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ABSTRACT

Collisions involving trucks have increased fatality riskscompared to passenger vehicledHours-of-
Service (HOS) laws existo reduce fatalities where truck driver fatigue is a contributing factor.
Electronic logging devices (ELD) are being mandated to automatically track HOS and enforce
compliance, creating a greater urgency for adequate truck parkingA lack of truck parking is often
identified throughout North America; however,these studies areoften limited to public rest areas

despite evidence thatdrivers often utilize other types of parking.

To adequatelycomparetruck parking supply and demandan exhaustivetruck parking classification
schemeis developedbased on importantlocation attributes identified through extensive literature
review. This schemecan be systematically implemented using available geospatial datéhis datais
then used to develop aruck parking supply model based ona negative binomid regression The

Region of Peel is used as the study area dieeits considerablylarge freight industry.
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CHAPTER 1L:INTRODUCTION

1.1 Research Motivation

According to the American Tr anspor t aGrilicallssuddes ear c h

the Trucking Industryosurvey, heavy commercial vehicle HCV) parking and its associated issues are
rated fifth highest among all freight industry concerns andated third highest forcommercialdrivers
(2019). The shortage ofHCV parking is a serious freight transportation problem for three man
reasons. Firstly, fatigued drivers may continue to drive until they find a safe and legal parking space
Reduced driver reaction times due to fatigue may contribute to an increase in HCV collisions in
emergency situations(NASEM, 2016) Secondly, if additional drivingis required to find a parking
location, time is wasted and emissionsare increased due tdhe additional fuel consumption(Kansas
DOT and Turnpike Authority, 2016) Thirdly, drivers may eventually park in an unsafe and illegal
location where the appropriate level of safety and security is not provide(Schmidet al, 2018). HCVs
can often be observed stopped on shoulders or highway ramps, leading to an unsafe road
environment for both the driver and otherroadway users(Boris and Johnson, 2015;dannou and de

Almeida Araujo Vital, 2018)

lllegal parking is a particular concern from the perspective of driver health and safety. Boggsal.
(2019) showed a positive correlation béween parking facilities reaching capacity and collisions on
adjacent ramps subsequently used for overflow parking. When choosing to stop in an illegal parking
location, drivers may not fully comprehend potential security threats such as vehicle thefts awther
crimes (FHWA, 2015) A tragic incident occurred in 2009 when an HCV driver named Jason
Rivenburg was killed while parked at an abandoned gas station in &b Carolina (FHWA, 2015)

J as on’ s subsaguentlypassedin the United Stategdo address the lack of safe and legal parking
spaces forHCVs This law aims to increase the number of safelCVparking spaces by constructing

new public parking facilities and creating additional parkinginfrastructure at existing commercial
1



truck stops and rest areajUSA: 112th Congress, 2@, FHWA, 2015)J ason’' s Law thel s o

United States Department of Transportation (US DOT) to perform natiewide HCVparking surveys

to evaluate the supply, demand, and quality ¢iCVparking around the country (FHWA, 2015)

Hours-of-Service (HOS) regulations and emerging requirements for electronic logging devices
(ELDs) limit the extent of fatigued driving but also place a greater pressure ddCVparking (ATRI,
2018). The HOS regulations govern the duration of time that a driver can operate V. The United
States and Canada typicaliimit daily driving to 11 and 13 hours, respectively (Government of
Canada, 2009; FMCSA, 20168)hile HOS regulations can result in safer roads, theyay also create a
greater challenge forHCVdrivers who need to find convenient parking locations before exceeding
their maximum driving hour limit. To ensure thatHCVdrivers are not falsifying or failing to complete
their HOS logs, the United States mandatdé=LDs in 2017and Canadais expected tomandate ELDs in
2021 (Truck News 2017; Government of Canada, 2017; ATRI, 2018; Lamb, 20X Ds have already
begun toimpact HCV parking in the United States, especially for small businesg&gottet al, 2019).
Parking shortages will likely be a growing concern due to stricter HOS enforcement from ELDs and

continual HCV traffic growth along major highway routes in North AmericéNASEM, 2016)

The number of fatal HCV collisions has recently been on the rid&@MCSA, Q18; The Canadian Press,
2018) which may be in part caused by fatigueNASEM, 2016)and insufficient HCVparking (Boggset
al.,, 2019). The Atlanta Regional Commission hadevelopedan HCV parking location classification
schemesto help better understand the location and extent of existing HCV parking shortages a
matter of public safety (2018). Although this classification scheme ighe best existing option, an
improved quantitative HCV parking location classification scheme could be designed be

systematically implementable using commonly available geospatial data.

1HOS Laws in the United States and Canada have specific rules and exceptions relating to daily driving and
working time(Government of Canada, 200Bederal Motor Carrier Safety Administration, 2016)

2
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In order to better understand these current-day concerns with HCV parkingn North America, it is
important to examine how they evolved over time. The movement of goods using HCVs first started
in North America over 100 years ago. Since themolicy decisions and a lack of infrastructure
developmenthaveincreasedthe problems reated to HCV parkingover time along with the size and
scope of the goods movement industry. By examining the evolution of this problem and the
preliminary countermeasures that were put into place, it becomes easier to determine the causes and
extent of the issues relating toHCV parking.A detailed history on this subject can be found in

Appendix A:History of Goods Movement

1.2 Research Goal

The aim of this research is the development of an approach to identify, classify, and estimate long
haul HCV parking supply to increase the accuracy of assessing HCV parking adequacy. GPSsdata
first processed to identify the locations where drivers are fulfilling their hours of service (HOS)
requirements on longhaul trips. Then, an exhaustive HCV parking location classification schelise
developed based on extensive literature review. A systeatic approach to apply this classification
scheme using commonly available geospatial daimalso developed. Lastly, a mathematical modid
developed to estimate the HCV parking supply. The approaches developed as part of this research

are applied to the case study area: the Region of Peel in Ontario, Canada.

1.3 Research Objectives

Literature on the topic of HCV parking has generally prioritizethe modelling of demand over supply;
however, comprehensive estimates of supplied HCV parking spaces are crucially needed to properly
understand any existing HCV parking problemgAtlanta Regional Commission, 2018)HCV parkng

supply is often underestimated by jurisdictionsdue to the omission of valid parking spaces such as



those belonging to private facilities. This oversight camresult in inefficient and expensive
infrastructure projects pursued based only on qualitativeknowledge. If HCV parking deficiencies
exist and are notproperly understood or addressed, serious safety concernsan arise for both HCV

drivers and the greater public at largeThe four specificobjectivesof this research are:

1. Developan approach to idetify long-haul HCV rest stop parking locations;

2. Createa classification scheme for HCV parking locations based on an extensive literature
review;

3. Devisea systematic approach to apply the above classification using geospatial data; and

4. Developan HCV paking space count modeto estimate total parking supply.

This researchcreates a set of tools for use by municipalities and transportation professionals to
better determine the location and extent of any HCV parking deficiencies. This research will also
address the existing gap in the literature related to HCV parking supply and classificatiohdiagram

showing therelationship between the four research objectivess shown in Figure 1-1.

1. Identify long-haul HCV
rest stop parking
locations

Chapter 5

B Emmiam G peniaiy 3. Classify the identified

location classification — . .
HCV parking locations
scheme
Chapter 6 Chapter 7

4. Estimate the parking
space count for identified
HCV parking locations

Chapter 8

Figure 1-1: Relationship betweenResearchObjectivesand Thesis Chapters



1.4 Research Scope

The scope of thighesisis limited to HCV parking supply. HCV parking demanig not considered as
part of this thesis, noris the methodology for comparing HCV parking supply and demand. The total
HCV parking supplyis considered; therefore, spaces that are occupied are counted aarpof the
overall supply. A proper comparison between HCV parking supply and demand would require the
derivation of parking utilization factors to account for HCV parking spaces thare blocked by
improper parking, non-HCV vehicles, andr temporary storage.This comparison would also require
an analysis of the temporal distribution of HCV parking demand; however, this is also outside the

scope of this thesis.

The scope of thighesisis alsolimited to HCV parking related to rest stops used to comply wit HOS
laws on longhaul trips. This thesis doesnot examine shorthaul trips and does not examine stops
that were short in duration. Short stops would include those used to deliver or pick up goods where

the duration of the stopis too short? to contribute to HOScompliant off-duty time.

Lastly, this thesisdoes not examine the specific geometric requirement®r parking HCVs. The scope
includes the existence of HCV parking but not the adequae§individual parking spaces The turning

radius andswept path of HCVs is not considered when examining existing HCV parking supply.

1.5 Thesis Structure

This thesiscontains an additionaleight chapters. InChapter 2:Literature Review, the results of an
extensive literature review are presented in order to provide context to the current issues
surrounding HCV parking. InChapter 3:Study Data, the data used in thighesisis discussed in detail

and information is provided on the Region of Peetase study area locatedn Ontario, Canadaln

2 Canadian HOS laws permit meeting the mandatorglof§ time in a sleeper birth in two periods as long as neither
period is shorter than two houiGovernmenbf Canada, 2009)

5



Chapter 4: Analysis Methods the methods of analyzing data, building regression models, and
checking model goanessof-fit are described.In Chapter 5:Identification of HCVParking Locations
GPS data is processed to identify the locations where HCVs are parking on lbagl trips to meet
their HOS requirements. IrChapter 6:Development of an HCVParking Classification Schemdeasible
combinations of key HCV parking location characteristics identified infe literature review are
heuristically stratified to develop an exhaustive HCV parking location classification scheme. In
Chapter 7: Application of the HCV Parking Clasification Scheme the proposed scheme is
systematically appliedusing commonly available geospatial datto locations previously identified in
the Region of Peel. I€hapter 8:Estimation of HCVParking Supply a negative binomial regression is
estimated to modelHCV parking supply usingprocessed geospatialzariables. In the final chapter,
Chapter 9: Conclusion the key findings of thisthesis are summarizedand recommendations for

future technical and policyresearch are provided.



CHAPTER 2.LITERATURE REVIEW

This chapterpresentsthe summary of a literature review performed for this thesis. Important topics
discussed includethe definition of HCV parking driver safety,Hours of Service (HOS) lawsgexisting
HCV parkinganalyses key characteristics of HCV parkingand an existing HCV parking classification

scheme

2.1 Heavy Commercial Vehicle Parking

This thesis focuses onlong-haul freight truck parking to meet the requirements of Hours of Service
(HOS)laws. Due tothe larger size and greater mass of HCVs, there assues related to parkingHCVs

that are beyond that of parking passenger vehicles.

2.1.1 Definition

Freight truck parking can be definedoy exami ning the definitidms of
this contiegtdef §ondsith gamsit br'being transported by rail, road, or se@xford
University Press, 2019a) This thesis focuses onthose goods being transported by @ad in heavy
commercial vehicles(HCVs) which are commonly referred to asrucks. ‘P dsrdéfined gs'space
OAOAOOAA I[tihe piacnly Ar lediin® 8f a vehicle or vehiclesuch asf car park or other
designated area, at the side of a roagtc.” (Oxford University Press, 2019b)Taken t oget her ,
truck p a r kis definédin this thesisasspace used foplacing or leavinggoodsmoving HCVsThis

thesisfocuses on the policies and availability of the locations where the$¢CVs caror cannotlegally

park to rest during goodsmoving long-haul trips.



2.1.2Heavy Commercial Vehicles

A heavy commercial vehicle, or HCMs alarge goodsmoving vehicle thatis used for commercial
purposes. These vehicles are distinct frormpassenger vehiclesas their larger size and greater mass

restrict the locations where they carpark (Ogden, 1991)

One system for classifying vehicles is the FHWA A3ategory Vehicle Classificatioscheme, which
classifies vehicles based on axles, tires, and trailgfidallenbecket al, 2014). A visual representation
of this system is shown inFigure 2-1. Based on this vehicle classification system, HC¥an refer to
vehicles dass 6 to 13; howeverthis thesis will focus on single trailer HCVswhere the tractor and
trailer can be separatedThe project scopeexcludes single unit commercial vehiclegdass 6 and 7),
often called delivery trucks,which do notalways face the same parking limitations and are not often
used for long-haul trips (Amer and Chow, 2017) Thescopealso excluded_ong Combination Vehicles
(LCVs)(Qass11 to 13) where the tractor is pulling multiple trailers; very different laws govern these
vehicles and the parking limitations are much moresevere (Ministry of Transportation Ontario,

2019; Parsons, 2019)



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 i * G i @E I 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

- I S =)

f
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

m H |
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 2-1: Vehicle Classification using FHWA 1&8ategory Scheme
(Texas DOT, 2012)

Themost common heavy truck used in th&orth Americais dass 9 which is part of the three classes
this thesis focuses on(NASEMet al, 2010; Hallenbecket al, 2014). Class 9 HCVare tractor-trailer
combinations with a total of five axles. Class 8 andO vehicles are the other singletrailer
classifications andhave similar turning radius limitations and overall dimensions The dimensions of
a typical Gass 9 HCV, the WR9 Design Vehicleare found in Figure 2-2. The turning radius and
swept path of this vehicle, dependent of the turn angle, is shown Figure 2-3. Theturning limitat ions
of HCVs helps to define the locationi;m which they can maneuver and parKHarwood et al,, 2003).
Large parcels of land are required to construct HCV parkinlots, which is a key obstacle in the

development of new HCV parking infrastructurgTRI et al,, 1996; Giulianoet al,, 2017).
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2.1.3Long-Haul Trips

There are two types of HCWips that should be examinel separately: shorthaul trips and long-haul
trips (Amer and Chow, 2017) Shorthaul trips typically refer to urban deliveries that occur within a
single city or regionand typically arrive at their destination before a mandatory rest break is required
(Fleger et al, 2002; Gill and Macdonald, 2013)In contrast, bng-haul trips typically occur between
cities or regions and have a much greater likelihood of requiring a rest break satisfy hours of
service (HOS) lawgFlegeret al, 2002; Gill and Macdonald, 2013Average marking duration varies
between short and longhaul trips, with drivers meeting rest requirementsduring long-haul trips in
addition to eating, refuelling, performing maintenance,and using the restroom(Fleger et al, 2002;

Trépanier et al,, 2010; Kimley Horn, 2015)

Long-haul trips, or inter-regional trips, are often defined based on the trip distance with examples
including a oneway distance of400 km (Pécheuxet al, 2002) or 500 km (Ortuzar and Willumsen,
2011). Longhaul trips with a total distancetravelled in excess of 900 km have been demonstrated to

take substantiallymore time dueto required rest breaks (Gingerichet al,, 2016a).

Short-term HCV parking such ascurbside spaces for urban deliverie§Amer and Chow, 2017,
Mitman et al, 2018; Schmidet al, 2018), is predominantly concerned with timely access and close
proximity to businesses for efficientgoods transfer. Thisneeds to beconsidered separatelyfrom
long-term parking such as rest stops and overnight stopgAmer and Chow, 2017) where safety
concerns and suitable amenities are paramounflthough this thesisfocuses on longterm rest stops,
readers who are interested in research on urban deliveries can find relevant studies conducted by
Malik et al.(2017),Nourinejad and Roorda(2017),de Abreu e Silva and Alh2017), Chowand Amer

(2015), Yanget al.(2014), and Nourinejad et al.(2014).
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2.1.4 Availability

Alack of HCVparking has been identified inlocations all over North AmericaA 2015 FHWA national
truck parking survey inthe United States foundhis shortage ofparking supply to be a nationakafety
concern (2015). Studies from individual regions have found results that are consistent with the
conclusion of his FHWA surveyA study ofHCVparking on thel-5 interstate in California found that
HCVparking was difficult to find and more than 70% of drivers have not been able to park at truck
stops due to the facility being fullMartin and Shaheen, 2013)HCVdrivers expressed an interest in
a real-time parking availability application that would allow them to more easily find overnight
parking. The Atlanta RegionalC o mmi s sSTiuak iParksng Assessment Study2018) found that
there was a current lack of HCVparking that will worsen in the future due to significant ongoing
growth . The study concluded that the necessary next steps are to add or expah@Vparking supply,
developHCVparking policies and partnerships, improve the sharing dfCVparking information, and
monitor/integrate future technology developments into the freight industry. The study also called
for a more detailed analysis of the current parking supply and theidentification of existing

brownfield sites that could be converted intolegal and safeHCVparking.

In an analysis looking at trip generation in tke province of Ontario, it was identified that the province
as a whole, and especially th&reater Toronto Area GTA region, ha experienced massive growth
in the movement offreight. Sections of Highway 401 in the GTA experien@ annual average daily
truck traffic (AADTT) of 25,000 and Highway 403 in Mississauga experiencas AADTT of 30,000
(Fergusonet al, 2014). Based on survey results, Ontariis consideted to have the most problematic
HCVparking in all of Canada, with the GTA area beirggnsidered the worst(Trépanier et al,, 2010).
Figure 2-4 shows the Canadian provinces with the number adurveyed driver reports identifying
problematic HCV parkinglocations in this study. Figure 2-5 identifies the top twenty worst regions

for reports of problematic parkingin Canada
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Cargo on any given truck in the GTA regias worth $500,000 on average and can be in the millions
of dollars for high-end goods; therefore,any issues with freight transport can have large economic
effects(Fergusonet al, 2014). Problems associated with parking can delay shipments or, in a worst
case scenario, lead to an accident due to either fatigue or unsafe parking practid@samining origin

and destination information may help better understand the mechanics of freight movement

throughout the province of Ontario(Fergusonet al, 2014).
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Figure 2-4: Number of Problematic HCV Parking Locations Reported in Canadian Provinces
Adapted from Trépanier et al.(2010)

13



Southern Ontario

GTA (Golden Horseshoe)
Northern Ontario
Greater Vancouver Regional District
Greater Montreal
Northwestern Ontario
Southwestern Ontario
Thompson-Okanagan
Calgary

Edmonton

Southern Alberta
Greater Regina
FraserValley
Northeastern Ontario
Eastern Ontario
Northern Alberta
Central Alberta
Winnipeg Capital Region
Columbia-Shuswap

OI% 2% 4% 6% 8% 10% 12% 14% 16%

Proportion of all declarations (declared and imputed regions)

Figure 2-5: Top Twenty Canadian Regions with Problematic Parking
Adapted from Trépanieret al.(2010)

2.1.5Passenger Vehicle Parking

Although HCV and passengerehicle parking problems share some similarities, the two types of
parking require a different management approach. The number of passenger vehicle parking spaces
is often determined by legal requirements associated with different types afleveloped propety
(Shoup, 1995) but the demand for parking has risen to the point where it is no longer affordable to
maintain established legal parking requirements especially in urbanizedraas. Many municipalities
have enacted transportation demand management (TDM) policies to encourage transit, active
transportation, and/or carpooling (Shoup, 1995) TDM policiesare enacted for many reasons, but
one major benefit is a reduction in the need for passenger vehicle parkir{¢son and Rye, 2008)
Parking fees are another common tactic used to discourage passenger vehicle parkibghner and
Peer, 2019; Yaret al, 2019). TDM can be effective because it reduces the demand for passenger
vehicle travel, but the demand for HCV parking may not be as easily manipulated through TDM

policies due to the commercial nature of goods movement
14



Passenger vehicle parking spaces parking lots can often be counted using GIS (geographic
information system) software and areal imagery(McKeown et al, 1985; Wang and Hanson, 1998;

Seo and Urmson, 2009; Kabak and Turgut, 2010y his approachoften cannot be utilized for HCV

vehicles since their parking spaces are not necessarily of uniform sizgften do not have the same

distinctly painted parking spot markers (parking lines), often have different surface coverage or

conditions, and are often more ad hocin nature, sharing their space with other equipment and

containers. Demand for passenger vehicle parking can be calcutad using the | TE' s
Generation Manual(Hooper, 2019). This ITE manualoutlines the various characteristics that are

correlated with passenger vehicle parking demand

2.2 Collisions and Safety

A key rationale for the analysis of HCV parking the increased safety risks associated withiICVs.
Compared to passenger vehiclesollisions involving HCVsntroduce increased risk tothe health and
welfare of the general public due to the large mass of HCVs, especially when loaded. Collisions
involving HCVsalso have significant economicconsiderations due tothe potential for costly

infrastructure damage and thedisruption to goods supply chains.

2.2.1Fatigue

One contributing human factorto vehicle collisions is the impairing effects of fatigue(AASHTO,
2008). It is estimated that between 10 and 20% of the roughly 4,008nnual fatalities resulting from

collisions involving trucks and buses in the United Statemay have involved fatigug NASEM, 2016)
This is likely due to thestress and lack of sleep associated with the lifestyle of comnwal vehicle
drivers. Fatigued driving is asubstantial concern for governments andhas resulted in the creation of

Hours of Service (HOS) laws.
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Fatigue itself is difficult to define and objectively measurePolice accident report-based databases,
such asthe Nat i onal Hi ghway Traffic SGefemltEgtimaiad @ystemn st r at |
(GES)and Fatality Analysis Reporting System (FARS{lentify fatigue as a contributing factor in 1 to
2% of fatal collisions involving HCVs and busesThis statistic is likely a massive underestimate due
to the sudden rush of adrenaline that occurs after an accidenthich can make detecting previous
fatigue impossible in most circumstances(NASEM, 2016) Another study from the National
Transportation Safety Board (NTSB) found fatigue to be the most wonon cause of fatato-driver
HCYV ollisions, contributing to 57 of the 182 collisions (31%) of those examined as part of the study
(1990). Fatigue was found tdoe more common thanmedical conditions andimpairment by alcohol
or other drugs in contributing to these fatalto-driver HCV collisions.Lastly, the study found an
association between violation of lours of service (HOS) laws andrug usage, suggesting that drivers

may attempt to use drugs to combat the symptoms of fatigue.

Driver fatigue has many causesincluding extended wakefulness or acute sleep deprivatiorpoor
sleep quality, lengthy driving or working times, chronic insufficient sleep, suboptimal work
schedules, sleep disorders and certain medications (NASEM, 2016) Drivers face increasing
pressuresto work despite being fatigued due to a decreasing workforce, increasing demand for next
day delivery, andfinancial pressures.Although research has showra relationship between sleep
deficiencies and decreased driver attention{is still not fully understood how much sleepis required

to eliminate fatigue concernsThis question is complicated due to the many factors that affetatigue
other than length of sleepOverall, Seep deficits have been found to contribute to decreased alertness
and decreasedperformance. This decease in performance can lead to driver emrand inappropriate

driving practices, which in turn can result in collisions(NASEM, 2016)
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2.2.2HCV Collisionsand Fatalities

Data analysishas shown that the total number of fatalities involved in HCV collisions have been
growing in recent years As shown inFigure 2-6,the overall number of fatalities in collisions involving
HCVs habeen increasingbetween 2009 and 2016n the United StatefFMCSA, 2018)This trend is
also seen in Ontario, Canada, where the number of fatal collisions involving HCVs reached ayt=ar

high in 2017 (The Canadian Press, 2018)

6,000
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2,000

1,000 %Ww
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Year
Non-HCV Occupants—e=HCV Occupants

Figure 2-6: Total Fatalities in Collisions involving HCVs
Adapted fromFMCSA2018)

Whenthe number of fatalities involving HCVss examinedper unit distancetravelled, it can be shown
that the overall rate has been decreased during the last four decades in the United Statas shown
in Figure 2-7 (FMCSA, 2018)The massive increase in goods movement due tecemmerce has likely
contributed towards the growing number of HCVs in the transportation networlk{Petterssonet al,

2018), resulting in the overall rise in collisions despite decreasing rates per unit stiance.
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Figure 2-7: Fatalities in Collisions involving HCVs (per 100 Million Miles Driven)
Adapted from FMCSA2018)

Figure 2-6 and Figure 2-7 show that in the United States, the majority of fatalities in HCV collisions
are the occupants of norHCV vehicles. Additionally, collisions involving HCVs are more likely to
result in a fatality, as shown irFigure 2-8(a), and are more likely to have a higher number of fatalities
compared to collisions that do not involve with HCV,sas shown inFigure 2-8(b) (FMCSA, 2018)
These statistics show that although rates of HCV collisions are going down, collisions with these
vehicles is still more likely to be fatal and will often result in a higher number of fatalities, with a
disproportionate number of these fatalities being noRHCV occupantsBetween 1975 and 2016, after
normalizing for distancetravelled, there have been 157 times the number of fatalities in collisions
involving HCVs compared to those only involving passenger vehiclesthe United StatesHCV driver
fatigue and parking issuedikely contributed to some portion of this safety concernThese trends

show that HCV safety is a concern for both HCV drivers and the general public.
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Figure 2-8: HCV and NorHCV Colkion Statistics
Adapted from FMCSA2018)

223Jason’ s Law

Jason’s Law, passed i aimstdatidlessithe ladk bfesafelandilegad phrkiggt at e s
spaces f or UAE M $nspired byslasan’ Rivenburg, an American HCV driver who was
murdered in his cab while he was parked at an abandoned gas station. Jason had not been able to find

a safe and legal location to park, so the law named in his honour aims to ensure thiditen drivers do

not face a similar situation. Jason’s Law speci fi
constructing safe public HCV parking facilities and adapting existing facilities next to commercial

truck stops and travel plazagFHWA, 2015)

I n order to properly assess the scope of the park
Parking Survey. The Jas oounddhatiH@uparking deficienci®saveré, inng Sur
fact, an issue in the United States, especially around urban areas and along major highways. In the

survey, over 90% ofHCVdrivers reported having issues finding safe and legaCVparking during

night hours. The report strongly encouraged state and regional government® examine the issues
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related to HCV parking more thoroughly and outlined several areas that would benefit from

government financial intervention (FHWA, 2015)

2.3 Hours of Service

Laws relating to Hours of Service (HOS) havestrong effect on HCV driver parking behavior. These
laws have become stricterin recent years after the introduction ofelectronic loggingdevices(ELDs).
In order to properly examine HCV parking concerns, it is important téirst understand the context
and purpose of these laws The American Transportation Research Institute ATRI) has recently
rated HOS and the ELD mandate as the sed and fourth highest concern for commercial drivers in

the United States, respectively2019).

