits, but did not consider

GVW explicitly. This study was the first such stueyNorth America

In Malaysia, Saifizul etal. (2010)developed a conceptual framework using speed and
GVW data from WIM scale facilities for heavy vehicle speed enforcement. They expanded the
framework by suggesting a dadaven empirical approach for determining appropriate differential

speed limits for Bavy vehiclegSaifizul et al.2011)

In Scotland, WIM systems have been applied to collect the speed of vehicles by weight for
HGVs to study speeding offence rates on sirgglgiagewaysections(Summersgilland Neuil,
2012) A pilot projectthenexamined the spddimit violation rate for heavy vehicleJhe pilot
useddata from WIM scale facilitie® screen vehicles above a certain weight (7.6een 8 16, 500

Ibs) (A9 Safety Group. 2013)
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In Canadathe B.C.Ministry of Transportation proposeatie Weigh2GoBC programin
Weigh2GoBC WIM systems are equipped with automatic license plate readershe system
enforces vehicle weight limitsand identifes and access detailed information such as the
commercial vehicle identification number, the company owning the commeévioalern WIM
scale facilitiesare dearly a sophisticatedool for collecting traffic datavith many potential

applications.

In this study, we useWIM stationdatasupplied byinternational Road Dynamics (IRD)
Inc. (IRD, 2017a) Thedataprovided information for selected heavy véégctravelling from west
to eastin the 12 months of 2014.

The datasetve developedould be categorized into two typd3 the single dataset, and 2)
the link dataset.

Thesingledataset presents vehicle traffic data collected from each WIM statiomlatde
for each vehiclencludestime stamps, lane number used, vehicle speed, védingé,number of
axles,each aled s  w,spagnigbetween axleandvehicle classification

Vehicle classification was madaccording tothe Federal Highway Administteond s
(FHWA) (FHWA 2016) 13 classes which are grouped into six major classifications: 1)
motorcycles (class 1), 2) passenger vehicles (classes 2 and 3), 3) buses (class 4);uitsingle
trucks (classes 5 to 7), 5) single trailers (classes 8 to 10) andl&Xrailers (classes 11 to 13).
Appendix A provides more detailed classification information

As this study was interested in investigating speed enforcement for heavy vehicles, we used
traffic data showing headwagseater than 9 seconds aspked between60 and140km/hr. We
discarded data contairy any improper value originiaig from aWIM sensor error. Wlave also

used data collected under favourable weather conditions. We did not use data for days with adverse
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weather conditions such as snownydog, wind speeds greater than 60 km/hr, and temperatures
lower than-25°C.

The weather data was collected from Environment and Climate Change Canada
(Government of Canada, 2014he 2014 weathelathh wabtained fronthetwo weather stations
located neaiGolden and Laidlawf(AGASSIZ RCS and GOLDEM\). The weather data was
updated three times per hour and contained temperature (in Celsius), wind speed (in km/hr), and a
description of the weather cdition.

Ourfinal single datasetontairedinformationincludinglane number used, vehicle speed,
vehiclelength,number of axles, vehicle weighehicle classificationdayof theweek, headway,
time gap and weather conditions. In totaB37,921vehiclespassed through tHeaidlaw station
and 28,025 vehiclepassed through th@olden station.

Thelink dataset was based on trip records for heavy veledqeaipped with thédutomatic
Vehicle Identification (AVI) electronic vehicletag which is partof the B.C. Weigh2GoBC
program(International Road Dynamics Inc., 2014&he AVI and Weigh2GoBC program aho
registered heavy vehicles to be identified at each weighing statienvehicles in this program
are only heavy vehicles with good vehicle history that can be said very consekataveesult
we were able to use data from the two WIM stations tatifyeindividual heavy vehicle trip
records on the study corridor and generate the link dataset.

The link data for eactrip included the trip time (travel from Laidlaw to Golden) down to
a hundredth of a second, the lane number, the vehicle speeghibke length, and GVW, and
each axl| eds wdhegdiaalsainclddedtipedEdWAnvghicle class from class 6 to

class 13. As th&PS datddescribed in Chapter 22) focused on heavy vehidéarger than a
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single unit truck, the WIM dataset duded FHWA classes 6 and 7. FHV¢hRass 1lwas excluded
due to a WIM systems error concerning vehicle types.

To evaluate the impact of the introduction of ASE on heavy vehicles on highways, we
analyzed mainly the link dataset rather than the single da@setfinal link datasetcontaired
informationincluding9,363 heavy vehicl&ips from the Laidlaw WIM station to the Golden WIM
station in 2014Table3-1 showgshe FHWA vehicleclassificationaverage speed, and number and
percentage of vehicles speeglirSpeeding was defined as exceeding the average speed limit

calculated fothe 9,363 heavy vehicle trips.

Table 3-1: Average Speed and Spedauay Distribution for FHWA class in Link Dataset

. Number of Percentage of
Vehicle Classes Number of Average _ _
Speeding Speeding

(FHWA) Vehicles  Speed (km/h) ) _
Vehicles Vehicles
Class 8 18 86.12 9 50%
Class 9 6429 74.13 281 4.3%%6
Class 10 2299 72.82 73 3.18%
Class 12 247 71.76 6 2.4
Class 13 370 67.93 1 0.2
Total 9363 - 370 3.95%

The average speed limit wastimatedoased on Equation-B, which wasusing total distance

travelled divided by total travel time spent from Laidlaw to Golden:

=om > Hl-ma®o

Equation 3-1
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The average speed limit w88 km/hand 3.95% (see Table13 of heavy vehicle exceeded this
speed limit. Thee vehicles were considered to be speeding.

Table 32 shows interesting differences in the single dataset for all vehicles collected at
each statiorfLaidlaw and Golden). At the Laidlaw station, 2.96 % of heavy vehicles (class 8 to
class 13) and 36.90 ¥f all vehicles (class 1 to class 13) exceeded the local speed limit of 110
km/h. At the Golden statiorithe speed limit violation rate was much higher: 20.71 % of heavy
vehicles (class 8 to class 13) and 56.49 % of all vehicles (class 1 to class 18géxbecocal
speed limit of 90 km/hPassenger cars and smaller vehicles (smaller GVW) usually travel faster
that would lead high speed violation rate. Heavy vehicle with large GVW travel slower and have
lower speed violation ratélso, the speed violain rate in Golden is higher then Laidlatcould
be causedby that the speed limit in Laidlaw station is 110 km/h and the speed limit in Golden

station is 90 km/hl.ower speed limit woulccausehigherspeed violation rate and vice versa.

Table 3-2: SpeedingDistribution for FHWA Class in Two Single Dataset

Percentage of Percentage of
. Number of . Number of _
Vehicle Classes _ Vehicles _ Vehicles
Vehiclesat . Vehiclesat .
(FHWA) _ Speedingat Speedingat
Laidlaw _ Golden
Laidlaw Golden
Class 1 Class13 1,337,921 36.90% 285025 56.49%
Class 8 Class13 355305 2.96% 99,246 20.71%

The percentage of heavy vehicles speedirgaddiensingle station based on spot speed
higher than the percentage of heavy vehicles speeding based on exceeding the average speed limit
for heavy vehicles driving along the study corridor. This difference is due partly to the difficulty

involved in tracking e acglhlongthea548kmwofestudycdrrigldr.s t r
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Some heavy vehicles travelled continuously without stapgnd other heavy vehicles could have
made one or more stops during the trip for rest, gas, and/or loading/unloading.

To alleviate this problem, the data werategorized into two different types of trip: 1)
travel without stops (nonstop), and 2) travel with s&ipping (s). To do this, we looked at both
thetotal travel time anthe GVW measured at the two trip ends (i.e., the WIM statioG®katen
andLaidlaw).

The average travel time for heawghiclesis 7.6 hours and the minimum travel time is 5.5
hours.We assumed that a heavy vehicle travelled without a stop if it travelled the study corridor
in less thar8 hours.

We also assumed that a heavyigkhtravelled without a stop if the GVW was the same
or approximately the same at both WIM stations. Static WIM systems detecting vehicles travelling
at low speed can measure GVW with an accurae@@%(IRD, 2014b) Unfortunately, dynamic
WIM systems detectingehicles travelling abigh speed (up to 200 km/h) have an error tolerance
of £5% to +15%(IRD, 2017a;Al-Qadi et al., 2016Papagiannakis et al., 2008)his study
assumed that vehicle did not stop if the GV\differenceat the two stations was within £10%

We removed trips that likely have extremely long travel time, more than 12 hours. The
travel time between 8 hours to 12 hours was considered as heavy wtbpgedone ormore
times during the tripThe study foundhat theGVW differencebetween a fully loaded truck and
an unloaded truck can be upapproximately300% for heavy combination truck&ardner and
Merlo, 2014) The GVW changing exceeding 300% could be considered as measurement errors or
erroneously large. We removed all heavy vehicles for which the change in GVW exceeded +300%.
This study assumed that the travel time was between 8 hours to 12 hoG¢\&@ncharging was

betweent10% to +300% would be travelith stopcategory
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Table 3-3 shows the number and percentage of nonstogstmbingheavy vehicle trips
in the link dataset. More vehicles travelled nonstop stapping 5,525 (59%) compared with

3,838(41%)

Table 3-3: Nonstop andStopping Vehicle Distribution in Link Dataset

- Number of  Percentageof = Number of Percentage
Classification

Nonstop Nonstop Vehicleswith  of Vehicles
(FHWA) : . :
Vehicles Vehicles Stops with Stops
Class 8 5 27.78%0 13 72.2%%
Class 9 3,854 59.9%% 2,575 40.0%
Class 10 1,395 60.68%0 904 39.32%
Class 12 109 44.13% 138 55.8™0
Class 13 162 43.78% 208 56.22%0
Total 5525 59.0%%0 3,838 40.9%

Existing WIM systers are not primarily used to collect and record the average speed
of individual heavy vehicle travelling along a corridor since they can not detect whether trucks
stopor rest along their journeyGlobal Positioning System (GP8ata, however, may pvide
additional insight regarding individusle hi cl es 6 tr avel i nformation i
and vehicl esd st dyelindtimenan longlistasce trigs.i Theepolliagrate of ae
GPS makes it possible to detect moving vehiclesahtime. Thehigherpolling rate indicate that

the collected information is closer to reithe.

3.2.2 Global Positioning System

A GPSdevice installed in a heavy vehicle can be used to traghk anddestinationOD)

and otheperformancemeasures associdtevith freight transportationvVarious studies that used
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GPS datao evaluae freight movement and performance. T@#y of Portland Oregon, for
exampleconducteda GPS analysis tmvestigatetravel time reliabilityon 10 different segments
of northbound Interstate @sarkar et al.2011) and GPS data wasedin Minnesotafor a study
evaluating heavy vehicle mobility and reliabilyiao, 2014) Such studies provided meaningful
inputs for infrastructire improvement andor developing operational strategies for freight
transportation.

GPS technologies can albe used to measure and monitor the trapsledof freight
vehicles In 2010, a study found that GPS data can estimaea vy v e hi géedaboily aver a
a routeby measuring thesehicles docation andattachedtime stamp,and can also accurately
estimatethe vehicle6 s p o t(Zha® ptale2811) The City of Calgary,Alberta conducted a
studyto evaluae differentvariable speed limit systeswy using average speed estimatesm
GPSdeviceg(Kattanet al, 2015) In 2017 a GPS datavasusedin Chinato evaluate variatiom
vehiclesbtravel speedn relation to roadjeomety (road curvaturggradient etg (Dai, 2017)

It appears thaGPS can play an important role in measuring and monitoringigint
vehi cl epeéd Howexer, speed enforcenfenfreightvehiclesis a compleyproblemthat
requires more studies t@chieve a deepainderstandingFor instanceGVW is a key factor
affecing freight travel speednd otherfreight performanceneasuregNHTSA, 2012) butGPS
does not providenformation about vehicke weight and classification.

In this study, we obtainechemonth(March, 2016 of GPSheavy vehiclelata(defined as
FHWA vehicle Clas®s 8 to 13) travelling inboth directionsalong the study corriddoetween
Laidlaw and GolderiThe GPS traffic data for eadhip included: 1) unique tripidentification (D),

2) start and end latitudiengitude reading for each trif) stoppinghours (durationthat theheavy

vehicle stopped, 4) total trip hous, and5) total driving hours ¢otal trip hours minus stopping
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hours). In total, theraverel,727(raw) heavy vehicléripsfrom Laidlaw to Golden and,858trips
(raw) from Golden to LaidlawSeeTable 34.

Theraw GPS dataontained thegeospatial poirs (i.e., thdocation) of the start and end
points, and the stop points where tt@ppingduration exceeded 300 seconds (5 minufés)
geocode the GPS data to the study roadway netwbdge filesveredevelopedising ArcGIS to
create 5km by 5 km square zones centered on both Wlisitionsto capturethe startandend
(Laidlaw andGolden) points of the heavy vehicle trigs5 km wide buffer zonevascreatedising
ArcGIS to excluderips with stops otside the main study corridoBee Figure 2 which shows
the raw data (a) and the adjusted dh)aWe analyzed only th&ips with all ping pointslocated

within thebuffer zone

a) Raw GPS Data b) GPS Data within Buffer Zone

Figure 3-2: GPS Data Between Laidlaw to Golden

The GPS data was divideato two groups: 1) travel without stops (nonstop), and 2) travel
with stop(s). The travel without stops group included no vehicles stops or the stop duradicn of e
stop was less than 300 seconds (5 minutes) between Laidlaw and Golden. For consistency with the

WIM data, weconsiderednly the trips from Laidlaw to Golden.
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Abnormal tripsvere alscscreeed andexcludel. Examples include trips for which the total
time exceeded 24 hours or the driving time exceeded 13 hours witkimgipengtime of at least
8 hours (as required yoursof-Serviceregulations)Goverment of B.C., 2012}or consistency
with the WIM dataset only trips ofless than 12 houmsere included in the final sample

The finalGPS trafficdataseincluded 1,241 vehicles of which 332 made1stop trips and
909 madestopping The Table 34 shows interesting differences compatedlable 33. The
percentage of nonstapp in GPS datgTable 34) is 27% (73% of stopping trip). The percentage
of nonstop trip in WIM data is 59 % (41 @ébstopping trip).It could be caused by different criteria
to differentiate nonstop and stoppitngps. The detail comparison between two datasets would be

discussed in Chapter 5.2

Table 3-4;: GPS Traffic Data for Laidlaw to Golden Direction

Total Number of  Percentage of Number of Percentage
Type of Data  Number of Non-Stop Non-Stop Vehicles of Vehicles
Vehicles Vehicles Vehicles with Stops with Stops
Raw Laidlaw
1,727 334 0.19 1,393 0.81
to Golden
Final Laidlaw
1,241 332 0.27 909 0.73

to Golden

3.3 Chapter Summary

This chapter describes the WIM and GPS study datasets. Both datasets were collected along the
same study corridor.

The WIM data consisted of a single dataset and a link dataset. The datasets included data
for trips made in favourable weather and trafftmditions only. The study mainly focused on
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processing link datasethe average speed limit was estimated for link dataset and the speed
violation rate was able to calculate for the heavy vehicles traveling from Laidlaw to Golden. The
link data were alscategorized into nonstop trips astbppingtrips according to théotal travel

time less than 8 hours attte GVW measured within 10% at the two trip ends.

GPS dataset was also included to improve the accuracy of the speed estimates for this
study. The ®S data excluded data for abnormal trips for processing the raw GPS data to obtain
the readyto-use GPS study data. GPS data was also categorized into nonstop tispspaitg
trips based on the duration of stops less thamrutesfor each trip.

Chapter 4 describes the detailed methodology used in the examining prp&$éd/A
class the development of an integrated database, the investigation of relationships, the simulation

modeldevelopmenand the model calibrations.
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Chapterd Met hods of Anal ysi s

This chapter introduces the six methodologies used in the detailed data analysis presented
in Chapter 5 and the simulation study presented in Chapter 6. The methodologaeslgees of
variance (ANOVA)test,QuantileQuantile (QQ) plot, linear regressionodel, MonteCarlodata
fusionmethod statistical correlation tests, and a microsimulation model.

Section4.1 discusses the statistical approadeesigure 41 showing The conventional
FHWA class scheme largely depends on the configuration of eshié&l Modified-Federal
Highway Administration (MFHWA) classificationthat takesGVW into accountwas created.