2.3.1 Definition and Purpose

Hours of Service (HOS) refers téhe total time that drivers of commercial vehicles eitherspend
driving (daily driving time) or spend working (on-duty time). In Canada,imitations are put on both
daily driving time and on-duty time through commercial vehicle driver hours of service regulations

(CCMTA, 2010)

Canada and the United Statemach have their ownrstrict HOSaws that govern themaximum duration
of time that a driver can operate a commercial vehicleas well as minimum offduty times. In Canada,
the HOS laws areontained within the National Safety Code for Motor Carriers Standard(@CMTA,
2010). In the United States, the HOS laws are contained witHihS. Code: Title 49 Transportation
(FMCSA, 2016)In Canadaand the United States, drivers are limited to driving 13 and 11 hours in
one day or work shift,respectively. Additional rules regulate the length bbreak time,the duration
of on-duty time, and the total duration of driving time in multiple day periods A simplified summary
of the HOS laws in Canada and the United States are showmable2-1; however, it should be noted
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that additional laws can change the details of the requirementdepending on the circumstance of the

driver (CCMTA, 2010; FMCSA, 2016)

Table 2-1: Simplified Summary of Hours of Service Laws

Parameter Canadian Freight Laws American Freight Laws
Maximum Daily Driving Time 13 hours 11 hours
Daily Rest Break 10 hours (8 hours must be :
. ) 10 consecutive hours
Requirements consecutive)
Maximum Driving Time in a 70/120 hours 60/70 hours
Cycle
Length of a Cycle 7/14 days 7/8 days

Off-Duty Time Required to

36/72 consecutive hours 34 consecutive hours
Reset a Cycle

Note: These are general ruleshere areparticular circumstances described in theHOSlaws that can affect
the durations expressed in this table(CCMTA, 2010; FMCSA, 2016)

The purpose ofHOS laws are to ensure it driver faculties are not impaired due to tiredness which
could jeopardize the safety oboth the driver and the public(CCMTA, 2010)Despite thisintended
purpose, these strict requirementsin combination with a limited supply of paking spacesoften lead
to drivers needing to choose between illegally parking or breaking HOS law€hatterjee and
Wegmann, 2000)Drivers who violate HOS laws face fingpoints against the driver and carrier safety

record, and out-of-service declarations (MTO, 2009; Government of Canada, 2017; Scettal, 2019).

2.3.2 Stakeholders

HOS laws affect a large number attakeholders. Arguably thosethat are the mostaffected by HOS
laws and the issues relating ttHCVparking availability are the HCVdrivers themselves. Drivers face
immense pressure to ensure that they deliver their goods on timeherefore, they often push the
limits of HOS(FHWA, 2015) Lawmakers are passing laws that areiewed asincreasingly inflexible

without ensuring that adequate parking is availabl§ ATRI, 2018). Trucking companies ancdwner-
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operators are now expected to deliver goods$aster and in $orter time windows without additional
cost to the consumer(Gill and Macdonald, 2013; Buldeo Raget al, 2019). The goods movement
industry pays a significant amount of taxes and feels that more government investment HCV
parking infrastructure is warranted (Phelanet al, 2016; Region of Peel, 2017)Additionally, labour
unions involved in the goods movement industry advocate for shorter working shifts and more
flexibility for factors outside of the d r i vaavn ¢oatrol such as weather and parking shortages

(FMCSA, 2000)

The government, at various levels, is also a large stakeholdehose mandate isaffected by HOS laws
and HCV parking concerns.National, state/provincial, and local governments all have the
responsibility of balancing the needs of industry and the public at large. The construction of parking
is often seen agnunnecessaryand wasteful use of public resourcegherefore,many eleded officials
are hesitant to endorse these activitie§TRI, Apogee Research Inc. and Wilbur Smith Associates,
1996; Shoup, 1999) Planners who work for governmeng impose and face strict density targets and
zoning laws which makes the constructin of HCV parking facilities quite difficult (Shoup, 1999;

Government of Ontario, 2019)

The general public is also a significant stakeholder in this issue. The publictaspayers, are typically
opposed to having public funds used tdriance projects that they perceive to only benefit thegoods-
movementindustry (TRI, Apogee Research Inc. and Wilbur Smith Associates, 1996; Shoup, 1999)
However, the general public is also the driving force behinHCVparking inadequacies as increasing
demands for eCommerce goods and next day deliveaye main contributors to the rising number of
HCVson the road (Petterssonet al, 2018; Buldeo Raet al, 2019). Additionally, the general public is
also the most affected byollisions involving HCVs as over80% of the victims of these incidents are

not HCVdrivers (FMCSA, 2018)
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Other stakeholdersaffected bythis complex issue include business owners, land use activists and
environmentalists, the industries supported by goods movement, and the economy as a whole. Many
business owners have conflicting needs and feel as though extensive government investmendiire
industry would be unfair to other industries. Land use activists and environmentalists have genuine
concerns with the impacts thatHCVparking facilities have on the land(Chatterjee and Wegmann,
2000; Daviset al, 2010). Many induwstries are strongly dependent on goods movement and have an
invested interest in ensuring thatlong-haul HCVtrips can occur safely and efficiently. Lastly, the
goods movement industry is a significant contributor to local and national economies, so it is
essential that goods can be moved in an effective mannéRegion of Peel, 2017; Government of

Ontario, 2019).

2.3.3Electronic Logging Devices

Recently, he American and Canadian governments began to examine the feasibility of using modern
technology to automatically track hours of service instead of relying on drivers to complete manual
HOS reportsElectronic logging devices (ELDs) armols installed in an HCV that automatically record

a driver's HOJGovernment of Canada, 2017ELDscan be installed in vehiaks to ensure that hours

of service are not forgotten, falsified, or erroneously completeddrivers are less likely to violate HOS
laws when they are electronically monitored, especially sinc&LDs are more difficult to falsify
compared to traditional paperlogbooks (Scottet al, 2019). Examples of both the papetogsand an
ELDinterface are shown inFigure 2-9. The goal of ELDs is to increase HOS compliance and ultimately
reduce HCV driver fatigue and collisionsThis is achievat# through the threat of automatedviolation

detection and the penalties associated withoncompliance(Scottet al, 2019).

The United States mandated ELDs in 2017 and Canabas announced it will follow suit in 2021

(Truck News 2017; Government of Canada, 2017; ATRI, 2018; Lamb, 20IB)is active approach to
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monitoring driving behaviour is often cited as a contributing factor to the increasing rates of illegal

parking and the overall decreasing availability of parking supply. Many stakeholders in the trucking

industry argue that this inflexible approach to monitoring HOS is unjust especially whesonsidering

the current truck parking shortages that are acknowledged at the highest government leve$ruck

News 2017). Some drivers and companies oppose the ELD mandate as there is no allowance for

l eniency as with paper 1l ogs. Those who-seosegreyse ELD
area’ that allows flexibility when dbsskoeldalycannot

be mandated for those with documented compliance issuéBills, 2019).

Initial results from the United States ELD mandate have shown that driver compliance with HOSsha
increased(Scottet al, 2019). One study examined the data from driver inspections and déderally
recordable collisions during the first twenty months of the mandate Theincrease in compliancevas
most commonly seen for drivers employed by small carriers however, accident rates for these
carriers alsoincreased. This could be due, in partp the increased frequency of speeding for these
small carrier drivers asa respong to the loss of productivitycaused by the ELD mandate. Drivers for
large carriers were less effected by the ELD mandate, as they were already more likely to be

compliant with HOS lawg(Scottet al, 2019) or were already using this technology
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Certified Accurate - Off-Duty Deferral - (JDay 1/ (] Day 2 /o
(a) Paper Log (b) Electronic Logging Device
(MTO, 2009) (Wikimedia Commons, 2015)

Figure 2-9: Methods of Logging HOS

2.4 HCVParking Modelling and Analysis

Previous academic studies have examined HCV parking from both a demand and supply perspective.
There has been significantly more research conducted on HCV parking demand, wittathematical
models available to estimate demand in North America. HCWarking supply has garnered

significantly lessattention, with most estimates of supply developed using driver surveys.

2.4.1 Parking Demand

In 2002, the Federal Highway Administration (FHWA) commissioned the mathematical model
(Pécheuxet al, 2002) that is frequently used to quantitatively estimateHCV parking demand on
highways (Atlanta Regional Commission, 2018)This HCVparking demand model was developed for
their 2002 national assessment of truck parking(Atlanta Regional Commission, 2018)The main

formulas that make up this model ee:

000 00 0O"YOU (1)
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YOYD @ "YY (4)
® 560 O (5)
Y'Y OFY (6)

where the subscripts’Y"@nd 0 "@epresent short-haul and longhaul, respectively, and@an represent
either "Y'@r 0 "O0 "Ols peakhour parking demand (trucks’hour or spaces/hour); 0 0 1© a peak
parking factor; "Y"Ous the daily truck-hours of parking demand (hours/day);c 0 “¥ weekly parking
time; w 'O "¥ weekly driving time; "Y"O'i¥ daily truck-hours of travel (hours/day); O is the duration
of short-term stops per hour traveled (min/hour); 0 is the proportion of total trucks that are either
"Y'@r 0 "Qw is the seasonal peak daily truck volume (trucks/day);Y"¥ the average truck travel time
(hours/truck); & 6 ‘Oi$¥he annual average daily traffic (vehicles/day)d is the percent of totd traffic
that is trucks; "Ois a seasonal peaking factor (suggested 1.1%)js the analysis segment length (km);

and "Vis the speed limit or average truck speed (km/h\Pécheuxet al., 2002).

The results of this model are highly variable at the segment level but are more accuratden
aggregatedat the regional level(Pécheuxet al,, 2002). It should also be noted that this model is used
for general regions despite being derived from survey responses drivers in the United States only;

however, model calibration can increase the model accuracy in specific regg(fPécheuxet al, 2002).

Other studies onHCVparking demandinclude Morris et al.(2017),Boris and Brewster(2016),Haque
et al. (2017), and Chatterjee and Wegmanr(2000). There are two different types of HCV parking
demandincluding longer rest stops (such as an overnight stagt a rest area) andshort-term stops
(such as urban deliveries)More information on the distinction between short andlong-haul trips is

provided in Section2.1.3
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2.4.2 Parking Supply

Driver surveys area typical source of information used to examine HCV parking supply and gain
insight into the adequacy of existing parking locations and spaces. The surveypitally indicate that
existing parking spaces are not sufficient. For instance, 92% of HCV drivers that travel through the
Atlanta Region reported in one study that they require 30 minutes or longer to find a suitable parking
space (Atlanta Regional Commission, 2018)HCV drivers also reportedly prefer rest areas with
amenities such as access to fuel, food, internet, and restroor(iBrépanier et al, 2010; Atlanta
Regional Commission, 2018)Many studies have also suggested that HCV drivers could benefit from
an advanced application thatdentifies and disseminates where HCV parking is available on a real
time basis (Trépanier et al, 2010; Martin and Shaheen, 2013; Boris and Johnson, 2015; Atlanta
Regional Commission, 2018)The SmartPark ircab parking notification system in Minnesota is an
example of such an applicatiorfMorris et al, 2017). For more information about the results of these

HCVparking supply studiessee Sectior2.1.4.

HCVdrivers have reported their long-haul parking preferences to include public rest areas, highway
weigh stations, and commercial parking areas. The reported unfavourable locations include freeway
shoulders, interchange ramps, and local streets since thesechtions lack security and amenities
(FHWA, 2015) Other characteristics related to parking location preferences include an absence of
HCV parking fees and thenpvision of exclusive parking spaces for HC\(Pécheuxet al, 2002; Malik

et al, 2017).

The suggestion of a more through HCVparking supply count has existed in literature for quite some
time. The Transportation Equity Act for the 23 Century (TEAZ21), enacted in the United States in
1998, requires in Section 4027 that the FHWA obtain a count of all public and private sectdCV
parking spaces and determine where any shortages magxist (USA: 105th Congress, 1998)The

subsequent study released in 2002nalysedpublic parking facilities, rest areas, and truck stops and
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calculated an approximate ratio of the parking demand tasupply obtained from established surveys
(Flegeret al, 2002). While this was auseful step in examining the balance between parking demand
and supply, it neglects a large percentage of viable, safe parking locations that exist in other areas.

Currently, no mathematical models have been developed to estimate HCV parking supply.

2.5 Important Characteristics of HCV Parking

In order to properly develop a classification scheme for HCV parking locations, it is important to
understand the key characterstics that can be used to describe these locationBased on tle
extensiveliterature review conducted for this thesis the most important aspects of HCV parking have
been identified as 1) legality, 2) accessibility, 3) ownership, 4)dedication to HCVparking, and 5)
roadside parking.Each of these characteristics can be described ashinary variable, meaning that
they canbe represented astwo possible states indicatingtrue (1) or false (0) (Everitt and Skrondal,

2010).

2.5.1Legality

Legal status is a verymportant characteristic of an HCV parking locatiofFHWA, 2015) The legality
of alocation in this context refers to authorized (legal) or unauthorized (illegal) HCV parking. Legal
HCVparking locations do not have laws, bylaws, or policies prohibitinglCVparking; however, a legal

parking location does not necessarily have to be accessible for HICVdrivers.

An unauthorizedHCVparking location does not permit anyHCVparking due to alaw, bylaw, or policy
which may or may not be related to the land use or the physical limitations of the locatioRor this
thesis, an unauthorized parking location is more broadly defined as any location other than legal HCV
parking areas.Unauthorized parking occurs periodically at vacant or abandoned lots, highway

ramps, and other roadway segments wherkelCVparking is prohibited (Atlanta Regional Commission,
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2018; loannou and de Almeida Araujo Vital, 2018)These locationsare a concern due to increased
criminal activities and/or traffic collisions associated with HCV parking(FHWA, 2015) This thesis

classified alllocations thatdid not legally allow HCV parking as unauthorized

Chatterjee and Wegmani§2000) conducted an HCV parking study on Tennessee interstate highway
corridors and reported that 468 (80%) of the HCVs were parked in legal designated spaces while 117
(20%) of the HCVs were parked illegally on the entrance and exit ramps. Boris and Brews(2016)
reported that 84% of AmericanHCVdrivers park in unauthorized locations at least once a week and

almost 10% of drivers have admitted to daily violations.

While HCV drivers may prefer legal parking facilities that provide suitable amenities and legal piece
of mind, unauthorized HCVparking may indicate that a driver coud not find a legal parking space
due to a lack of supply or insufficient knowledge of any available parking spaces near(Boris and
Johnson, 2015) In addition, adverse weather and/or fatigue increase the likelihood of a driver
stopping on a highway ramp(Andersonand Roll, 2018) Drivers reportedly prefer to stop as soon as
possible once they become fatigued and view nearby ramps as the most convenient option for
parking (Chatterjee and Wegmann, 2000)Despite the safety risks of parking on rampssome
enforcement agencies hesitate to tickeHCV driversparking on ramps as stopping to rest can be

regarded as less hazardous than fatigued driving@<imley Horn, 2015).

2.5.2 Accessibility

The accessibility of an HCV parking location can be described as open or limited. Open acEl3¢
parking locations are available to alHCVdrivers while limited accessHCVparking locations are
accessible only to a specified group oflCV drivers. Limited access parking locations are often
locations where goods are loaded and unloaded and typically available to a small number of carrier
companies(Gingerichet al,, 2016b).
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Many HCV parking locations are limited access. Private commercial businessend industrial
properties sometimes allow HCV parking to drivers who deliver or pick up goods from their facilities
(Trépanier et al, 2010; Corroet al, 2019), but many locations restrict longterm parking for HCVs
(Atlanta Regional Commission, 2018) This additional parking supply, although available only to
certain drivers, reduces demand for HCV parking at open access HCV parking locations by increasing

the supply located elsewhere.

2.5.30wnership

HCV parking sites may bepublicly or privately held. Examples of publicly ownedHCV parking
facilities include welcome centers, weigh stationsHCVinspection locations and some rest stops
(FHWA, 2015) At some publicly owned locations, HCV parking availability is reduced due to spaces
being used by norcommercial vehicles. For exampléel[Rlet al.(1996) reported that non-commercial

vehicles occupy 10 percent oHCVparking spaces in some designated rest areas.

Parking demand often exceeds parking supply at many public HCV parking locations, leading to
vehicles parking in adjacent and potentially illegl locations For example, the Virginia DOT found
that over 80% of public HCVparking facilities in Virginia regularly experiencedoverflow parking
demand on nearby highway ramps (Kimley Horn, 2015). HCV drivers interview ed by Boris and
Brewster (2016) reasoned that the closure of existing public rest area facilitieand the resulting

increased distance to available parking facilities was a major concern.

In some cases, thse problems could result from insufficient investments in HCV parking
infrastructure capacity. Investment appears to vary widely by jurisdiction. Tle US DOTound that
the ratio of private to public HCVparking spaces inthe United States variedfrom 1.6 in Vermont to

39.9 inOklahoma(FHWA, 2015)
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2.5.4 Dedication to HCV Parking

TheAt | ant a Regi o n(2018) dassificatiors sshiereniriclsded privatelyowned parking
locations. The Commission identified two groups: primary (dedicated) locations with space designed
exclusively for HCV parking and secondary (nededicated) locations with spaces availabléor HC\s
to park despite HCV parkingnot being the intended primary use of the space(Atlanta Regional
Commission, 2018) Examples of the nofdedicated locations include shopping centres, hotels, and

restaurants.

The locations offering nondedicated HCV parking will naturally containfewer amenities or
considerations specifically for drivers, but they nonetheless provide additional capacity to a regional
parking supply. An issue with previous classifications was the omission of these locations, thereby

resulting in an underestimationof HCV parking.

2.5.5Roadside Parking

Roadside HCV parking refers to parking occurring on the side of a road, such as a highway, local road,
or ramp. Roadsideparking often occurs along roadways with low traffic volumes such as deashd
roads, road shoulders, oin industrial areas. Such locations are not usually designed for long term
HCV parking and HCV oil spills pose an environmental conce(@hatterjee and Wegmann, 2000;

Boris and Brewster, 2018)

It is, however, important to acknowledge this HCV parking supply as many drivers rely on roadside
parking to comply with hours of service laws, and roadside parking is especially important in areas
such as northern Canada where dedicated parking may be infeasible. HCV drivers reported that
northern Canada has substantially less parking facilities than otheareas of the country(Phaneuf,

2008). Roadsi@ parking is therefore the only parking option along many northern highways in
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Canada, but the dangers are increased in the winter months due to snow and(&nding Committee

on Transport and Government Operations, 2001)

Depending on the jurisdiction, location, and road type, roadside HCV parking can be authorized or
unauthorized. Roadside HCV parkings often ignored when assessing supplied parking spaces
despite contributing towards parking availability along certain roadways (Atlanta Regional
Commission, 2018) but this should not be used as a justification for neglecting the creation of new

dedicated parking spacegAtlanta Regional Commission, 2018; Boris and Brewster, 2018)

2.6 Existing HCV Parking Classification Scheme

The most comprehensiveHCVparking classification scheme available was developed by the Atlanta
Regional Commission as part of their HCV parking assessment stu@018). They proposedthe
following categories 1) publicly-controlled; 2a) privately-owned primary; 2b) privately-owned
secondary; and3) unauthorized. In this context,primary refers to land use purpose of built locations
like truck stops, and secondary refers to locations like motels or shopping plazas where limited
parking may occur, but the primary use is notHCVparking. This classification scheme is shown in

Figure 2-10.
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I Restaurants / Commercial
Areas
I Hotels / Motels
1 Shippers

Figure 2-10: Atlanta Regional Commission Truclarking Tiers
Adapted from Atlanta Regional Commissiof{2018)

Although the AtlantaRe gi on al C olasdfitatos scheme censiders legality, ownership, and
land use purpose, thditerature review of key HCV parking characteristics indicates that further
improvements could create a more exhaustive classificatiodnother limitation of this classification
scheme is that there is no quantitative method described to classify parking locations into one of
these categoriesThe classification schemdhat is developed as part of thighesisshould be designed
to be systematically implemented using geospatial datdhe data used for this purpos is described

in Chapter 3:Study Data.
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CHAPTER 3:STUDYDATA

Geospatial datasetsre required in order to identify where HCVs are parking, develop and applgn
HCV parking classificatiorscheme andestimate HCV parking supplyThis chapter discusses the case

study area for thisthesis as well asthe various data sourcesused.

3.1 CaseStudy Area: Region of Peel

The case study area for thishesis has been selected as the Region of Peel in Ontario, Canada. The
Region of Peel, shown irFigure 3-1, is located west of the City of Toronto and consists of three
municipalities: the City of Mississaugahe City of Brampton, andhe Town of Caledon. The Region of
Peel was selected as the case study area due to the clustering of transpord warehousing activities
within its boundaries (Ferguson et al, 2014). In 2014, approximately$1.8 billion CADworth of
freight was transported through the Region ofPeel daily, this contributed $49 billion CAD to the

region’ s ec on ediy 43&%miball arploymenhin the region(Region of Peel, 2015,

2017). The Region ofeel has two major intermodal facilitiesthe Pearson International Airport and

t he Canadian National (CN) Brampton I ntermodal Te
facility and largest intermodal rail terminal, respectively (David Kriger Consultants Inc. and CPCS,

1992; Reagion of Peel, 2017)This clustering of goods movement industries has resulted in roadways

with high percentages of HCVs, including Derry Road as shownRigure 3-2. The large number of

HCVs corresponds to a large demand for HCV parking. The management of goods moverast

become a priority for the Region of Peel, providing a unique opportuniti this thesisto examine an

areathat has both high numbers of HCV resttop events and a large amount of background literature

relating to goods movement.

34



X e

(CRWVaughaniintermodaljTerminal i
Q -‘ﬁ@mﬁmﬂ
A Jp 55‘]@@3& ‘

mmm
Highways

Figure 3-1: Region of PeeCase Study Area

The movement of goods are managed through various internal and external policies at the Region of
Peel. The Peel Goods Movement Strategic Plan 2eA021 document outlines the approach to
managing the growing movement of goods within the regioiRegion of Peel, 2017)This five-year
plan does not address HCV parking inadequaciegectly but does highlight some concerns related
to roadside HCV parking. The Region of Peel Goods Movement Long Term Blacusssthe lack of
HCV parking supply as an emerging issy&egion of Peel, 2019aMoreover, theRegion of Peel sees
the use of commercial connected and autonomous vehicles ap@ential future solution to reducing
HCV parking demand. The overall demand for goods movement is predidt to increase due to
ecommerce, which is predicted to create a large need for logistics facilities and HCV parking supply.

The Re gi on mastf recddtelonig’ Range Transportation Plan discusses intelligent
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transportation system (ITS) technologies thattould be used for parking control and management;
however, it does not consider ITS technologies in relation to freighiRegion of Peel, 2019h)The
previous Long Range Transportation Plan emphasized infrastructure improvements to benefit the
large trucking industry; however, it also cited the challengesrelated to the construction,
maintenance, and operation of infrastructure projects and discussed the possibility for partnerships

with the private sector (Region of Peel, 2012a)

Figure 3-2: 2019 HCVTraffic on Derry Roadin the Region of Peel
Photo courtesy of Ravichandra Rampure

Various road and land use classifications exist in the Region of Peel arah be integrated as part of

this research project. The Strategic Goods Movement Netwoftudy designated various regional

roads as ‘primary truck r o(Regos of Pealn20130)Thesenrouees t or t r
are contrasted with roads that have HCV aess restrictions put in placewith municipal and regional

bylaws, including both all day and partial day restrictions(Region of Peel, 2019d)Regional roads
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were further classified as partoftheRe gi on of Peel ' s Ro awhich®stablisited t er i z a
guidelines for idealized roadway cross sections argccess control guidelinegRegion of Peel, 2013a)
Lastly, the region has estabéihed Generalized Land Uselassifications(Region of Pek 2014) as part

of their Regional Official Plar(Region of Peel, 201k

The Region of Peel has various avenues for goods movement research and advocacy. The Region of

Peel Goods Movement Task Force was created in 2009 to promote and advocate for the efficient
movement of goods in the regionRegion of Peel, 2012h) Similarly, the Smart Freight Centre, a

partnership with York University, McMaster University, and the University of Toronto, was

established in 2018 to undertake gidence-based research, decision support, advocacy, training, and
monitoring related to goods movementThe pur pose of the Smprovethecr ei ght
economic vibrancy of business, environmental sustainability, and quality of life for residents of the

Greater Toronto and Hamilton Area [by coordinating] transportation infrastructure, land

development, regulation, technology tools, and resources that improve goods movement activities

(Smart Freight Centre, 2019a) A study of HCV parking is mentioned as a future research area in the

Smart Freight Centre FiveYear Work Plan(Smart Freight Centre, 2019b)

For theanalysisin this thesis, the Region of Peel is divided into twentgix traffic analysis zones (TAZ)
based on the municipal wards used in the 201X ransportation Tomorrow Survey (TTS) (Data
Management Group, 2011) A map of these TAZ is shown ifigure 3-3. TAZ are numbered
sequentially in each municipality: eleven in the City of Mississauga, ten in the City of Brampton, and

five in the Town of Caédon.
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Figure 3-3: Regionof PeelTraffic Analysis Zones TAZ) Map
TAZ correspond to municipal wards as utilized in the 201rhiisportation Tomorrow Survey

3.2 Data Sources

Various data sources were used in the analysis of thikesis. The key data source usedto identify
HCV parking locationds GPS pingsbserving HCVtravel patterns in North America. Additionaldata
sources includedland use and transportation datasets, fimographic datasets, and various zoning
schemes. Most datasets utilized either had a geospatial component or were geocoded to correspond

with locations on the GIS mapping surface.
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3.2.1GPY®ataof HCVLocations

The main datasetused inthis thesisis alist of stop eventsprocessed from raw GPS data atescribed
by Gingerichet al.(2016a, 2016b). The obtained data consisted of approximately 27 milliorHCVstop
events from all over North America,with approximately 7.9 million occurring in the province of
Ontario and nearly 1.9 million stop events inthe Region of PeelApproximately 3.3 million identified
trip s with origins anddestinations occurringacrossNorth Americawere connected to the stop event
data to provide additional context This dataset was collected in the year 2014The data contained

unique vehicle identification numbers, timestamps, andGPoordinates of stop events.

The stop event data that was used in thithesis was previously identified from GPS pings originating
from 28,487 HC\5 belonging to 493 Canadian carrier§heseHC\s had GPS data collected and stored
within onboard data loggersat various intervals. Stop events werghen identified using a Structured
Query Language (SQL) database platform based the vehicle staying within a 250 meter radius for

at least 15 minutes, as illustrated inFigure 3-4. In this figure, Ping 3 would be identified as &top

event with a dwell time of 25 minutes(Gingerichet al, 2016b).
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Figure 3-4: Criteria for an Identified Stop Event
(Gingerichetal., 2016b)

GPS, or Global Positioning Systens a type of global navigatiosatellite system (GNSS)eveloped by
the United States Air Forcawith the purpose of using the position of observed satellites taneasure

three-dimensional location, velocity, and precise time data in reatime (U.S. Air Force, 2015; Xu and
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Xu, 2016) Data that is collected can be stored for further analysis at a later timacapability has been
readily adopted by the transportation industry since it directly or indirectly provides information

that is valuable for determining policy and meeting planning needéZmud et al, 2014).

The spatial accuracy of the GPS piidgta used in this thesisvas previously determined by calculating
the perpendicular distance of agroup of pings from two high-volume road segments The nominal
average perpendicular distance between the GPS pings and the road segments werent$ers and
28 meters respectively, with 95h percentile distances of 90meters and 145 meters, respectively
(Gingerich et al, 2016b). Factors that may lead to spatial inaccuracies of the GPS ping include the
quality of the receiver, atmospheric conditions, signal blocking by obstructionspd multipath error

(U.S. Air Force, 2017)

The purpose of $op events can be classified as primary or secondary. Primary stops occur when

there is a transfer of gooddetween the HCV and the stop locatio(Gingerichet al, 2016a, 2016b)

These stopsar e di fferent than secondary stops, whi ch
secondary concerns, such as refueling, eating, and using the restrodfingerich et al, 2016a,

2016b).

For the HCV stop data provided, primary and secondary stops hapeeviously been identified using

the concept of entropy. An entropy index© J&alue was separately provided for each of the HCV stop
events. Entropy is a principle that is used to *“d
(Gingerich et al, 2016b). For this data, theO "@alue numerically expresses the variation otarrier

fleets at a particular stop location. Expressed numerically, th® "6f stop locationr) is:

I |£— (7)

€
00 -
0 0
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where ¢ is the number of identified stop events for carrierwat locationf}, U is the total number of
identified stop events at locationr), ando is the total number of carriers at locationr] (Gingerich et

al., 2016b). An'O "@alue of O relates toa location where stop eventdhave been identified from only
one carrier, with larger O "®@alues representing locations with a moreheterogeneous mixture of
carriers (Gingerichet al, 2016b). The general trendbetween heterogeneity andO 1 shown inFigure
3-5. Stops with an entropy value larger than 2.75 arelassified as secondary stops and stops with an
entropy value smaller than 1.6 were classifiedsprimary stops. Stops with an entropy value between
1.6 and 2.5 were classified as secondary stops unless there was a known firm within 200m of the stop
location. This classification of stops as eitheprimary or secondary can be useful in validatinddCVv

rest events during longhaul trips as theseare likely to be secondary stops.

Homogenous Heterogeneous
e Carrier 1
# Carrier 2
Carrier 3
» Carrier 4
+ Carrier 5
[ONOR 001

Carrier Yard or Primary Stop Hi gh Mi x - Se

Figure 3-5: Interpretation of Entropy Index
(Gingerichet al, 2016b)

Further information about the previously completed processing of the GP8ataset can be found in
two reports prepared by Gingerit et al. (2016a, 2016b). Details on the posfprocessingof the GPS

datafor this thesis can be foundin Section5.2.
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3.2.2Land Useand Transportation

Data related to Bnd use and transportation is necessaryfor the analyses outlined inChapte 6:
Development of an HCVParking Classification SchemeChapter 7: Application of the HCVParking

Classification SchemeandChapter 8:Estimation of HCVParking Supply.

GeneralizedLand Usedatafor the Region ofPeelwas obtained fromthe Peel Data Centre for the year
of 2014 to match the time frame of the collected GPS dafRegion of Peel, 2014)GeneralizedLand
Userefers to a highlevel land classification system used in the Region of Pefelr land use and
transportation planning, which includescategories such a€ommercial / Industrial, Residential, and
Rural / Agricultural. GeneralizedLand Usedata wasused asan ownership indicating variable in

Section 6.2.1.

Road network elements are requiredo determine the location of roadways and rampsThe Ontario
Road Network, whichincluded information such as street names, road classifications (including
ramps), and jurisdiction, was created by the Ontario Ministry of Natural Resources and obtained from
Scholars Geoporta(Ontario Council of University Libraries, 2019) The road networkwas used as a

roadsideindicating variable in Section 6.2.1.

Data wasusedto identify the locations where HCVs legally could and could not park tatsfy HOS
requirements. Information on HCV access and parking restrictions were taken frorthe City of
Mississauga s T h e T rLaw 555-0c0(2809), the City ofBrampton’ s Unaut hori zed
Law 104-2 0 1 @018) and“ Tr af f i ¢ a ALdw 98-8 B (R015),cas V&l as the Town of
Caledoin s Par ki ng on Pr-Lawala 2018A (2018 r t' yT r BogwfND. 201530y5 8’
(2019), and * 1 dI i ng of Mo-ltaw No. 2084K0i7 B[R0 4). THdsy information was
supplemented usingparking violation ticket information obtained from MississaugaOpen Data(City

of Mississauga, 2019and Brampton geoHUB(City of Brampton, 2019) The Mississauga parking

ticket information was geocoded using ArcGIS P(&sri, 2018), the Brampton parking ticket data was
42
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already georeferenced, and no parking ticket information was able to be obtained for the Town of
Caledon.The HCV parking violation information and parking restrictions outlined in the bylaws were

used as legality indicating variable in Sectiof.1.1

Orthoimagery data consists ofareal photography that is orthorectifiedand georeferenced, meaning

the imagery hasreal-world coordinates and hasbeen geometrically correctedto account for scale
variations that result when taking the images Ontario SPOT Pansharpene@®rthoimagery data,
produced by the Ontario Ministry of Natural Resources was obtained from Scholars GeoPortal
(Ontario Council of University Libraries, 2019) This raster data was captted using two satellites,
SPOT 4nd SPOB, between 2005 and 2010 The data consisted of three multispectral bands at a 20
meter ground sample distance (GSD or pixel spacing) and a panchromatic band at 10 meter GSD. The
Ontario Ministry of Natural Resour@s further processed this datapan-sharpening and enhanéng

the imagesin Ontario to form a set of 10 metre multispectral (infrared, red,and green) imagesvhich

can be used to differentiate between ground covering$his dataset was used ithe supervised image

classification in Sectior8.3.2

Default basemaps, as provided by ESRI in ArcGIS Pro, are used in several maps produdbibithesis
to show locations in relation to satellite imagery(Esri, 2018). Google Maps 3D satellite imagery was
also used to identify and count HCV parking spac€Soogle, 2019)in Section8.2.1 The 3D nature of
this mapping application made it easier to identify HCV pairkg spaces sincebuildings or other

objectsoccasionally obscure ground featureat some angles.

3.2.3Firmographic

Firmographic datarelatesto characteristics ofbusinesses or firmssimilar to how demographicdata

relatesto characteristics ofpopulations andpeople (Van Wissen, 2000; Maoh and Kanaroglou, 2013)
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Firmographics can be helpful in analyzing businesses as it can indicate correlations related to

business types andattributes.

Business types and locations were acquired from the Enhanced Points of Interest (EPOI) dataset as
produced by DMTI Spatial Inc(2017). Each EPOI in th point shapefile includes four-digit Standard
Industry Classification (SIC) information. SIG are standardized codes that represent various
business typegOSHA, 2019)This dataset was available through Scholars GeoPor{@ntario Council

of University Libraries, 2019). In recent years, SIC has been superseded by tNerth American
Industry Classification System(NAICS); however, this newer system was not used for the analysis in
this thesis (Statistics Canada2017). SICs were used to identifyndicating variables in Section7.1.1

and asindependentmodelling variablesin Chapter 8:Estimation of HCVParking Supply

Shapefiles containing the locations of gas stations and weigh statiomgere also obtained from
Scholars Geoporta{Ontario Council of University Libraries, 2019) Thecoordinates of the Toronto
Pearson International Airport, the CN Brampton Intermodal Terminal, and the CP Vaughan
Intermodal Terminal were extractedfrom Google MapgGoogle, 2019) These locations were usedb

developindicating variablesin Section7.1.1

Building footprint shapefiles were obtained for Mississauga, Brampton, and Caledorirom
Mississau@ Open DatdCity of Mississauga, 2019)Brampton geoHul(City of Brampton, 2019) and
the Peel Dda Centre(Region of Peel, 2019c) respectively.These shapefiles contained the outline of
buildings on the ground derived from aerial imageryThese building footprint shapefiles were used

in estimating the amount of paved area in property parcels in Sectidh3.2

3.2.4Zoning

Various systems ofzoning were used for the analysis in thighesis. At the microscopic scale

individual land parcels were used to represent théocations where HCVs parknformation from the
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firms that exist on these land parcels can then be used to identify tleorresponding HCV parking

type in Chapter 7:Application of the HCVParking Classification Schemelndividual land parcels are

identified by using the Ownership Parcel shapefile as defined by Teranet EnterprisexInthe Ontario

Municipal Property Assessment Corporation, and the Ontario Ministry of Natural Resourc@3ntario

Ministry of Natural Resources, 2010) Ownership Parcels are defined as plots of land that have been
registered or deposi t edandnitle8ydtems andcover mbsaaf Sbuthierg i st r
and Eastern Ontario. The Teranet parcels were obtained from Scholars GeoPof@tario Council of

University Libraries, 2019).

At the mesoscopic scalethe Region of Peemunicipal wards, as utilized in the 2011 Transportation
Tomorrow Survey (TTS), were chosenfor HCV parking location countestimates developed in
Chapter 8:Estimation of HCVParking Supply(Data Management Group, 2011)For thisthesis, the

municipal wards used in the TTSwvere referred to asTraffic Analysis Zones (TAZ)

The TAZshapefile wasobtained from the Data Management Group at the University of Toron{®ata
Management Group, 2011)The 2011 TTSwas the most recently canpleted TTS at the initiation of
thisthesisand i s used i n dureetTrRvel@emamdFooetastifgenedel (IBd Group,
2016). These TAZ divide up the Region of Peel municipalities into waradd various sizes five in the

Town of Caledonten in the City of Brampton, and eleven in the City of Mississauga.

Municipality and regional boundaries, as created by DMTI Spatial In@017), were obtained from
Scholars Geoporta{Ontario Council of University Libraries, 2019) These boundaries were used in

various maps in this thesis.

Origins and destinations of HCV trips were identified using several separate jurisdictional levels
(Gingerich et al, 2016a). In Canada, census divisions (CD) as defined by Statistics Canada were

selected as zonal boundarie§Government of Canada, 2019)in the United States, zonal boundaries
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were defined by metropolitan statistical areas (MSA); however, if an MSA did not exist for an area,

the caunty boundaries were used insteaqU.S. GSA, 2019)
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CHAPTER 4:ANALYSIS METHODS

Analysis methods were required to examine the geospatial datasete identify where HCVs are
parking, develop and applyan HCV parking classification scheme, and estimate HCV parking supply.
This chapter discusses wvaous analysis techniques, modelling approaches, and goodnesffit

measures.

4.1 Data Analysis Techniques

This thesis utilizes specialized software andvarious data analysis techniques for spatial and
statistical analysis of the datasetsSpatial analysids the examination of the patterns and correlations
that existin geospatial datain order to identify problems and connectionsthat were previously not
known (Esri, 2012). Spatial analysis is a necessary component for examining HCV parking locations.
Satistical analysis techniques are mcessary to ensureaccurate results due to the complexity,

diversity, and stochastic nature of transportation problemgWashingtonet al, 2011).

4.1.1 Software Selection

Appropriate software must be selected in order to identify, classify, and estimate the HCV parking
supply as part of this thesis. Various types of software exist and can be considered, including
macroscopic traffic simulation software, microscopic traffic simlation software, computeraided

design (CAD) software, geographic information system (GIS) software, and statistical computing

programming software.

Macroscopic traffic simulation software is used to model transportation systems based on the
relationships between traffic flow, speed, and density. Sections are examined instead of modelling

individual vehicles in the network (Alexiadis et al, 2004). An example of a macroscopic traffic
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simulation software is Emme(INRO, 2017) This type of software could be used to estimate the
movement of HCVs between zones in the network, which could assist in understanding HCV parking

demand; however, this software is not appropriate for the objectives of this thesis.

Microscopic traffic simulation software is used to model individual vehicles in a transportation
corridor or network using car-following and lane-changing theories (Alexiadis et al, 2004). An
example of a microscopic traffic simulation software is VissiflPTV AG, 2018) This software could
be used to simulate specific parking layouts, including roadside pking and its interaction with

through traffic; however, this software is not appropriate for the objectives of this thesis.

Computer-aided design (CAD) software are used in the transportation industry for create and
examine models of physical infrastructure. AutoTURN is a CAD software used to examine vehicle
swept path to ensure that adequate space is provided to permit HCV fgérg maneuvers(Transoft
Solutions, 2015) This software carbe used to analyse the geometry of HCV parking layouts; however,

this software is not appropriate for the objectives of this thesis.

No existing commercial transportation software is specifically designed to identify, classify, and
estimate the number of KCV parking locations in a region. Due to this, GIS software and statistical
computing programming software were used in conjunction to accomplish the objectives of this
thesis. ArcGIS PrgEsri, 2018) and R(R Core Team, 2013)vere selected as they can pass information
to each other through the establishment of an fArcGIS bridge(Esri Canada, 2018) Additionally,
EmEditor was used to view and format excessively largabular datasets to ensure that they could

be used in ArcGIS Pro and murasoft Inc., 2018)

The analysis for this thesis was possible due to software made available with academic licenses

including ArcGIS PrqEsri, 2018), EmEditor (Emurasoft Inc., 2018) and R(R Core Team, 2013)
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4.1.2 Spaial Analysis

For the spatial aspects of the analysishe Geographic Information System (GIS) used was ArcGIS Pro
(Esri, 2018). A GIS is @omputer software that connects geographic and descriptive information in a
multi -layered virtual spatial environment (Esri, 2012). ArcGIS Pro isused to plot theGPSstop events

to determine their locations in relation to land parcds and TAZ ArcGIS Pro is capable of performing
various types of spatial analysis techniquei a fast and efficient manner. The capabilities of ArcGIS
Pro are greatly expanded when combined with R, a language and environment for statistical
computing (R Core Team, 2013)ArcGIS Pro is capable of directly interfacing with R through an-R
ArcGIS bridge, which allowsach program to access, analyse, and modify datasets without the need
for exporting or importing (Esri Canada, 2018) This bridge is createdby accessingthe R-ArcGIS

Support Geoprocessing option in ArcGIS Pro aftemstalling the arcgisbinding packagein R.

Spatial autocorrelation exists in data with a spatial component when values are related in some way
to their neighbours (Fischer and Wang, 2011)When data has significant spatial autocorrelation, it is
important to incorporate spatial dependenceand/or appropriate spatial variables within the model.
Global indicators ofspatial autocorrelation includeMo r a@nd& e a roylLocal indicators of spatial
association (LISA) include locaMo r a '®thesGetis local statistic and the Ord local statistic The
results of the HCV parking supply model were aggregated to theaffic Analysis Zone (TAZ) and
checked for spatial autocorrelation to examine the possibility of a spatial component. More

information can be found inAppendix C.6Spatial Autocorrelation.

The scope of the thesis covers HCV parking supply, which does not change over a stesrh
period across hours or days; therefore, an exhausgvtemporal analysis is not included.
Temporal analysis is necessary if the research extends into the realm of parking demand.
Additional information related to the temporal distribution of HCV rest stop events from this

thesis can be found irAppendix B:Details ofHCV Stop EvenTemporal Analysis
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4.1.3 Statistical Analysis

It is important to properly examine a dataset before using it for modelling purposes. Statistical
models have various assumptions that must be meso it is important to statistically analyze data
before incorporating it into a model This includes checking for data outliers, multicollinearity,
heteroskedasticity, normal distribution, overdispersion, and spatial autocorrelationThese tests are

used to develop the model irChapter 8:Estimation of HCVParking Supply

Outliers are observations that appear to lie outside a large number of similar observations
(Washington et al, 2011). For the analysis in thisthesis, outliers are removed using three statistical
t est s: Co oldverage, dnid Blahaamabis distancdf. an observation is bund to fail all three
of thesetests, it is omitted from the model.For the development of the HCV parking supply model,
these tests are used tcscreen and remove the outliersfrom the parking count dataset. More

information on the outlier removal processis found in Appendix C.1Outliers.

Multicollinearity is the state when two or more independent variables are correlated with each other
which can effect the accuracy of a modé@Washington et al, 2011). The variance inflation factorand
the multicollinearity condition number are two measurements that are used to identify
multicollinearity for each independent variableand the overall mode] respectively. For the
development of the HCV parking supply model, these tests are used to enstinat the selected
independent variables are truly independent.More information can befound in Appendix C.2:

Multicollinearity .

Heteroskedasticity is the presence of norconsistent variance in one variable across the range of
another (Washington et al,, 2011). Tests to identify heteroskedasticity include theGoldfeld-Quandt

test, the BreuschPagan testthe Koenker-Bassett test the Park test, and the White test. Each test
identifies heteroskedasticity in its own way, and each test requires certain assumptions about the

dataset to bemet. For the development of the HCV parking supply model, these testere used to
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ensure the vdidity of the regression modelling techniques and other statistical tests, as well as to
obtain a better understanding of the varianceMore information can befound in Appendix C.3:

Heteroskedasticity.

Normality, or the normal distribution supposition, refers to the condition where a dataset or a
model ' s e r a oarmal fdistributorny svhich arises due to the central limit theorem
(Washington et al,, 2011). Indicators of normal distribution include a skewness value of zero and a
kurtosis value of three. Tests to determine if a dataset is normally distributed include thiEarqueBera
test, theLilliefors test, and theAnderson Darling testFor the development of the HCV parking supply
model, normality was examined to ensuré¢he applicability of other statistical tests.More information

can befound in Appendix C.4Normality.

Overdispersion occurs in a dataset when the variance is greater than the meamd affects what type

of model can beapplied to a particular dataset (Washington et al, 2011). Overdispersion is often
examined when determining the appropriateness of the Poisson regression model and the negative
binomial regression model, the former of which cannot handle overdispersion. The negative binomial
regression is able to accommodateoverdispersion using an overdispersion parameter. More
information can befound in Appendix C.50verdispersion A negative binomial regression is used to

develop models inChapter 8:Estimation of HCVParking Supply

4.2 Regression Analysis

Regression analysiss the process ofdeveloping mathematical expressions of relationships between
variables with the purpose ofprediction or explanation (Washington et al,, 2011). Various types of
regressions can be used to investigaténterdependence between variableswith the purpose of
developing a model(Washingtonet al, 2011). It is important to ensure that models havethe proper
level of sensitivity, or power, to properly identify the variable correlation (Shmueli, 2011; Beck,
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2013). Predictive and explanatory accuracymust be balancedbased on the requirementsof the

model (Shmueli, 2011)

4.2.1 Selectionof Model Type

There are various modeltypes that can be consideredor creating the HCV parking supply model;
however, for this analysis only fourare considered in detait 1) a multiple linear regression,?2) a
Poisson regression,3) a negative binomial regression, andd) a zercinflated negaive binomial
regression.In Chapter 8:Estimation of HCVParking Supply, only the latter two model types were

examines; theformer two could not be used due to limitations as discussed below.

The simplest model type often examined for multivariate modelling is a multiple linear regression
model. Due taits simplicity, multiple linear regressions are extensively used to model a wide variety

of relationships. A multiple linear regression model has the form:

O 0O 0w - (8)

where w is the dependent variablefor each observation'Qwis the model constant® is the model
parameters,w is the independent variables, and is the model error. This model is not appropriate
for an HCVparking supply count model as it allows negative values to be predid (Washington et

al., 2011). A multiple linear regression model can be developed in R using thm() function (R Core

Team, 2013)

A more complex modeis the Poisson regression model, where the probability of observatiotbeing

valuew is:

.. Agp

ok (9)
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where * is the Poisson parameter, which is equal to the expected value fay. Onecommon

relationship between this parameter and the independent variables is:
‘ Ager - (10)

where w is amatrix of the independent variables and is a vector of the model parameters. This

shows that:

> Qf (11)
The Poisson regressionis a count model, meaning that ifs designedto predict count data (hon
negative integers) One limitation of the Poisson regression model is that iassumes no
overdispersion of the dependent variable; therefore, the mean and the variance of this variable
should be roughly equal(Washington et al,, 2011). A Poisson regression model can be developed in
R using theglm () function with the argument family=poisson() (R Cae Team, 2013) this

function estimates regression coefficients using the maximum likelihood methodZeileis et al,

2008).

A more robust count model is thenegative binomial regression, which isa more generalized version
of the Poisson regression that features an overdispersion parametér account for overdispersion in
the dependent variable For a negative binomial regression modelhie probability of observationQ
being valuew is:

5 ™ 3- W Y B |‘
3w p3- p | p I

(12)

where 3 is the gamma functionand| is the overdispersion parameter(Washington et al, 2011).
The calculation of this overdispersion parameter is discusseth Appendix C.5:Overdispersion A

negative binomial regression model can be developed in R using thgen.nb()  function as part of
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the MASShackage(Ripley, 2018); this function estimates regression coefficients using the maximum

likelihood method (Zeileis et al,, 2008; Ripley, 2018)

In some datasetspbservations can have a value of zero for two qualitatively different reasonthe
count of zero and the inability to have a counfWashington et al, 2011). This presence of two types

of zero in the dependent variablecaninflate the overdispersion of a modelTo handle this issuea
zero-inflated modelling approach can be used to better process the zero values that occur due to the
inability to have a count. In this regard, aother model to consider is the zereinflated negative
binomial regression model This approachapplies a binomial choice model, such as lagit model, to

the datato determine which observations should be automatically set to zerbefore performing a

negative binomial regression This model then takes the form:

'’y P
:,l”ane?)lé'l'AAﬁE‘lpEGU—'—p
Uy =
|
© ool AABEREDET 90T P 0 hi ko )
|:v A) h e 3p7[ (A’)A phg
r 5 oAl
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wheren is the probability of being in the zerestate determined from the logit model, andwis the
value that is determined from the negative binomial regression model. Zesioflated models require
two types of zerosto exist for the dependent variable the approach is not designed for all datasets
with many zero value observations(Washington et al, 2011). A zeroinflated negative binomial
regression model can be developed in R using tlzeroinfl() function with t he parameterdist
="negbin"  as part of thepscl package(Jackmanet al, 2017); this function estimates regression
coefficients using the maximum likelihood methodand uses a logit model by dault for the binomial

choice model(Zeileis et al, 2008; Jackmaret al, 2017).
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In order to determine if a zercinflated model is required, transportation engineering texts often
recommend usinga Vuong test(Washington et al, 2011). Recent literature suggests that usinga
Vuongtest to identify zero-inflation is incorrect (Wilson, 2015). Due to this, both the standarcénd
zero-inflated negative binomial modelsshould be consideredif zero-inflation is suspected but not

known, and goodnesf-fit tests should be usedpost hocto identify the optimal model.

It can be noted that with sufficiently large means, both Poissoand negative binomial distributions
begin to approximate a normal distribution(Montgomery and Runger, 2011)The use of a regression
model with a normal distribution can be examined for egression models withsufficiently large

means.

4.2.2 Statistical Power

It is important to ensure that an experiment has adequate power, or sensitivity, to detect the desired

result. Statistical power (p T ) is affected by the significance level (), the effect size C o h e®,’

(72}

and the sample sizeq) (Cohen, 1992) As thg andC o h e(ate set based on convention, only the
sample size can be adjusted to ensure adequate power is achieBeck, 2013) It is recommended
that the sample size be determinea priori to ensure that adequate power is obtainedShmueli and
Koppius, 2011) The R functionnegbin.samp()  from the RSPSpackagewas usedto calculate the

required sample size based on powe{Bimali et al, 2015).