Frsst ANOVA tests with Tukeyds HSD tests were use
M-FHWA classwasdistinctiveenough to suggest thegttingdifferent speed limitsor each M

FHWA classwould be appropriateThe studyusedthree differentapproachego develop an
integrated datasdahat combired WIM data with GPS datdo include more accuratspeed
distribution with nonstop and traveiith stops informationFirsty, aQQ plot was used toheck
whetherthe speed distributionsf the WIM and GPSdata were similar. Secondly, dinear
regression model was used to estimate the linear relationship between the WIM speed data and
GPS speed datThirdly, the Monte Carlomethodwasapplied to develophe integrated dataset
thatincorporaed WIM data and GPS datdhe studythen evaluated the FHWA heavghicle
classificationand a proposel-FHWA classification talecidewhich scheme would be iable

for developing aDSL strategybased on GVWTwo types of correlation tests, Spearman and
Pearson, were employed to examiine empirical relationships between heaepicle speed and

GVW for FHWA classes and NFHWA classes
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Section 4.2 describes thmicrosimulationand the twestage calibration approach a
VISSIM environment.
To analyzeand interpretthe large amount of data availablee used theR statistical

languaggR Core Team, 2018)

4.1 Statistical Approaches

4.1.1 Analysis of VarianceTests

Analysis of variance test&NOVA) is a widely used statistical approach that analyzes the
data by comparing the means of subsé# data. The base case is the-avay ANOVA which has
one independent variable. Onay ANOVA compares the means of three or more groups and
determines whether the means are significant different from each(\0fiieams, 2004)

The null hypothesis for the oveay ANOVA test is that the means of the different groups
are equal. In other words, the null hypothesis implies that there is not enough evidence to prove
the means of the group are different frothers The alternative hygthesis is that at least one
sample mean is not equal to the others. In thexmeANOVA test, an F value indicate/hether
the variance between the means of gmoups is significant. F value the ratio of the variability
between the groups to the \ability within the groups, i.e., an F value of 10 indicates that the
variability betweerthe groups is 10 timethanthe variability within the groupslhe F-value is
close to 1if the ANOVA null hypothesis is tru@-rost, 2017a)

The F value must be used together with the P value. lwagdNOVA, F value indicates
whethersome group meais significant, but the P value indicates whether the overall results are
significant. If the P value is less than the significance level of 0.05 and the F value is large (larger
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than 1), the null hypothesis should be rejected indicating that thereigsiicant difference
between the groug¥vebbandPajak, 2014Frost, 2017h)

At this point, it is important to note that ANOVA tests only investigatetherthe results
are sigfficant different overall. The tests do not provide deeper insights, i.e., they do not indicate
which specific groups are significastatistically different from other group$Stevens,1999
Newsom, 2018)In our study, more than two groups needed to be compared. Specifically, there
are four groups df1-FHWA classs (classl, class2, class3, class4) and 11 sufgroups that can
be found in Table & of Chapter 5.1. After completingheway ANOVA test, a Post Hoc test,
also known as multiple comparisons, was needed to make all of the pairwise comparisons between

groups. Different Post Hoc tests axaitable. Foronevay ANOVA, Tukeyds Hone

Di fference test (Tukeyds HSD) is a popul ar a
unequal. Tukeyds HSD calcul ates one critical
ofmeans. Bch difference is then compared to the

value of the difference between the two pairs
critical valuewhich represents the P value equa) 185, the comparison &atistically significant
(Stevens, 199Newsom, 2018)Equatiors 4-1 and4-2 show the calculationfdhe critical value

and the comparison
a4 r a1 Equation 4-1

LoL JoBaad r Equation 4-2

where:
MSE is the mean square value within a group;

n is the number of values in a group;
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g is the relevant critical value obtaining from the studentized rstagjstictable(Stevens, 1999)

Y1is the mean of group and

Y2 is the mean of group j.

In this study, weonducedaseaiesof oneway ANOVAtestsand Tukey ofameath8D t est
FHWA classand subM-FHWA classs to check whether the average speeds estimated for each
M-FHWA classand sub M-FHWA classs are significantly different from each oth&hapter

5.1 provides details.

4.1.2 Quantile-Quantile Plot

A quantilequantile QQ) plot isa probability plot and a neparametrigraphicalmethod.

It can be easilgonstructedy the R languagdFord, 2015) Although aQQ plot is generally a
more powerful approach thamply comparinghistogramf the two samplest requires skill to
interpretproperly.

The QQ plot is a scatterpltitatplotst wo d squaatdes dgdinst one anotlarshown
in Figure 42 (Perktoldet al, 2019) It can be used tairtually inspect the similarity between the
distributions of two dataset$f. the distributions oftwo datasetare similar the pointsin the
scatterplolie approximately orthe 45-degredine (the red line in Figure-2). Greater departure
from the 45-degredline indicatesgreater evidence that tligstributions of théwo data setsre

different(lhaka, 2007)
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Figure 4-2: Example of Quantile-Quantile Plot (Perktold et al., 2019)

An advantage othe QQ plot is thatthe two dataset®steddoes not require the strong
assumption oéqualdistribution For instance, two test datasets do not both need to have a normal
distribution. QQ plots can deteshifts in location, shifts in scale, changes in symmetry, and the
presence of outliersf the two data sets come from populations whoseiloigions differ only by
a shift in location, the points should lie along a straight line that is displaced either up or down
from the 45degree line.

This study conductedQQ plotting to examinesimilarities in the speed distributions
between the WIM and BS speeddatases and to determine whether or not there exists a

relationship between th&IM and GPSspeeddatases.
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4.1.3 Linear Regression Model

After examining the similarities in the speed distributions, it is time to establish whether there is a
relationdip between WIM speed distribution and the GPS speed distribution. Regression
modeling has been widely used to estimate the relationships between one or more independent
variables and dependent variakelyers, 1990) Linear regression, the basic and commonly used

type of regression model, finds the béting straight line that describes the relationship between

two continuous variables, an independent variable and a dependent variable. g8 atiesents

a linear regression mod@ou et al, 2003)

« F fo Equation 4-3

where:

X is the independent variable;

y is the dependent variable;

a is the intercept of the regressiore; and
b is the slope of the regression line.

The equations for the intercept A dKutneaehal, t he

2005)
B« Be Be Be « .
+ — Equation 4-4
» Be« Be B¢ .
t = Equation 4-5
where:

a is the intercept of the regression line;

b is the slope of the regression line;
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X is the independent variable;
y is the dependent variable; and

n is the numbeof observations.

4.1.4 Monte Carlo Data FusionMethod

After calculating the relationship between the WIM speed data and the GPS speed data
using a linear regression model, we created an integdategetcontaining informatiorsuch as
travel speedyehicle clasifications, weight, stop pattern (rstoptrips andstoppingtrips) for
further analysisThis data fusion process is discusbetbw.

As mentioned earlierhe WIM data includd informationsuch assehicle classificatios
and GVWfor all vehicles butit did not includedetails ofnon-stoptrips andstogping tripsalong
the study corridarThe GPS dataontainednformationthat wasnot recordedn the WIM system
such astoppingdurationandstoppinglocations andor eachheavyvehiclg but it did not include
weight andvehicleclass information.

In order to create an integrated dataset that contained all the information in the two distinct,
but incomplete sources of information (WIM and GPS), this study reliedtarfusiortechnology
known as the Mont€arlo methodReichsteirandRichardson, 2011)

The MonteCarlomethod is applied to create a single integrated database that maintained
the distributions of the various factors inherited from the two distinct datasets. In simple terms, the
integrated dataset created by the through M@atdo method wasble to present the equivalent
ratio for each important characteristic considered (e.g., vehicle class, &dppingand non
stopped ratio) compared to those characteristics in each dataset.

The Monte Carlodata fusionmethodis aset of computational algorithms thabnduct

repeated random sampling to obtdesirednumericaloutcoms. Theapproachs often usedo
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solveproblems in the area physics and mathematgandcan also be found in mamygineering
applicationgReichsteimndRichardson, 201 Kroeseet al 2014 Trieuet al 2014) To minimize
uncertainty in the processstead of usin@ singlevalue (e.g., an average) as a repngstive
input for a particular variabléhe Monte Carlanethod providesa bettemapproach{Shapiro, 2003

Kroese et al., 2014Figure 43 shows an outline of thielonte Carlodata fusiormethodadopted

in this study

47



\ Start
\~\
.
./ WIM  /
7/ Data /
v v v v v
40-41 km/h l 41-42 km/h | 108-109 km/h 109-110 km/h
v v v v v
Nonstop X1% Nonstop X2% NonstopXm-1% | Nonstop Xm%
Stop (1-X1)% Stop (1-X2)% Stop (1-Xm-1)% | Stop (1-Xm)%
I | | |
v

Random run one trial
in each speed interval

// // " \\\\\\
_Check if the trial
True<__ results: >/hFalse
v <= Nonstop %~ v
™~ s 3
Nonstop Py HE Stopping
Data Data
[ I
ES
et Tt
S 1t the last Sy,
No data? /
.
Yes
Y
Is it the last
No

ia-'/I\IeX;[\\-3
ey

trial?

Yes
v ¥ i
[ End
e A

Figure 4-3: Processof Monte Carlo Data Fusion Method

48



Figure 43 shows the multiplestepsof the Monte Carlodata fusiormethod The method
first createl a multiplepartitioned dataseticcording tdhe percergggeof nonstop vehicles in each
speed intervabbtained fronthe GPS dataseThe percentage of nonstephiclesin the first speed
interval (40 km/h to 41 km/h) can be interpretecka%o, and the percentage stbppingvehicles
in the firstspeed interval (40 km/h to 41 km/h) can be interpretdd-as:) %.The percentage of
nonsbpvehiclesin the last speed interval (1@&1/hto 110km/h) can be interpreted a6, %, and
the percentage adtoppingvehiclesin the first speed interval 09 km/h to 110 km/h) can be
interpreted agl- Xm) %. The subscriptdtter mrepresents the maximuwmalueand Xm represents
the maximum speed interval.

Fromtheprecise speed intervdirst speed intervainjinimum speed interval frod0 km/h
to 41 km/h) tathe last speed intervain@ximum speed interval frod09 km/hto 110km/h), the
percentage of nonstohiclesin each speed interval can be interpreted f¥in% to Xm % and
the percentage afttoppingvehiclesin each speed interval is fror-(X1) % to (1- Xm) %. Based
on the precisspeed intervalweobtained the precigercenageof nonstopand stoppingehicles
in each speed interval from GPS dataset. Then, the partitioned dataset wasansedads re-
categorizaVIM dataset. The detail was explained as below.

The methodusedrandonty samplingto obtainthe percergge of nonstop and stopping
vehiclesin each speed interval for WIM datagetl trips in WIM datasetand compare the
random sample resslof all trips in WIM datasetvith the partitioneddatasebbtainedn the first
step for eaclspeed intervalrom GPS datasetf the sampling valuef the trip inWIM dataset
wassmallerthan the perceage value of the GP&thset for the same speed intervad,itiration
output(thetrip in WIM datasetnoved orto the nonstoptrips group If the sampling védue of the

trip in WIM dataset wadiggerthan the perceage value of the GPSthset for the same speed
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interval, the iterationoutput moved orto the stoppingtrips group. The iteratins continued until
we obtairedthe numerical results for each speettivalandall speed intervalarere exhausted.
(See Figure B) After the firstiteration the simulationteratedan additional nine times until
completed ten times

Each trip in WIM dataset contained the detail travel information including avepagel
GVW and vehicle classificatiowWhenall the trips in WIM dataset were randomly sampled and
re-distributed into nonstop and stopping categoaéier integrating the dataset through this
resamplingprocess the distribution ofvehicle peed, GVW andclassificationwere also re
distributed and signed intionstop and stopping categories. Finallg,had a set of nestop trips

information and a set of stopping trifpdormation

4.1.5 Correlation Analysis

The degree of linearelationship between variablesan be measuretly correlation
analysis. There are different types of correlation analji$ietwo most popular typefearson
correlation andspearmarcorrelation, were used in this stu(Btatistics Solutions, 2019)

S p e ar ma Roéder carrgatidn(Spearman Correlation)

Spearman correlation is a nparametriccorrelationtest used to measure the degreeaoking
association between two variableslike the Pearson correlation, this analysis does not assume a
linear relationship between the variabléslsodoes not assume adistribution forthevariables

tested The equation for th8pearman correlatias shownin Equation4-6 (Mukaka, 2012)

pH

Equation 4-6

where:

d is the difference between rank xi and rank yi; and
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n isthe number of data.

Spear man 0 swillb®doseftdl i€ theaalative position (rank) of each observation from

the two variables is positively and strongly associgged.e a r ma n 6 swillbe@doos$eftoilc i e nt
if the relative position (rank) of eh observation rank from the two variables is negatively and

strongly associateHaukeandKossowski, 2011Statistics Solutions, 2019)

Pearson product moment correlatiofPearson correlation)

Pearson correlation ithe mostvidely usednethod. Both variables should hermally distributed
The correlation coefficient ranges frorh to +1 and indicagethe strength othe monotonic
relationship between the two variabl@smonotonicrelationshigs a relationshiphiat does one of
the following:1) as the value of one variable increases, so doesthe of the other variable; or
2) as the value of one variable increases, the other variable value decféaseguation for

calculating the Pearsowieelation is shown in Equation4(Mukaka, 2012)

> L en e Equation 4-7

where:

R is the correlation coefficient between variable x and variable y;
ofis mean of variable x;

0 is the mean of variable y;

Xi is the value of variable x in a sample;

yi is the value of variable y in a sample; and

n is the number of data in a sample.
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A correlationcoefficient of around +1implies a strongpositive monotonic ssociation,and a
correlationcoefficientof around-1 implies astrongnegative association. A coefficient value of

zero implies no monotonic associatigtaukeandKossowski, 2011Statistics Solutions, 2019)

4.2 Microsimulation Approach

The use ofmicrosimulaion models in traffic operationgraffic safety,transportation
design and planninig beconing popular due to the increaseeled for transportation engineers to
solve complextransportationproblems Somereal world problems cannot be easily answered
using a datalriven empirical data analysis that requires observing vast amounts of reatlatarld
(Appiah et al., 202).

This study use¥/ISSIM simulationto understandhe potential safety impaof DSL for
different type ofM-FHWA classexombined with ASE. The simulation study investigated the
safety impact by comparing tvepeed limitstrategiegUSL and DSL) andwo speed enforcement
strategies (SSBNdASE). We selectedhree traffic performance indicators help evaluatethe
safety impact in the simulation study:ti} longitudinal85" percentilespeedorofile, 2) standard
deviation of spee@nd3) thespeed violation raté he framework othe VISSIM modelis shown

in Figure 44.
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The input parameters for the VISSIM model required three types of traffic datérsthe
was roagparameters/hich includes road geometry and the number and width of lanes. The second
was vehicle parameterssuch asvehicle classificationvehicle weight, and engine power of
different types of heavy vehicles. Ttierd was trafficparaméerswhich includedraffic volume
vehicledistribution, andravel speedThe detailinput parameterfr simulation modeWwould be
described in Chapter 6.1.

The VISSIM modelwas calibrated tomimic existingtraffic conditiors as closely as
possibleTheternsical i br ati ono and v adteiplthses of thenpdboceasr e u s
used to esure thathemodel accurately represents readrld traffic conditiors, butfor simplicity
the word dAcal i br atisstudyasrdacanmendges discohsin ®OTRO18)ut t h
We used awo-stage calibration procedure

In the first stagewe usedntegrated dataset twalibratetraffic volume,travel time and
average speed checkwhetherthe traffic volume, traveiime and travel speed outputs from the
simulation model represest input traffic conditiors accurately. For thathe goodnessof-fit
(GOF)endorsed byVisconsin DOT(Wisconsin DOT, 2018)ere used.

The GOF tests were conductedhivo steps testl and tes2 (Wisconsin DOT, 2018)If
the model passithe testl, a global calibratiortest, it was not necessary to perform test 2 which
is a local test for the same metric. In test 1 (global) tests, the Root Mean Square Percentage Error
(RMSPE) was used as the primary calibration metric. REISs defined in Equation-&

(Wisconsin DOT, 2018)

=| 4 ‘” ||' ¥ jBJ - FF Equation 4-8
where:
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M is simulated data;

O is input data;

N is total number of data points in the dataset; and

i Is data point i.

The RMSPE threshold was 5% for traffic volume, 10% for travel time, and 10% for vehicle speed
that were endorsed by Wisconsin DQOfTall the RMSPE values for the different parametare

smaller than the threshold values, the model works well and can provide reasonable and reliable
simulation result§Wisconsin DOT, 2018)

However, thantegrateddatasetonly included heavy vehiclFHWA class 8 to class 12
vehicles)and did not have completed traffic lume information(FHWA class 1 to class 7
vehicleg. Therefore the traffic volumeinformationwas used in the first stage calibratimas
estimated based dhree years (2010, 2013 and 2016) of Annual Average Daily Traffic (AADT)
data provided byhe British Columbia Ministry of Transportation and Infrastruct(& MTI,
2019) The data wasollectedaround 4 km downstream dfe simulationsegmentWe useda
linear interpolation method to estimate the traffic volland Appendix Gprovidesdetaik of the
methodused tcestimae traffic volume.

In thesecondstage wefocused on findinguitablevaluesfor two traffic parametergraffic
volume and heavy vehicle percentafpe our base scenaribhese two parametehnsd significant
influence on heavy vehicle spedalit could not bevaluate from theintegrated datdirectly. A
sensitivity analysis was conducted éxamnedifferentlevels of traffic volumeanddifferentheavy
vehicle percentag® determine suitable values of the two input parameterthédyase scenario

After examining different combinatiorns traffic volumeand heavy vehicle percentagpgeed
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distribution was useds rationaldéo comparethe calibration results anshtegrated data anfthd
the most appropriatealuesfor traffic volume and heavy vehicle percentdgebase scenario.

Once the model accurayekstimated traffic parameters such as travel speed, various
mixtures of heavy vehicle classes and various traffic volumes, the model could be used to evaluate
different scenarios. These included the comparison of USL and DSL and the comparison between
SSEand ASE to assess the potential safety impact of heavy vehicles on highway by evaluating the
three traffic performance indicators, i.e., 1) longitudinal speed distribution, 2) standard deviation

of speed, and 3) speed violation rate.

4.3 Chapter Summary

This Chapter discussed the six methodologies used in the study: 1) ANOVA, 2) QQ plot, 3) linear
regression model, 4) Mont€arlo data fusionmethod, 5) two correlation tests, and 6) a
microsimulation model. Onway ANOVA tests with WMFKWAcCEs HSD
and sub M-FHWA classe were used to check that the average speeds estimated fdvieach
FHWA classand subM-FHWA classe were statistically significantly differeritheQQ plot was

used to check differences in the speed distributions obt&iodtheWIM and GPS datasets. A

linear regression model was applied to estimate the speed relatibashgen th&VIM and GPS

speed datasetThe MonteCarlodata fusioomethod was applied to develop a more accurate and
integrated nonstop and stoppingps$ dataset. The study then applieddarson and Spearman
correlation tests to examine the statistical relationshgpt ween t he heavy vehi
FHWA vehicle classification antM-FHWA classificationin our integrated traffic dataset. The
generahspects of the VISSIM simulation model and the-stalge model calibration process were

also included.

56

t



ChapterSDatDa i ven Anal ysi s

This Chapter discusses three empirical data analyses. Firstly, this Qiraptesesa Modified

Federal Highway Administration (MHWA) classification that explicitly considered heavy
GVW. Secondly, this Chapter discusses the development of the integrated dataset using the data
fusion process disissedn Chapter 4.1.4 to amalgamate WIM data and GPS data. Lastly, this
Chapterevaluated the FHWA heavy vehicle classification and a proposeHWA classification

to decide which scheme would be suitable for developing a DSL strategy based on GVW. The
study examined the empirical relationships between heakicle speed and GVW fdtHWA

classes and NFHWA classes

5.1 Proposed Vehicle Classification

As one of the purposes of this study was to investigate the possibility of setting a new differential
speed limit by considering GVW in detail, an in depth analysis was conducted to devedap
heavy vehicle classificatioschemewhich differs from the FHWA vehicle classification because
it includes a more precise consideration of heavy vehicle weights.

Figure 51 showed the existing FHWA vehicle classification scheme including
motorcycles (class 1), passenger cars (class 2 and 3), buses (class 4)usingleck (class 5 to
7) and multiunit trucks (class 8 to class 13). FHWA classificatlargely depends on the
configuration of vehicles, for example, the presence or absence ofstiaaié/or the number of
axles(FHWA, 2013) This meanghat the GVW of heavy vehicles belonging to a particular FHWA
class can have widely different GVWs. The FHWA classification is not the most suitable
classification to be used for DSL associated with GVW.
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FHWA Vehicle Classifications

1. Motorcycles 2. Passenger Cars 3. Pickups, Panels, Vans 4. Buses
2 axles, 2 or 3 tires 2 axles, can have 1- or 2-axle trailers 2 axles, 4-tire single units 2 or 3 axles, full length
Can have 1 or 2 axle trailers

m a * G i iE:FFFFH:\\EW. 1| ﬂ. \\I

5. Single Unit 2-Axle Trucks 6. Single Unit 3-Axle Trucks 7. Single Unit 4 or 8. Single Trailer 3- or 4-Axle Trucks
2 axles, 6 tires (dual rear tires), single-unit 3 axles, single unit More-Axle Trucks 3 or 4 axles, single trailer
4 or more axles, single unit

9. Single Trailer 5-Axle Trucks 10. Single Trailer 6 or More-Axle Trucks
5 axles, single trailer 6 or more axles, single trailer m
11. Multi-Trailer 5 or Less-Axle Trucks 12. Multi-Trailer 6-Axle Trucks
5 or less axles, multiple trailers 6 axles, multiple trailers

13. Multi-Trailer 7 or More-Axle Trucks
7 or more axles, multiple trailers

Figure 5-1: FHWA 13 Vehicle Classification Schem¢FHWA, 2013)

A different heavy vehicle classification scheme was also presented by U.S. Environmental
Protection Agency with consideration of vehicle GVW as Appendix A showing (EPA, 2017). The
main criterion of the EPA classification was @BV and the maximum GVW threshold suggested
in the classification is 60,000 Ib (27,200 kg). However, the current classification was not precise
enough for this studydés objectives. Specifica
GVW of more tlan 27,200 kg, while the average GVW for vehicles travelling in our study corridor

was 31,045 kg with the highest GVW as 67,020 kg.



Thus, we proposed a Modifigeederal Highway Administration (MHWA) classification
based on the current conventional FHWAsdification. We considered one important threshold
value of GVW, 27,200 kg which was the maximum GVW threshold suggested by EPA
classification. Another higher threshold(s) of GVW for vehicles exceeding 27,200 kg should be
considered. The thresholof GVW was selected to ensure that the speed distribution of the
category created was distinctive (avoiding overlapping where possible) and that there was a
sufficient number of vehicles in each category. When we tried GVW values from 30,000 kg to
60,000 kg withan increment for every 5,000 kg, we found that the speed distributions of each
group overlapped when the threshold value was less than 45,000 kg and that the number of vehicles
in the groups was not sufficient when the threshold value was higher thad 4§,0biere were
3 % (372vehicles) of heavy vehicles with GVW higher th&5000 kg There were 2.50 % (234
vehicles) of heavy vehicles with GVW higher than 50,000 kg, 2.10 % (196 vehicles) of heavy
vehicles with GVW higher than 55,000 kg and 1.1% (t€@icles) of heavy vehicles with GVW
higher than 60,000 kg. Therefore, 45,000 kg was considered as the second threshold value of GVW
to categorize heavy vehicles. Appendix B provides more detalils.

Based on the three criteria, GVW, FHWA class and averagedspve developed four
main classes with a total of 11 skeFHWA classes. We then conducted a series of ANOVA tests
and Tukeyds HSPBFHWA dasssandfsev-FH@ A dalss tdvcheck whether the
average speeds were statistically significantly diffié Table 51 presents the proposed MHWA
class and its relationship with the other criteria used to create-fidWA class. Total, there are
four categories in MFHWA classification scheme: class 1, class 2, class 3 and class 4 from lightest

heavy veltles to heaviest heavy vehicles according their GVWs.
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Table 5-1: Number of Vehicle and Speed Distribution forProposedFour M-FHWA Class

Average Number Average
M-FHWA Sub- FHWA
Speed GVW (kg) of Speed
Class Class Class _
(km/h) Vehicles (km/h)
Classl 86.12 1-8 8 <27,200 18 86.12
29 9 <27,200 2,973 75.20
Class2 75.35 2-10 10 <27,200 311 76.62
2-12 12 <27,200 49 76.92
39 9 27,20045,000 3,456 73.22
3-10 10 27,20045,000 1,895 72.41
Class3 72.84
3-12 12 27,20045,000 185 70.76
3-13 13 <45,000 104 71.87
4-10 10 >= 45,000 93 68.51
Class4 66.92 4-12 12 >= 45,000 13 66.37
4-13 13 >= 45,000 266 66.39

If we compare theM-FHWA classificationwith the FHWA classification, as shown in
Table 51, M-FHWA classl included FHWA Class 8 only. The GVW in this class was less than
27,200 kg and the average speed (87.40 km/h) was substantially higher than that bf-other
FHWA classesM-FHWA class2 induded FHWA Classes 9, 10 and 12 and the GVW for each
subclass was less than 27,200 kg. The average spe&ttFdt\WA class2 was 76.51 km/hM-
FHWA class3 included FHWA classes 9, 10, 12, and 13 with GVW ranging from 27,200 kg to
45,000 kg. The averageesgd ranged from 70.76 km/h to 73.22 knWhFHWA class4 included
FHWA Classes 10, 12 and 13. The GVW was more than 45,000 kg and the average speed ranged
from 66.37 km/h to 68.51 km/h.

Table 52 summarizes the results of the ANOVA test for the MduFHWA classeslf the

ANOVA null hypothesis is true (i.e., if the-alue is close to 1 and thevialue is more than%%),
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the speed means between MeFHWA classesvere not statistically significantly different. In
Table 52, the Fvalue was 117.5 and thev@ue was 0, so we rejected the null hypothesis at the
5% significance level and concluded that there wstaigstically significant difference in vehicle

speeds betwedvl-FHWA class 1M-FHWA class 2M-FHWA class3 andM-FHWA class4.

Table 5-2: ANOVA Test for the Four M-FHWA Classes

Degrees of Sum of Mean
Source F-Value P-Value
Freedom  Squares Square
Type 3 33,150 11,050 117.5 0
Residuals 9,361 880,286 94 - -

The ANOVA test results iTable 53 indicatethat the average speed differences between
the fourM-FHWA classesre statistically significant, but the results did not indicate exactly which
classes had statistically different mean spee
This test was used to compare all possible pairs of average speeds between hd-FWA
classesTable 53 shows the resultdhe analysis showed that the fodrFHWA classesvere

statistically significantly different at th&% level of significance

Table 5-3: Tukey Post Hoc Test for FourM-FHWA Classes

M-FHWA Class Mean Lower Upper Adjusted P-
Pair Difference Bound Bound Value
Class 2 Classl -10.74 -16.63 -4.85 0.0000
Class3 - Classl -13.28 -19.16 -7.40 0.0000
Class4i Classl -19.20 -25.21 -13.19 0.0000
Class3 - Class2 -2.53 -3.08 -1.99 0.0000
Class4 - Class?2 -8.46 -9.82 -7.10 0.0000
Class4 - Class3 -5.92 -7.26 -4.59 0.0000
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Addi ti onal Tukeyds Post HocsubKe-§HWAClessese con
(see Appendix B for details). The result showed that someMuEHWA classeghat were not
statistically significantly different from each othihis implies that thedur M-FHWA classes
may be adequate for developing a new differential speed limit and that -M-B#WA classes

may be too many for this purpose.

5.2 Development of an Integrated Dataset UsingVIM and GPS Datasets

This section discussed the development ofithegrated WIM and GPS dataset. Section 5.3
discusses he r el ati onships between heavy vehicl esd
M-FHWA classificationbased on integrated dataset.

The WIM system could not detect whether a heavy vekeps cotinuously travelling
or stopped at somewherfer rest or refuelTo overcome this problem and reduce possible bias due
to the lack of stop duration informationeconsideredsPS data which includedformation such
as speed, rest locations and stiopes along the study corridor to combine with WIM data and
develop an integrated dataset including more accamatstop and stopping information.

Table 54 show the speed violation rate for the all trips, nonstop trips and stoppinfgitrips
GPS dataWe used 5 minutes as the threshold for defining a stop and separating nonstop trips from
stopping trips. The speed violation rate (i.e., average travel speed faster than 88 km/h) for nonstop
trips was 20%and stopping trips was 2%he speed violation rafer all vehicles travelling along
the study corridowas7%.

Table 5-4: Speed Limit Violation Rate Distribution for GPS Data

GPS Data All Vehicle Nonstop Vehicles Stopping Vehicles
Number of Vehicle 1,241 332 909
Speed Limit Violation Rate 7 % 20 % 2%
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While the average speed information from GPS is acknowledgeable, it did not contain
information about the weight and classification of heavy vehicles. WIM system provided such
information, we decided to combine both WIM and GPS dataset through a sedas @iision
process as discussed in Chapter 4.

Before starting the data fusion process, we checked similarities in the WIM and GPS data
distributions to check whether data integration through a data fusion process was feasible. Figure
5-2 confirms that ta WIM and GPS data have very similar speed distributions. (Appendix D shows

additional sets of data comparison between the WIM and GPS datasets.)
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Figure 5-2: Speed Data Comparison between GPS and WIM

Figure 53 shows the quantiquantile (QQ) plot developed to examine the relationship

between the WIM and GPS datasets. Each black point (x,y) in Fighire & plot of GPS a&rage
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speed distribution along the vertical axis against the correspontiiihg average speed

distribution along the horizontal axis.
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o | — Y=X

% Y=026+1.01*X
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WIM Speed (km/h)

Figure 5-3: QQ Plot between WIM Data and GPS Data

The red line in Figure -8 is the 45degree line with slope as 1. Points along this line
indicate that the distribution of the GPS average speed perfectly equals the distribution of the WIM
average speed. Figure3sshows that the blagboints are close to the red line, but not exactly on
the red line. Points above the red line indicate that the distribution of GPS average speed is slightly
higher than the distribution of WIM average speed.

From Figure 83, it is reasonable to infer ththe WIM and GPS speed distributions are
very similar in shape and differ only slightly in location and sce¥e developed a linear

regression line (Equation® to show the relationship between the two datasets quantitatively:
« =|= -H-o Equation 5-1
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where

X is the speed of WIM data;
y is the speed of GPS data;
ais 0.26; and

bis 1.01.

Using the statistical relationship between the WIM and GPS datat{Bq®1), the
speed inVIM speed was updated. After updating the speed for integrated datasgiplied the
Monte Carlodata fusiormethodto create two distinct dataset€luding speed, GVW and

vehicle classificationone for nonstop trips and ofeg stopping trips as discussed in Chapter 4.

Monte Carlodata fusionmethod considered the distribution of vehisfgeedclass and
GVW and generatedimulationsusingrandomdawningof WIM data based othe partitioned
datasefrom GPS daténstead ofusinga single value, such as the average valbe outcome of
simulation allows us to compute the distributiorvehiclespeedgclass and GVWor nonstop and
stopping tripsTo check the minimum number of simulations required for a proper Moaute
data fusiormethod analysis, we investigated the average speed distribution for 10 simulations and
100 simulations (see Appendix EAs the results were statistically identical, we used 10
simulationsto integrate the speed, class and weight distribufi@nsonstop trips andtopping

trips.

We compared the integrated dataset (Tak¢ with the original WIM dataset (Table 5
6) and GPS data (Table7. In Table 55, the total number of vehicles in each vehicle class
from integrated data is the sametlzes total number of vehicles in each class from the WIM

dataset (Table-B). There is a total of 9,363 heavy vehicles with 18 vehicles in Class 8, 6,429 in
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Class 9, 2,299 numbers in Class 10, 247 in Class 12, and 370 in Class 13. This is to be expected
asthe integrated data was derived from the WIM data.
The percentage of nonstop trips (26.75%) and stopping trips (73.25%) in the integrated data is
the same as the percentage of nonstop and stopping trips in the GPS data-7).ablesSs to
be expectedsathe integrated data was derived from the GPS data.

These findings show that the Monte Catlda fusiormethod successfully incorporated
the class and weight information from the WIM dataset, and the nonstop and stopping trips from

the GPSlataset into integrated data.
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Table 5-5: Frequency and Speed Distribution for Integrated Dataset

Type of Vehicle Trip Average Speed (km/h)
. ) Percentage of _
Vehicle _ Percentage of Stopping _ _ Stopping
All Nonstop Trips ) ) Stopping All Nonstop Trips )
Class Nonstop Trips Trips ) Trips
Trips
Class 8 18 9 0.10% 9 0.10% 87.41 91.12 83.41
Class 9 6,429 1,827 19.51% 4,602 49.15% 75.28 82.44 72.56
Class 10 2,299 558 5.96% 1,741 18.59% 73.95 81.21 71.68
Class 12 247 55 0.59% 192 2.05% 72.87 80.40 70.86
Class 13 370 56 0.60% 314 3.35% 69.00 74.47 68.17
Total 9,363 2,505 26.75% 6,858 73.25% 74.92 82.53 72.14
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Table 5-6: Frequency and Speed Distribution for WIM Dataset

] Average
Vehicle Number of
_ Speed
Class Vehicles
(km/h)
Class 8 18 86.12
Class 9 6,429 74.14
Class 10 2,299 72.84
Class 12 247 71.76
Class 13 370 67.93
Total 9,363 73.53

Table 5-7: Frequency and Speedistribution for GPS Dataset

Type of Vehicle Trip Average Speed (km/h)
Nonsto Percentage of  Stoppin Percentage of
Vehicle Class  All _ P g- F_)p J _ J _ All
Trips Nonstop Trips Trips Stopping Trips
1,241 332 26.75% 909 73.25% 74.92
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5.3 Analysis of the Integrated Dataset

Using the integratediataset we explored the statistical relationships among heavy
vehi cl esGYW $op FEH®VA slassificationand M-FHWA class The first step was to
undertakeSpearman andPearson correlation analyses (discussed in Chapter 4.1) to examine
whether the relationships were statistically significant.

Table 58 shows the test results of tBpearmartest at the 5% significance level. There
are three major findings that need torfmeed 1) Average speed has a strong negative correlation
with GVW (-0.98), M-FHWA class(-1) and FHWA class-(), 2) GVW has relatively stronger
positive correlation wittM-FHWA class(1) than FHWA class (08, and 3) FHWA class has a
moderate positive correlation wil-FHWA class(0.41).

Table 59 shows that the results of tRearsortest are similar to th&pearmamesults. All
three variable (GVW, FHWA class am-FHWA clasg have strong negative corretat with
speed. GVWhas relatively strongeositive correlation wittM-FHWA class(0.97) than FHWA
class (0.8), and FHWA class has a moderate positive correlationMiFHWA class(0.46).

Tables 58 and 59 show that theVl-FHWA clasgspeed andM-FHWA classGVW
correlations are stronger than the FHWA class/speed and FHWA class/ GVW correlations. These
results suggest that tiv-FHWA classwould be more appropriateshicle classification scheme
than FHWA class when considering a DSL associated with GVWedavy vehicles. (Appendix

F provides a detailed scatter plot of these results.)
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Table 5-8: SpearmanCorrelation Test Result

_ M-FHWA
Variables Average Speed GVW FHWA Class
Class
Average Speed 1.00
GvW -0.98" 1.00
FHWA Class -1.00" 0.98" 1.00
M-FHWA X X "
-1.00 1.00 0.41 1.00
Class
Table 5-9: PearsonCorrelation Test Result
] Average M-FHWA
Variables GVW FHWA Class
Speed Class
Average Speed 1.00
GVW -0.96" 1.00
FHWA Class -0.92" 0.93" 1.00
M-FHWA X X X
-0.94 0.97 0.46 1.00
Class

** gignificant at 0.05 level

Figure 54 shows the coefficient of determinatior?Retween average speed and FHWA
Class,M-FHWA classand GVW. A value of Rthat is close to 1.0 indicates a strong linear
relationship between two variabl@3ufour, 2011) It is clear that FHWA Clas$/-FHWA class
and GVW all have a very strong decreasing linear relationships with average speed.