4.2.3 Explanatory and Predictive Modelling

Statistical modelsare used in transportationplanning and engineering fo various purposes, mainly
as a means of explaining some phenomenon or predictimgw observations(Shmueli, 2011) Models
with high explanatory power are often assumed to be highly predictive; however, this is not always

the case(Shmueli, 2011)
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Predictive modeling is often favoured in transportation engineering for many reasons.
Transportation engineering datasets are often very large and complex with many relationships
between variables that are difficultto infer. Predictive modeling allows engineers to develop models
that can predict phenomenon with high accracy despite not necessarily being explanatory.
Additionally, predictive models help set measurable benchmarks and they have explicit recognition

that not all relationships between variables are known or understoodShmueli, 2011)

Statistical models will possess varying levels of explanatory and predictive accuradyorthe purpose
of developing a model to estimate th@umber of truck parking spaces in a geographic area, it is most
important that the predictive accuracy is maximized. The variables that are selected in the final
model should provide logical results in terns of explanatory accuracy. lllogidarelationships between
the independent and dependent variables can highlight potentially erroneous results in the model.
Various testsare performed on the data to explore for factors that camegatively affect the resuts
(example: multicollinearity, heteroskedasticity, etc.); however, the explanatory nature of the model
is usedas a final check to ensure the resultare logical (Shmueli, 2011) This approachis know as

‘goodnessof-logic’ (Miaou and Lord, 2003).

4.3 Goodness-of-Fit Tests

There are various ways to determine how predictive a model is. The most common approaches to

testing goodnessof-fit are numerical methods; however,somegraphical methodsalso exist.

In addition to examining the numerical and graphical goodnes®of-fit tests, the residuals of the model
can be examined for characteristics such as normality and spatial autocorrelati¢Rischer and Wang,

2011; Washingtonet al, 2011).
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4.3.1 Numerical Goodnessof-Fit Methods

Multiple numerical methods for evaluatinggoodnessof-fit tests will be usedin this thesissince there
is no single test that can independently identify the most favourable modePrevious studies have
stressed the importance of using multiple goodnessf-fit tests for determining best-fitting models
since individual tests can provideinconsistent results (Lord and Park, 2008; Shmueli, 2011Young
and Park, 2013; Oluwajana, 2018)The numerical goodnessof-fit tests that are used to assess the
accuracy of the final model include thdlean Squared Error { YY) Mean Squared PredictedError
(0 "Y0)OMean Prediction Bias § 0 6and 0 0 6 ), Mean Absolute Deviation {§ 6 Oand
000 J23Akai ke’ s | nf oron@¢correctad Aaikeé Ihfamatioo Grite(ia © "Of and
Bayesian Information Criterion @ "Q6lt should be noted that thed 0 éand 0 & ‘Qire calculated for
both the data used to create the model and a holdout datasétlso reported is the tvo-times log-
likelihood at convergencevalue (¢0 0—) which is used to calculate th& "Q6 "Q@ndo "O0A larger
¢0 0— value, meaning the negative value closest to zeroindicates a better model fit. More
information on these numerical goodnessof-fit methods are found in Appendix D: Numerical

Goodnessof-Fit Methods.

4.3.2 GraphicalGoodnessof-Fit Methods

In addition to numeric methods for analysing goodnes®f-fit, two graphical methodsare used in this
thesis A commonly used graphical method is a Quanti@uantile (QQ) plot, where the quantiles of
the data residuals are plotted against the standard normal distribution quantiles or the predicted
variables are plotted against the actua]Washington et al,, 2011; Aguiniset al,, 2013). A good model
fit will have a nearly linear trend line. An example of a @ plot is shown inFigure 4-1. A QQ plot can
be generated in R using the functionggnorm() for comparing data to a normal distribution and

ggplot()  for comparing two datasets(R Core Team, 2013)
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Figure 4-1: Example of a €Q Plot
(Gingerich, 2013)

Another useful graphical goodnesf-fit tool is the Cumulative Residual (CURE) pldHauer, 2015).
The CURE plot examines cumulative residuadgyainst an ordered variable of interestreferred to as
an exposure variable There are several benefits to this approach including being able to examine a
clearer representation of the residuals and an indication ofvhere the model is more and less

predictive over the range of another variablgHauer, 2015).

A good CURE plot wilkhow the cumulative residualline staying within a certain range of confidence
limits, typically set astwo times the standard deviationof an unbiased random walk of the cumulative

residual ( ¢, "Q), which expressed mathematically is:

¢, Q ¢ I p —————— AEI®pRB R NQ o HQ (14)
W

where “Qs the index location of thedependent variable sorted ly the smallest to largestexposure

variable, ¢ is the total number of observations,w is the actual degndent value, and w is the

predicted dependent value(Hauer, 2015). An example of a CURE plot is shown Figure 4-2. CURE
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plots can be generatedn Excel by ordering the residuals bythe exposure variable and plotting the

cumulative residuals along with the confidence limits.
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Figure 4-2: Example of a CURE Plot with Confidence Limits
(Takyi et al, 2018)

A major benefit of CURE plots is the increase in clarity related twwhere a model is accurate withn
the range of an exposureAs the cumulative residualine climbs, the modelis underpredicting the
dependent variable Vertical segments in the cumulative residudine can potentially indicate outliers
in the dataset. If the cumulative residual line falls outside of the confidence limitsfurther
improvements may be required for the model; however, attempts to restrict theumulative residual
line by adding additional independent variablescan lead to an overfitted model CURE plots can be

generated for each independent variable used in thmodel (Hauer, 2015).

A modelwith sufficient goodnessof-fit would produce a CURE plot with a cumulative residudine
that is closeto zero for the full extent of theexposurevariable, with roughly even amounts of the line
above and below the zero point, and with a cumulative residuahat converges to zeroat the

maximum value of the exposure variabléHauer, 2015).
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CHAPTER S:IDENTIFICATION ORHCVPARKING LOCATIONS

It is important to identify the locations where HCVdrivers park in a given area to meet their HOS
requirements on longhaul trips in order to properly analyze the extent of any HCV parking
deficiencies. To do thissufficient analysis ofgeospatialdata is required. This includes identifying
HCV stop events, identifying HCV tours and tripdetermining which HCV stop events areonducted
for the purpose of meeting HOS requirements, and assigning these rest eventdaind parcels that

can be identified as HCV parking locations.

5.1 Approach to Identifying HCV Parking

In order to properly classify HCV parking locations and estimate tlirecapacityi,it is first necessary to
identify where HCV vehicles are parking duringong-haul trips. This problem can be boken down

into several key steps:

1. ldentify the point locations of HCV stop events within the study area;

2. Identify the trips that corresponds with these HCV stop events;

3. Determinethe HCV stop event®sf sufficient duration that occurred during a longhaul trip;
4. ldentify the property parcels wherethese HC\fest eventsoccurred; and

5. Verify the HCV parking locationausing stop purpose.

This problem canbe solved using geographic information systems (GIS) amthta analysis. For the
analysis,a combination ofArcGIS PrgEsri, 2018) and R (R Core Team, 2013js usedby establishing

an R-ArcGIS Bridge between the progmas (Esri Canada, 2018) This allows for seamless integtéon
between the two programs with R able to access, analyse, and modify datasets that are within ArcGIS

Pro without the need forexporting and importing data.
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5.2 Identification of HCV Stop Events

The HCVdata used for thisthesis, as described irBection3.2.1, consists of GPS pingwiginating from
28,487 HCVs belonging to 493 Canadian carrierslCV stop events were previously obtainedby
Gingerich et al. (2016a, 2016b). This previous analysis identified dops from vehicles that stayed
within a 250 meter radius for a time not less than 15 minuteskor each of these stops, spatial and

temporal information was provided asshown in Table 5-1.

Table 5-1: HCV GPS Ping Data Format

Variable Name Variable Meaning Example Format
. Numerical identifier of the GPS Ping at the end
PointID ofan  H Gsibp event 3067492536
CarrierlD Afive-digit unique identifier for a carrier 19999
company
TruckiD A unique numerical |d<_ent|f|er for an HCVwhich 19999-130824
is prefixed by theCarrierID
Latitude The North-Southcomppnent of the HCV stop 43.71947
eventgeographic location
Longitude The EastWest cpmpon_ent oftheHCV' s s -79.72179
event geographic location
DwellTimeEnd Thedate and time at th ,5,08276:3339
event
DwellTimeMinutes  The duration of the stop event in minutes 402.9060

The HCV stop event dataset was imported into ArcGIS Roo analysis.The HCV stop events that were

|l ocated within the boundaries of th8yRéegrcabnhioh’ Pe
There were nearly 1.9 million stop eventsdentified within the Region of Peel of Peel in the year

2014; however, it should be noted that this dataset represents sampleof the total stop events that

would have occurred. The HCV stop event dataset only represents Canadian drivers from 493

carriers, which mayintroduce some bias into the analysis. The potential bias was not considered

pertinent to HCV parking supply locations; however, this would be a concern for estimating parking

demand. These HCV stop events include stops for all purposes andioas durations; therefore,

61



further analysis isrequired to isolate stops corresponding to HCV driver stop events that meet HOS

requirements.

5.3 Examining HCV Trips and Tours

To identify the HCV stop events corresponding to rest stops on lofdwaul trips, it is necessary to
examine HCV tous. For this part of the analysis it becomes important to distinguish between trips
and tours (Hunt and Stefan, 2007; Gingerictet al., 2016b). A trip would correspond to an HQO/ * s
movementfrom an origin to adestination with a unique purpose, most likelyto pick up and/or drop
off goods. A tour is a series of one or more trips madequentially by the same HCWith the origin

of the first trip corresponding to the destination d the final trip. A tour could take several dayand
potentially require one or more rest events in order to comply with HOS law3he HCV stop events
of interest for this thesis must occur at some pointin the middle of the tour instead of the terminus
point at the start and end of the tour The intermediate stops reflect events occurrindo satisfy HOS

requirements and therefore fall within the scope of this thesis.

The start and end points for trips within tours correspond with locations where goods are loaded or
unloaded; these are primary stops(Gingerich et al, 2016a). Also identified during these trips and
tours were the intermediate secondary stopsthat occurred between the primary stop end points of
the long-haul trips. Most rest events corespond with secondary stops; however, rest breaks
sometimes occur immediately before or after a transfer of goods at the primary locatioffirHWA,
2015; Atlanta Regional Commission, 2018 description of primary and secondary stops is found in

Section3.2.1
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5.4 ldentification of HCV Rest Events

In order for an HCV stop event to be considered tme a rest event, they must be of sufficiemturation

of time and must occur during an identified tour.

The rest events were investigated in relation to hours of servicgHOS)regulations. In Canada, long
haul HCVdrivers have a mandatory daily break of eight consecutive hours effuty. If a sleeper cab
is attached to the power unit, the eighthour consecutive time can be split into two periods with each
period having at leasttwo hours of consecutive rest(Government of Canada, 2009)Given these
regulations, a twohour threshold was usedas the minimum dwell time required for a restevent
occurring between tour ends. This threshold renoved short stops, such as driver meals or HCV
refueling, which are not the focus of thishesis. The upper threshold for resteventswas set affifteen
hours, which is 1.5 times greater than the required 10 hours of offuty time required for drivers
every day (Government of Canada, 2009)This provides an allowance for drivers stopping longer
then the minimum driver rest period but ignores very long rest periods that indicate an increased

likelihood of other activities.

Using the RArcGIS bridgea query was performed to identify the HCV stop events that occurred
during an identified tour with a duration between two and fifteen hours.Using these thresholds, a
sampleof 14,766 resteventsfor long-haul HCVtrips were identified in the Region ofPeelfor 2014.
A heatmap showing the clustering of these rest evenia the Region of Peeis shown inFigure 5-1.
This figure shows thedensity of the total identified HCV rest events from the 2014 GPS dataset
representing a sample of the total number of HCV rest events that occurred in the regidie density
of all HCV rest eventdyoth those included andnot included the sample group are expected to show

the same generadistribution.
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Figure 5-1: Heatmap of Identified HCV Rest Events in the RegionRdel

The clustering of HCV rest events corresponds with what is expected based on the literature review.
Most rest events are occurring within close proximity of the Pearson International Airport, the
largest freight hub in CanadaThe locations where HC\drivers take rest eventsis discussed further

in relation to land use and industral areasat the end of Sectiorb.5.

5.5 HCV Parking Locations

In order to identify the common locations where these HC¥ést events are taking place, a system for

defining property locations was required. In this analysis, individual property parcels created by
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Teranet Enterprises Inc(Ontario Ministry of Natural Resources, 2010pare used to identify possible
individual parking locations. Figure 5-2 shows an example of an industrial area with HCV rest events
located on individual property parcels. The data showrs fictional, but the layout of stop events

presented istypical of data from the Regon of Peel

Figure 5-2: GPS Data Showing Stop Events in Property Parcels
Note:Due to confidentiality concernstap events shown are fictional and for illustration purposes only

The HCV rest events were assigned to the property parcels using a spatial join in ArcGIS Hitee
14,766 rest eventswere located at 1,688 individual property parcels These property parcelsin the
Region of Peelare the locations for long-haul HCV parkingthat are later classified and used to
estimate HCV parking supplyn this thesis. A heatmap showing the clustering of these HCV parking

locations in the Region of Peel is shown iRigure 5-3.
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Figure 5-3: Heatmap of Identified HCV Parking Locations in the Region of Peel

The clustering of HC\parking locations in Figure 5-3 is similar to the clustering of HCV rest events
shown in Figure 5-1; however, the cluster around Pearsoimternational Airport is less concentrated
and several other clusters aranore visible. Thischange indistribution is expected as lesautilized
HCV parking locations will be more visible when the heatmap is not weighted based on the frequency
of identified HCV rest events.One noteworthy additional cluster is located north of Pearson
International Airport, corresponding with the Town of Bolton (Ward 5 in the Town of Caledon)
commercial/industrial area, as identified in the Region of Peel Generalized Land Ustassification
(Region of Peel, 2014)Further examination of theRegion of Peel Generalized Land Usgap shows

that each cluster visible inFigure 5-3 corresponds with acommercial/industrial land use area.
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5.6 Verification of HCV Parking Location using Trip Purpose

This thesis focuses on longhaul HCV drivers and their stop events that meet HOS ngigements.
Primary stops should correspond with the start or end or longhaul trips, where secondary stops
should correspond with stops in the middle of longhaul trips. The classification of HCV stop events
as primary or secondary can baised toverify the identification of HCV Parking LocationsA more

detailed description of primary and secondary stops is found in Sectich2.1

Rest events should, for thenost part, correspond with secondarystops.Literature suggeststhat HCV
drivers will sometimes take a rest break at a delivery point; however, this is often not allowed or is
discouraged (FHWA, 2015; Atlanta Regional Commission, 2018}t is possible to look at the
proportion of rest events that are primary and secondary in nature at various locations. An example

of three locations with varying scale is shown inTable 5-2.

Table 5-2: Differences in HCV Rest Events by Scale

Number of Identified Proportion of

O i () Rest Events Primary Stops
Region of Peel 1,247 14,766 7.96%
City of Mississauga 292 11,351 7.22%
Mississauga Flying J 0.033 1,355 0.00%

The Region of Peel as a whole aiiig City of Mississauga each had between seven and eight percent
of rest events corresponding with primary stops.This suggests thata small proportion of HCV rest
events occur at locations where goods are either picked up or dropped off. In contrast is the
Mississauga Flying J, a gas station near Pearson International Airpditis was the location with the
largest number of identified rest events None of these rest events were previously classified as
primary stops, which is both an artifact of and isin alignment with the previously determined
definition of a primary stop. As described in Sectior8.2.1, primary stops werepreviously identified

using an entropy index (‘O Ovalue that numerically expresses the variation of carrier fleets at a
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particular stop location; the Mississauga Flying J is a single location and therefore will have a constant

entropy index (O JQrvalue for all identified rest events.

Further verification of the HCV parking locationgs performed as part of the application of theHCV

parking location classification scheme to the Region of Peel, as discusseattion7.3.
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CHAPTER 6:DEVELOPMENT OF R HCVPARKING CLASSIFICATION SCHEME

This thesisproposes a newHCVparking location classification scheme based on the literature review
outlined in Chapter 2:Literature Review. The primary criterion for the new scheme is thait should

be exhaustive whereby alHCVparking location types are included. In addition, the scheme should
be systematically implemented using readily available geospatial datand transferable to other
regions in North America.A heuristic stratificati on is used to develop thgroposed HCV parking
location classification scheme using feasible combinations of key HCV parking location

characteristics.

6.1 Classification Methodology

The proposed HC\parking location classification scheme was developed in thredistinct steps:

1. ldentify the most important HCV parking location characteristics based on a comprehensive
literature review;

2. Analyze all possible combinations of the identified parking characteristics; and

3. Determine an exhaustive and easy to implement daification schemeusing a heuristic

stratification method.

The five key characteristics of HCV parking locations are combined into sixteen feasible
combinations, which are then recombined into nine categories using a heuristic stratification
approach. Boh oneto-many and manyto-one relationships are used in the recombination of
categories to ensure the classification scheme is easily interpretable. The final classifications are

partitioned using the findings of the literature review.

The given approach s several key benefits. Firstly, the proposed scheme is designed to be general

rather than specific to a jurisdiction. Secondly, each classification can be identified using discrete
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characteristics obtained from the literature review. This allows for a sstematic classification of all
HCV parking locations as long as data corresponding to the characteristics are available. Thirthg
proposed scheme should be easily interpretable and implementable by various jurisdictions across
North America.Overall, this approach will result in a classification scheme that is more rigorous than

what currently exists while still easy fortransportation specialiststo understand and apply

6.2 ldentification of Key HCV Parking Characteristics

The first stepin the creation of an HCV parking location classification scheme is to identify kéyCV
parking location characteristics. An extensive literature review was performed in order to identify

thesekey characteristics. The results of thiditerature review are found in Section2.5.

The most important characteristics identified from this literature review included 1) legality, 2)
accessibility, 3) ownership, 4) dedication to HCV parking, and 5) roadside parking. Each
characteristic is presented as a binaryariable defined as the presence or absence of the given
condition (Everitt and Skrondal, 2010) The meaning of eactbinary condition for these variables is

shown in Table6-1.
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Table 6-1: Binary Conditions for Key HCV Parking Characterist

Key HCV Parking Binary Condition
Characteristic True False
. HCV parking is HCV parking is not
Legality permitted permitted
Accessibility HCV parking is available HCV parking is a\{allable
for all drivers only for some drivers
Ownership HCVparking is publicly = HCV parking is privately

owned owned

Dedication to HCV Location is dedicated to ~ HCV parking is nota
Parking HCV parking primary feature

HCV parkingisona  HCV parking is not on a

Roadside Parking roadside roadside

These key HCV parking location characteristics cdre coded adinary variablesin this thesisasthey

can only have one of two assigned valuetrue (1) or false(0) (Everitt and Skrondal, 2010)

6.3 Analysis of HCV Parking Characteristic Combinations

The second stepn the establishmentof an HCV parking location clasfication scheme is toexamine
all the possible combinations okey HCV parking location characteristics. These characteristics will
provide insight into the feasiblegroupings of characteristics that can later baearranged to match

what is frequently discussed in literature.

Table 6-2 presents the twenty-four possible combinations of the five identifiedkey HCV parking
location characteristics. Accessibility was considered only for legaHCV parking locations since
unauthorized parking locations would be inaccessible for public or private use. As a result,
combinations that do not include legal parkinghave theaccessibility charcteristic designated as not

applicable (N/A).
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Table 6-2: All Combinations of HCV Parking Characteristics

Characteristics

Legal Open Public Dedicated Roadside

Examples Identified in the Literature Review

Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
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Yes
Yes
Yes
Yes
Yes
Yes
No
No
No
No
No
No
No

No
N/A
N/A

N/A
N/A
N/A

N/A
N/A
N/A

Yes
Yes
Yes
Yes
No
No
No
No
Yes
Yes
Yes
Yes
No
No
No

No
Yes
Yes

Yes
Yes
No

No
No
No

Yes
Yes
No
No
Yes
Yes
No
No
Yes
Yes
No
No
Yes
Yes
No

No
Yes
Yes

No
No
Yes

Yes
No
No

Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes
No
Yes

No
Yes
No

Yes
No
Yes

No
Yes

No

None (public roads are not dedicated to parking)
Public rest areas

Road shoulder (in areas legally permitted)
Public weigh stations

None (private roads are not dedicated to parking)
Gas stations, private rest areas

Road shoulder (in areas legally permitted)
Private weigh stations

None (public roadsare not dedicated to parking)
Public truck trailer parking locations
Publicly-owned limited access roads

Some government facilities

None (private roads are notledicated to parking)
Private truck trailer parking locations

Private roads

Some logistics facilities, warehouses, and drepff
locations

None (public roads are nadedicated to parking)

None (locations cannot be dedicated to unauthorized
parking)

Public roadways, ramps

Public parks

None (private roads are not dedicated fmarking)

None (locations cannot be dedicated to unauthorized
parking)

Private roads

Private businesses, passenger vehicle parkirand
abandoned lots

The combinations fromTable 6-2 have been grouped into suitable categories that include both legal

and illegal HCV parking locations for Step 3 of the classification development process. iEhare eight

combinations of characteristics that were not found to be feasible and were subsequently

disregarded from the final classification scheme. For example, combination 1 contatisaracteristics

including public, dedicated to parking, and roadsidgbut this combination is not possible since public

roads are primarily dedicated to vehicle mobility instead of parking. Theight infeasible categories

are printed in grey italicized font in Table 6-2.
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6.4 Heuristic Stratification of HCV Parking Classifications

The third and final stepin the creation of an HCV parking location classification scheme istegroup
the sixteen feasible combinatims of HCV parking characteristics, shown ifable 6-2, using a
heuristic stratification based onHCV classifications identified in the literature. Thigs a necessary
step to ensure that the HCV parking classification scheneeasily interpretable and implementable
by various jurisdictions throughout North America.The sixteen feasible combinations of HCV parking
characteristics were used to create theirfial categories seen inTable 6-3 using a manyto-many

relational structure with both many-to-one and oneto-many relations.

The proposed classificationscheme classifies HCV parking locations into nine categoriedive
authorized and four unauthorized HCV parking location categorie§ he five authorized HCV parking
|l ocation categories are: Publ i c Res®OpemAcoesss
HCV Parking, Limited Access HCV Parking, and Authorized Roadside Parking. The four
unauthorized HCV parking location categories are:  Unauthorized Roadside Parking,
Unauthorized Highway Ramp Parking,  Unauthorized Parking on Public Property, and
Unauthorized Parking on Private Property.Symbols have been developed to represent each of these

categories and are used throughout the rest of this thesis.
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Table 6-3: HCV Parking Classification Scheme

Category Description

Table
6-2

IDs Legal Open Public Dedicated Roadside

Key Characteristics

Public Rest Legal,publicly accessible

Areas and Gas locations such as rest areas, gas 2,6

Stations stations, and truck stops

Legal locations where parking is
- We i g h Savailable adjacent to weigh
station infrastructure

Eﬂ Open Access Legal, publicly accessible
4% HCV Parking business locations

. Business locations that will
Limited Access typically restrict access to
HCV Parking yp _y .
authorized vehicles only

m Authorized Locations where roadside
Roadside Parking parking is considered legal

Unauthorized Locations where roadside
Roadside Parking parking is not considered legal

Unauthorized Highway entrance and exit
Highway Ramp ramps where parking is usually
Parking illegal

Unauthorized lllegal, publicly owned locations
Parking on Public for HCV parking such as parks,
Property airports, and conservation areas

. Unauthorized lllegal, privately owned locations
& | Parking on Private where no HCVs are allowed to
Property park for extended periods

4,8

4,6,8

10,12,
14,16

3171
11,15

19,23

19,23

20

24

Y

Y

Y N

N/A

N/A

N/A

N/A

Y N

Y N

Y N

Y N

Y N

Y N

Y N

Y

Y N

Y N

N

Y =Yes;N =No; Y N=Yes or No; N/A = Not Applicable

Amany-to-one relationship was utilized forcombination ID 1 and ID 2rom Table6-2 to be combined

to create Category in the Table 6-3 parking scheme. Locations exhibiting the characteristics of
these two combinations include public rest areas (ID 2) and gas stations or private rest areas (ID 6).
These combinations were grouped together since no particular rationale could be found for MC
drivers to prefer public parking facilities more than private parking facilities or vice versa as long as

the accessible amenities in the two types of parking facilities are comparable to each other.
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A one-to-many relationship can be seen where Combinath ID 19 has been split into two different
categories including illegal roadside parking (Category ) and illegal ramp parking (Category ).
The given combination was split into the two categories since they are often discussed separately in
the literature (ATRI, 2018; Anderson and Roll, 2018)The other remaining relationships can be

identified by connecting the ID inTable 6-3 back to the original combinations inTable 6-2.

The final classification inTable 6-3 includesfive categories corresponding to legal pking locations.
Public rest stops and gas stations are identified as Category, while weigh stations are assigned as
Category as the latter category is often explicitty mentioned in existing literature(Martin and
Shaheen, 2013Pinjari et al, 2014; FHWA, 2015; Atlanta Regional Commission, 201&}ategory
and Category pertain to open access HCV parking and limited access HCV parkifgcessibility is
utilized as a defining characteristic for those categories to separat@arking supply that
accommodates all vehicles (open access) fromastricted supply that is only available to specific users

(limited access) Category pertains to roadside locations where parking is authorized.