The Rvalue for FHWA class in Figure-% (a) is 0.80 which is smaller than the 0.983 R
value forM-FHWA classin Figure 54 (b). Both the Spearmamd Pearsotests showe that the
M-FHWA clasgspeed relationship was stronger than the FHWA class/speed relationshig. The R

value for GVW in Figure 8! (c) (0.91) shows that GVW also has a very strong decreasing linear
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relationship, a finding that also reflects the resulthefPearson and Spearman tests. Figute 5
also suggests thd-FHWA classis a reasonable classification scheme to use for setting DSL by

considering precise GVW for heavy vehicles.
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Figure 5-4: Average Speed Distribution for FHWA ClassM-FHWA Classand GVW

Figure 55 shows two boxplots. Figure5(a) shows the relationship between GVW and
FHWA Class, and Figure-5 (b) shows the relationship between GVW &hdFHWA class

Figure 55 (a) and (b) show that higher vehicle classes (FHWA classeMardWA
clasg clearly have higher GVW and greater variance in GMWMWA classis less clearly
associated with GVWsee Figure % (a)) There is more GVW variation in the FHWA classes
and the GVWvariation showoverlap between class 9, class 10 and clasBig@re 55 (b) shows
the GVWs ineachM-FHWA classis clearly differentiated and the variance of GVW is smaller
for eachM-FHWA class. The findings also suggest thatFMWA class is a more suitable

classification scheme than FHWA class for setting DSL based on GVW for heavy vehicles.
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Figure 5-5: Boxplot of GVW Distribution for Different Classifications

Figure 56 (a) shows the cumulative percentile distribution of average speed for each
FHWA heavy vehicle class, and Figur® %b) shows the distribution for eabhFHWA class In
general, vehicles belonging & lower vehicle class have a higher speed distribution than do
vehicles in a higher vehicle class. It is clear, for example, that FHWA Class\8-BERtWA class
1 (thesame group of vehicles and the lightest) have the highest average speed distribdtion, a
FHWA class 13 anM-FHWA class4 (the heaviest) have the lowest average sgistidbution

The speed distributions for FHWA classes 9,10 and 12 (Figte€d)) are very close to
each other: the speed distributions are very crowded at thep@Benie speed values (the
horizontal red dash line). This is because the GVW of these three FHWA classes includes overlap

due to the large variance in the classes. This finding is consistent with a previous finding
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suggesting that vehicle weight is the prim&agtor affecting travel speeds of heavy vehicles
(Saifizul et al., 2011)

Thespeed distributions for thd-FHWA class(Figure 56 (b)) are more clearly separated,
and the 88 percentile speed values (the red dash line in Figuréld) are distinctive. This is a
major finding that 1) supports the idea that GVW is the primary factor affecting the travel speed
of heavy vehicles, and 2) shows tfWA heavy vehicle classes (skes 8L3) have a large
variation in GVW (especially classes 10 and 12) that leads to overlapping in the travel speed of
each class(See Appendix G for more details of the integrated data analysis including the

frequency distributions for vehicle classy'® intervals and average speed distribution for vehicle

class and GVW).
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Figure 5-6: Cumulative Speed Distribution for FHWA Classes andM-FHWA Class

Based on the previous evaluations, we found betticle average speed and GVW had
stronger monotonic relationships with-lMHWA classes than conventional FHWA classes. The

GVW variance in each NFHWA class was smaller and differentiated from each class, and the
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GVW variance in each FHWA class was bigged overlapped with each other. Additionally, the
speed distribution in each /MHWA class was clearly separated compared with the speed
distributions of FHWA classes. Also, we found that GVW was an important factor to affect heavy
vehicle travel speed, atighter vehicles (smaller GVW) usually travel faster and heavier vehicles
(large GVW) travel slowly. It would be more reasonable to set higher speed limitF\WA

class 1 (small GVW) and lower speed limit forMHWA class 4 (higher GVW). Therefore, the
findings here demonstrated that the propose@HWWA classification is a more appropriate
vehicle classification scheme than FHWA classification to be used for settiffgrential speed

limits by considering GVW.

5.4 Chapter Summary

This chapter proposed @ew heavy vehicle classification (FHWA) with a more precise
consideration of GVW than FHWA class.-MHWA class was created by considering three
criteria: 1) two GVW threshold values (27,200 kg, 45,000 kg), 2) FHWA class, and 3) the average
speed of heavyehicles in each class. The ANOVA test was conducted for the felaHWA
classes and showed that the difference in average travel speed associated withHFeBbIA M
class wastatistically significant.

The chapter also developed the integrated dafiesetWIM and GPS data by employing
QQ plot, linear regression model and Monte Catéda fusionmethods. The QQ plot was
employed to find the speed distribution of WIM data was similar to the speed distribution of GPS
data. A linear regression line was dge help find the existed speed relationship between WIM

data and GPS speed data. Then, Monte Cdala fusionmethod was used to successfully
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incorporate the class and weight information from WIM data and the nonstop and stopping
information from GPS ito integrated dataset.

After developed the integrated datasstaluated the FHWA heavy vehicle classification
and a proposed MHWA classification to decide which scheme would be suitable for developing
a DSL strategy based on GVWirstly, we inspectederelationship betweemeavy vehicle speed,
GVW between FHWA class and-FHWA classusing two type of correlation tests, Spearman
and Pearson. We found that vehicle average speed and GVW both had stronger monotonic
relationships withM-FHWA class than FHW class. Secondly, we compared the speed
distributions between NFHWA class with FHWA class. The histograms also showed that average
speedhad a stronger relationship witi-FHWA classeghan theFHWA classes. Thirdly, we
examined the relationship betweeahicle classification and GVW. The boxplots showed that
GVW in eachM-FHWA classwas differentiated with each other, and the GVW variance was
smaller in eacM-FHWA class compared with each FHWA class. GVW in each FHWA class was
overlapped together, espaty between class 9 to class 12, and GVW variance was quite large in
each FHWA class compared with the GVW variance in @éddhHWA classes, especially for
heavy vehicles with large GVW (class 12 and class 13). Then, we examined the cumulative speed
distributions between MFHWA class than FHWA class. The speed distribution for eaeh M
FHWA class was clear and separated, while the speed distribution for each FHWA class was
overlapping, especially for class 10 and 12. All the evaluations suggested-Htda¥WA class
scheme with differentiated GVWarianceand separated speed distribution in each class is a more
suitable vehicle classification scheran the FHWA classification when setting a differential

speed limit by considering GVW.
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Chapter6 Mi cr os i mMulad tyisa rs

This study relied on VISSIM simulation tonderstand the potential safety impact of
various speed limit and speed enforcement strate@gedlustrated in Figure 8, the VISSIM
simulation adopted in this study consist &fur procedural steps:)1Specification oftraffic
performance indicatoy®) selection of input parameters; 3) calibrationimgdut parameters; 4)
comparingtwo speed limit strategie®)SL and DSI) and two speed enforcement strateg&SH

andASE) t o assess T(thhrethesdfatyaftheagyivehislds. i mp a
6.1 Overview of Simulation

6.1.1 Traffic Performance Indicators

The first step inhissimulation model was to determine appropriate performance indicators
to study the safety impact of different speed limit and speed enforcestnatgtgies, three traffic
performance indicators are selectetle longitudinal 85" percentile speedprofile, standard
deviation of speedndthe speed violation rate

Thelongitudinal speed distributionf speed reflesttheamount ofspeed fluctuatiomwhen
different types of heavy vehicteavel alonga simulation segment artovidesa good indicaon
of the effects of SSE and ASpeed enforcement. The'8percentile heavy vehicle spepbfile
for the simulated section of highwayas selected as dffirst performance indicatoiThe 85"
percentile speed is widelysedby highway agencies to describe operating speedsasdablish

speed zones. The B%ercentile isadoptedto include mostvehicles travelling at or below the
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speed limitthat hdp to reduce speed differencasd minimizevehicle contacts and create
harmonizedraffic flow (Neuman et al., 2009)

The condperformanceandicator wasthe standard deviation of speddifferent speed
limit and enforcement strategies may affect not onfy g&rcentile speed, but alsioe standard
deviation of speed he standard deviation of speed is often representdtelgifterence between
the 84" and 50" percentile travel speedany studies have observed that the standard deviation
of speed, which partly meassréhe interaction among vehicles, is an important potential
contributing factor for collisions on highwagdontella et al., 2011Summersgill and Neil, 2012;
Pauw et al, 2014I18him et al., 2015 large standard deviation iratrel speed sgenerally been
shown tobe associated withigher crash ratgfRkusso et al., 2017)

The third performanceindicator was thespeed violation rateA high rate of speed
violations is alsoknownto be associated witen adverse impact othe safetyof both speeding
and nonspeeding vehicles. In 2017, speeding was a contributing factor inc26# traffic
fatalities(NHTFA, 2019) The speed violation rate is especially imporfantollisions involving
heavy vehicless these collisns often have severe consequen@éensere et al., 2017)he
speed violation rate has been widely used to evaluate the safety effectiveness of different types of
speed limitsJohnson and Murray (201,Gpr examplefound that the safety implications of DSL

were significantlyaffected by the speed violation rate.

6.1.2 Model Overview

The input parameteffsr thebase scenario were estimated frimaintegrated datasehs
the integrated dataseais composed of datallectedfor the singlauniform speed limitsed from

two existed WIM stations that could be assumed aavbeage speed enforcementthe548 km
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of study corridor(see Chapter 3 for details), the base scenario was used to evaiuatdSL
strategy (Chapter 6.3.1) atite ASE strategy (Chapter42).

As itis not reasonable to apply average speed enforcement to 548 km of roadway, a shorter
segment was considered in the simulation exercisestot@esimulation segment was 10 km of
TransCanada HWY 1 to the east of Kamloops, BC. The firstkéter and the last kilometer of
the simulation segment were considered waprand cocldown zones used to check that each
vehicle (each record) traveled the completed length of kme 8egment of interest. The waup

and cooldown zones were not includén the simulation results. The corridor used for simulation

was 8 km of uninterrupted free flow highwag shownn Figure 61.

Figure 6-1: Location of Simulation Segment

The simulation period was 1k®urs. This included 15 minuteswarm-up and 15 minutes

of cooldownto allow theslowest vehicles to travel through the completed segment of the.model
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The warmup and coceldown periodswere disregarded in the analygis/ing and effective
simulation periodof 1 hour. On average, 10 runs were carried out for each speed limit and
enforcement strategy with different random seeds. The random seedwettadependent othe
number of runs. For 10 runs, the first random seed valuel@&svith an increment of 210 for

each subsequent rgwisconsin DOT, 2018)

6.1.3 Selected Input Parameters

VISSIM includes a number of input parameters that allow the user touigethe model
to match existing traffic conditions. This study inclddmly parameters thatffected the three
safety performance indicatorsefeChapter 6.1.1 for details) under freewegnditions These
parameters can be categorized into three components: roadway parameters, vehicle parameters and
traffic parameters.

In the case ahe roadwaynputparametershe highway segment is an undivided highway
with two-lanes in each direction. The measured lane wid$h7sn (7.4 m for two lanes We
simulated only eastbound direction traffic because we had WIM traffic data for Laidlaw (west) to
Golden (ea3. The average slope in the simulation segmerg+1.1% which can begnored The
segment gradesereassumedo belevel (0%).

The vehicle input parameters inclaidbée horsepower of different types of heavy vehicle,
the GVW distribution for differenttypes of heavy vehiclesand the vehicle classifications.
Abanotu (1999andYoon (2005)estimated the distribution of horsepower of heavy vehicles and
identified two distinct groups of heavy vehicles. For FHWA Class 8 vehicles, the average
horsepower was estimated as 216 kwr FHWA Class 9 to FHWA Class 13, the average

horsepower was estimated as X2 See Table 4.
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Table 6-1: Horsepower Distribution of Heavy Vehicles (Abanotu, 1999Yoon, 2005)

Cumulative Percentile Class 8 (kw) Class 9- Class 13(kw)

0 128.71 165.00

20 160.16 225.84

40 195.77 258.48

50 215.50 272.00

60 223.97 273.32

80 240.29 292.61
100 312.59 349.00

Vehicle GVW distribution was estimated from the integrated dataset. The study used two heavy
vehicle classications in the simulation. Our proposktbdified-Federal Highway Administration
(M-FHWA) classificatiorwas used to understand the safety impaatioptinga differential speed
limit strategy The FHWA classification was used to understand the safghadt of speed
enforcemenstrategy

The traffic input parameters considdmainly speed distributiontraffic volume, detail
heavy vehicle composition and total heavy vehidecentagen traffic volume Speed distribution
wasobtained from the integredl datasefThe detailheavy vehicle compositiowas described in
Chapter 6.1.4Chapter 6.2.2nvestigats thesuitable valuedor traffic volume andtotal heavy
vehiclepercentagén traffic volumeusingsensitivity analysisn thesecond stagealibration

It should be emphasized that some traffic input parametack as driving behaviour and
car following modelthat do not have a significant impact on the safety performance under free
flow traffic conditions were based on default or recomdeghvaluegprovided inthe relevant

simulation manuals an the literatureThe VISSIM default values for headway and other driving
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behaviar parameters were adopté€8ee Table &.) When trafficis very low with no congestion,
there is little differencen vehicle headwag/for different types of vehiclee(g., passengers cars
and heavy vehicleg)¥'e and Zhang, 2009YheVISSIM simulationfocused on speeadther than
driving behaviar and car followingmodel. In the case of thear following mode| and the

Wiedemann 90 daflilt values wereadopted. Table -2 provides asummary ofthe input

parameters.
Table 6-2: Selected Simulation Parameters
Input Parameters Values
Road Grade 0 (Level)
Number of Lanes 2 lanes (West to East Direction)
Lane Width 3.7m
Horsepower Table 61
GVW Distribution Calculate from Integrated Data
SpeedDistribution Calculate from Integrated Data
Vehicle Classification M-FHWA and FHWA Classes
Traffic Volume Unknown
HeavyVehicle Percentage Unknown
Car Following Model Wiedemann 99
CCO: Standstill Distance 1.5 meters
CC1: Time Headway 0.9 second
CC2: Following Variation 4 meters
CC3: Threshold Entering Following -8

6.1.4 Detail Heavy Vehicle Composition

As mentioned before, the input parameters of the base scenarimaehgestimated from

the integrated dataset. The integrated dataset was developed by combining WIM and GPS traffic
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data, and it includedetail nonstop and travel with stops information different types of heavy
vehicles (See Table-%). However, f we assume thabtal heavy vehicle percentageas 25%

(with the remaining 75% being passenger carsl traffic volume was 600 vehicles per hour as
the second stage calibration showing (detils in Chapte6.2.2),the VISSIM model can not
obtainthe detail simulation results for some types of veki@pecifically, when théotal heavy
vehicle percentagevas 25% and traffic volumewas 600 vehicles per houas the Table 3
showing, theboth number ohonstop and stopped Clasgehiclewould beO. Thus, thesimulation
modelwas not able tobtain the completed nonstop and stopped information for all types of heavy

vehicles, especially for Class 8.

Table 6-3: Detail Vehicle Compositions for Nonstop and Stoppedravel Information in

Integrated Dataset

_ Estimated Percent of Estimated Number of
Vehicle Types . .
Vehicle Vehicle

Passenger Cars 75% 450
Nonstop Class 8 0.02% 0
NonstopClass 9 4.88% 29
Nonstop Class 10 1.49% 9
Nonstop Class 12 0.15% 1
Nonstop Class 13 0.15% 1
Stop Class 8 0.02% 0
Stop Class 9 12.29% 74
Stop Class 10 4.65% 28
Stop Class 12 0.51% 3
Stop Class 13 0.84% 5

Total 100% 600
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Therefore this simulationanalysiswould only focus on the completed integrated dataset
without the consideration of the nstop or travel with stops categories. Moreover, in order to
meet the minimum input value of the VISSIM simulation model for each class of vehicles, an
adjused vehicle composition was estimatiedm the average vehicle composition between the
two single WIM stationsl.aidlaw and Golden as sivo in Table 4. With these modifications,

the input parameters for VISSIM simulation are feasible for further data analysis.

Table 6-4: Adjusted Detail Vehicle Compositionfor Integrated Dataset

Classification Percentage of Vehicle Number of Vehicle

Vehicle Types Laidlaw Golden Average Laidlaw Golden Average

Passenger Cart  0.75 0.75 0.75 450 450 450
Class 8 1.85% 150% 1.67% 11 9 10
Class 9 10.71% 12.71% 11.71% 64 76 70
Class 10 7.28% 7.36% 7.32% 44 44 44
Class 12 1.39% 0.96% 1.18% 8 6 7
Classl3 3.77% 2.47% 3.12% 23 15 19

Chapter 6.2 discusdehetwo-stage calibration procesehe second stage calibratimthe
sensitivity analysisisedto select appropriate values for twbthetraffic parametersn thebase

scenario

6.2 Model Calibration

The calibration process is essential for any microsimulation to mimic local traffic
conditions properly. The VISSIM model developed in this study started with default values for
many input parameters. The model was then calibrated with different valigssrferparameters

to achieve a more accurate representation of the real traffic condiibssonsin DOT, 2018)
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Proper calibration athe microsimulation model was essential beforengshe model to explore
the effects of changes in the input parameters and/or the intradeéa differential speed limit
strategies and the average speed enforcement.

As discussed in Chapter 4, this study employed astage calibration process. The first
stage evaluated traffic volume, travel time, travel speed and vehicle composition to check the
accuracy of the model developed. The second stage empdogensitiviy analysis to select

suitable values for traffic volume and vehicle percentage in the base scenario.

6.2.1 First Stage Calibration

In the first stage, the VISSIM simulation models were calibrated to check whether the
traffic volume, travel time and travel speegtputs from the simulation model represented input
traffic conditions accurately. For that, goodnressit (GOF) measures were used (i.e., Root Mean
Square Percent Error (RMSPRBpdescribed in Chapter 4.2.

As the totalcalibrationtime of 1.5 hour intuded al5 -minute warmup anda 15-minute
cooldown period, the effective calibration periss1 hour. The basic input parameters can be
found in Table6-1 and 62.

For heavy vehicle percentage, we used the average proportion of heavysvehithe
two single WIM datasets he averagbeavy vehicle percentages 22.7% for théaidlaw WIM
and 28.2%or theGoldenWIM. On average, the traffic consistedapproximately 75% passenger
cars and 25% heavy vehicles.