The remaining four categories in Table 6-3 correspond to unauthorized parking. This include
roadside parking where bylaws do not permit this activity, highway ramps, and public or private
property used without permission. The unauthorized roadside parking is separated into roadway
parking for Category and ramp parking for Category . Finally, Category and Category are
respectively organized as unauthorized parking occurring on private properties and public

properties.

An application of this proposed classification schemé&r the Region of Peel in Ontario, Canada is

demonstrated in Chapter 7:Application of the HCVParking Classification Scheme
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CHAPTER 7:APPLICATION OF THEHHCVPARKING CLASIFICATION SCHEME

This chapter providesan application of the proposed HCV parkindocation classification scheme as
discussedin Chapter 6:Development of aan HCV Parking Classification SchemeThe classification
scheme is appliel to the Region of Peel in Ontario, Canad&he application of the HCV parking
classification scheme found in this chapter is currently unigue to the Region of Peblowever, the
approach is transferrable to other regions since is systematically applied g commonly available
geospatial data.This approach of using common data was usdd order to make the classification

schememore rigorous and cost effective.

It should be noted that the HCV parking location classification scheme is only applied to theively
used locationsidentified in Chapter 5:ldentification of HCVParking Locations therefore, the results
do not represent an exhaustive dataset of all possible HCV parking locationauthorized or
unauthorized. All locations that do not legally permit HCV parking could be considered as
unauthorized; however, it is contended hat such an exhaustive listwould be less useful since many
unused locations are likely undesirableor impractical for HCV parking.The same principal applies
for authorized HCV parking, as any space that an HCV could physically pawithout legal
repercussionscould beconsidered an authorized parking spacel he approach selected for this thesis
is in line with the principle of diminishing returns, since theresult of an approach considering every

theoretical or conceivable HCV parkig locationwould not be helpful from a policy perspectie.

7.1 Classification Approach for the Case Study Area

The application of the HCV parking classification schemeegardless of case study area, involves

three key steps:
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1. Identify variables from commonly available geospatial data that can indicatthe absence or
presence of each HCV parking location characteristic

2. Convertthe identified indicating variablesto a binary format; and

3. Develop an algorithm that uses these binary variables to assign a HCV paking location

classification to each identified parcel

This approachidentifies the binary state of eachcharacteristic that appies to each location and
assigrs a classification based on tke combination of characteristics Since each classification is
defined by the combination ofbinary characteristics, it is possible to classify each location ifs

characteristics are known.

The proposed HCV parking location classification scheme is applied to the Region of Peel in Gotar
Canada. This location was selected as the case study area due to the clustering of the transport and

warehousing activities within its boundaries (Ferguson, Lavery and Higgins, 2014).

7.1.1Identification of Key CharacteristicVariables

In Section2.5, five key HC\parking characteristics were identified:legality, accessibility, ownership,
dedication to HCVparking, and roadside parking These characteristics were usetb develop the
comprehensive classification schemefound in Chapter 6: Development of a HCV Parking
Classification Schemghowever,as shown inTable 7-1 only four of the five key characteristicsare
required to classify parking locationsin part due to a one-to-many relationship that was used in
developing the scheme. The d e d i ¢ at e déristikienpt necdssanyaadefining attribute of any
of the nine proposed classifications; instead, the presence opablic rest area,gas station or weigh
station and the accessibility type are used to differentiat@on-roadside locations where parkirg is

permitted (Categories to ). All other locations (Categories to ) are not dedicated to HCV
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parking either due to being roadside and/or not authorized for HCV parkingThe HCV parking

classification scheme can be found imable 6-3.

In addition to variables indicating four of the five key characteristics,variables must be identified
that indicate the presence of a gas station, a weigation, anda highway ramp.The presence of a
gas station, a weigh station, or highway rampndicates that the HCV parking location should be
classified as Public Rest Areas and Ga&s UBauthoriziedbHighway

Ramp Parking regectively.

The seven attributes used to apply the HCV parking classification scheme to the Region of Peel are:

legality, accessibility, ownership, roadside parking, gas station, weigh station, and highway rariihe
first four of these variables correspondwith key HCV parking characteristics and are described in

Section2.5.
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Table 7-1: Indicating Variables for HC\WParking Location Characteristics

HCV Parking Indicating Variable (s)
Characteristic Attribute (s) Data Source(s)
Legality Land use_bylaws, _and ticketing Region of Peel
information
. DMTI Enhanced Points of
]
Accessibility Par cel cont aflns Interest (EPOI) dataset
Ownership Land use Region of Peel
Roadside Parking Parcel contains road segment Ontario Road Network
. . Enhanced Points of Interest
1
Gas Station Parcel contai HAs (EPOI) dataset
Weigh Station Par cel c o4i8ai fllisr Scholars GeoportaDataset

Parcel containshighway ramp

Ontario Road Network
segment

Highway Ramp

[1] SIC category 42 pertains tdotor Freight Transportation and Warehousingfirms

[2] SIC category 5541 pertains t@&asoline Service StationSrms

[3] SIC category 4785 pertains téixed Facilities and Inspection and Weighing Services
for Motor Vehicle Transportationfirms

7.1.2 Classification Algorithmand Flow Chart

Figure 7-1 showsa flow chart outlining the algorithm used to allocate property parcelsas identified

in Section5.5, into one of the nine parking location categoriesutlined in Table 6-3. While thebinary
variable approach to classification can be applied to any jurisdiction, it may be necessary to consider
local laws governing authorized HCV parking since bylaws will likely vary from region to region.

Details on the creation of this algorithm follow the flow chart.
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Figure 7-1: HCV Parking Classification fothe Region ofPeel

80

FALSE

Parcel contains >100m of | .

highway ramp

FALSE

v

Area is zoned to allow truck
parking

TRUE

v

Truck parking tickets have |

been issued in parcel

I

FALSE

Legal Roadside Parking

Unauthorized Highway
Ramp Parking

FALSE

Unauthorized Roadside
Parking



The 1,688 property parcelsin the Region of Pealentified as HC\fest eventlocations were classified

into the categories described inrable 6-3 using the flow chart inFigure 7-1. Public Rest Are

Gas Stationsvere identified using the business type of the property parcetising the corresponding

four-di git standard industri al c | as s ildcatienalassifiechas ( S1 C)
We i g h BthaRegian ofBeelbut there were norest eventsidentified at this location using

GPS data

Open Access HCV Parkirapd ~ Limited Access HCV Parkirgpth pertain to locations consisting
of privately-owned businesses but it was difficult to systematically identify the type of access
available to a given businesas this information is not publicly available. It was assumedthat
Open Access HCV Parkingpplied to transportation logistics and warehousing facilitiesbased on
parcels—containing a business with the two-digit SIC for Motor Freight Transportation and
War ehousi ng ( Lindited Access WQVi Parkingpplied to other businesses The SIC 42
group contains three subcategories: Trucking and
Warehousing and STermigeal( d42@' Yoi andTer (@8HAa I Ma i
2019). This definition of the SIC 42 group and its three subcategorigésdicates thatthe presence of
one of these firmswill work sufficiently to identify ~ Open Access HCV Parkingowever, tis broad

assumption may not hold for all establishments and should bexamined in the future

The Authorized Roadside Parkingcategory required several criteria for identification. The
property parcel had to contain part of the identified roadway network however, calibration was
required since some nonroadway property parcels contained a small part of the road network. To
calibrate this classification process, a sample of 30 locations that intersected the road network were
investigated manually. Based on this analysis, a maximum ratio of S@Quare metersof property
parcel area for each meter of roadway lengtlvas established If this ratio was exceeded, the property

parcel was not considered a roadway location and was allocated to a different categoBased on
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additional analysis, poperty parcels were also not identified as roadways if more than ten percent

of the property parcel area was covered by buildings or if the area was zoned as an airport

Another condition for  Authorized Roadside Parkingconsidered the legal status arising from land

use zoning categories bask on municipal by-laws. Locations were considered legal if a property
parcel was zoned as commercial, industrial, rural, undeveloped, or estate land uses and does not
experience parking violations. The parking infraction information obtained from Mississaga and
Brampton included the time, location, and type of infractions as recorded by parking enforcement
officials. Caledon violations were not available for thighesis but could be added in the future.
Exampl es of vi ol ati ons iemscliud epdr o'hp dri ktiendg ahrecaawsy

vehicle in residenti al zone'

All roadside parking that were found not to permit legal HCV parking were classified as either
Unauthorized Roadside Parkinggr ~ Unauthorized Highway Ramp Parking The latercategory was
distinguished from the former using the roadway data in the shapefile supplied byhe Region ofPeel.
Property parcels containing a highway ramp were classified into this category. A minimum length of

100 meterswas found to be useful for avoiding false positives.

Unauthorized Parking on Public Propertyand  Unauthorized Parking on Private Propertywere
considered in terms of land use. Public ownership was assumed to apply to conservation areas,
provincial parks, undeveloped settlements, government land, institutiondandfills, or airports. Other
land uses were assumed to be privately owned. Thesgcations are determined to be unauthorized
for HCV parking either due to the identification of parking violations or if zoning does not permit for
HCV parking.Most land typeswere not zoned to permit HCV parkingOnly land use types of
employment, rural, undeveloped settlements, and estates were identified to be zoned to authorize

HCV parking.
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7.2 Results of Classification for the Case Study Area

Table 7-2 shows the results of the classification of the 1,688 property parcels with HCV rest stop
events.This table shows the frequency of the five ategoriesof authorized property parcels and the
four categoriesof unauthorized property parcels. The results identify HCV parking locations from a
very comprehensive list of classifications which represents an exhaustive list for tleasestudy area.
Past HCV parking studies have not included all the categories of V@arking found and have often

ignored a large number of authorized HCV parking spaces.

Table 7-2: Frequency Distribution of Property Parcels by Category

Category Property Parcels
Public Rest Areas anas Stations 20
Weigh Stations 1
Open Acces$iCVParking 227
Limited AccessHCVParking 978
Authorized Roadside Parking 275

Total Authorized Property Parcels 1,481
Unauthorized Roadside Parking 85
Unauthorized Highway Ramp Parking 36
Unauthorized Parking on Public Property 19
Unauthorized Parking on Private Property 47

Total Unauthorized Property Parcels 187

Grand Total 1,688

Most identified property parcels in Peel were authorized(1,481) whereas there weresignificantly
less identified unauthorized locations (187) It should be noted that these resultcount the number
of total identified locations and not the number of HCV parking spaces at these locatiomgost
authorized property parcels (978 out of 1,481 66%) provided limited access parking at private firms
that are not transportation/warehousing firms, which have often been overlooked in many previous

parking supply studies.
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Figure 7-2 shows the spatial distribution of each HCV parking location category. The locations are
aggregatedand displayed bymunicipal ward. This figure shows the areas with HCV parking locations
most widely usedon long-haul trips. Each categoyr needs to be inspected individually as the scale

varies from category to category.

Figure 7-2 shows that most parking locations, both authorized and unauthorized, ardustered in the
north-eastportion of Mississauga shown to be Mississauga TAZ 5 Figure 3-3. When these results

are compared toFigure 3-1, the north-east portion of Mississauga@orresponds to manymotor freight
transportation and warehousingfirms clustered around Pearson International Airportas is expected

for one of the biggest freight trip attractors/generators inthe region (Fleger et al, 2002; Atlanta

Regional Commission, 2018)Additional locations with significant numbers of authorized HCV

parking locations are Brampton TAZ3 and TAZ 8 which correspords with what is known as the CN

Intermodal AreaintheRegi on of Peel ' s St r at(Regidnof Péb2083R)A Mo v e me
large portion of this land is also classified as commercial / industrial in the Region of Pées

Generalized Land Usenap (Region of Peel, 2014)

The unauthorized parking locations can provide insight into where additional legal HCV parking
and/or enforcement may be required. Frequent unauthorized HCV phing at a location may indicate
that drivers are unable to find suitable parking nearby. Alternatively, it is possible that drivers have
become complacent and do not expect parking regulations to be enforced. Reviewing citation
records, surveying drivers,and examining the distance to other legal parking locations may assist in
determining the causes of unauthorized parkingUnauthorized HCV parking, and in particular
Unauthorized Parking on Private Property is distributed fairly uniformly throughout the entire
region in both industrial and residential areaslt is worth nothing that this uniform distribution is

fairly low in terms of absolute value with six or less locations identified per TAZ.
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Each of the hree local municipalities can be examined individually. Within the City of Mississauga,

the largest share ofauthorized parking properties is located within TAZ 5. This is the location of

Pearson International Airport and is additionally located near the CNBrampton Intermodal

Terminal. There are also significanauthorized parking parcels identified in TAZ 2, which contains a

large industrial presence. In the City of Brampton,samentioned previously asubstantial share of

authorized parking parcels has bea identified along the commercial and industrial areas ImMAZ 3,
7,and8TAZ8 i n Brampton contains Canada’s highest vol
populous municipality in the Region of Peel, the Town of Caledon contains the lowest total

authorized parking locations. The largest cluster of legal parking parcels for this municipality were

identified in TAZ5 where the community of Bolton is located.
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Figure 7-2: Spatial Patterns of Parking Locations for Longdaul HCV Trips

Note: Map areas are subdivided byJAZ numeric labels represent counts of classified HCV parking
locations
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7.3 Confirmation of Results

A total of onehundred-seventy-one parcels wereused to verify the application of the HCV parking

classification scheméor the Region of Peel.

A sample ofninety-five parcels was selected from the original 1,688 parcels to confirm that the
authorized non-roadside parking location categories in Table 1 were assigned appropriately
Additionally, the number of HCV parking spaces was manually counted to be used in the development
of an HCV parking supply modellhis sample includel twenty Public Rest Aregas
eighteen  Open Access HCV Parkingndfifty -seven  Limited Access HCV Parkingpcations. In
each case, the category and number of visible parking spaces was confirmedhe extent possible
using the location data andsatellite imagery provided by Google Map&Google, 2019) as well as the
geospatial data used to classify the location3he sample size of ninetyfive parcels wasoriginally
selected as a preliminary estimate of the number of HCV parking locatignsowever, the sample size
was later increased to 150 HCV parking locationso obtain adequate statistical power for the
development of the HCV parking supply modelDetails of this aalysis are givenin Chapter 8:

Estimation of HCVParking Supply

The othersix categories of HCV parking locations were verified without counting any parking spaces.
This is mainly due to the fact that no dedicated parking spaces exist at any of these locatiorise
single We i g h $otation was resamined and confirmed to be ategorized correctly. An
additional fifteen parcels were selected fromeach ofthe remaining categories:  Authorized
Roadside Parking  Unauthorized Roadside Parking, Unauthorized Highway Ramp Parking,
Unauthorized Parking on Public Property, and Unauthorized Parking on Private PropertyThese
seventy-five total parcels were all determined to beroperly categorizedto the extent possible using
the location data andsatellite imagery provided by GoogleMaps (Google, 2019) as well as tle

geospatial data used to classify the locations
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These results were obtaineddr the third iteration of the HC\parking classification algorithm for the
Region of Peel as outlined ifrigure 7-1. Preliminary versions of theflow chart did not include the
thresholds for road and ramp length in parcelsThe addition and calibration of these thresholds,
along with the final order of the steps and identification of the indicator variables, allowetbr the

systematic application d the HCV parking classification schemat a high level of accuracy
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CHAPTER 8:ESTIMATION ORHCVPARKING SUPPLY

This chapter provides a procesdgor developing an HCV parking supply model using the Region of Peel
as a case study aredlCV parking supply refers to e total number of designated parking spaces
available that can be used to meet HCV parking demafdthough the supply modeldeveloped here

is specific for the Region of Peel, a similar approach could be used to develop a model for another
jurisdiction. It is possible that other jurisdictions would have different variables that correlate with
the number of parking spaces and thatariables have a different relationship than they do in the
Region of Peel. The final HCV parking supply model is presented hateng with an estimate of the

number of HCV parking spacem the parking locations identifiedin the Region of Peel.

8.1 Modelling Approach

In order to ensure the accuracy, reproducibility and validity of atruck parking supply model, it is
important to determine how the model will be developeda priori. The approach that was used to

develop the HCV parking supply model had the followingteps:

1. Develop a procedure for processing the data to be used in the model;

2. Select the appropriate variables to b&ised in the model,

3. Determine the appropriate model sample size;

4. Create several HCV parking models using different variables and model types; and

5. Select the best model using various goodnegs-fit methods.

The data usedprocessing techniques, model types, and goodnes$-fit methods to be used are

described inChapter 3:Study Data

An approach was developed using R to process the data and report only the information pertinent to

the current analysis staggWashingtonet al, 2011). R is a useful tool as predefined functions can be
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used in combination with custom functions and custom script to ensure that only the necessary
information is reported. A custom script was written in Rto perform a data analysis in order to
identify outliers and analyse the data structure. This script analyses the data to identify outliers,
multicollinearity, heteroskedasticity, normality, and overdispersion using a total of fourteen
different statistical tests. Additional information related to this data analysis is found ilAppendix C:
Details of Data Statistical Analysis The R script written to perform this analysis is found ilAppendix

E:R Script for Data Analysis

8.2 Scopefor the HCV Parking Supply Model

The HCV parking supplymodel developed for thisthesis focuses on HCV parkingpaces that can be
utilized for HOSrelated rest events on longhaul trips. An HCV parking space is defined based on
HCVs with a singldrailer, corresponding to Classes 8 through 10 in the FHWA 1Gategory Scheme
(Hallenbeck et al, 2014). More information on the design vehicle usd for this thesis is found in

Section2.1.2

The HCV parking space model developeaabs part ofthis thesis is only applicable for the Region of
Peel.The estimates & HCV parking spaces are based on the parcels previously identified as part of
Chapter 5:1dentification of HCVParking Locationsand classified inChapter 7:Application of the HCV

Parking Classification Scheme

8.2.1Defining an HCV Parking Space

A heuristic approachwas usedto count the HCV parking spaceshat were used in the development
of the supply model Google Maps 3D satellite imagery was used to identify and couhe HCV parking
spaces(Google, 2019) Figure 8-1 showcases the @arious visual cluesthat were used to identifythe

HCV parking spaces the satellite imagery.
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Fixed objects, such as this |
dumpster, indicate that this
row is not a parking space.

Loading docksare counted
as a viable parking space

Passenger vehicle
parking spaces
are not counted
for the model.

1 The space in front
of drive-in baysare
counted as a viable

[ parking space.

>

Parking blocksor painted
pavement linesoften provide

- ./ 4 S, | context for unoccupied HCV
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Figure 8-1: Visual Clues used tdManually Identify HCV ParkingSpaces
Adapted from Googlg2019)

Google

As part of the verification process for the HCV parking location classificatiotme HCV parking spaces
were counted using the vVsual clues representedin Figure 8-1 for a total of ninety-five parcels,
including twenty Publ i c Rest Ar eeigbteem n OperGAceess HC\VaParkimgnds
fifty -seven Limited Access HCV Parkindocations. After the results of the statistical power
analysis as described in Sectiond.2.2 the HCV parking spaces ian additional fifty-five parcels were
counted, including an additionaleleven  Open Access HCV Parkingnd forty -four Limited
Access HCV Parkintpcations. An exanple of a parcel with HCV parking spaces identified using this
approach is shown inFigure 8-2. It should be noted that the turning radius of HCVs wasot used to

verify the validity of parking spaces.
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Figure 8-2: HCV Parking Spaces Identified at a Warehouse Location
Adapted from Googlg2019)

As computer vision, machine learning, and imagprocessing become more advanced and as more
variables become available, it may become possible to autotizally count the HCV parking spaces
at these locations. Despité being possible to use GIS software to identify passenger vehicle parking
lots (Zhang and Couloigner, 2006; Davist al, 2010)and count their parking spaceqMcKeownet al,
1985; Wang and Hanson, 1998; Seo and Urmson, 2009; Kabak and Turgut, 20103 is currently
not feasible for HCVs duein part to the differences in the consistency of parking space sizand

markings, asdescribed in Sectior2.1.5.
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The minimum, average, and maximum number of HCV parking spaces for each HCV parking location
classification examined is shown inrable 8-1. Thesevalues show that Public Rest Areas
Stations are the locations with the smallest number of HCV parking spaces, Open Access HCV

Parking are the location with the largest numberand Limited Access HCWParking locations have

a number of HCV parking spaces between the other two. This result is expected, as manyPu b | i ¢

Rest Areas and Gas Statiorse smaller in sizewith less designated HCV parkingmany  Open

Access HCV Parkingpcations are large warehouses with a large amount of HCV parking, and

Limited Access HCV Parkinkpcations tend to be smaller than their open accegsounterparts. Limited

access locations likely serve a smaller number of HCVs compared p®a access loations since hey

serve a limited fleet of driversfrom select companies.

Table 8-1: CountedHCV Parking Spacdsy Classification

Classification Quantity _ Number of HCV Parking Spac_es
Counted Minimum Average Maximum

Public Rest Are. 20 0 14 80

Open Access HCV Parking 29 0 122 763

Limited Access HCV Parking 101 0 27 408

All 150 0 43 763

The number of HCV parking spaces showed a positive skew tbe frequency of locationsbased on
the number of parking spaces available, as shown Figure 8-3 for the sample of 150 HCV parking
locations. This distribution also shows a large proportion of locations exhibiting zero designated HCV
parking spaces available. Potential outliers in this dataset included six locations with more than 200
HCV parking spaces. Thessgx locations all correspond with large logistics facilities with a large

guantity of HCV parking spaces.
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Figure 8-3: Histogram of Parcels Counted by Number of HCV Parking Spaces

8.3 Model Development

The number ofHCVparking spaces is utilized as the dependent variable in the modedgveloped for
this thesis. A preliminary sample ofninety-five parcels as identifiedin Section7.3, was used to assess

the potential variables for the HCV parking supply model.

The distribution and characteristics of the dependent variablenfluences the modelling typethat can
be adopted. For example, anultiple linear regressionwas rejected as a suitable technique in this
thesis due to the inability of the model to avoid negative predicted values. In addition, Boisson

regression model was also rejectedlue to overdispersion:the pr el i mi n a rdeperslantmp | e’ s

variable mean of 49.5 is significantly lower than its variance of 14,489.

Six candidate HCV parking supply modelsere developed,and the bestfit model was later selected
as the final model.Three combinations of variableswere used with two separate model types: a

negative binomial regression model and a zermnflated negative binomial regression model.
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Typically a Vuong test is used to determine if a zerimflated model is necessaryWashington et al,
2011); however,a recent study suggests that this is not correct approach(Wilson, 2015). Due to
this, both model types vere used,and the final modelwas selected using both numeric and graphical

goodnessof-fit indicators. These goodnessf-fit methods are described in Sectior.3.

8.3.1 Data ProcessindProcedure

A data processing approach was developed advance of the model creatioto minimize any bias.
An algorithm was developed using R language identify and eliminate outliers, and then test for
multicollinearity, heteroskedasticity, normality, and overdispersion.This data processing algorithm
is not specifically designed for the datasets used in iththesis; therefore, it is a tool that camlso be

used for other projects.

One key considerationin the algorithm was the criteria for identifying and eliminating outlier data

records. The removal of data records as outliers shouldot be donead hocwhenever it benefits the

accuracy of a model but shouldbe justified using statistical tests(Washington et al, 2011). For this

thesis, it was determined that records wold be classified as outliers if they faidll threeoft he Coo k'’ s
'O, leverage, and Mahalanobis distance tests, as discussedppendix C:Details of Data Statistical

Analysis. The results of these tests will vary depending on the combination of independent variables

selected; therefore, the data analysis algorithm will need to be uséadependently for each model

Multicollinearity between independent variables should be avoidd as this can lead to model
inaccuracy and interpretability issues (Washington et al, 2011). The combination of variables
selected should not have multicollinearity The multicollinearity condition number will be used to
identify multicollinearity between the independent variables as a whole andvariance inflation
factors (@ "Q"@ill be used to identify specific variables that have issues with multicollinearity. The
application of these approaches is discussed fippendix C:Details of Data Statistical Analysis
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Normality and overdispersion are also examined in the algorithm to identify if it is possible to use a
more simplistic model type, such as multiple linear regression model or a Poisson regression model.

The R code for this algorithm igrovided in Appendix E:R Script for Data Analysis

8.3.2Variable Selection

Several variables were selected as appropriate to use in the HCV parking supply model, including

land use and transportation, firmographic, and zoningariables.

It is expected thatland use variables related to parcejeometry will have substantial influence on

predictive capabilities of the modelswith larger land parcels leading to additional parking spaces.
Two variables are proposed here but are highly correlated and therefore introduced in separate
models. The first of these variables is the perimetelength of a given parcel. This variable is
considered simple to introduce in the model and subsequently provides higher transferability for

future study areas.

The second geometric variable created for the model represents the total pavement surface are
available in each land parcel. Since no dataset initially existed to provide this information, it was
created by taking the total parcel area and subtracting the building footprint and any green space or
water features identified on the parcel. The propdion of green space and water coverage were
calculated from a supervised image classification model created using ArcMap software with three
categories including pavement/building footprints, greenery, and water coverage. The supervised
image classificaton training was performed on sixty-five locations with twenty meter by twenty
meter raster cells obtained from Landsat satellite imagery. An analysis with a helolit sample often
parcels found that the categories assigned to raster cells were 100% correfttr nine out of ten

locations. The last location in the testing had one raster cell incorrectly identified. Based on this
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performance, the image classification was considered suitable as part of the calculation for the total

pavement surface area in eacproperty parcel.

The other variables that were selected included a binary variable identifying rural parcels identified
from Generalized Land Useclassifications (Region of Peel, 2014) two HCV parking location
classifications identified in Chapter 7:Application of the HCVParking Classification Scheme anda
binary variable identifying parcels with Miscellaneous Retail firms as identified from the Enhanced
Points of Interest (EPOI) datasetOther industry types were considered; howeverlower correlation
values were observed, and multicollinearity existed betwen various firm types.A complete list of

variables included in the models developed in this analysis are provided ifable 8-2.

Additional variables were tested durirg the development of the preliminary models including other
HCYV parking locatiorclassifications, the industry code forother types offirms based on the standard
industrial classification (SIC) system, and parcels with low observed demand (occasional usased
on the rest events observed from GPS datid.should be noted that the latter is not included in the
model due to low statistical significanceand due to it is not part of commonly available geospatial
dataset.Binary or continuous variables represating proximity to major goods movement facilities,
such as airports or intermodal facilities, could also be considered in addition to land use,

transportation, firmographic, and zoning variables.
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Table 8-2: Selected Variables for Analysis

Variable Description

0AOEI AGAO Length of perimeter for parcel'®10-3m)

2 00AI 1 if parcel Qs rural, 0 otherwise

0AOEI ADBOGAIT Interactiontermfor0 AOE | #&@AD@OA |

I OAA Area of pavement in parcel(f10-6 m?)

0AOQEI AIOGBADA ; Interactionterm for0 A OE | dn®ADA A |

#1 AOP 1 if parcel Gs classified as  Open Access HCV Parking otherwise

#1 AGO 1if parcelGs classifiedas Publ i ¢ Rest Ar eGothenaised
) . % 1 if parcel"ontains aMiscellaneous Retai(SIC59)firm, O otherwise

A priori expectationswere determined for the selected variables to assist with goodness-logic
checks.Larger locations are expected to have a larger number of HCV parking spa@sare locations

with a greater amount of paved area. Rurand miscellaneous retail locationsre expected to have a

lower number of HCV parking spacesand bcati ons <c¢l assified as Publ
Stationsor Open Access HCV Parkirage expected to have aigher number of HCV parking spaces

Based on these expectations, characteristics that are predicted to have a larger number of HCV

parking spaces are expected to have a positivwefficient and characteristics that are predicted to

have a lower number of HCV parking spaces are expected vk a negative coefficient.

8.3.3Sample Size Determination

In order to determine the necessary sample size required to achieve adequate powdhe
negbin.samp() function from the RSPS packagein R was used (Bimali et al, 2015). Two
preliminary HCV parking mode$ were developed using theninety-five parcelsthat were used to
confirm the authorized nonroadside parking classification in Sectior?.3. Unauthorized and roadside
parking spaces were not included in this modesince an exact count does not exist: any locatiaan
be used as an unauthorized parking space amdadside HCV parking spaces are not clearly defined

The number of HCV parking spaces were manually counted for these locatiors mir of negative
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binomial regression modet were established using this preliminary datawith the purpose of
determining the sample size required for adequatestatistical power. The creation of tlese
preliminary negative binomial regression modes is required by the negbin.samp()  function,
sincethe model s overdi sper si afhe first pralimi@aryemodeli featurede qui r e d
0 AOE | AL h® key geographic variable and the second featured OA A ;. Additional
independent variables were selected by identifying the largest subset gériables that did not have

multicollinearity. The preliminary HCV parking supply models are shown iffable 8-3.

Table 8-3: Preliminary HCV Parking Models foSample Size Determination

Preliminary Model 1 Preliminary Model 2

Variable | |
Intercept 2.15 0.00%** 3.09 0.00%**
0AOEI AOGAO 1.13 0.00%**
2 00AI -2.60 0.01**
0AOEI ADBOGAT -2.43 0.00%**
I OAA ; 8.39 0.00%**
#1 AOP 1.27 0.00%** 1.60 0.00***
#1 AQO -0.44 0.27 -1.77 0.08*
) . % -1.79 0.00*** -2.02 0.00%**
0 O« 756 767
ch O— —742 -753

(***), (**), (*) represent statistical significance to 99%, 95%, or 90% respectively

The sample size calculatiorusing thenegbin.samp()  function was performed using an| T8t L
and a desired power of p | Ty for two levels of effect size:’Q 1@ for a medium effect size
and'Q 1@ uor a medium-large effect size(Cohen, 1992) The selected desired power,p |

@), was set based on convention proposed for general ugéohen, 1992) The mean HCV parking
space count ) was determined to be49.49 and the results of Preliminary Model 1 were used

calculate the overdispersion parameter §7— as 2.256. The seed value and number of simulations
were set to their default values, and the significant digits was set as three. Timputs and results of

this sample size calculatiorare shown inTable 8-4.
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Table 8-4: Statistical Power Analysisand Sample Size Calculation

Input Variables Output Effect Size
0.5 0.65

Power, p T 0.8 Actual Power, p { 0.809 0.805

- AAD 49.49 Required Sample Size, 40 111

Overdispersion,pi— 2.256 Standard Error 0.012 0.013

Type | Error,| 0.05

Seed 20

Number of Simulations 1000

Significant Digits 3

Based on this resulof this statistical power analysis, a minimum sample size @ was required for
a medium effect size’ Q ™ and a minimum sample size o111 was required for amedium-large
sample size Q 1@ v. A large effect size’Q T@& would require a minimum sample size of 370
which is not feasible for this study.To ensure a largeenough sample size was usethe HCV parking
spaces were countedor atotal sample of 150 parcels130 parcels to build the model and 20 parcels
to act as a holdout data set.Thenegbin.samp()  function was also used for gost hogpower check

after the final modelwas selected to ensure adequate power was maintained.

8.4 Candidate HCV Parking Supply Models

Six candidate modelswere established using theHCV parking space count dataseg p o tfor

comparison using various goodnes®f-fit methods. The three negative binomial regression models
and the three zeroinflated negative binomial regression modelsvere compared The regression
coefficients were estimated using the maximum likelihood method forach of these modetypes. A

logit model was used as the binomial choice model for the zeinflated negative binomial regression.
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8.4.1 Models

The candidate modelswere created using 130 of the 150 sample locations, with the same 130
locations used in each model. Three combinations of variables were used for the two model types:
negative binomial regression and zerenflated negative binomial regression. The firstwo variable
combinations were selected to be the same as the preliminary model, and the third combination was
established as the largest combination of variables that did not have issues with multicollinearity
(except with interaction terms) as identified with the data analysis algorithm The combinations of
variables usedin the models are shown in Table 8-5. Models 1, 2, and 3 are negative binomial
regression models and models 4, 5, and 6 are zeitflated negative binomial regression modelskor
the zero-inflated negative binomial regression models, predictions werautomatically set to zero if

the logit model estimated a greater than 50% chance of being a zero.

Table 8-5: Variable Combinations for Candidate HCV Parking Supply Models

Variable Models 1 & 4 Models2 & 5 Models 3 & 6
0AOEI AOAO Y N Y
2 O0AI N Y Y
0AOQEI ADBOAI Y N N
I OAA ; N Y Y
0AOEIT AIOADA N N Y
#1 AOP Y Y Y
#1 AQO Y Y N
) L% Y Y Y

Y =Yes; N=No

The datasetwith 130 records was first processed with the data analysis algorithm to identify and
remove outliers, diagnose multicollinearity, and check for normality andoverdispersion. The
remaining dataset was then used to create the candidate models usingTRe final results ale shown

in Table 8-6.
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Table 8-6: HCV ParkingSupply Candidate Models

Negative Binomial

Zero-Inflated Negative Binomial

Variable Model 1 Model 2 Model 3 Model 4 Model 5 Model 6

l '| l '| ’| l
Intercept 1.49  <0.001*+* 227  <0.001**  0.89 0.014* 207  <0.001*** 276  <0.001*** 177  <0.001***
OAOET AO 196  <0.001** 219  <0.001%* 156  <0.001*** 1.62  <0.001***
2 00AI 1.48 0.051** -0.35 0.659 225  <0.001**  0.87  <0.001**
0 é 85"& |A O 563 0001 -1.91  <0.001***
I OAA; 53.04  <0.001** 8290  0.005** 3825  <0.001**  40.32  <0.001***
0 ;5‘ 8E "& ':‘ © -49.46  0.025** —20.67  <0.001***
#1 Ao 1.02 0.006*** 0.57 0.139 0.60 0.111 0.97  <0.001***  0.54  <0.001***  0.67  <0.001***
#1 AGO -0.12 0.781 —0.44 0.322 050  <0.001***  0.10 0.184
) . % —2.13  0.007** 217 0.006** —2.04  0.009*  -1.80 <0.001*** 217  <0.001*** -1.98  <0.001***
Zero-Inflated Variables
Intercept 0.14 0.664 0.32 0.923 0.11 0.744
I OAA -163.07 0.003**  —124.72 0.005** —156.99  0.004***
0AOEI AIOADA ; 68.40 0.051* 69.31 0.024* 37.76 0.055*
Data
Outlers - 3 2 3 : 2
¢ 127 129 128 127 129 128
o) 5 6 5+2 5+2 6+2
0'Q 121 123 121 118 120 118

(***), (**), (*) represent statistical significance to 99%, 95%, or 90% respectively
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The candidatemodels each removed between one and three outlierg/hen all variablesidentified in
Table 8-5 are considered, the outlier removal process described in Sectighl.3identifies a fourth

outlier, Location#139. The locations that were determined to beoutliers are listed in Table 8-7.

Table 8-7: Outliers Identified in Models

L ocation Parking Paved Total Area Perimeter Class Outlier in Model
Count  Area(m?)  (m?) (m) 1 2 3 456
Open
#83 (725ndo) 8?4?;())0 1‘3%4)00 2(:3 dO)O AccessHCV Y N Y Y N Y
Parking
Limited
408 12,900 164,000 1,800
#109 ’ X ’ AccessHCV Y N N Y N N
d h h
(39) (51%) (6") (8") Parking
Public Rest
#125 (341759 86(21’5?)00 1’7?1251)700 5(’;55%0 AreasandGasY Y Y Y Y Y
Stations
Limited
#139 0 (13;‘;?(1) 4(22;5)00 2(fﬂ?)0 AccessHCV N N N N N N
Parking

Y =Yes; N=No

Examining thegeometric variables for these HCV parking locations provide some insight into why
these locations were determined to be outliersLocations #83 and #1009 have the second and third
most HCV parking spaces, and Locationl25 has the largest pave area, total area, angberimeter.
These extremes likely contributed to their removal as outliers in the various models. It should be
noted that only Location #125 was removed from all six models, which is likely due to it being
geographicallylarge with comparatively few HCV parking spaced.ocation #139 was not removed in
any individual model; however, it is identified as an outlier if all variables used to create the candidate
models are consideredThis location was a unique outlier as there were zeralentified HCV parking
spaces despite having the second largest total area and the fourth largest perimetegry little paved
area was identified at this rural location. Geographically these locations correspond with rural

locations in the Town of Caledorr employment areas in the City of Mississauga
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Although outliers were not included in the model developmentthey are important to examine when
assessing model goodnessf-fit. Outliers are not screened from the holdout dataset in order to assess
the overall goodnessof-fit of the model. Additionally, outliers are included in the graphical goodness

of-fit plots shown in Table 8-8.

8.4.2 Goodnessof-Fit Comparison

Various goodhessof-fit techniques, as described in Sectiod.3, were used to determine the most
appropriate HCV parking supply model. To do this, the negative binomial regressianodels were
first compared separately from the zereinflated negative binomial regression models, and the best
model from eachwas compared to identify the best overall model.The various goodnessof-fit
techniques, both numerical and graphical, are shawin Table 8-8. The numerical goodnessof-fit
tests, as described in Sectiod.3.1, were performed using R. The graphical goodness-fit tests, as
described in Sectio.3.2, were alsoassessed: € plots were generated using R and CURE plots were

generated using Excel.

The graphical goodnessf-fit plots can also be found irAppendix F: Q-Q Plotsand Appendix G:CURE
Plots. The QQ Plots arebased on all observations{ p v)mboth the model record set and holdout
dataset An exception to this is Model 1 and Model 2, which omit three extreme outliets ensure the
figure is interpretable. The CURE plots are based on all observations except the four outliers
identified in Table 8-7. The square roots of! OA A; and! OA A ; were used asCURE plot
exposure variables since the area variables grow at a faster rate than the distance variable,
0 AOE I .AsAal3o dlowed for better visualization of the CURE plot at smaller values of the
exposure variable. Thel O A A; variable was used as an exposure variable despite not being
included in the model as it provides a good indication of how the accuracy of the mdddanges as

HCV parking locations get larger.
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Table 8-8: HCV Parking Supply Candidate ModeBoodnessof-Fit

Negative Binomial

Zero-Inflated Negative Binomial

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6
Numerical Goodness of Fit Metrics
cd 0— 2942 —982 —957 71254 —1497 —1307
0 YO 3314 7961 2480 1468 2035 1528
0 "Y0D O 194 721 94 75 148 69
D06 6.05 9.38 2.63 0.26 -1.95 -1.65
D06 158 703 Z30 -65 127 258
000 28 34 27 22 26 22
000 194 721 94 75 148 69
0 00 956 996 973 2526 3012 2634
0 00 956 996 974 2527 3012 2635
6 006 976 1016 996 - - -
Q-Q Plots
c AOOAI [ Removed 3 Outiers g 7 Remored 3 outers B - 7 ] g ]
P OAAEA 8- s ] o7 ° ] 2

i o] g1 ® - 1 F

0

0

0 50

200 400 600

Grey hghlighted cell = optimal value Eeparate cells are highlightecachfor the two model types
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As described in Sectiod.3.2, CURE plots examine the cumulative residuals of the dependent variable
ordered and plotted against an exposure variable. Sharp movements either up or down on the plot
may only indicate that aparticular outlier has not been modeled properly. Additionally, a less
accurate fit at the extreme values of the exposure variable may indicate that the model is being
extrapolated to observations beyond that which it was calibrated using. The exposure vables
selected for this thesis are all geometric variables; therefore, only the large values of these exposure
variables would be considered extreme values. The exception to this could be thguare root of

I OA A j, where parcels some parcels had veiittle or even no paved area. The presence of some
parcels without paved area could explain some of the sharp movements near the origin of these plots.
Additionally, Table 8-7 shows that observations with comparatively large values of these geometric

variables tend to be identified as outliers using appropriate statistical tests.

The three negative binomial regression modelg¢Models 1, 2, and 3)were examined to determine
which had the best overall fit as shown inTable 8-8. Thegoodnessof-fit tests based ongh 0—,0 Q06
0 "Opandd "Qindicated that Model 1 has the best fitThe other goodnessf-fit tests, including those
based on the holdout dataset and the graphical methods, indicat¢éhat Model 3is the best fit. The Q

Q plot forModel 3shows less deviation from thdine compared too the oher two models, which each
had three predicted values that were too large to fit on th&-Q plot The CURE plots for Model 3 also
show a better trend, keep within the confidence limits better, antended closer tozero at the largest
value of the exposurevariables. The CURE plots show that most observations were predicted well
with some exceptions at extreme values of the exposure variabléd3ased on these resultsModel 3

was determined to be the most appropriate negative binomial regression model.

Thethree zero-inflated negative binomial regression modelgfModels 4, 5, and 6)vere examined to
determine which had the best overall fit, as shown iffable 8-8. Numerical goodnessof-fit tests based

on the model datad “Y'@ 0 &and those based oncd 0—, the 6 "Oénd 6 "Odalues,indicated that
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Model 4 has the best fit. Thenumerical goodnessof-fit tests based on the holdout dataset) "Y0,O
006 ,andd 0 O hindicated that Model 6 is the best fit. The) 6 ‘@alue was the same for
Model 4 and 6 The Q-Q plotfor Model 6 performed better than those for theother two models. The

CURE plots for Modeb also show a better trend, keep within the confidence limits better, and tended

closer to zero at the largest value of the exposure variables

The accuracy of the zergprediction of the zero-inflated negative binomial modelswas comparedto
identify the model that best identifies zero value observations Table 8-9 lists the correct
identification of zeros, the false positive identifications of zeros (type | error), and théalse negative
predictions of zeros where a zero is not identified in the model (type Il error)Type | errors occur
when the binomial choice modelpredicts a zero value when the number oHCV parking spaces for
an observation is more than zero. Type Il errors occur whethe binomial choice model fails to predict
a zero value when the number of HCV parking spaces for an observation is actually zérshould be
noted that a zerginflated negative binomial model identifies two types of zerosthe count of zero
and the inability to have a count The type Il error provided inTable 8-9 does not account for his, as
the model predicted very low (close to zero) HCV parking supply for some of these observations.

can be noted that Model 6 performedhe best in terms of zero prediction.

Table 8-9: Zero-Prediction Accuracy of Zerelnflated Models

Zero Prediction

Model
Correct Type | Error  Type Il Error
4 8 6 37
5 6 2 39
6 8 4 37

Based on the goodnessf-fit results and thezero-prediction accuracy, Model 6 was determined to be

the most appropriate zerainflated negative binomial regression model.
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Model 3 andModel 6 are both based on the same variable combinations. Modegb®vides a simpler
approach, has much better values fothe tests tased on¢d 0—, the 6 "Oand 6 "Odvalues, and
comparable values for all other numeridests. The QQ and CURE plots for these two models are very
similar, meaning that the models are predicting the number of HCV parking spaces qudienilarly.
Model 6 has the added benefit that it identifies several of the locations to have zero HCV parking
spaces; however, there is no definitive evidence that the HCV parking supply count is truly zero
inflated with two types of zeros. Based on thisnformation, Model 3 was selected as the final HCV

parking supply model for thisthesis.

8.5 Selected HCV Parking Supply Model

The final selected modelfor this thesis is Model 3. This modelis based on a negative binomial
regression model and included the fotbwing independent variables:0 AOE [ ,A ODBIOAA |,
0AOEIT AIOBDA ,#1 AOHand) . $. The coefficients for this model are shown iTable

8-6.

The post hocpower checkwas performed for this final selected modelsing the negbin.samp()
function, an average HCV parkingount («) of 36.68,andan overdispersion parameter(pf— of 2.474.
An| 18t wand a desired power ofp | r@yyielded a minimum sample size o#7 for amedium
effect size Q 1@ and a minimum sample size o121 for a medium-large sample size'Q 1@ v.
The seed value and number of simulations were set to¢ir default values, and the significant digits

was set as three.
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8.5.1 Examination of Result

The selected H¥ parking supply model can be inspected to determin¢he explanatory nature of the
model. All of the variables included in ths model are statistically sgnificant to 95% except for the

2 00@nt# 1 A Ofvariables.

This model has two main geometric variable®d A OE | R OAgDwd mdr m@mnd! OAA ;.(r

Y @D 18t muBoth of these variables have a positive coefficient andstatistically significant p-
value; therefore,HCV parking locations that are larger and that have more paved area are more likely
to have a larger number of HCV parking spacedhe interaction between these variables,
0AOEIT AIOBMDA (1 z1 & gb 18 ¢)undicates thatan increase in both of these variables
does not provide the same increase in HCV parking spaces as an increase in only one of these
variables. This interaction term results in a different effective parameter for each of these variag$
depending on the value of the otherAs the value o0 A O E | iAcfeAses the effect thatt OA A
has on the number of HCV parking spaceecreases. As the value & A O E | de&dases, the effect
that ! OA A j; has on the number of HCV paikg spaces increases. This means th&ir narrow
parcels (larger 0 A O E 1 )An® Aefiect of! OA A  on HCV parking space counis decreased,
meaning that larger amounts of paved area do not add as many HCV parking spacesrrow parcels

as in wide marcels. This could be due tdhe narrow width of the parcel minimizing the ability of HCVs

to maneuver around the parcel and therefore redudng the efficiency of HCV parking space

placement

The #1 AOH(PE 1 o)wvariable is not statistically significant, meaning that there is no

statistically significant effect on HCV parking supply in this model if a location is classified as Open
Access HCV ParkingfThe) . & (1 z¢8t pb 18t mwariable is statistically significant with a

negative coefficient, meaning that parcels that contain lliscellaneous Retail (SIC59) firnhave less
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HCV parking supplyThis relationship is expected given the larger priority that retail establishments

will generally give to passenger vehicles.

2 OO@®I m® v)ds not statistically significantin the final selectedmodel; however, its parameter

is positive and significant in other modelsindicating that rural locations have a larger number of
spaces than urban locations. This could be due to the valof land in urban areas being higher and
therefore less abundant or available for parking space3he number of HCVparking spaces in the
model only includes dedicated parking spaces while rural properties tend to have open areas. This
reduces the numberof visible parking spaces available at these locations even though there is open
space that could be used as temporary parkingfhis means that2 O O vduld likely be more
significant and more positive ifunmarked parking spaces could be identified in rual areaslt is worth
noting that in Model 1 the interaction variable0 A OE | ADBA O | 2T @ gb T8 M)Mas

a statistically significant negative coefficient, meaning that the number of HCV parking spaces
increasesslower in rural locations with an increase in the size of the HCV parking location when

compared to urban locations.

Although not part of the selected model, irPreliminary Model2 the# 1 A Q@ P& X

b 1@ J variable has a somewhat statistically significantcoefficient. This may indicate that
locations classifiedas  Publ i ¢ Rest Ar davslessHCY patkigspabds thaniothen s
locations; however, this value imot significant in other models.This finding doescorrespond with
evidence found during the validation process that many gas statioria the Regionof Peeldo not

provide a largeamount of dedicated truck parking.

The predictability of Model 3, the final selected model, can be judged byxamining the numerical
goodnessof-fit metrics. Thed 60 ‘Gnd 0 6 O values are 27 and 94meaning that the average
absolute prediction error is 27 and 94 HCV parking space$or the model record set ¢ p o)rand
holdout dataset € ¢ 7 respectively.The 0 0 dand 0 0 6 values are 2.63and -30, meaning
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that the total prediction error in these models is tending to zergbut more strongly in the model
record set). Lastly, thesquareroot of the 0 "Y‘@nd 0 "Y0 &e approximately 50 and 10again showing
that the magnitude of the errors isstill significant when additional weight is given to large deviations

and less weight is given to smaller deviations.

To check the suitability of aggregating the results of Model 3 to the TAZ level, the errors of all
observations € p v)mare checked for spatial autocorrelation This calculation was performed
using GeoDa (Anselin, 2017) with the spatial weight matrix being manually set to one for
observations in the same TZ and zero for observations in different TAZThe globalMo r a"@vass
found to not be statistically significantwith a pseudo pvalue of 0.170 after 999 permutationsSeveral
points on a Moran scatter plot exhibited positive spatial autocorrelation; however, this waslikely

caused byoutlier observations.

The insignificant globalMo r a"@suggests that the model erromwithin in each TAZ israndomly
distributed; therefore, aggregating to the zonal level is expected to decreathe total zonal error by
balancing individual negative and positive errorsAfter aggregation to the TAZ levethe model can
be considered asa suitably predictive estimate of HCV parking supply for highevel planning and

policy purposes.

8.5.2Region ofPeel HCV Parking Supply

To determine the HCV parking supplgf the Region of Peel, the selected HCV parking model is applied
to all thelong-haul HCV parking locationsdentified in the region. After applying the model, the HCV
parking supply from all locations are aggregated to the TAZ leveising the RArcGIS bridge This
approximation of the HCV parking supplyor eachTAZ can be ged for policy planning at the Regional

level. Due to the large variance of the number of HCV parking ages, the HC\parking supply
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estimates are not intended to be usedt thelevel of individual property parcels. If the number of HCV

spaces is required for one specific location, it is recommended that a manual count be undertaken.

The number of HCV parkig spaces in the Region of Peel is shownTable 8-10. There were no HCV
parking spaces identified in City of Mississauga TAZ 10, City of Brampton TAZ 4, or Town oé@a
TAZ 3.1t should be noted that no authorized norroadside HCV parking locations were identified in
these locations; therefore, thevalues for these TAZ were expected to be zero regardless of the model

results.

Table 8-10: Total HCV Parking Spaces per TAZ in the Region of Peel

City of Mississauga City of Brampton Town of Caledon
TAZ Estimated Supply TAZ Estimated Supply TAZ Estimated Supply
1 736 1 16 1 523
2 1,242 2 792 2 216
3 187 3 3,931 3 0
4 165 4 0 4 7423
5 19,588 5 195 5 886
6 259 6 939
7 90 7 973
8 136 8 10,067
9 449 9 37
10 0 10 645
11 1,206
Total 24,058 Total 17,594 Total 9,049

Region of Peel Total: 50,701

The number of HCV parking spaces shown graphically inFigure 8-4. It should be noted that large
TAZ, such as those in the Town of Caledon, may suffer from the modifiable area unit problem (MAUP)
which occurs when point data is aggregated into zone$Wong, 2009). MAUP refers to the
inconsistency of the results depending on the size and position of the zoning select&iure 8-4
gives the appearance thathe HCV parking spaces are distributed throughout the large zones;

however, they areprimarily clustered in relatively small industrial areas.Although it is not possible
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to perfectly overcome the MAUP his observation could show thatthe municipal wards are not the

most appropriate TAZ for the Town of Caledon.

Total HCV Parking
Predicted
[ =25
[ ]=50
[ <100
[ =250
[ =500
[ =1,000
[ <2,000
I <5,000
I <10,000
Il <20,000
0 10 20 40 km

Figure 8-4: Total HCV Parking Spaces per TAZ in the Region of Peel
Note:Labels represent th& AZnumber for each municipal ward in the Region Béel

As expected, the majority of the estimated HCV parking supply is near the Pearson International
Airport. There is also a significanHCV parking spaces around other industrial / commercial areas in
the region, includingaround the commercial/industrial area of the Town of Bolton, as identified in

the Region of Peel Generalized Land Uskassification schemgRegion of Peel, 2014)

It should be noted that this estimate of HCV parking supplg limited to non-roadside HCV parking
related to rest stops used to comply with HOS laws on lortaul trips. Additionally, this estimated
supply cannot be compared at ane-to-one basis with an estimate of HCV parkaqndemand. Rirking
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utilization factors would need to be derivedto account for HCV parking spaces thatre inaccessible
due tofactors like improper parking, usage by norHCV vehicles, and spaces being used for alternate

purposes such as storage.