For traffic volume, we used three years (2010, 2013 and 2016) of Annual Average Daily
Traffic (AADT) data provided by the British Columbia Ministry of Transportation and

InfrastructurgBC MTI, 2019) The data was collected around 4 km downstream of the simulation
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segment. We used a linear interpolation method to estimate traffic velbicle wasfoundto be
700 vehicles per hour. Appendix G provides details of the method used to estimate traffic volume.
Table 65 shows the calibration results for hourly traffic volume. The Root Mean Square
Percent Error (RMSPE) for traffic volume calibration was 0.04% which is much lower than the
5% threshold.
Table 65 alsoshowedthe calibration result®r travel time.The RMSPE fortravel time

was2% which is much smaller than the 10% threshold.

Table 6-5: Calibration Results for Traffic Volume and Travel Time

Parameter Calibration Parameter Value
Input 700.00
_ Simulation (Start Point) 699.83
Traffic Volume ) _ _
Simulation (End Point) 700.33
(veh/h)
RMSPE 0.04%
Threshold RMSPE <5.00 %
Input 60
Travel Time Simulation 61
(Seconds) RMSPE 1.64%
Threshold RMSPE <10%

Table 66 showsthe calibration results for speed and vehicle composition. The RMSPE for
speed was smaller than the 10% threshold for each type of vehicle, and the RMSPE for vehicle
composition was within the 5% threshold for each type of vehicle. The results of tirataai
showed that the estimated values are acceptable and that the VISSIM model provided a reasonable

and reliable simulation result.
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Table 6-6: Calibration Results of Speed and Vehicle Distributions

Calibration Class Class Class
Parameters Cars Class8 Class 9
Parameters 10 12 13

Input 103.78 87.41 75.28 73.95 72.87 69.00
Vehicle Simulation 98.35 84.85 72.73 71.60 70.12 67.07
Speed (km/h) RMSPE 5.23% 293% 3.39% 3.17% 3.78% 2.80%

RMSPE <10.00 %
Input 525 12 82 51 8 22
Vehicle Simulation 527 12 81 51 8 22
Composition RMSPE 0.38% 1.18% 1.59% 0.12% 1.18% 1.54%
RMSPE <5.00 %

6.2.2 Second Stage Calibration

The second stage of the calibration focused on two parameters, traffic volume and heavy vehicle
percentage. These parameters had significant influence on heavy vehicle speed, but could not be
evaluated from the integrated data. A sensitivity analysis waducted to determine suitable
valuesfor the two input parametens the base scenario.

In the first stage of the calibration, a traffic volume of 700 vehicles per hour was used to
calibrate the accuracy of model. However, this volume was based ondedHicollected from a
location near the study corridor and did not represent real traffic conditions exactly. In the
sensitivity analysis, we assumed four different levels of traffic volume, i.e., 200, ,600, And
1,400 vehicles per houto find theappropriate value for traffic volume. The truck percentages
(for class 8 to class 13) obtained from the two WIM datasets were 22.7 % and 28.2 % respectively.

However, the link WIM data, GPS data and integratedwataonly obtainedor heavy vehicle
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(vehicleclas®s8, 9,10, 12 and 13). The study used five truck percentages, i.e., 15%, 20%, 25%,
and 30%to test different traffic compositions.

Figure 62 shovs that heavy vehicle speed decreased with increased traffic volume and

with increased truck percentage.
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Figure 6-2: Impact of Traffic Volume and Truck Percentageon Travel Speed

After examining different combinations of traffic volume and heavy vehicle percentage,
the speed distributiafor different classes of heavy vehiclesn&calculated and used to find the
most appropriate values for traffic volume and heaalyicle percentage.
The studycompaeddifferent cumulative speed distribut®for different combinatiosof
traffic volume and heavy vehicle percentageeAppendix H) Figure 63 clearly showthat the
simulated cumulative speed distribution (Figur8 6)) was a good match with the integrated
dat asetdbs observed speed distribution when tr
heavy vehicle percentage was 25%his combination of traf€ volume and heavy vehicle
percentage was therefore selected as the most appropriate source for the input parameters in the

base scenario. We then used this base scenario to evhlkdiferential speed limit and speed
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enforcement strategie&ppendixH providedresultof the sensitivity analysiwhen traffic volume

was 600 vehicles per hour and heavy vehicle percentage was 25%
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Figure 6-3: Cumulative Speed Distribution of FHWA Class for Traffic Volume of 600

Vehicles per Hour with 25 Heavy VehiclePercentage

6.3 Comparison of Different Speed Limit Strategies

The Chapter 6.8escribé the two speed limit strategies (USL and DSL) and their impact
on heavy vehicle travellhe proposedodified-Federal Highway Administration (MHWA)
classificatios was usedor this exercise. A datdriven empirical studyasconducted to analyze
operatonal performance again using three traffic performance meashee®ngitudinal 85"

percentilespeedorofile, standard deviation of speehdthe speed violation rate

89



6.3.1 Uniform Speed Limit Strategy

As mentionedn Chapter 6.1.2a base scenariovas usedto evaluate USL strategy. Therefore,
most of the input parameters required for the USL strategy were the sahusesorthe base
scenaridseeTables 61 and 62). Traffic volume was 600 vehicles per hour with 25 percent heavy
vehicles. The average sgklimit was 88 km/h (see Chapter 3.%t the calculatons), butthe
local speed limit in the SSE scenario (see Chapter 6.4) was 90Akmghndedspeed limit of 90
km/h was usedin all the simulation studiego ensure aconsistent and realistigalue. The
evaluation was based dhe M-FHWA classification for heavy vehicles proposed in Chapter 5,
and thevehicle speed distribution and vehicle weight distribution were calculated using-the

FHWA classification(seedetails inAppendix 1)

6.3.2 Differential Speed Limit Strategy

The basic input paragters for the DSL strategyerethe same as the input parameters used for
the USL strategy, buthe speed limit and speed distribution were differée.proposeda new
differential speed limit for heavy vehicldmsed onthe M-FHWA classification proposed in
Chapter 5.

This study proposesdifferential speed limits for theifferentM-FHWA clasgs The 8%’
percentile speed is currently the critical speed for posting speed limith thaffic engineering
work deding with speed zoning or the installation of traffic control devices specifies the 85
percentile speed as the primary indicatothefprevailing speedbr consideing theestablisiment
of speed zonegAgent et al., 1998JAl-Ghamdi S., 1998)The 8% percentile speed for each-M
FHWA class was calculated using the integrated dataset (USL scenafriojeohto suggest the

differential speed limit for each MHWA class Table 67 shows the results.
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Table 6-7: Speed limit Table for M-FHWA Classes

M-FHWA classification Class1 Class2 Class3 Class4
Uniform Speed Limit (km/h) 90 90 90 90
85"-Percentile Speed (km/h) 95 87 83 75

Proposed Differential Speed Limi
85 80 75
(km/h)

Thesecond row of Table-B shows thathe 84" percentile speed for MHWA class 1 was
95 km/h 87 km/h for MFHWA class 283 km/hfor M-FHWA class 3and 75%m/h for M-FHWA
class 4Thecurrent uniform speed limaf 90 km/his noticeably higher than the operational speeds
(85" percentile speed) foM-FHWA classes 3 and,4and the current USL is clearly not
satisfatory, because the high&SL could be increasng the frequency and severity of road
collisionsrather tharpromotng a safer driving environment.

The third row of Table & shows the speed limit proposed feach ofthe four MFHWA
classes. The proposedw speed limit for MFHWA class 1 was 95 km/h in accordanites same
asthe estimated 85percentile speednd5 km/h higher than the existing USL of 90 km/h. The
proposed speed limits for MHWA classes 2, 3 and 4 were 85, 80 and 75 km/h respectively.
These values considered theé"g®rcentile speedut use rounded values. Thage5 km/h, 10
km/h and 15 km/h lower than the existing USL respectively.

It is important to recognize that changing the speed limits also affects the average speed
and the stadard deviatiormand therefore affects thput information required to develop the DSL
strategy in thesimulation model. It is necessary to explored how nthehaverage speeds and

standard deviations would change due to the introduction of a DSL batise Mi-HWA class.
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Table 6-8 provides a summary of the speed characteristics associated with the USL and
DSL in variousNorth Americanjurisdictions. The average speed and standard deviation for all
vehicles, passenger cars and heavy vehicles were collectead framge ostudies(Johnson and
Pawar, 2005Russo et al., 201%5hods and Saccomanno, 20G&tes et al., 2016fFor example,
Gates et al. (201&omparedspeed data und@®SL (113km/h and 97km/h) on twalane rural
highways in Montana with speed data under USL (R0Bh) on twolane rural highways in
neighbairing states including Idaho, North Dakota, South Dakota, and Wyoming. Analysis of
truck speed data shown that a DBith a lower speed limit (97 km/h) for trucks had a smaller
speed standard deviation (7.93) and lower average speed (97.46 km/h) than the corresponding
values for a USL (9.48 and 99.75).

Similarly, other studies in Table&showed that lower speed limitvere associated with
lower standard deviations and lower average speeds. The standard deviation for heavy vehicle
speed appeared to depart framve's theory (1985hat the standard deviation decresas the
speed limit and average speed increase. One explanation for this is that thee 6 swas Usedo r vy
to describe passenger cadvist researchs did not consider detaill circumstancesuch as traffic
interactonsbetween different types of heavy vehicle wattifferential speed it (Dixon et al.,
2012;Savolainen et al., 2014or large heavy vehicles, travyetrformance is governed largely
by thevehicle® mechani cal <character i sofGViVandtrévellmy y v eh
on a roadway with a high USL would contribute to creating widely different travel speeds since
each heavy vehicleds acceleration/ decederati o
power ratio can be very different. As a réshigher speed limits may show a larger standard
deviation. Another reason for the patterrable 68 could be the fact that many heavy vehicles

in the United States are equipped with speed limiters and cannot travel at higher djugenis.
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speed limis would allow heavy vehicles without speed limiters to travel at a higher speed and

could result in the higher standard deviation of sggéeknson and Pawar, 2005)
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Table 6-8: Summary od Speed Characteristics of USL and DSL

Speed Limit Vehicle o Average i
Year States Approach Strategy Type Speed limit Speed Standard Deviation
All 105 102.58 8.16
Compare USL Car 105 103.87 7.90
USL and Truck 105 99.75 9.48
2016 Montana DSL in
Different All 113/97 104.49 6.31
Locations DSL Car 113 105.88 6.66
Truck 97 97.46 7.39
All 90/90 - -
USL Car 90 90.00 10.80
Before and Truck a0 85.00 10.20
2016 NA After Study All 90/80 - .
DSL Car 90 90.00 10.80
Truck 80 80.00 9.60
All 113/113 115.23 8.69
| Comparg USL Car 113 117.96 6.44
Indiana, USL an
2015 Michigan DSL in Truck 113 105.57 8.69
and Ohio Different All 113/97 115.39 11.10
Locations DSL Car 113 118.29 7.56
Truck 97 100.10 5.15
All 113/113 115.07 8.30
Cgmpargz USL Car 113 116.84 7.97
USL an
2005 aﬁ:jkﬁlri]r?gii DSL in Truck 113 110.40 7.32
Different All 113/105 114.91 8.35
Locations DSL Car 113 118.29 6.95
Truck 105 107.34 5.94
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Table 68 impliesthat there could be a relationslhigtweerspeed limit, average speed and
standard deviation for heavy vehicles and that this relationship appearsaméehat different
thanLave's theory (1985We developetinear regression models to evaluate the relationships.

Firstly, we used Equation-5 to evaluate the relationship between the speed limit and

average speed of heavy vehicles under USL and id8igdatafrom the four studiesshown in

Table 68:
im 4o
1L B =I—=lo=|— Equation 6-1
E o ]
where:

Rsi s the rati o beatvwee eang eh esgpveye dv eahnidc lheesadalSLv e hi c |
strategy;
Ruis the ratio between heavy vehiddesv er age speed and heawalySLvehi cl
strategy;
Lu is theuniform speed limit
Lq is thedifferential speed limijt
Y is the indicator that measures how the rafiaverage speed and speed liohanges when USL
changes to DSL; and
0 represents the average of all Y values estimiatéolur studies reported in thigerature(Table
6-8).
Af ter obt ai rfroomEguatioh &, the ratio 4R) of eachM-FHWA classcan
be calculated fothe integrated dataseThe parameterk,, L4 and R for eachM-FHWA class
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could be obtained directly from the integrated dataset. The rajidafReachM-FHWA classcan
be calculatedising Equation 62, and the average speediAor eachM-FHWA classunder a

DSL strategy can be calculated from EquatieBr 6

=| = 4o dm L =| 0 Equation 6-2
— =|. dm Equation 6-3

After obtaining the average speeds ura@ddSL strategy, the standard deviations of the

speeds were obtained when the speed limit changed from a USL to a DSL. See Eediation 6

Jg B — Equation 6-4

where:
SDy is the standard deviation of heavy vehicle speed in a DSL strategy;
SDy is the standard deviation of heavy vehicle speed in a USL strategy;
Adis the average speed heavy vehicles in a DSL strategy;
Ay is the average speed of heavy vehicles in a USL strategy;
Z is the indicator that measures how the standard deviations of heavy vehicle speeds change from
USL to DSL when the average speed charfigem a USL to eDSL; and
«Jrepresents the average of all Z values estimat#teifour Table 68 studies.
Parameteré\, and SD were estimated directly from the integrated dataset. The standard
deviation (SD) for eachM-FHWA classunder a DSL strategy was calculated using Equation 6

5:
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‘” - - = & -|| 3 Equation 6-5

Table 69 presents the results of the estimated average speeds and standéi@hdduia
the M-FHWA clasgs. When the speed limit 8-FHWA classl was increased from 90 km/h
(USL) to 95 km/h (DSL), the average speed and standard deviation increased from 87.41 km/h to
89.95 km/h and from 9.54 to 11.02 respectively. FeFHWA clas&s?2 to 4, a decrease in the
speed limit was associated with decreases in vehicle average speed and standard ddé@ation.
estimating the speed limit, average speed and standard deviation of -€&t¥W/M class for DSL

strategy, it wapossibleto developghe DSL scenario.

Table 6-9: Speed Comparisos under USL and DSL for M-FHWA Classes

Parameters Classl1 Class2 Class3 Class4
USL (km/h) 90 90 90 90
DSL (km/h) 95 85 80 75
USL Average Speed (km/h) 87.41 76.51 73.97 67.98
DSL Average Speed (km/h) 89.95 75.39 70.84 62.96
USL Standard Deviation 9.54 10.67 9.40 7.15
DSL Standard Deviation 11.02 9.94 7.60 4.96

6.3.3 Discussion and Analysis

The simulation resultdor two speed limit strategies (USL and DSdre based on the

assumptiongliscussegreviousy. We shoved the impact of these speed limit strategiasthe
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four M-FHWA clas®s, using three performance indicator$) the longitudinal 85" percentile

speedorofile, 2) standard deviation of speeahd3) thespeed violatiomate.

Firstly, we focused on the simulation results for the travel patterns of the two speed limit

strategies, and considered thé"&®rcentile speed profile along the 8 km study segment. We

calculated the 85percentile speed farachM-FHWA classat each meter. As the speed profiles

for every meter fluctuated too much for useful visualization, we aggregated the speed information

for every 200 m segment to smooth the speed profile.

Figure 64 shove the 83" percentile speed profile distribution for the two speed limit

strategies. The different cales represent the differeM-FHWA clas®s.

The patterns for th®1-FHWA clas&sunderUSL and DSL were similaM-FHWA class

1 had the highest 85percentile sped profile andM-FHWA class4 had the lowest. Appendix J

presents the detailed results.
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Figure 6-4: 85"-Percentile Speed Profile Distributionfor Each M-FHWA Class
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In Figure 64 a) (USL), the 88 percentile speed fdvI-FHWA classl was about 5 km/h
higher than the 90 km/h speed linfihe 8% percentile speeds fol-FHWA clas®s2, 3 and 4
were about 3 km/h, 7 km/h and 15 km/h lower than the 90 kne#dsiimit respectively.

Figure 64 b) (DSL) show theprofilesfor the DSL strategyThe pattern was as expected.
The 8% percentile speeds favi-FHWA clas®s 2, 3 and 4 were all lower than the speed
distributions in Figure @+ a) (USL). The 88 percenile speeds foM-FHWA clas®s2, 3 and 4 in
Figure 66(b) were also lower than the DSL speed limits of 85 km/h, 80 km/h and 75 km/h
respectively.

However,M-FHWA classl had a different result. The 8percentile speed foM-FHWA
classl was 5 km/h higher than its DSL speed limit of 95 kritie higher speecbuldhave several
causs. Firsly, the original speed d¥1I-FHWA class1 under USL(Figure 64 a)) was 5 km/h
higher than the uniformpged limit of 90 km/h (Table-8). Usingthe asumptiondor the DSL
strategy described in Chapter 6.3.2, the speed limit was increased from 90 km/h to 95 kfn/h for
FHWA classl. The 88 percentile speed ofl-FHWA classl was also increased from 95 km/h to
99 km/h. Another reason faigher 8%' percentile speed o-FHWA class1 could be that the
simulation results for the travel patterns under the DSL strategy were based on the assumptions.
Under a future DSL strategy with proper speed enforcement strategy, the speed MviRHOWA
classl shouldbe reduced to below the current posted speed limit (95 km/h) with fine penalties
imposed for exceeding the DSL.

In general, he results were as expectdighter vehicles travedld at faster speeds and

heavier vehicles travetlat slower speeds. When thpeed limit was decreased from 90 km/h to
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85 km/h forM-FHWA class2, to 80 km/h forM-FHWA class3, andto 75 km/h forM-FHWA
class4, the 8% percentile speegrofiles decreased. The DSL spepubfiles for the M-FHWA
clases(Figure 64 b)) were more widelgpreadhan theUSL speed distribution@Figure 64 a)).