The estimated HCV parking supply in the Region of Peel was assessed for spatial autocorrelation. It
was determined that there was no statisticallysignificant spatial autocorrelation related to HCV
parking supply with the exception of Brampton TAZ 7, which indicated a small amount of statistically
significant spatial autocorrelation. This means that the distribution of HCV parking spaces is
essentialy random when aggregated up to the TAZ level. This is not unexpected, as the TAZ selected
for this thesis are large in size and encompass fairly uniform land uses. Commercial and residential
TAZ are distributed throughout the map without any apparent orde. This also means that the
number of HCV parking spaces in one TAZ are not significantly affected by the neighbouring TAZ.

More details can be found irAppendix H: HCV Parking Supply Spatial Autocorrelation
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CHAPTER 9:CONCLUSION

9.1 Summary

The key objective of this research is the development of tools to identify, classify, and estimate long
haul HCV parking supply in order tomore accurately assess the location and extent of any HCV
parking deficiencies. These tools are of value tmunicipalities and transportation professionalsas

there are large economic and safety concerns related to H@#&rking and driver fatigue.

An exhaustive literature review was conducted to better understand the issues surrounding HCV
parking. The results of this literature review informed the analysis conductetbr this thesis. Key HCV
parking locations characteristics were found to be 1) legality, 2) accessibility, 3) ownership, 4)

dedication to HCV parking, and 5) roadside parking

The approach to identify HCV parking locations was developelly analyzing GIS pings from HCV
vehiclesusingthe R-ArcGIS bridge. Longhaul HCV rest events that correspond to HQ8quirements
were identified by identifying HCV stop events thalasted between two and fifteen hours in duration
and occurredduring a long-haul trip. This approach was applied to the Region of Peel to identify

1,688 individual property parcels that corresponded with HCV rest events.

An exhaustive HCV parking location classification scheme was developed usirg heuristic
stratification of key HCV parkirg location characteristics A total of nine categories were established.

The five authorized HCV parking |l ocation categori
Weigh Stations, Open Access HCV Parking, Limited Access HCV Parking, and Authorized

Roadside Parking. The four unauthorized HCV parking location categories are: Unauthorized

Roadside Parking, Unauthorized Highway Ramp Parking, Unauthorized Parking on Public

Property, and  Unauthorized Parking on Private Property
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An approach tosystematically apply the HCV parking location classification scheme was developed
for the Region of PeelAn algorithm using variables selected from commonly available geospatial data

and implemented using arR-ArcGIS bridge.

ARegion of PeeHCV parkingsupply model was developed using a negative binomial regressiavith
variables identified from commonly available geospatial datan order to understand the factors that
giverise to legalHCVparking spaces on individual propertiesAppropriate a priori data analysis was
performed to minimize any bias in the model. Six candidate models were developed: three negative
binomial regressions and three zereinflated negative binomial regressions. Usig a combination of
numerical and graphical goodnes®f-fit metrics, the final model was selected and further examined
to better understand the its explanatory and predictive accuracy. The results of the HCV parking
supply model are intended to be aggregat up to the TAZ level. The final HCV parking supply model
was applied to the whole Region of Peel, which predicted a total of 50,701 HCV parking spaces.
Variables that were found tohave a positive relationship withthe number of HCVparking spaces
include the perimeter length of the property and the paved area of the propertyThe presence ofa
miscellaneous retail industryfirm was found to have a negative relationship with theumber of HCV

parking spaces

The findings of this research project and the arious tools developed can be used byunicipalities
and transportation professionals to better determine the location and extent of any HCV parking

deficiencies by comparing the estimated HCV parking supply tovalue of HCV parking demand.

9.2 Contribution

This researchadds to the existing transportation literature by creating a classification scheme that
can be applied to locations of longhaul HCVparking supply, along with an approach to estimate the
number of HCV parking spaces in a Traffic Analysis Zoi€@AZ). Previous parking studies have
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focused on the most visible locations for parkingsuch as dedicated rest areasvhile giving little

regard to additional legal parking.For example, Public Rest Areams &edgBas
Stationsare commonly analyzed categories but these two categoriesomprised only 21 (1.4%) of

the 1,481 legal parking locations identified in the case study area, as shown iffable 7-2. Cther

parking locations are available toHCV drivers, even if they are considered less desirable but
functionally adequate.This researchcontends that neglecting all viableHCVparking locations can

lead to an underestimate of the availabl&lCVparking supply.

The creation of an HC\parking supply model is an important development as no comparable tools
are currently available that accomplish this taskAn accurate estimate ofHCVparking supply is a
necessary element to understand the current parking needs #iCVdrivers on long-haul trips. An
analysis of current or future potential parking shortages can be examined whecomparing an
estimate of HCVparking supply with a suitable model ofHCVparking demand. This is an important
area for transportation policy due to the safety and environmental implications of inadequatelCV

parking capacity.

9.3 Future Modelling Work

Future study can examine additional data sources to moraccurately classifyHCVparking locations.

While the proposed classification scheme provides a practical categorization, further siategories

S

or tiers could be created. Forexample, Publ i ¢ Rest Ar ealdbesepadate®@iate St at i

two sub-categories; however, thiswould require additional efforts to properly define them.
Additionally, the differentiation between  Open Access HCV Parkirgnd  Limited Access HCV
Parking currently based on the industry classificatiorof the firms within the property parcel . Parcels
containing firms with a two-digit standard industry classification @IQ for Motor Freight

Transportati on an derekmgsiteld aswpen atcagess @rid dllothansere classified
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as limited accessAnother option that could be exploredto determine the accessibility of a location
is the entropy approach as described iingerichet al.(2016b). Entropy in this analysis is used as a
measurement of the variability of carriers at an identifiedHCV parking location; locations with a
greater entropy index indicate more open accessAlthough this technique may provide a more
accurate prediction of accessibility, the data required for this analysis is not commonly available to
jurisdictions at this time. Future data availability may make this a more feasible approach for

classification.

HCV parking supply modeldeveloped as part of thisthesis is intended to be aggregated from the
property parcel level to the TAZ level due to theccuracy of the model at predicting HCV parking
supply at a single property parcel. A future HCV parking supply model can focus on an approach to
develop a model that is appropriately accurate to report the HCV parking space estimates at the
property parcel level. Computer vision, machine learning, and image processing coultk integrated
into an HCV parkingsupply model as the analysis techniques become more advanced and as more
data becomes availableFurther analysis canalsowork to increase statisticalsignificance of other

variables in the HCV parking supply model.

The HCV parking supplymodel in this thesisis limited to non-roadside HCV parking related to rest
eventsused to comply with HOS laws on lonpaul trips. This estimated supply cannot be cormpared

at a oneto-one basis with an estimate of HCV parking demands the supply represents all existing
HCV parking spaces regardless if they can be used by an HCV drikarking utilization factors would
need to be derived to account for HCV parking spes that are inaccessible due to factors like
improper parking, usage by norHCV vehicles, and spaces being used for alternate purposes such as

storage.

Lastly, more advanced approaches to estimating HCV parking demand could be developed using a
data-driven systematic approach similar to that taken for HCV parking supply in thibesis. A more
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accurate estimate of HCV parking demand would provide for a better estimate of the extent and
location of any HCV parking deficiencies when compared to HCV parkingpply estimated using the

tools developed in thisthesis.

9.4 Future Planning Considerations

The assessment and management of HCV parking supply effects the end users of the transportation
infrastructure in a jurisdiction. Policy areas relating to land use, 8BS, and development influence
existing and new parking supply. Various technological advancements can also be leveraged to

increase the efficiency of the existing parking supply.

It is important that jurisdictions continue to improve access to geospatial ata through open data
portals. The input variables for this thesis were obtained from open data sources. As data availability
increases, the accuracy of similar HCV parking models will continue to improve. This will allow for
more efficient selection of nev HCV parking locations to ensure that resources are used in a cost and
safety-efficient manner. In addition to selecting efficient locations, jurisdictions should reconsider
their current zoning restrictions related to HCV parking. Policy changes also hathe potential to be
very effective in alleviating HCV parking deficiencies, as they could allow for existing infrastructure
to be used for HCV parking with minimal to no renovationJurisdictions can also examine
technological advancements thatanreduce fatigue-related collisions instead of relying orHOS laws

as the primary defence against fatigued drivers

One large obstacle in the creation of new dedicated HCV parking is the significant amount of land
required, as land is usually scarce and expensive in urban argd@®l et al,, 1996; Giuliancet al,, 2017).
This land requirement isdue in part to the large turning radius and swept pathof an HCV when
parking. Land zoning policies and urbandensification targets often prohibit or discourage the
construction of suitable HCV parking lot¢Meyer, 1999; Giliano et al, 2017; Government of Ontario,
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2019). Regulations may cap the maximum number of nemwadside parking spaces provided, and
may not consider parking requirements related taHCVtrips (Jalleret al, 2013). This trend becomes
evident in the Region of Peel when examining the distribution of authorized and unauthorized HCV
parking locations, as shown irFigure 7-2. Mostauthorized parking locations are clustered near the
Pearson International Airport (City of Mississauga TAZ 5) where industrial land has historically been
more cost effective in contrast, unauthorized parking locations are distributed throughout the

region in most TAZ regardless of land costs.

It is important that jurisdictions examine shifting demand and the intefregional nature of goods
movement.Areas that have a deficiency of HCV parking spaces may stiitt excessddemand to areas
that have a surplus of parkingsupply (Pécheuxet al, 2002). An area that identifies a deficiency of
HCV parking may find that deficiency still exists after theyadd HCV parking supplyf neighbouring
areas havepersisting HCV parking deficienciesHCV drivershave been known to travel 30 minutes
or longer to find suitable parking(Atlanta Regional Commission, 2018)so neighbouring jurisdictions

must work together to ensure that adequate HCV parking supply is available.

Large-scale innovation within the goods movement industry is expected to result from the
development of new technologies and the adaptation of existing technologi€Sassettaet al.,, 2017).
Connected and autonomous vehicle (CAV) technologyll have a substantial impact orHCV parking
supply and demand in the future however, it is difficult to predict the nature and timeframe of these
changes(Phelanet al, 2016). Less time at HCV parking facilities would be required if drivers can
reduce their level of attention during vehicle operations (Short and Murray, 2016) As levels of
automation increase parking requirements could becomesimilar to that experienced bycurrent day
team drivers. Team driving is whentwo people take turns tovirtually eliminate the need to stop for
HOS requirementgGoelet al,, 2019). Truck Parking Information and Management Systems (TPIMS)

which include detection systems, data management, and communications technologre being used
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in coordination with Vehicle-to-Infrastructure (V2I) systems to increase the efficiency of existing

HCV parking(Perry et al, 2017). These types of technologies should be considered in future studies.

The Region of Peel is like many jurisdictions in that they do not directly address the issues related to

freight parking in their main policy documents. The existence of these policies and their contents

show that the region takes the safety and economidfects of the industry seriously and is working

to implement meaningful change. Théools and findings of this thesis can be used when updating the
Region of Peel’'s strategic plans related-hauo goods
HCV parking. It is important for the Region of Peel to examine these issues HEV safety effects the

welfare of all residents who interact with the transportation network.

9.5 Concluding Statements

Both the United States and Canada consider ELDs to be an effective wayenforcing HOS and
reducing fatigue-related collisions; however, this approach only works if enough HCV parking is
available. One way to make HO8nd ELDlaws less frustratingfor drivers is to increase the supply of
HCYV parking locations. As new parkimlocations can often be cost or space prohibitive, expanding or
adapting existing areas such as weigh stations to accommoda#€Vparking can provide additional
capacity in areas where it is needed. Furthermore, vacant urban property parcels can be adapte
provide additional HCVparking locations (Perry et al, 2017). Nonvacant urban property parcels,
such as shopping malls or bigox stores, where excess parking capacity in daytime hours could
potentially be used or adapted to accommodatelCVparking at night when the locations are empty

and the demand forHCVparking is high.

In order to implement any of these potentiakolutions and kefore identifying areas for potentialHCV
parking expansion, it is vitally important to first examine if and where anyHCVparking deficiencies
exist. This exercise requires an accurate understandirgf current HCV parking supply and a detéd
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understanding of the current and future parking demandsExamining the locations where illegal HCV
parking occurs can be valuable for identifying areas that may require additional parking supplyhe
HCV parking location classification scheme and suppimodel developed in this thesis are tools that
can be used teestimate current HCV parking supply, identify the locations where HCVs are illegally
parking, and identify where current HCV parking supply deficiencies may exidthe adequacy of HCV
parking is both a financial and safety concern for the goods movement industry and for the general

public at large.
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APPENDIX AHISTORY OF GOODS MOVEMENT

The modern trucking industry in North America is generally accepted to have evolved out of the
horse-drawn carts of the late nineteenth century. Rail was the key mode for londpaul goods
movement; however, this limited origins and destinations as locations adjacent to rail tracks. Horse
drawn carts helped solve this lastmile delivery problem, as these carts were gaable of delivering

goods to more secluded areafBurks et al, 2010).

In the late 1890s, motor vehicles began to be developed and used throughout North America. These
vehicles primarily moved people, but some were designed as motor wagons to assist with the
movement of goods. Between 1897 and 1900, several commercial motor wagons were introduced to
the market. These primitive vehicles were designed to function similarly to a horsdrawn carriage
and used electric engines which were favoured over nascent gasoliaad steam engines. These
“horsel ess <carri ag e shaulswarepaed Urbdamiodde due to arivirsganger, t
infrastructure, freight capacity, and reliability constraints. In part due to these restrictions, these
early motorized vehicles were mo#ly used as a novelty during the first decade of the 19043 he Gale

Group Inc., 2003)

During this early period of commercial motor wagons, the first semiruck was invented in 1898 by
AlexanderWinton to haul automobiles, as showiin Figure A-1(a). This vehicle was a modified short
wheeled touring automobile with a cart attached to its rear endSaal and Golig, 1997). Over the next
decade, technological improvements began to make the development of commercial motor wagons
profitable (The Gale Group Inc., 2003)Initially, the most popular design & commercial motor
wagons were singleunit trucks like that shown in Figure A-1(b); however, in 1912 August Charles
Fruehauf built what he called the smi-trailer, as shown inFigure A-1(c). This semitrailer, initially
designed to haul a boat but later adapted to haul other goods such as lumber, wasaeltted to a

modified Ford Model T(Strohl, 2017; Great Western Transportation, 2019)The unique aspect of this
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design was that the hitch was positioned above the rear axle instead behind it, which greatly
increased the loading capacity of the trailer(Strohl, 2017). After this invention, the semitrailer

industry began to take off(Great Western Transporation, 2019).

(@ Al exander Wi -iruckn’ (b) General Motors 1912 Model H 3% ton
(Saal and Golias, 1997) (Horseless Age Comany, 1912)

FM.SIBLEY m—— i—— p— jemm— |

(c)August Fr ue h aTrdiler sn a Médified F@EModel T
(Strohl, 2017)

Figure A-1: Early Heavy Commercial Vehicles

Dueto the advancements in combustion engines and improvement in the design of trucks, first and
last-mile freight movement began to be moved increasingly by motor vehicle. The first World War
solidified North America’s r el y-faetlcoasand tiucks Wese c o mb u ¢
produced in 1914, and by 1920 there were over 1.1 million registered trucks in the United States.

Solid tires restricted speeds to 25 km/h, but the invent of akfilled tires that could handle heavier
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loads increased this speedramatically. The development of interstate roadways and better engines
in the 1920s allowed for the possibility of longhaul trips. This gave truck drivers the ability to travel
further and for longer periods of time, which led to the first concerns withHong-haul truck driver

fatigue (The Gale Group Inc., 2003)

The US Interstate Commerce Commission (ICC), a regulatory agency in the United States, began
examining an increasing number otollisions on the road involving freight vehicles. After several
proposals and hearings, in 1937 the ICC adopted the first houd$-service (HOS) rules in North
America. Technology at this time allowed trucks to travel as fast as 65 km/h with a maximum dai
distance of 400 km (The Gale Group Inc., 2003)The ICC concluded that drivers required
approximately eight hours of sleep every twentyfour hours, so a law was passed to limit driver on
duty time to fifteen hours out of every twenty-four. Additionally, only twelve of these fifteen hours
could be used for functions such as loading, unloading, driving, or reporting, with the intent that

drivers be given three hours each day for meals and breakBOT, 2000)

These laws were quickly challenged by interest groups, including various representatives of
organizedlabour, who argued for HOS limits of eight hours per day and forgight hours per week.

The ICC conceded to the interest groups that there was no quantitative information available at the

time that confirmed an exact amount of sleep required for driverdhowever, they also expressed that

in their opinion the labourgr oup’ s suggestions were not reasonahb
HOS laws to limit driving to ten hours in twentyfour but only required eight hours between shifts.

In addition to this, thedaily on-duty limit was removed which essentially allowed drivers to work for

as long as sixteen hours in a twentfjour-hour period as long as a weekly maximum of sixty hours

was not exceeded. Additionally, an extra two hours of driving time was permitteth the case of

unfavourable weather conditions impacting the scheduled rout¢DOT, 2000)



In Canada, HOS laws wereot differentiated from general labour requirements until 1987 when they
were moved from the Canada Labour Code to the Motor Vehicle Transportation Act. The federal
government first began to regulate trucking in 1954 with the Motor Vehicle Transport Actyhere it
delegated the majority of theregulatory responsibility to the provinces (Historica Canada, 2014)
Many of the provinces did not begin to specifically regulate HOS sep#e from general labour laws
until the late 1980s when Standard 9 of the National Safety Codeas established andrequired
minimum restrictions to be followed. Standard 9 outlined a thirteerhour limit to driving in twenty -
four hours and a minimum of eighthours of off-duty time between, with an exception allowing for a
single four-hour rest period a week(Standing Committee on Transport and Government Operations,

2001).

As more research began to be undertaken in relation to HOS in North America, it quickly became
clear that the existing rules had many issues. line mid-1990s, the Howse Service Committee of the
Canadian Council of Motor Transport Administrators (CCMTA) began to review the current rules
relating to HOS with the intent of revising Standard 9 to be a more scientifically rigorous document
to guide provincial regulators. In1995, the ICC Termination Act required the US government to
addressits current HOS laws. The Canadian and US governments agreed to collaborate on their
research as they both shared the goal of creating more effective, harmonized HOS Iégrdle, 2006;

Yager, 2009)

At the same time as HOS laws were being-examined in North America, HCV drivers first began to
report large-scale truck parking deficiencies. A report from the US Federal Highway Administration
(FHWA) in 1996 found that HCV parking shortages were present alotige US highway system. This
was said to be due to significant growth in goods being moved by HCV and increased demand for
parking relating to strict HOS enforcement. The report concluded that although the failure of meeting

HCV dri ver ' s p aposen significaneriskite thequblicit id expected that significant
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private investment in expanding HCV parking facilities could improve the current shortfall iparking
(TRI, Apogee Research Inc. and Wilbur Smith Associates, 1998his attitude of inaction was the
general approach of most jurisdictions, as HCV parking would not begin to be recognized as a

nationwide concern for nearly two decadegUnited States of America: 112th Congress, 2012)

After nearly a decade of collaborative study, the US and Canadian governments both reformed their
HOS laws. The United States adopted new HOS laws in 2003 resitnigtHCV drivers to eleven hours
behind the wheel, fourteen total hours of orduty time (not extendable with external circumstances),
and a minimum of ten hours off duty time(Yager, 2009) In Canada, proposed regulations were
published in 2003 and were eventually implemented in 2007. Although the Canadian laws became
stricter, they were still less restrictive than the US laws. Canadian drivers were permitted thirteen
hours of driving andfourteen total hours on duty time followed by ten hours of offduty time which
could be broken into two parts(Durdle, 2006). Although the two countries both adopted different
regulations, they were both consistent in making restrictions tougher and reducing loopholes in their
laws. This approach led to an increased pressure on HCV drivégsstay within the law as little to no

leeway was provided for drivers.

Once consequence aftrictly enforced HOS laws is thatHCV drivers are often forced to choose

between parking illegally or driving longer than the law legally permits if they cannot asily find

suitable parking. Further complicating this matter is the fact that a\merican study found that63%

of HCVdrivers had no awareness of nearby truck stopgAdamset al, 2009). It was only after the

death of Jason Rivenberg and the passionslgpgantb Jason

change on the importance of adequate HCV parking.

Summaries of the changes to HOS laws over time in both Canada and the United States are shown in

TableA-1 and Table A-2, respectively.



Table A-1: HOS Laws in Canada over Time

Year

Driving Total Work Off-Duty

Limit Limit Requirement e PRy Sllis

Prior to 1987

1987
2007
2021

HOS governed by various labour laws
13 hours none 8 hours 60/70/120 hours
13 hours 14 hours 10 hours 70/ -/120 hours
Expected thesameas before, with mandatory ELD usage

(Standing Committee on Transport and Government Operations, 2001; Durdle, 2006; Historica

Canada, 2014; Government of Canada, 2017; Lamb, 2019)

Table A-2: HOS Laws in the United States over Time

ver O DuyTime o liment  Exensions  Limis
1937 10 hours 24 hours 8 hours Yes 60/70 hours
1962 10 hours 15 hours 8 hours Yes 60/70 hours
2003 11 hours 14 hours 10 hours No 60/70 hours
2017 Same as 2003, with mandatory ELD usage

(DOT, 2000, FMCSA, 2016; The Gale Group Inc., 2003; Yager, 2009)



APPENDIX B:IDETAILS ORHCV STOP EVENTEMPORAL ANALYSIS

HCV parking demand, which leads to spaces being occupied, varies over time both hourly, daily, and
seasonally. Additional factors that may yield in temporal changes include weather, events such as
sales or natural disasters that change thelemand for HCV trips, and the economyn order to
properly understand HCV parking demand, it is important to identify the temporal distribution and
peak demand time of parked vehicles. The peak demand period corresponds to the time where driver
rest time tends to be highes{FHWA, 2015) It is commonlyunderstood that the peak demand period
occurs sometime during the nighttime (FHWA, 2015) The peak demand period is important in
determining parking adequacy ast corresponds to the time when parking supply is most likely to be
fully utilized and capacity shortfalls may lead to illegal parking in areas like freeway ramps and
shoulders (FHWA, 2015; Anderson and Roll, 2018The Atlanta Regional Truck Parking Assessment
Study found that peak demand often occurs during either the evening (7:00 PM to midnight) or the

early morning (midnight to 5:00 AM) (Atlanta Regional Commission, 2018)

The following temporal distributions have been developed by examining the 14,766 stop events for
long-haul HCV trips identified withinthe Region ofPeel for the year2014. Thetemporal datum of the
results has not been verified; this means that although the shape of the distributions is likely correct
that the position of the distributions may need to be shifted. Further verification of the time stamps
associated with the GPS pings iequired before comparing HCV parking supply and demand.he

figures were developed in R using thelot()  function (R Core Team, 2013)



Figure B-1 (a) shows theaverage number of identifiedlong-haul rest events that were occurring at
any time on an average day in the Region of Peel in 20T4is distribution shows that the examined
sample has a peakong-haul parking demand at approximately9:00 AM and the lowest demand
occurs around8:00 PM. This does not align withwhat is identified in the literature, which often notes
that peak HCV parkig demand occursn the nighttime between 7:00 PMand 5:00 AM(FHWA, 2015;
Atlanta Regional Commission, 2018)This could indicate thatthe time stamps associated with the

GPS pings may need to be corrected before further HCV parking demand analysis.

Figure B-1 (b) shows the distributions ofwhen HCV drivers start and end their rest events. This figure
shows that drivers most often start their rest events around 2:00 AM and end their rest events around

12:00 PM (noon), noting that these times may requireorrection.

| All @ Beginning
® End

25 3.0 3.5
1 1

2.0

Daily Average Rest Break Stop Events
1.5

Daily Average Rest Break Stop Events [beginnings or ends per hour]
1.0

Time of Day [hour] Time of Day [hour]

(a) Total StopEventsOccurring (b) Stop Event Beginningand End Times
Figure B-1: Long-Haul HCV Stop Events in the Region of Peel



Figure B-2 shows the distribution of HCV rest events occurring during different days of the week.

Assuming that the timestamps do not require adjustment greater thant8 hours, these figures

indicate that there is a greater demand for HCV parking during the weekdays when compared to the

weekends.In fact, it appears as though the greatest demand for HCV parking is seen on Wednesdays,

Thursdays, and Fridaysand thatSaturday experienesa greater peak demand than Monday All five

weekdays experience a similarminimum demand, which is larger than the minimum demand

experienced on the weekends.

B Weekday
B Weekend

15
1

Daily Average Rest Break Stop Events
10
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T T T T
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o
=
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(a) Weekday vs Weekend

Daily Average Rest Break Stop Events

20

Time of Day [hour]

(b) Each Day Separately

Figure B-2: Day d Week Variationsof Long-Haul HCV Stop Events in the Region of Peel
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Figure B-3 shows the seasonal variation oHCV parking demand in the Region of Pedlhis figure
shows that thehighest peakdemand is seen in the summerJuly to Septembey and the minimum is
experienced in the winter January to March. Spring April to Jung and fall (October to Decembey

experiencesimilar demand that is much closer to winter than to summer.