Table 610 summarizs the results of the USL and DSL strategies. It congine speed
limit, 85" percentile speed, average speed, and standard deviation of speed for all heavy vehicles
and for eactM-FHWA classunder the USL and DSL strategies. Th# Bbrcentile speed for each
M-FHWA classwas estimatettom theaverage 88 percentile of eachelevantv e hi ¢l eds s p e«
along the 8 km corridor. The average speed for dadFHWA classwas estimatedrom the
average of eactelevantvehicled mean speed along the 8 km corridor. The standard deviation for
each type oM-FHWA classwas estimateffom the average speed of eaeltevantvehicle along
the 8 km corridor.

In Table 610, the 8%-percentile speed for all heavy vehicles was 84.39 kmder USL
and 82.09 km/h under DSL, a reductmfi?.72 % under DSL. The average speed was 74.36 km/h
under USL and@1.55km/h under DSL, a reductiaof 3.77% under DSLThe standard deviation
of speed for all heavy vehicles was 10ur@erUSL and 10.44 undddSL, a reductiorof 3.19 %
underDSL.

Similar reductions occurred favl-FHWA clas®s 2, 3 and 4 with the biggest reductions
being forM-FHWA class4 (8.99 % reduction in §5percentile speed, 7.52 % reduction in average
speed, and 20.39 % reduction in standard deviation)MFBHWA class1, the 8%-percentile

speed increased by 3.07 kmyhen thespeed limit increased from 90 km/h to 95 km/h
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The findings were consistent wiffable 68 and thefindings of Dixon at al. (2012)but

differ from Laveés (1985) theory that as the speed increases, the standardtidevof speed

decreaseasdiscussed in Chapter 6.3 he differenceould be caused byeldifferentapproach

to estimatinghe standard deviationsedin this study. The standard deviation for edtirHWA

classwasobtainedby estimatingheaverage speed of each vehicle over the simulation corridor (8

km) for eachM-FHWA classrather tharby estimatingthe standard deviation afpotspeeds for

each vehicle type.

Table 6-10: Comparison of Speed Garacteristics betweenUSL and DSL

o All M - M - M - M -
Speed Limit
) Parameters Heavy = FHWA FHWA FHWA FHWA
Strategies ]
Vehicles Classl Class2 Class3 Class4
Speed Limit (km/h) 90 90 90 a0 90
USL 85th Percentile (km/h)  84.39 94.16 85.80 82.48 73.65
AverageSpeed (km/h)  74.36 86.54 75.60 73.50 67.65
Standard Deviation 10.79 8.07 11.47 9.90 7.48
Speed Limit (km/h) - 95.00 85.00 80.00 75.00
DSL 85th Percentile (km/h)  82.09 97.23 84.05 77.86 67.03
Average Speed (km/h) 71.55 86.89 73.95 70.18 62.56
Standard Deviation 10.44 9.61 10.66 8.54 5.96
85th Percentile 2.72% +3.26% -2.04% -5.60% -8.99%
Percentage
ch Average Speed -3.77% +0.40% -2.18% -4.52% -7.52%
ange
9 Standard Deviation -3.19% +19.00% -7.10% -13.68% -20.39%

Finally, we examined thepeed violation rate under USL and DSL. Speed violation was

defined as an average
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FHWA class. Figure © shows the speed violation rate for eactFNWA class under the USL

and DSL srategies.
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Figure 6-5: Speed Violation Rate forM-FHWA class

The resultshown inFigure 65 were similar tadhose ofthe previous analyses.-FHWA
classl had the highest speed violation rate and the rate decreased forMigth8/VA clas®s.
The overall speed violation rate was 9.4% under USL and 10.54 % undefieipeed violation
rate for MFHWA class 1 decreased from 50.45% under USL to 20.72% Or&lefsee Appendix
Jfor details). The violation rate for MHWA clas®s2, 3 and 4 slightly increased when DSL was
adoptedasthe speed limits for MMHWA clas&s?2, 3 and 4 decreased from 90 km/h to 85 km/h,

80 km/h and 75 km/h respectively.
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Comparedwith Figure 64 b), it was noted that the 8®ercentile speegrofiles for M-
FHWA clas®s?2, 3 and 4 were albwer thanthe DSL profiles Figure 65 b), however,shows
speed violatioafor M-FHWA clas®s2, 3 and 4andespecially for MFHWA class 4where the
85" percentile speed wapproximately? km/h lower tharthe speed limit of 75 km/h (Figure-6
4 b), but there waa 2.84%speed violation rate (Appendiy. Jhis situation may beue to the
different approaches used faeating thewo figures. InFigure 64 b), the 8% percentile speed
for eachM-FHWA classwvas estimatedt each 200 meters, but the average speed for some vehicles
alongthe 8 km corridor might be higher than the DSL. Hence, it is reasorialdepectthat
althoughsome vehiclesadanaverage speed tharashigherthanthe speed limit foits M-FHWA
class the overall 88 percentile speed distribution for eakhFHWA classwas lower than the
speed limit. Additional speed violation rate analysis, such as the number of speed wvisl&iio
eachM-FHWA classunder USL and DSlcan be found in Appendix J

The comparison dhe two speed limit strategies in termglod three traffic performance
indicators found thaa DSL strategyroduced more separated and relatively lowér @& centile
speed profilsthandid theUSL strategyThe DSL strategyalso reduced the 8%ercentile speed,
average speed and standard deviation of speegafdrM-FHWA class compared tthe USL
strategy. The DSL strateghesigned for th&1-FHWA clas®s wouldincrease heavy vehicle safety
on highspeed free flow highwayss asmaller standard deviation of spasdxpected toeduce
the probability of vehicle interactiorad thereforeedue the risk of highway collisionfRusso
et al found that aeductionin average speed atioe speed standard deviation redudeelfatality

rate(Russo et al., 2017)
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The next section introduces two speed enforcement strategies and compare the traffic

performance by considering the same performance indicators.

6.4 Comparison of Two Speed EnforcemenS$trategies

This section discuss¢he two speed enforcement strategies, spot speed enforcement (SSE)
and average speed enforcement (ASE), and uses a set of performance indicators to compare their
effect on heaWtigusefd toinvestigatd tbe pssgileliy df using a WiNystem
installed on a section of highway as a speed enforcement tool. As a typical WIM system can
classify vehicle types and collect the spot speed of passing vehicles, it may be possible to use the
system as a speed enforcement device. If a pair of WhHtesysare installedon a section of
hi ghway, it may be possible to add a speed enf
average travel speed on the segment.

We used three performance measutis: longitudinal 85" percentile speedprofile,
stendard deviation of spee@nd the speed violation ratéo show differences between SSE
enforcement and ASE enforcement. We used the FHWA classification in the SSE and ASE
simulations as previous studies have based their model calibration and assump&th&An

class (see Chapter 6.2).

6.4.1 Input Parameters for Spot Speed Enforcement

For the SSE scenario, Tabled &nd 62 supplied most of the data. For example, traffic volume

was 600 vehicles per hoandthe heavy vehicle percentage was 25%. However, vetialel
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speed and GVW were changed. The speed and GVW of heavy vehicles were estimated from a
single dataset collected at the Golden WIM station. The speed data collected at the Golden WIM
was spot speedind the local speed limit is 90 km/h which was cluséhe calculated average
speed limit of 88 km/h (see Chapter 3.2). As mentioned in Chapter #&.4tudy used speed

limit of 90 km/h in all the simulation studies as this provided consistency and 90 km/h was a

convenient rounded value.

A spot speedenforcement system using photo radar or speed camera usually includes
upstream warning signs to warn drivers of the possible speed enforcement ahead. Drivers
travelling past a highway location with fixed photo radar typically reduce their travel speed jus
before reaching the enforcement location and then speed ugSater et al., 2015)The two
WIM systems installed on our study corridor provided spot speed data, but have never been used
for real speed enforcement. As a result, the speed data unfortunately does not show the temporary
change in speedo simulate the impact of a speed enforcement device propesiyecessario
reflect the speed fluctuation phenomenon before and after the speed enforcement Méation
made some few assumptions, such as the degree of speed reduw@ssumptionsverebased
on findings from previous researahd were adoptet reflect thespeed fluctuation phenomenon
to makeour simulation more realistic.

Shim et al. (2015¢onducted their study by collecting traffic data from GPS equitges!
and inductive loop detectors. The study did not consider heavy vehicles. The study sites were
selected according to the availability of taxi driving records and included data for 259 taxis in

Daegu, South Korea for every day in May, 2013. The stwiwmd that speed enforcement
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significantly reduced average speed (by 6.7% to 7.0%) for passenger cars driving on the Gyeongbu
Expressway which has a 110 km/h speed limit. Drivers reduced speed around 700 m upstream of
the speed enforcement system and tleeovered speed shortly after passing the system.

Pauw et al. (2014bghowed similar results for passenger cars. The study did not consider
heavy vehicles. The researchers found that fixed speed cameras reduced passenger car vehicle
speeds by an average speed of 4.6% to 5.6 %. The data showed thesthited braking between
250 m and 700 m upstream of the speed enforcement location and returned to their normal speed
after driving 1,000 m downstream from the location.

Similar findings were also reported bi et al. (201) who investigated the effect of spot
speed enforcement between 1 km upstream and 1 km downstream of the speed enforcement
location.Liu et al.observed that speed reduction started about 300 m to 400 m upstream of the
enforcement location and recovetedhe initial speed at 300 m to 400 m downstream.

The literature review suggested that passenger cars reduce speed by 4% to 7% under spot
speed enforcement. The studies were based on higher local speed limits (110 km/h to 120 km/h)
than our speed limi{90 km/h)(Pauw et al., 2014(5him et al., 2015)The area of influence for
fixed speed devices was generally less than 1,0Q0wet al., 2011)

Truck performance regarding acceleration and deceleratidixeat speed detecting
devices is less flexible than passenger car performance theeheavy weight and longer brake
distancerequired (Abanotu, 1999)Yang et al., 2016Ramezani et al, 2018We assumed that
heavy vehicles would reduce travel speed by an average of 4% at the enforcement location. We

also assumed that a warning sign was located 750 m upstream of the enforcement detector, that
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speed reductiowouldstart 750 m before the enforcement location, and that speed reamddy
occur750 m after the enforcement location making the total area of influence 1.5 km.

To investigate whether the heavy vehicles could meet our speed reduction and recovery
assimptionswithin 1.5 km, we first evaluatelgeavy vehicle weighto-power ratio (w/p) W/pis
a measurement dheavy vehiclebs maxi mum acUsiegither ati on
estimated w/p ratio and current speed, we could find the typical maximum acceleration rate and
deceleration rate frorthe Traffic EngineeringHandbook(Institute of Traffic Engineers, 1999)
Then, we estimated the acceleration and deceleration retpyited assumption of 4% afspeed
reduction with recovey within 1.5 km. Then, we compared the estimated acceleration and
deceleration values with the typical acceleration and deceleration vathedHandbook to check
whetherthe assumptionsiade methe requirements.

Firsty, we estimaedw/p for different types of heavy vehicl&.he avy vehicl eds
an important effect on the heavy vehilability to maintainspeed contrchs the vehicle reaches
and maintaing certain travel speed. The weigthtthe heavy vehicle wascalculatedusing data
from theGolden WIM systemAppendix Ishowsthe detaiédweight estimation for five vehicle
classes (Clags8, 9, 10, 12 and 13). Tablelsshows théhorsepowerAccording toHarwood et
al. (2003) the 8%" percentile w/gs appropriate for iaded truclon afreeway especially whea
heavy vehiclds partialy loaded. Table 41 showsthe 8%'-percentile w/p foithe five classes
heavy vehiclerepresented in th&olden datasetA lower w/pis associated witlbetter truck
performance on any grade aadreater final crawl speed. Class 13 vehiclesthadhighest w/p

which means eithahatthey hal low power orthat they weréeavily loadedsthey were passed
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the Golden WIM stationUsingthe value ofthe w/p ratio inthe Traffic EngineeringHandbook
(Institute of Traffic Engineers, 1999he w/p ratio for different tyeof heavy vehicle can be
caegorizedinto three groupsClass 8 was categorized 100 Ib/hp, Clases9 to Class 12 were

categorizeds200 Ib/hp and Class 13 was categorizsB00 Ib/hp.

Table 6-11: Weight-to-Power Ratio of Golden Daaset

Weight-to-Power Ratio

Class 8 Class 9 Class 10 Class 12 Class 13
(Ib/hp)
85th Percentile 131.59 187.58 226.34 221.98 322.51
Weight to power ratio
100 200 200 200 300

Group

Based on the estimated w/p ratio and the current travel spekifieoént type of heavy
vehicle, the typical maximum acceleration rates of different classes of heavy welnidle found
in Table 612 (ITE, 1999) For example, for speeds of greater than 50 miles per hour (mph),
maximum acceleration for Classes 8, 9, 10 a@dwhs 0.12 mfs For class 13, maximum
acceleration was 0.09 M. Yang et al., 2016Ramezani et al., 2018)

Table 6-12: Typical Maximum Acceleration Rate on Level RoadITE, 1999)

Vehicle Type Class 8 Class 9 Class 10 Class 12 Class 13
w/p Group 100 200 200 200 300
Speed Range (ph) >50 >50 >50 >50 >50
Max Acceleratior(m/s’) 0.18 0.12 0.12 0.12 0.09
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Table 613 showsthe deceleration rate and brake distance of heavy vehederded by
Harwood et al. (2003)The worst and best germance represents the efficiency of the driver in
modulating the brake to obtain optimum braking performance. The worst performance requires
longer brake distance artie best performance requirashorter brake distangelarwood et al.,
2003) When speed was around 50 mph, the deceleration rates were between &5t hAS
m/<* for the worst and best performance respectivBihese rates refer enpty heavy vehicles on
a wet pavementRamezani et al. (2018)stimated asmaller average value of 1.77 fmifer
maximum deceleratiofor a loadedheavy vehicleThe lower value implies thatdgiver may aval
using higherdeceleration ratewhen makingsmooth speed changes. This study considered the
same approachs Ramezani et al. (201&)sedand estimad a maximum deceleration rate for
loaded heavy vehiclesf 1.79 m/$ at 50 mphand 1.77 mfat 60 mph. The brake distances were

476.5 ft. and 659.4 fat 50 mph and 60 mph respective§ee Table 43,

Table 6-13: Maximum Deceleration Rate Table(Harwood et al., 2003)

Parameters Speed Range (mph) 50 60

WorstPerformance 1.57 1.57

Deceleration Best Performance 2.45 2.55

Rate (n/sY) Average for Empty Truck 2.01 2.06

Average for Loaded Truc} 1.75 1.77

WorstPerformance 538 744

Brake Best Performance 333 462
Distance (ft) Average for Empty Truck 435.50 603.00
Average for Loaded Truct  476.50 659.40
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After finding the typical maximum acceleration and deceleration ftieenguidelines
available it was possibléo estimate acceleration and decelerafowineavy vehicles in th@olden

WIM datasetThe deceleration rates were calculatsthg Equation ® (Barth at al., 2001)

+ E_FITL Equation 6-6

Where:
a represents the deceleration;
Ve is the travel speed at the end of deceleration that was collected at WIM system;
Vsis the initial speed before deceleration started which was assumed at 750 m upstream of WIM
system; and
Sis the distance travelled during deceleration.
Acceleration care estimated using the same Equatieh 6
Table 614 showsthe maximumacceleration or deceleratiorquiredfor the different
heavy vehicle classes to reduce and recover speed by 4 % within 1.5 km of enforcement location.
The estimated maximum acceleration and deceleration of class 8 waw'§,@hich was smaller
than the typical maximum acceleration (0rt&?) and deceleration (1.7%/s%) accordingto the
Traffic EngineeringHandbook(ITE, 1999)andHarwood et al. (2003)
The estimated maximum accedion and deceleration afas®s9 to 12 was 0.03 nds
and all the values were smaller than the typical maximum acceleratiom(@1and deceleration
(1.75m/<) given in theTraffic EngineeringHandbook(ITE, 1999)andHarwood et al. (2003)

The estimatedicceleration and deceleratifor class 13 (0.03 mfswas also smaller than the
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typical maximum acceleration (0.06/s”) and deceleration (1.78/s). The assumptionf brake
distance of 750 m was loagthanthe typical brake distanad# 145.24 m (476.50 ft.) to 200.99 m
(659.40 ft.) provided bidarwood et al. (2003)

Overall, the estimatedcceleration, deceleration and brake distasteénated using this
s t u éssumptions were smaller than the maximum acceleration or deceleasi®provided
in the Traffic EngineeringHandbook(ITE, 1999) and Harwood et al. (2003)Therefore, the

assumptiorthatspeed charggdand recovexdon average by 4 percent within 1.5 km is reasonable.

Table 6-14: Estimated Acceleration/Decelerationfor Different Classesn Golden Dataset

Class Class Class
12 13

Parameters Percentile Class 8 Class 9

Initial Speed (\¢) (m/s) 85th Percentile  26.73 24.44 2419 2470 24.19
Final Speed (¥) (m/s) 85th Percentile 28.06 2556 25.28 25.83 25.28

Acceleration/Deceleratiol

85th Percentle 004  0.03 003 003 003
(m/)

6.4.2 Input Parameters for Average Speed Enforcement

The input parameters for the ASE scenario were the same as for the base scenario (see
Tables 61 and 62): traffic volume was 600 vehicles per hotle heavy vehicle percentageas
25 %, the average speed limwas 90 km/h, andhe analysis used tHeHWA classification of
heavy vehicles. The ASE analysis used different vehicle speed and GVW distribution. Vehicle
speed and GVW in the ASE scenario were estimated from the integrated datdsetASE

scenario, it was assum#thtall heavy vehicle speedseamonitored by a pair of WIM systems on
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the section of highway, arnidat nospot speed detection systeras required othe travel corridar
We did not consider any assumptioagardingspeed fluctuations including weigpower ratio,

andacceleration and deceleration estimation.

6.4.3 Analysis of Speed Enforcement

The first step in the ASE simulation was an analysis of the speed profile (longitudinal speed
di stribution) along the 8 km of studypesslect i on
data for each meter along the 8 km corridor and evaluate thep@®d percentile for each FHWA
class for each meter. As the speed profiles for every meter fluctuated too much for useful
visualization, we aggregated the speed information for evéryr28egment to smooth the speed
profile.

Figure 66 shovs the simulated longitudinal speed profile for S@and ASE(b). The

different colars represent the different heavy vehicle classes.
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Figure 6-6: 85"-Percentile Speed Profile Distributionfor Each FHWA Class(8-13)

Figures 66 a) and b) show that tt8SE85" percentile speegrofiles werehigher and less
smooth than the profil@ere theASE profiles The speegrofilesfor SSE wer@also mostlyclosdy
spaced whereas th&SE speedprofiles were farmore widelyseparatedThere were several
interesting detalils.

The profile for Class 8 vehicles was much higher than for other vehicle class€sass
8 vehicles usually had a lower GVW than Class 9, 10, 12 and 13, they were expected to have faster
travel speeds.

Figure 64 a) (SSE) showed that operating speed of Class 8 vehiake10 km/hr higher
than the speeds of other vehicle classée Jpeedgrofile was also 9 km higher than the speed
limit of 90 km/h.The speed profiles faZlases9 to 13 were all around the speed limit of 90 km/h.

In Figure 66 a) (SSE)the results showhe result expectedom the assumptions we made
All classesstarted to reduce operating speed approximately 750 m upstream of the speed
enforcement location. The lowest speeds were observed at the location where the speed
enforcement device was assumed to be installed. After passing the enforcement locaties, vehic
started to accelerate. They recovered their initial speed 750 m downstream of the enforcement
location. The Figure showed a cleaisiaped speed profile for this 1,500 m segment of roadway
for all heavy vehicle classes. Interestingly, Class 8 vehpeeds fluctuated more than the other
vehicle clases One reason could likatthe speesicollected for Class &eremuch higher than

the speeds for other clasgsseTable 31in Chapter 3.2.1). Another reason couldfethe small
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sample of Class 8 vehiclestimeintegrated dataseotiily 18 vehiclesmight notgive an accurate
indication of Class &avelspeed

Figure 66 b) (ASE) showthat all the speed profiles were smooth and widely distributed
andthatthe Classes 9, 10, 1and 13 speed distributions were signifitahbdwer than the SSE
speed profiles over the entirekBi-length section. The 85ercentile speeds for Classes 9, 10 12,
and 13 were lower than the speed limit of 90 km/h by about 6 km/h, 7 km/h, 9 km/h mdhl5
respectively, but Class 8 vehicles maintained their higher gpedéte and their averagspeed
was above the speed limit (90 km/h). Howevarthe real world,Class 8 vehicles woulte

expected toeduce their speeds tmderthe posted speed litrtio avoid fines undeASE.

Figures 66 a) and b) show that both SSE and ASE contribtit®® r educi ng ver
operating speed, but for SSE, the speed reduction effpeiared to beery localized around the
point of enforcement. ASE contributed to redi

substantially along the entire study segment. Appendixodvs thespeed profiles for all heavy
vehicles thespeed profilegor every 1000 m segmenandthe 50" percentile speed profiles.

Table 615 summarize the analysis of speed characteristics for the SSE and ASE
strategies. It shosthe speed limits, 85percentile speed, average speed and standard deviation

of speed for each FHWA class. For all heavy vehicesbined the ASE reduced the 85

percentile speed, average speed and standard deviation by 6.97 %, 8.07 % and 9.56 % respectively.
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Table 6-15: Comparison of Speed CharacteristicbetweenSSE and ASE

_ Class Class Class
Scenario FHWA Class All Class9 Class 10
12 13
85th Percentile
90.86 97.36 90.82 88.74 89.22 88.58
(km/h)
Spot Speed  Average Speed
80.76 88.66 80.65 79.82 80.93 78.71
Enforcement (km/h)
Standard
o 11.91 12.13 11.98 11.20 12.61 11.10
Deviation
85th Percentile
84.52 94.23 84.12 82.64 80.46 74.49
(km/h)
Average
Average Speed
Speed 74.24 86.36 74.64 73.62 71.75 68.19
(km/h)
Enforcement
Standard
o 10.77 8.29 10.74 10.04 10.00 8.12
Deviation
85th Percentile -6.97% -3.21% -7.39% -6.88% -9.82% -15.90%
Percent Average Speed -8.07% -2.60% -7.45% -7.77% -11.34% -13.37%
Change Standard
o -9.56% -31.65% -10.40% -10.37% -20.70% -26.88%
Deviation

The Tables-15 shows that vehicles in Class 13 had lowef"§%ercentile speeds, average

speeds and standard deviatiovishicles inthelowestclass (Class 8) had a lower GVW and could

travel at higher speeds.

The largest differencdsetween ASE and SS#ere for class 13 vehiclésr whichaverage

speed reduced from 78.71 km/h to 68.19 km/h, and standard deviation reduced from 11.1 to 8.12

underASE. SSE introduced larger speed standard deviation compared to ASE.
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Figure 6-7: Speed Violation Rate forFHWA Class

Thespeed violation ratéor the two speed enforcement strategies was also andlyzad
90-km/h average speed limitheoverall speed violation rate wa8 % for SSE and 96 for ASE.
Appendix Kprovidesdetails of speediolation rates

For SSE the speed violation rafer each vehicle class shownin Figure 67 (a). The
highest speed violn rate occurredor class 8 vehicles, around 38. The rate generally
decreased for higher vehicle clasgesh the exception of Class 12) a@Gthss 13 vehicles had the
lowestspeedviolation rate (about 16o0).

For ASE, the speed violation rafer each vehicle class ghownin Figure 67 (b). The
pattern is gnilar with Class 8 vehicles lang the highest speeding violation rate.

By comparing the traffic performance indiorsfor SSEandASE, we found thathe ASE

85" percentilespeed profilesverelower, smootkerandmoreseparatethan thespeed profilegor
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SSE. ASE can monitor vehicle travel aloaghole sectiorencouraginglrivers to maintain an
average travel speed beldhe speed limit for the wholef the monitored section This result
suggest that ASE is a more effectspeed reduction strategfyan SSESSE showed eery clear
V-profile indicating itslimited areaof speed enforcementhe speed violation rate in each FHWA
class was also reducedder theASE strategy compared tbe SSE strategy. The introduction of
ASE can be expected teducevehiclespeed moresubstantially andnoreeffectivelythan can a
SSE strategy.

The 83" percentile speed, average speed, standard deviation of apdespeed violation
rate foreach FHWA clasander theASE strategyvere alsoeduced compared theUSL strategy.
A lower speed standard deviatias associated with a reducékielihood of crashes due tihe
similarity in vehicle speed#An ASE strategycan also, erefore,be expeted tolead to more

steady speedndhomogenized traffilows andfewer collisions tharcan aSSE strategy.

6.5 Chapter Summary

This chapter compared heavy vehicle traffic performance under two speed limit strategies and two
speed enforcement strategies. Tdmalyses use®ISSIM as the traffic simulation tool. We
selected three traffiperformance indicators: ihe longitudinal 848" percentile speed profile, 2)
standard deviation of speed, and 3) the speed violationoratealuate the safety impacts of the

two speed limit strategies and two speed enforcement strategiestdgeoalibration was carried

out to improve the accuracy of the VISSIM simulation. In the first stage, we calibrated parameters
such as traffic volume, travel time, travel speed andclelscomposition. The outputs were all
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within an acceptable error level. The second stage used sensitivity analysis to establish appropriate
values for traffic volume and the percentage of heavy vetastess information was not available
from the obsered conditionsTraffic volumeof 600 vehicles per hour with 25 percageof heavy
vehiclewere found tanatch observed conditismndwere the valuessed for the base scenario
analysis. Theensitivity analysislsoshowed that speed decreased witheases in traffic volume
and/or heavy vehicle percentage.

The first simulation model compared USL to DSL using the three perfornradicators
The studyds objectives included setting four
proposedV-FHWA clas®s used in the simulation analysis.

The rew differential speed limstfor eachM-FHWA classwverebased on the §5ercentile
speed for eacM-FHWA classunderUSL. For eachiM-FHWA class a new average speed and
standard deviation of speed wererastied as input for the DSL scenario.

The 8% percentile speed profiles for DSL showed the results expéctiedthe waywe
designedheDSL strategy. The 85percentile speed profiles ft-FHWA clas®s2, 3 and 4 were
lower than their DSL speed limit$ 85 km/h, 80 km/h and 75 km/h respectivédcFHWA class
1 wasdifferent the 8% percentile speed profile fodi-FHWA classl was 5 km/h higher thahe
c | a BSL&meed limit of 95 km/hThis result could be lbause the origind¥l-FHWA class1
85" percentilespeedn theintegrated dataset (USL scenario) was 5 km/h higher than the uniform
speed limit of 90 km/hThe result couldlao be due to thaimulation assumptionmadefor the
DSL strategy for example, the assumption tHdtFHWA class1 vehicleswould reducetheir

driving speed tdelow the posted speed limit (95 kmib)avoidfines.

118



The analysis of the standard deviation of spmedpaed theUSL and DSL strategieShe
DSL simulationfound that DSLreduced 8% percentile speed by 2.72 %verage speed by 3.77
%, and standard deviation by 3.19 % for all heavy vehicles and fol&dHWA classexcept
M-FHWA classl. The biggest speed reduction occurred NoiFHWA class4 vehicles which
showed an 8.99% reduction in"8percentile speed. Traverage speed reduction was 7.52 % and
the standard deviation reduction was 20.39 %. As the speed limit increased” iher&ntile
speed, average speed and standard deviation all increased and vice versa.

Theanalysis of thespeed violation ratshowed thathe speed violation rate for all heavy
vehicles was slightly increased in the DSL stratddys overall increaseas due to decrease
speed limits for MFHWA class 2, 3 and 4. In general, (&L travel speeaf each MFHWA
class forconsideraly less than th&JSL travel speed

The results suggest thdwetintroduction ofa DSL strategy associated withe M-FHWA
classwould increase heavy vehicle safety on higgeed free flow highwayy redudng travel
speeds and speeding violation raéed therebyredueng the number and severity of highway
collisions involving heavy vehicleIhe reductionn the standard deviation of speed woudd
expected taeduce the probability of vehicle interactioasd leadto redu@d risk of highway
collisions.

The second simulation model compared SSE with ASE using the same three traffic
performance indicatord he assumption & 4% speed chang@(acceleration and deceleration)
within 1,500 mof the speed enforcement locatimasshown to give aeasonablsimulaton of

the speed fluctuatiantypical of a SSE strategy.
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The 8%" percentile speed profilder SSE and ASE were compared. Compared to SSE,
ASE produceda steadiertraffic speed witha morehomogenized traffic flowThis result was
evident in theASEO ®wer,smootheandmoreseparated 85percentile speed profile€ompared
to SSE,ASE reduced speed substantially and effectivedgause ASE monitswehicle travel
alongawhole sectiorencouraginglrivers tokeep the average travel speed belthe speed limit
for the whole monitoring sectioithe SSE 84' percentile speed profilasere asexpectedyiven
the assumptiorof a clear \:shape reduction inspeed near the speed enforcement location
indicating avery limited areaof speed enforcemen8SE also produce85" percentile speed
profilesaround90 km/hand very closerofiles for Classs9, 10, 12 and 13.

The analysis of the standard deviation of sgeethe SSE and ASEtrateges found that,
compared taJSL, ASE reduced th&5" percentile speebly 6.97% average speed by 8.07 %, and
the speed standard deviation by 9.56 % for all heavy vehicles. lspeed standard deviation
reflects more homogenizeghicle speedand can be expectedreducethe likelihood of crashes
suggestig that amrASE strategy would lead fewercollisions tharthe currenSSE strategy.

The analysis of the speed violation rat®wedthat the ASE speed violation rate in each
FHWA class wasower than th&SErate It appears thadSE would be more effeiote in enforang
vehicle speed on higbpeed highways than conventional SSE.

Overall, the simulation exercise showed that DSL associatedheiitoposed-FHWA
classfication combined with ASEvould substantially and effectively reduce heavy vehiclestra

speeds and produce smoother amateharmonized travel speeds tlain be expected t@duce
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the number and severity of highway collisions involving heavy vehictgsoving safety for the

freight transpodtion sectar
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Chapter7Concl a1si on

This Chapter summaes the stugl presents theonclusiors, and proposegcommendations for

future research.

7.1 Summary

The research consisted of two technical components, addaém analysis and a
simulation analysis. The simulation analysis consistedofstudies.

The conventional FHWA class scheme largely depends on the configuration of vehicles.
Within aparticular FHWA class.g.,class12the vehicles may haweidely different GVWs. Tis
range in the GVW means thaetkRHWA classification is nawell suited for aDSL strategy that
is associated witthe GVW.

A Modified-Federal Highway Administration (MHWA) classificationthat takesGVW
into accountwas created. The proposed classificatibas four M-FHWA classesfor heavy
vehicles. The classes are basaainly on GVW, buthey also consider theHWA class and the
average speed tlievehiclesas measured in the study sample. Glassificationwvas designetb
ensure that the speed distributmithin each class asdistinctive (avoiding overlapping where
possible) and that there was a sufficient number of vehicles in each category. ANOVA tests with
Tukeyds HSD tests were used to eKWBEATlasswast her

distinctiveenough to suggesitat settinglifferent speed limitfor each MFHWA classwould be
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appropriate The test results showed that average speed inprapbsedM-FHWA class was
statistically significantly different

The studyusedthree differentapproacheso develop an integrated datati®itcombired
WIM data with GPS dat# include more accuragpeedistribution with nonstop and travel with
stops informationFirsty, aQQ plot was used toheckthat the speed distributiors the WIM
and GPXdatawere similar. Secondly, dinear regression model was used to estimate the linear
relationship between the WIM speed data and GPS speed tatiy, theMonte Carlomethod
wasapplied to develofheintegrated datas¢hatincorporaed WIM data and GPS data

Thestudythen evaluated the FHWA heavghicle classificatioand a proposell-FHWA
classification tadecidewhich scheme would be suitable fi@veloping eDSL strategybased on
GVW. The study examined the empirical relationships between vetngle speed and GVW for
FHWA classes and NFHWA classes The results showed that ti¥-FHWA classeshad a
stronger correlation with speed and GVW tlsh theFHWA classes. Eachl-FHWA classhad
less variance in GVW, less overlapping of GVW betwbeirHWA clases and more clearly
distinctive speed distributions thaid the FHWA classes. These results suggdshat theM-
FHWA classificationwould bethe more appropriate classificatimtheme for assessingb&sL
strategy that includesonsideation ofGVW.

The study proposed theew speed limit strategy (DSL) atlde new speed enforcement
strategy (ASE). The simulation analysis condddivo comparison studied) to compare the
traditional speed limit strategy (USL) withnew speed limit strategy (DSLand 2) to compare

the traditional speed enforcement strategy (SSE) autbw speed enforcement strategy (ASE).
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Three traffic performance indicatorthe longitudinal 85" percentile speedprofile, standard
deviation of speedandthe speed violation ratevere usedto evaluate the safety impact thie
differentspeed limit and speed enforcement stratedisst is not reasonable to apply ASE on
548 km of highwayan 8 km highway section was selected as the simulation study segment.
VISSIM was used to condtithe simulation analysiJwo stages of calibration improste
the accuracy of the simulation model. The first stage calibration evaluated traffic volume, travel
time, travel speednd vehicle composition to check the accuracy of the métie¢he calibration
results weraunderthe threshold values. The second stage calibration was a sensitivity analysis
conducted to help determine suitable values for traffic volume and heavy vehicle percentage for
the base scenario. The sensitivity analf@isd that appropriate values for the base scenario were:
traffic volume of 600 vehicles per hour per direction, and heavy vehicle percentage of 25 %.
In the first comparison simulation analysis, new speed limits were creatie filmurM-
FHWA classesThe four newspeed limitswere selectedbased on the 85percentile speeds
USL strategy.The comparson ofthe two speed limit strategie@gas based on thiree traffic
performance indicatord he results showed that DSL generally performed bettarlts: DSL
produced more separated and relatively lowét @&rcentile speed profie larger reductions in
the 85" percentile speed, average speed and standard deviation of speachfdrFHWA, and
smaller standard deviatiein speed The findings sggest that DSlwould reduce the probability
of vehicle interactiontherebyreduadng the risk of highway collisiondn addition,reductiors in
average speed and speed standard deviawe been associated withreduced fatality rate

(Russo et a].2017) Although theDSL speed violation rates M-FHWA clasgs2, 3 and 4vere
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slightly increasd, the travel speeds for MMHWA clas®s2, 3 and 4 under DSivere generally
reduced compared to USL.

In general, the DSL strategy associated wi#M-FHWA classfication appeared to ben
effective speed limit strategyith the potential for bringing significant improvements to heavy
vehiclehighway safety.

In the secondcomparison simulation analysishich usedthe three traffic performance
indictorsto compareéSSE and ASE, we found that A§Enerally performed better than SSE: ASE
producel lower, smootkrandmoreseparated 85percentile speed profileAn ASE strategycan
monitor vehicle travel alongwhole sectiorencouraginglirivers to ensuréhat theiraverage travel
speedemainsdelow the speed limit for the whole monitoring sectdrereassSEreduces vehicle
speeds foonly avery localized section of highway around the speed enforcement lolestting
to drivers changingpeed over eetatively short distanc® avoid a speeding ticke€ompared to
SSE,ASE alsoeffectively reduced thespeed violation ratéor each FHWA classAlso, the 8%"
percentile speed, average speed, standard deviation of speed and speed violatioreaate for
FHWA class in ASE strategy wasduced compared tdSL strategy. Lowespeed standard
deviation created more consolidated speeds between vehicles that réueidéctlinood of
crashes. Therefore, ASE strategy would lead to more steady speed witlpeimared traffic flow
and less collisions than SSE strategy.

In generaljit appears thaBSE is more effective than SSE as ASE is expected to bring

aboutsubstantiatedudions in heavy vehiclepeed.
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In summary, the two comparison simulation studies detrees that introducing
differential speed limits associated with &lodified-Federal Highway Administration
classificatiorcombined with average speed enforcenmastclear potential f@anhanag highway
safety for heavy vehicles. Benefits include sulisadiy reducing heavy vehicle travel speeds and
producingthe smoothey the moreharmonized travel speedssociated which would reduce the

number and severity of highway collisions involving heavy vehicles.

7.2 Recommendatiors

Although this studghows thathe safetyof heavy vehicless likely to be improved by the
introductionof DSL associated with GVW and ASthere are stiltonsiderabl@pportunities for
future research.

1. The data fusion method was employed to developntegrated datasehat included
accurate informationnnonstop and stoppirfggavy vehicle tripgyut thesimulationmodel
has the limitation of obtaining the detail simulation results for different vehicle
classification when the percent of heavy vehiglemall (i.e. 0.0%). Futureresearch could
focus on nonstofravel heavy vehicles and explore the safety impa&peed limi and
enforcement strategiemder free flow traffic conditions

2. Thespeed limit strategy analysised the proposeéd-FHWA clasgfication, but thespeed
enforcement analysigsedthe standaréFHWA classfication. This was to allow thepeed
enforcement analysi® make use gbrevious model calibrations and the assumptta
aspeed fluctuatiois typical of SSEwhich wasbasedmainly onstudies that usedHWA
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class. It would beisefulto explore the traffic performance of DSbmbined with ASE

with aconsistat vehicle classification scheme.

. The DSL model was builtsing assumptions based @revious studies all of which
considerednly two levels ofdifferential speed limitsone forpassenger cars ande for

trucks. Future research could investigatange oDSL strategiesvith more deta#gd and

precise speed limievels

. The SSE model was developed watmumber ofissumptios. One assumption was that

the speed fluctuation phenomenon before and after the spot speed enforcement location
should besimulatal. Therelatedassumptionsssumed thdteavy vehicles would reduce

travel speed by an average of 4%, #mat speed would @over within 1.5 kmAnother
assumption concernethe weighito-power ratio and its effect onheavy vehicle
acceleration and deceleration capabilitieghis casegur assumptionwerebased onTE

(1999) and we usectonservative estimes, but lkeavy vehicle brdng systems have
improved over time. Future research could explore more recent gugtelyaeding heavy
vehicle engine and mechanical capabilities.

. Also, future research could consider collecting field data from spot speed enforcement
devices talevelg amore accurate and realisticn d e r s t a n d ispeed fliwtbatiahr i v er
behaviour.

. The locatiorfor theASE simulation waaselected 10 km of highway, but the actual traffic

data used ithe simulation was collected from 548 km of highway. Futureaedecould

considercollecting the data frora shorter segmerg,g.,20 km or 50 km of highway.
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7. This study was conducted for a highway corridor in British Columbia. Future research
could explore other types of roadway, other jurisdictions, and differeatherconditions
to check whether this studyos findings app
8. Future research could haso investigating theapplication of DSLand ASE
strategie$or connected autonomous vehicles (CAV) aedvy vehicle platooning (HVP).
Asmentioned wearlier, heavy vehiclesd opera
GVW. Relatively precise GVW informatiois especially importarfor heavy vehiclsto
form HVPis unlikely to be created in reality as it would place the slowest moving gehicl
(presumably the heaviest vehicle) in the lead with an inevitable loss of travel time and fuel
savings. If a fastoving vehicle leads the convoy, the platoon may break up on steep
segments reducing fuel savings and creating undesirable safety challemgesars
cutting in between supposedly platooning vehic@se of our findingshas shown that
heavy vehicle speed variance would be redwa#un eachM-FHWA classf they follow
the proposed DSIChapter 6.3)Setting DSL based on GVW allokeavy vehites with
similar GVW to follow the same speed limit and be able to travel as a group and form a
platoon with tight gaps and harmonized spemd=s on steep grades without creating the
issues of concern raised abo®&etting differential speed limits assatdd with GVW
would become important for the formation of proper HVRsvould be useful t@xplore
whether theseonceps would work in a traffic environment when CAV/platooning is

widely available in our public highway.
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Appendix

Appendix A: FHWA Vehicle Classification Scheme

Table A-1: Vehicle Distribution based on EPA Emission ClassificatiofEPA, 2017)

_ Average Average
Gross Vehicle Number of Average
_ GWV GWV _
Weight Group Vehicles Speed (km/h)
Intervals (Ib)  Intervals (kg)

_ <6000 <2700 0 -
Light Duty Trucks

60008500 27003850 0 -
850010000 38504500 0 -
100014000 45006350 0 -
Medium Duty
1400016000 63507250 0 -
1600019500 72508850 0 -
1950026000 885011800 0 -
2600033000 1180615000 11 71.93
Heavy Duty
3300060000 15000627200 3354 75.44

>=60000 >=27200 6000 12.47
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Appendix B: M-FHWA Classification Selection and Evaluation
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Figure B-1: Speed Distributionsfor Different GVW Thresholds
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Different GVW Threshold s

Table B-1: Number of Vehicle, Average Speed and &5Percentile Speed Distributions for

Different GVW Threshold Combinations

GVW Groups
Number of Vehicles
Average Speed (km/h)

85th Percentile Speed
(km/h)

Number of Vehicles

Average Speed (km/h)
85th Percentile Speed
(km/h)

Number of Vehicles
Average Speed (km/h)

85th Percentile Speed
(km/h)

Number of Vehicles
Average Speed (km/h)

85th Percentile Speed
(km/h)

Number of Vehicles
Average Speed (km/h)

85th Percentile Speed
(km/h)

Number of Vehicles
Average Speed (km/h)

85th Percentile Speed
(km/h)

Number of Vehicles
Average Speed (km/h)

85th Percentile Speed
(km/h)

<27,200
3363.00
75.41

85.95

<27,200
3363.00
75.41

85.95

<27,200
3363.00
75.41

85.95

<27,200
3363.00
75.41

85.95

<27,200
3363.00
75.41

85.95

<27,200
3363.00
75.41

85.95

<27,200
3363.00
75.41

85.95

27,200- 30,000
1247.00
74.16

84.46

27,200- 35,000
3384.00
73.53

82.88

27,200- 40,000
4898.00
73.17

82.27

27,200- 45,000
5628.00
72.84

81.99

27,200- 50,000
5766.00
72.73

81.89

27,200- 55,000
5804.00
72.70

81.87

27,200- 60,000
5897.00
72.60

81.84

O 30,
4753.00
72.03
80.86
O 35,
2616.00
71.10
79.59
o 40,
1102.00
69.39
77.29
O 45,
372.00
66.92
73.85

O 50,
234.00
66.03
71.92

O 55,
196.00
65.76
71.50

O 60,
103.00
65.43

71.41
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Table B-2: ANOVA Test for M-FHWA Classification (11 SubGroup)

Degree of  Sum of Mean
Source F-Value P-Value
Freedom Squares Square
Type 10 36006 3601 38.38 LO
Residuals 9354 877430 94 - -

Table B-3: Tukey Post Hoc Test forM-FHWA Classification (11 SubGroup)

Means Adjusted P-
Groups Lower Bound  Upper Bound

Difference Value
Class29 - Class18 -10.91 -18.28 -3.54 0.0001
Class39 - Class18 -12.90 -20.27 -5.53 0.0000
Class210- Class18 -9.37 -16.93 -1.81 0.0032
Class310- Class18 -13.71 -21.10 -6.33 0.0000
Class410- Class18 -17.61 -25.64 -9.58 0.0000
Class212 - Class18 -9.19 -17.79 -0.60 0.0243
Class312- Class18 -15.35 -23.05 -7.66 0.0000
Class412 - Class18 -19.75 -31.10 -8.40 0.0000
Class313- Class18 -14.25 -22.21 -6.29 0.0000
Class413- Class18 -19.73 -27.32 -12.13 0.0000
Class39 - Class29 -1.99 -2.77 -1.21 0.0000
Class210- Class29 1.55 -0.31 3.40 0.2075
Class310- Class29 -2.80 -3.71 -1.88 0.0000
Class410- Class29 -6.70 -9.98 -3.42 0.0000
Class212 - Class29 1.72 -2.77 6.21 0.9789
Class312- Class29 -4.44 -6.80 -2.08 0.0000
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Means Adjusted P-
Groups _ Lower Bound  Upper Bound

Difference Value
Class412 - Class29 -8.84 -17.50 -0.17 0.0412
Class313- Class29 -3.34 -6.45 -0.23 0.0234
Class413- Class29 -8.82 -10.81 -6.82 0.0000
Class210- Class39 3.53 1.69 5.38 0.0000
Class310- Class39 -0.81 -1.70 0.08 0.1123
Class410- Class39 -4.71 -7.99 -1.44 0.0002
Class212 - Class39 3.70 -0.78 8.19 0.2190
Class312- Class39 -2.46 -4.81 -0.10 0.3321
Class412 - Class39 -6.85 -15.51 1.81 0.2784
Class313- Class39 -1.35 -4.46 1.75 0.9478
Class413- Class39 -6.83 -8.81 -4.85 0.0000
Class310- Class210 -4.34 -6.25 -2.44 0.0000
Class410- Class210 -8.25 -11.93 -4.56 0.0000
Class212- Class210 0.17 -4.62 4.96 1.0000
Class312- Class210 -5.99 -8.88 -3.09 0.0000
Class412 - Class210 -10.38 -19.21 -1.56 0.0072
Class313- Class210 -4.89 -8.42 -1.36 0.0004
Class413- Class210 -10.36 -12.96 -7.76 0.0000
Class410- Class310 -3.90 -7.21 -0.59 0.0070
Class212- Class310 4.52 0.01 9.03 0.0494
Class312- Class310 -1.64 -4.05 0.76 0.5028
Class412 - Class310 -6.04 -14.71 2.64 0.4763
Class313- Class310 -0.54 -3.68 2.60 1.0000
Class413- Class310 -6.02 -8.06 -3.98 0.0000
Class212 - Class410 8.42 2.92 13.92 0.0000
Class312- Class410 2.26 -1.70 6.22 0.7593
Class412 - Class410 -2.13 -11.37 7.10 0.9997
Class313- Class410 3.36 -1.09 7.81 0.3461
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Means Adjusted P-
Groups _ Lower Bound  Upper Bound

Difference Value
Class413- Class410 -2.11 -5.87 1.64 0.7731
Class312- Class212 -6.16 -11.17 -1.15 0.0037
Class412 - Class212 -10.55 -20.28 -0.83 0.0206
Class313- Class212 -5.06 -10.46 0.34 0.0907
Class413- Class212 -10.53 -15.38 -5.69 0.0000
Class412 - Class312 -4.39 -13.34 4.55 0.8906
Class313- Class312 1.10 -2.72 4,92 0.9977
Class413- Class312 -4.37 -7.36 -1.39 0.0001
Class313- Class412 5.50 -3.68 14.67 0.6981
Class413- Class412 0.02 -8.84 8.88 1.0000
Class413- Class313 -5.48 -9.08 -1.87 0.0001
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Appendix D: Speed Distribution ofMonte Carlo Data FusionSimulation Results
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Appendix F: Average Speed, GVW and Vehicle Class Analysis for Combined Traffic Data
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Figure F-6: Cumulative Speed Distribution for GVW Interval and Detail Vehicle Weight
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Appendix G: Traffic Data Calculation for Simulation Corridor

Table G-1: Traffic Volume Table of Simulation Corridor

Year 2010 2011 2012 2013 2014 2015 2016

Annual Average Daily
Traffic (AADT)
Summer Average Daily
Traffic (SADT)
Directional Hour Demand
Volume (DDHV)

6324 6073 5821 5570 5939 6307 6676

8551 8214 7878 7541 8099 8658 9216

734 704 675 646 689 732 774

Equations of Traffic Volume Calculation:

000"Y 0007Y 000Y 000" To

O00woo00Y U O

L ™po

0 p

Where:

thetraffic data of 2010, 2013 and 20%@&reprovidedby BC Ministry of Transportation and
Infrastructurg(2019)

K is the proportional of AADT occurring during the peak hand average Kactor was 0.116
AADT is between 1000 toGD00(TRB, 2010) and
D isthe proportion of pedhour volume traveling ithe peak directioand average 1 when

thestudy only considered west to east one diredfié?B, 2010)
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Appendix H: Sensitivity Analysis Results

Table H-1: Impact of Traffic Volume and Truck Percentage on Average Travel Speed

Class Class Class Class Class
9 10 12 13

200 9436 103.57 89.48 72.60 7297 73.06 67.24

Parameters Group Al Cars

Truck
600 91.27 9930 8546 73.15 7231 71.74 67.20
Percentage:
50/ 1000 87.41 9399 8281 72.18 7097 69.88 67.40
’ 1400 82.87 88.07 79.46 70.81 69.43 68.78 66.08
Traff 15% 95.87 101.15 8588 7356 73.10 7235 67.59
raffic
20% 93.74 100.43 8577 73.19 7282 6997 6757
Volume: 600
Hh 25% 91.27 99.30 8546 73.15 7231 7174 67.20
ve

30% 89.63 99.03 86.69 72.67 72.00 7233 67.20
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Appendix |: Vehicle Speed andGVW Distributions for All Classes

Table I-1: Travel SpeedDistribution for M-FHWA Classes

Speed (km/h) Class8 Class9 Class10 Class12 Class 13

Min Speed 60.33 45.76 45.68 46.61 45.90
10 Percentile 76.67 59.81 58.65 58.61 58.34
20 Percentile 81.76 66.01 65.26 64.07 62.35
30 Percentile 83.13 70.11 68.98 67.06 64.39
40 Percentile 85.05 73.20 71.88 69.52 66.41
50 Percentile 87.65 75.73 74.24 72.52 68.40
60 Percentile 91.76 78.12 76.15 74.95 69.89
70 Percentile 92.34 80.25 78.44 76.94 71.43
80 Percentile 92.67 82.52 80.87 80.35 73.22
85 Percentile 93.67 83.90 82.54 81.63 74.53
90 Percentile 94.90 85.59 84.22 83.29 77.02

Max GVW 97.61 99.74 96.70 92.38 90.82

Table 1-2: GVW Distribution for M-FHWA Classes

GVW (Tonneg Class 1 Class 2 Class 3 Class 4

Min GVW 13.81 12.74 21.80 45.04
10 Percentile 16.36 19.45 28.41 45.32
20 Percentile 17.34 20.86 29.73 45.73
30 Percentile 17.51 22.07 30.97 47.42
40 Percentile 18.29 23.05 32.39 51.73
50 Percentile 18.83 23.83 33.68 55.96
60 Percentile 19.00 24.52 34.97 58.16
70 Percentile 19.17 25.15 36.22 59.51
80 Percentile 19.40 25.79 38.05 61.16
85 Percentile 19.65 26.18 39.31 61.92
90 Percentile 20.02 26.45 40.99 62.75
Max GVW 24.04 27.20 44.99 67.02
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Table I-3: Travel SpeedDistribution for FHWA Classes

Speed (km/h) Class 1 Class 2 Class 3 Class 4
Min Speed 60.33 45.76 45.68 45.90
10 Percentile 76.67 60.09 59.21 56.39
20 Percentile 81.76 66.62 65.42 62.08
30 Percentile 83.13 70.85 69.06 64.15
40 Percentile 85.05 74.37 72.09 66.07
50 Percentile 87.65 77.48 74.38 67.50
60 Percentile 91.76 79.82 76.48 69.48
70 Percentile 92.34 82.08 78.53 71.07
80 Percentile 92.67 84.51 80.76 72.37
85 Percentile 93.67 85.90 82.00 73.85
90 Percentile 94.90 87.31 83.40 74.89
Max GVW 97.61 99.74 96.37 84.47

Table 1-4: GVW Distri bution for FHWA Classes

GVW (Tonneg Class 8 Class 9 Class 10 Class12 Class 13
Min GVW 13.81 12.74 16.84 17.11 21.80
10 Percentile 16.36 21.05 25.64 25.22 32.31
20 Percentile 17.34 23.23 29.14 27.28 40.04
30 Percentile 17.51 24.76 31.95 30.46 46.06
40 Percentile 18.29 26.24 34.04 32.60 52.01
50 Percentile 18.83 27.83 36.36 34.47 55.99
60 Percentile 19.00 29.69 38.50 36.87 58.16
70 Percentile 19.17 31.66 40.40 39.16 59.53
80 Percentile 19.40 33.79 42.09 40.74 61.18
85 Percentile 19.65 34.81 42.90 42.58 61.92
90 Percentile 20.02 35.77 43.69 44.00 62.76
Max GVW 24.04 41.58 48.65 48.37 67.02
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Appendix J: Comparison of Uniform Speed Limit and Differential Speed.imit
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Figure J-1: Speed along the Distance for Two Speddmit Strategies

Table J-1: SpeedViolation Rate for Each M-FHWA Class for Two Speed Limit Strategies

Groups Parameters Classl Class2 Class3 Class4
PercentSpeeding 49.55 8.91 6.20 0.00
Percent Noné&Speeding  50.45 91.09 93.80 100.00

USL

Percent Speeding 20.72 12.89 9.59 2.84
Percent Noné&peeding  79.28 87.11 90.41 97.16

DSL
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Appendix K: Comparison of Spot Speed Enforcement and Average SpeEdforcement
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Figure K-1: Speed along the Distance for Two Speed Enforcement Strategies

Table K-1: Speed Violation Ratefor each FHWA Class for Two SpeedEnforcement

Strategies
Groups Parameters 8 9 10 12 13
osE Percent Speeding 5856 23.24 16.81 2159 15.68
Percent Noné&Speeding 41.44 76.76 83.19 78.41 84.32
ASE Percent Speeding 50.45  7.65 5.63 7.95 2.13

PercenNoneSpeeding 49.55 9235 94.37 92.05 97.87
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