Spring
Summer

Fall
Winter

EEERD

Daily Average Rest Break Stop Events

Time of Day [hour]

Figure B-3: SeasonaVariations of Long-Haul HCVStop Eventsin the Region of Peel
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Figure B-4 shows thedemand for HCV parking separated by the length of the rest event. It can be
seen that short and long rest events have very different peak demand timé#ithout correcting for
any isaues related to timestamps, it appears as though the highest demand for short rest everttsq

to five hours) occurs in the evening hours, the highest demand féwnger length rest events occurs
in highest demand for longer rest eventsdreater thansix hours) occurs in the morning hours. After
rest stops exceed nine hours in duration, theet demand begins to decrease and the difference
between peak period and norpeak period demand dminishes. For thisthesis, rest events were
defined to take between two and fifteen hours, which is the minimumduration that can count
towards HOS requirements and 1.5 times the required offuty time (ten hours) for HOS laws in

Canada(Government of Canada, 2009)
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W 3-4hr
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W 8-Thr
W 7-8hr
W 8-9hr
W 9-10hr
10-11hr

20
|

Daily Average Rest Break Stop Events
1.0

0.5
1

Time of Day [hour]

Figure B-4: Stop Length Variation ofLong-Haul HCV Stop Events in the Region of Peel



APPENDIX CDETAILS OFDATA STATISTICAL ANALYSIS

Appendix C.1: Outliers

Qutliers are defined as observations t hat ‘‘appe
observations. Outliers should be removed if they result from erroneous data collection or analysis as

this will negatively affect a dereloped model. However, outliers can also naturally arise in a dataset

and removing these values can constrict the accuracy of a model to predict certain cases. Whenever
possible, it is important to consider these values in some way, be it modeled sepaigter through a

detailed justification of their omission (Washingtonet al, 2011).

Several techniques for identifying outliers include calculating and examining the G@dk O, deverage,
and Mahalanobis distance values for each observatigAguinis et al, 2013). These techniques are
definitely not exhaustive; however, these three tests in combination will be used to identify outliers

in a dataset.

The first techniqgue considered in i demeasurdmernitng out

of a data point’s influence o nAguinisetal 2043). e sCsoiodkn sc o

distance can be found using the formula:

B 0
0 — (15)
QL YO

where ¢ is the number of observationsw is the dependent variablew is the predicted dependent
variable from a multiple linear regression,Qis the number of independent variables, and "Y'@ the
mean square error, as outlined in equation (36fjWashington et al, 2011). A cutoff value fortCo o k ' s
‘Ocanthen be calculated from anCdistribution with | ™ andQQ Q ple p asoutlined by

Aguinis, Gottfr eds on,h Oisdamgerthdnahe Qdsva@luke thén;the dbdervadionCo o k' s



can be considered an outlie{Aguinis et al,, 2013).In R, theC o o K Vatuescan be calculated using

the cooks.distance() function (R Core Team, 2013)

The second method used to identify outliers is calculating the leverage of an observation: the
measurement of how much that observation is an outlier when observed in the space of predictors

(Aguinis et al, 2013). This leverage is the diagonal elements of the hat matrix:
& QAR N sothat§ £ R (16)

where# is the hat matrix,f is a matrix of the independent variable observationg] is a vector of the
dependent variable values, andj is a vector of the predicted values for the dependent variable from

a multiple linear regression(Washingtonet al, 2011). This means the individual leverage valuese:

CEEREE @
where 'Q is the leverage value for observatiofandn is the vector that corresponds to the@h row
of A (Washingtonet al, 2011). For large samples, outliers can then be identified as having a leverage
value greater than¢ 'Q p 7& where ¢ is the number of observations andQis the number of
independent variables(Aguinis et al, 2013). In R, theLeverage valuesan be calculated using the

hat() function (R Core Team, 2013)

The final method used to identify outliers is the Mahalanobis distance which is defined as the distance
between a data point and the centroid of the remaining data point§Aguinis et al, 2013). The
Mahalanobis distance is calculated similarly to Euclidian distance except with consideration of a

variance-covariance matrix. The formula for Mahalanobis distance is:

b0 - e e a9

where e is a vector of observations for each independent variable, is a vector of the average for

each independent variable, andA is the variancecovariance matrix calculated as:
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P

€ 0

i (19)

where £ is the number of observations andf is the meancentred matrix for the independent
variable (  1§) (Maesschalcket al, 2000). A cutoff value for outliers in large sized sample can be set
to the chisquared distribution (...) value with | 18t vand Q'Q Qwhere Qis the number of
independent variables(Aguinis et al, 2013). In R, theMahalanobis distance valuesan be calculated

using themahalanobis()  function (R Cae Team, 2013)

As previously mentioned, eror outliers are one additional type of outlier that should be removed.
Error outliers are observations that result from inaccuracies or mistakes. It is important to examine
a dataset to ensure that all valuesccur within the limits of possibility and are entered correctly. No

a priori theory is required to justify removing an error outlier (Aguinis et al, 2013).

Appendix C.2: Multicollinearity

Multicollinearity is the state when two or more independent variables are correlated with each other.
Multicollinearity among independent variables in a regression can cause issues with the accuracy of
the model. Multicollinearity can lead to high standararrors of the estimated regression coefficients.
In addition to this, multicollinearity makes the interpretation of regression coefficients
counterintuitive as some of the explained variance from one independent variable is being explained
by a coefficien for another correlated independent variable. This makes it impossible to accurately
determine the effects of changing the value of one independent variable by one unit. Multicollinearity
can also lead to large variability in estimated regression coeffients depending on the dataset used
to obtain the model. In order to minimize the multicollinearity in a model it is important to properly

design a modeh priori (Washington et al,, 2011).
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One measure of the total multicollinearity in a model is the multicollinearity condition number. The
multicollinearity condition number determines multicollinearity by examining the eigenvalues of a
matrix derived from the selected irdependent variables. It is suggested that multicollinearity will

exist for each small eigenvalue of this matrix. The multicollinearity condition number is calculated

as:
I = (20)
where_ and_ are the maximum and minimum eigenvalues aj fj where R is the matrix of the
independent variables. This matrixjj, comes from the multiple linear regression formula:

6 nn - (21)

where )| has dimensionst  "Q p where ¢ is the number of observations andQis the number of
independent variables. The first column ofj consists of a vector of ones to account for a constant in

the model (Alin, 2010).

In interpreting the multicollinearity conditi on number, a value offt  p TS generally considered to
indicate no multicollinearity exists in the model. Ifl ¢ it is said to indicate multicollinearity and
I p mis said to indicate extreme multicollinearity. In R, the multicollinearity condition nunber
can be calculated using theheckm() function as a part of thelrmest package(Dissanayake and

Wijekoon, 2016).

One approach often used to determine where multicollinearity exists in a set of independent
variables is to develop a matrix of correlationvalues (Witten et al, 2013). The Pearson product
moment correlation parameter, or simply the correlation parameter, can be calculated for a sample

as:

C4



6 0 @ ho
(i

i (22)

where 6 U @ is the sample covariance between the variableso and®. i andi are the
sample standard deviations ofw and @, respectively (Washington et al, 2011). The sample

covariance betweenw and @ can be calculated as:

B wip o wp o (23)

6 0 @ hw

where of and of are the sample means forw and @, respectively, and¢ is the sample size
(Washington et al, 2011). The Pearson correlation parameter can be calculated usirapr()

function in R (Paradis, 2005)

The Pearson correlation parameter has limited usefulness as three or more variables may be highly
correlated despite no two pairs having a noteworthy correlation value. A more robust test to identify
the individual variables that are correlated is to calculate the variance inflation factorg "Qfor each

of the independent variables(Witten et al, 2013). Thew "Oi¥calculated as:
c’o"O"opL,Y A1'®D phehB hQ (24)

where "(s the variable thew “Oibeing calculated for/Qs the total number of independent variables,
andY is the coefficient of multiple determination ofw (independent variable "Ron the remaining
explanatory variables(Alin, 2010). An explanation of the coefficient of multiple determination can be
found with equation (41). Each i ndep e Oi@aduresthaincreasb in éhé standard
errors of the linear regression coefficients due to the multicollinearity and relative to the vaance
that would be present without multicollinearity (Alin, 2010). In R, thew "Ov@lues can be calculated

using thecheckm() function as a part of thdrmest package(Dissanayake and Wijekoon, 2016)



Appendix C.3: Heteroskedasticity

Heteroskedasticity, also spelled heteroscedasticity, is defined as naonsistent variance in one
variable across the range of another. The opposite of heterasttasticity is homoskedasticity. In a
linear regression model, the values of regression parameters do not require the variables be
homoskedastic; however, the variance of these parameters will change across the range of another
variable. This means that thenodel is no longer the best linear unbiased estimate (BLUE) due to the

heteroskedasticity (Washingtonet al, 2011).

One test used to detect heteroskedasticity is th&oldfeld-Quandttest. This test examines the null
hypothesis of homoskedasticity and an alternative hypothesis thahe observation variance has a
linear relationship with the square value of the observation values,( @ ). This is examined using
two OLS regressions: (1) using data hypothesised to have lexariance errors and (2) using data
hypothesised to have higkvariance errors. Typically, any data with an average variance (the middle

20%) is excluded from this test. The test statistic for th€oldfeld-Quandttest is:

YYO 0 - ¢ Q QTQF‘E Q ¢Q 25
Y0 | 2 c — (25)

where “Y"Y® the sum of square error,;O is an Ostatistic test, ¢ is the total sample sizeQis the
number of observaions excluded, andQis the number of independent variables in the model.
Downsides to theGoldfeld-Quandttest is that it requires ordering the observations by their variance
and it requires normally distributed errors (Washington et al, 2011). TheGoldfeld-Quandttest can
be performed in R using theggtest()  function as part of thelmtest package(Hothorn et al,

2018).

Another test used to detect heteroskedasticity is the BreuseRagan test(Washington et al, 2011).
This test examines the variance of residuals from an ordinary least squares (OLS) regression to see

if they are correlated with the independent variables; if so, heteroskedasticity is present. This
G6



approach is based on the Lagrangian muftlier test (Breusch and Pagan, 1979)The BreuschPagan
test does not require the observatios to be ordered; however, it does assume that the errors of the
OLS regression are normally distributedWashington et al, 2011). The BreushPagan test can be

performed in R using thebptest()  function as part of thelmtest package(Hothorn et al, 2018).

The KoenkerBassett testis a variant of the BreuschPagan test that eliminates the need for normal
distribution of the errors (Koenker, 1981). In this test, the studentized version of the test statistic
will be used which in part removes the requirement for the data to be normally distributedKoenker,
1981; Hothorn et al,, 2018). The KoenkerBassett test can be performed in R using thgptest()
function as part of thelmtest package with the argumentstudentize = TRUE (Hothorn et al,

2018).

The Park test is another method to detect heteroskedasticity in data. The Park test examines the same
circumstance as the BreusciiPagan test: an OLS model developed from heteroskedastic data should
have errors that are related to one or more independentariables. The Park test examines the null

hypothesis of homoskedasticity by performing an OLS regression on the data and then setting up a

second regression in the form:

I 1- I fTieo o (26)
where - is the error from the original regression,0 is the disturbance term (the error in the second
regression), and the is the regression parameter in the second regression. The null hypothesis
supposes that Tt If there is a statistically significantrelationship betweeni 1- andl T , the
null hypothesis can be rejected and heteroskedasticity can be assumdthwever, this test does
assume that the errors of the OLS regression are normally distribute@Vashington et al, 2011).

Although there is no known direct function in R to perform the Park test, code has been written using

thelm() function and a simple logarithmic transformation(Witten et al, 2013).
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The White test uses a covariance matrix estimator to determine if there is heteroskedasticity in a
model without knowledge of the exact form of the heteroskedasticityWhite, 1980). This test does

not require normality of error (Washingtonet al, 2011). The test statistic for this approach is:

. Q0
&Y L uszp (27)

where € is the sample size)Y is the constantadjustedsquared multiple correlation coefficient from
the model,... s the chisquared distribution, and Qs the number of independent variables in the
model (plus 1 if a constant is included). The null hypothesis for this text is homoskedasticifwhite,
1980). The White test can be performed in R using thevhites.htest() function as part of the

het.test  package(Andersson, 2015)

Appendix C.4: Normality

Many tests and analyses require either the data or at least the errors to Im@rmally distributed.
Normally distributed data follows the distribution that arises due to the central limit theorem. A

probability density function of the normal distribution is written as:

b h  ——AgD > (28)
Vic™, 3

where* is the distribution mean and, is the distribution variance (Montgomery and Runger, 2011)
Two important characteristics of a normal distribution include symmetry and a kurtosis value of
three (Washington et al,, 2011). Skewness is a measure of asymmetry and a symmetric distribution

will have a skewness value of zerdhe skewness of a sample is calculated as:

(29)




where ¢ is the number of observationsw is the values of the observations in the sampleyis the
average value ofw in the sample, and, is the standard deviation ofw in the sample (Forsberg,
2014). A visual aid of skewness, including the relationship between mean, median, and mode i

symmetric, right-skewed, and leftskewed distributions, can be found irFigure C-1.

| Right-skewed Left-skewed |
distribution distribution
Symmetric
distribution
HHHMHHH sl mﬂﬂmﬁﬁ Hﬂm
Mean = Median = Mode Mode | Mean Mean | Mode
Median Median
Figure C-1: Skewness of a Distribution
(Washingtonet al, 2011)
Kurtosis is a measure of the ‘' fl| atahdstsbationiosaid ‘ peake

to be mesokurtic, which means that it has a kurtosis value of thrg&orsberg, 2014) Distributions
with a kurtosis value larger or smaller than three are said to be leptokurtic or platykurtic,
respectively, as seeiin Figure G-2 (Washington et al, 2011). The value of kurtosis can be calculated

as:

(30)

where ¢ is the number of observationsw is the values of the observations in the sampleyis the

average value ofo in the sample, and, is the variance ofw in the sample(Forsberg, 2014) It should
be noted that some literature discusses exceskurtosis, which is equal to the kurtosis value minus

three; a normal distribution has an excess kurtosis value of zef&orsberg, 2014)
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Leptokurtic
distribution

Platykurtic
distribution

Qe 1 s A e

Figure G-2: Kurtosis of a Distribution
(Washingtonet al,, 2011)

The JarqueBera test is one method to determine if a dataset is normally distributed. This test uses
the sample size, skewness, and kurtosis to test the null hgihesis that the data is normally

distributed. The test statistics for the JarqueBera test is:

+ O

3
06 & — — (31)
® ¢t

where ¢ is the sample size3is the sample skewness, andl is the sample kurtosis. It should be noted
that for a perfectly normal distribution, 0 6 1 (Forsberg, 2014) This test statistic can be compared
to the critical value of a chisquared (...) distribution with 'Q"Q ¢ given the preselected level of
significance; ifd & ... | RQ™Q ¢ , then the null is rejected and the sample can be assumed to not be
normally distributed (Forsberg, 2014) The JarqueBera test can be performed in R using the

jarque.bera.test() function as part of thetseries  package(Trapletti et al, 2018).

The Lilliefors test is a special case of the Kolmogoresmirnov test that is used to determim if a
sample has been drawn from a normally distributed population. The Kolmogore8mirnov test can
be used to determine if a sample follows a particular reference distributioiiConover, 1972) The
Lilliefors test uses this same approach while setting the reference distribution to a normal

distribution. This test is often used to determine if the error of a model is normally distributed. For
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this case, the null hypothesis fothis test is normal distribution of the error (Abdi and Molin, 2007).
The test statistic for this test is the maximum absolute difference between the observed distribution
and the cunulative normal distribution function. This is compared to the pvalue calculated from the
Dallal-Wilkinson formula (Dallal and Wilkinson, 1986)if; 1@, or from a modified statistic derived
from Stephens(1974) if 1. The Lilliefors test can be performed in R using thidlie.test()

function as part of thenortest  package(Gross and Ligges, 2015)

The Anderson Darling test is another test for normality in a dataset with the test statistic:

w

0
i‘ B o of S - P (32)
P& CE
where ¢ is the sample sizey is the cumulative normal distribution function, @ is the value of
observation"Qandajandi are the average value and standard deviation of. Similar to theLilliefors
test, this modified test statistic can be compared to a modified statistic outlined b$tephens(1974).

The AndersonDarling test can be performed in R using thead.test() function as part of the

nortest package(Gross and Ligges, 2015)

Appendix C.5: Overdispersion

One consideration when selecting a model type is the relatiohgp between the mean and the
variance. If the variance is greater than the mean, the data is said to be overdispersed. The reverse of
this, when the mean is larger than the variance, is underdispersiaffrischer and Wang, 2011) For
transportation engineering data, overdispersion is much more common than underdispersion

(Washingtonet al, 2011).

One measurement of overdispersion, the overdispersion parameter, is used in the Negative binomial
model (Washington et al, 2011). The overdispersion parameter, , is the value that satisfies the

following equation:
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% | %O 6! 20 (33)

where %w is the mean of the dependent variable> and6 ! 2o is its variance(Washington et al,
2011). It should be noted that the negative binomial function in Rglm.nb() , reports —as an
alternative overdispersion parameter. This value of—s simply the inverse value of (Zeileiset al,

2008).

Appendix C.6: Spatial Autocorrelation

The concept of spati al autocorrelation is a resul
rel ated to everything el se, but near (Tobfei, 20g8. ar e m
Spatial autocorrelation refers to a condition where values are related in some way, positively or

negatively, to their neighbours. Positive spatial autocorrelatiorexists when values that are close to

each other have similar values: the data can be said to be clustered. The opposite, negative spatial
autocorrelation, exists when close observations are more dissimilar than further values: the data is

said to be dispesed (Fischer and Wang, 2011; Stiev012).

There are various methods for defining what areas are close to each other (are neighbours). Most
measurements of spatial autocorrelation depend on a spatial weight matrigy , that is derived based
on some measurement of distance between zon&nd @Fischer and Wang, 2011)Some approaches
to deriving w include contiguity or Euclideandistance between centroids. Distance weights can
involve some sort of a decay function or can apply even weights to thi@nearest neighbours.
Contiguity can use either a rook or queen rule, with the former not including areas that only share a

corner as @posed to a length of borde(Stieve, 2012)

Mo r a"@s ose commonly used metric for spatial autocorrelationMo r a“"@ndisates how similar

(or dissimilar) values are from their neighbours with a range of values froml to 1. Values close to
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either of these extremes indicate spatial autocorrelation where a value of 0 indicates a lack of spatial

autocorrelation (Lopesetal, 2007). The formul a fofks:cal cul ating Mor a

B B w o ow o

g
0 — 34
0 - SR (34)

where ¢ is the number ofareas in the sampleCand Care any two zones is the observation of a

variable in zoneQw is the spdial weight matrix (where all ® ), and® is a normalizing factor

equalto:

@ ) (35)

(Fischer and Wang, 2011)A simplified v i s u a | repr esent @aliemcan be §eentilhe Mo r

Figure G-3.

Dispersed Random Clustered
O p O ™ O p
Figure G3:Vi s u al I nterpr®tation of Moran’s

(Stieve, 2012, p. 10)

Most software will calculate a pseude) value to approximate the statistical significance of the
Mo r ai®THEs is performed by iterating the random assignment of values to the areas and
calcul ating the di 8dreachmfuhe itemtions@-ischer dné Wavigy 2041nStiesve,

2012).

Local Indicators of Spatial Association (LISA) are local statistics relating to spatial autooelation in
contrast t &ylobahstatistitoLISA stdtistics break down global statistics in order to show
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the contribution of different areas (Lopeset al, 2007; Fischer and Wang, 20110ne LISA statistic, a
| ocal TWalueacan'bs computed as:

0 o o © & of (36)

N

where U is the neighbourhood setofareda nd ot her variables are @he sar
(Fischer and Wang, 2011) Another LISA statistic, the global spatial variable, examines the
relationship between an area’s value, t he area’ s
The classification of this statistic isshown in Table G-1 with the individual global spatial variables

plotted in Figure CG-4(a) and shown graphicaly in Figure G-4(b) (Lopeset al, 2007).

Table C-1: Global Spatial Variable

. AECEAT O Quadrant on

Value A T OAIB6 34 Statistic
Higher than average  Higher than average Q1 High-High
Lower than average Lower than average Q2 Low-Low
Lower than average  Higher than average Q3 Low-High
Higher than average  Lower than average Q4 High-Low

It should be notedthat the slope of the bestfitlind n t he Mor an’ s SgadCGd@y pl ot ,
is the gl obal Val Mer o’ 4 hec atotremplsot pl ots the di
the global average and the neighbours average value compared to the global averfgspeset al,

2007).
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080 240 4.00

lagged |legal

0.

80

Not Significant (18)

2 | - 1 OA=00@3371 High-High (3)
B pseudo pvalue = <0.001 Low-Low (4)
(9999 permutations) Low-High (1)
5 | -y
w'r-4.IJEI -2.40 -0.80 0.80 2.40 4.00 ngh LOW (O)
llegal
(a) (b)
Figure C-4: Spatial Autocorrelation Metrics
(a) Moran’s Scatterplot; (b) LI SA: I ndi vi dual Gl o

Created using GeoD@Anselin, 2017)based onthe Region ofPeellllegal Parking ParceDensity

An alternative thatiss o met i mes used iChst &a@whighfmathematiealy uses
the squared differences instead of crosproducts to measure value associatiolfFischer and Wang,
2011).G e a rojs cadculated as:
. & pB B o & o

- - 37
Y B & & e

where ¢ is the number of areas in the sampleCand "Care any two zonesq is the observation of a
variable in zone"Qw is a spatial weight matrix (where allw ), andw is a normalizing factor

calculated in the s afischenand Wang, 2041) f The Mbo @s! s Gear

calculatedas:

€
e-
€
€

(38)
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where the variables can be i nt er pr ‘@RisehdrandWargh e

2011).

Two other LISA statistics that can be computed are the Getis local statisti©) and the Ord local
statistic ("O) which both measure the local association of the neighbour itges to the global values,
with neighbour values determined by some previously determined distance. The Getis local statistic

is calculated as:

B w Qw

and the Ordlocal statistic as:

Gq B_© 0o
—5—— (40)

where @ Q is the weight matrix as a function of distancéQ The main difference between the two

is that the Getis locastatistic is exclusive of(fareas do not indude their own value in the calculation)

where the Ord local statistic is no(Fischer and Wang, 2011)
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APPENDIX D:NUMERICAL GOODNESSFFIT METHODS

There are many numerical methods dr evaluating goodnessof-fit. One classic goodnesef-fit

statistic for linear models is the coefficient of (multiple) determination,Y , which is:

(41)

where w is the actual degndent value, w is the predicted dependent value, andois the mean ofw
(Washington et al, 2011). In R, the easiest way to determine th&' is to look at ther.squared

attribute of the summary() of thelm() function (R Core Team, 2013)

An’Y that is adjusted to account for more than one independent variable in the model is:

€
e Q

| ©

B w
B

Yoop ® ®

(42)

where £ is the number of observations andQs the numbe of parameters(Washingtonet al,, 2011).
In R, the easiest way to determine théy is to look at the adj.r.squared attribute of the
summary() of thelm() function (R CoreTeam, 2013) There are also various peudo'Y metrics

for non-linear models that can provide a comparable goodnesH-fit value (UCLA: Statistical

Consulting Group, 2011)

Mean Squared Error { "YPis an unbiased estimate of the variance in a regression model and is

calculated as:

0"YO ———— (43)

where w is each actial value,w is the predicted values,¢ is the sample size, andis the number of
parameters (Washington et al, 2011). Thed "Y'©@an be found in R using thense() function as part

of the Metrics package(Hamner et al, 2018). For examining data from another source like a
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validation or holdout dataset, the Mean Squared PredicteBrror (0 "Y0)Qest is often used. The

0 "YO0 i®calculated as:

.. B w w
0 "YU 'Oé— (44)
where w is the actual value from theexternal data setw is the predicted value, and is the number
of observations in thesample set. Tha) Y0 &n be foundin R using theMSPE() function as part of
the growfunctions package(Savitsky, 2018) It can be noted that both the) "Y'@nd 0 "Y0 &uare
the difference between the predicted and actual data ensuring that all values are positive. This results

in a positive sum with the smallest value indicating the best fifWashington et al,, 2005).

One test that does not square the difference is tidean Prediction Bias{ 0 §. Thed 0 ds calculated

as.
006 — 0 (45)

where w is each actual valueg is the predicted values ande¢ is the sample size. Since positive and
negative values will cancel each other out, thé 0 6value that is the closest to zero (either positive
or negative) will indicate the best fit(Washington et al, 2005).0 0 écan be calculated for either the
data used to build the model or a holdout dataseAlthough there is no quick R function commonly
available for this metric, it can be calculated using theverage() function of the difference between

the predicted and actwal values(R Core Team, 2013)

A test similar to the0 0 &is the Mean Absolute Deviation{{ 6 ‘D however, this test examines the
absolute error in the model. The) 0 ‘Gs calculatedas:

B W ws (46)
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where w is each actual valueyp is the predicted values andg is the sample sizePositive and negative
errors will not cancel each other out, so the smallest 6 ‘@alue will indicate the best fit(Washington
et al, 2005).0 0 ‘@an be calculated for either the data used to build the model or a holdout dataset.
Although there is no quick R function commonly available for this metric, it can be calculated using
the average() function of the absolutedifference between the predicted and actual value@R Core

Team, 2013)

More complex tests fordetermining model goodnessof-f i t i ncl ude the Akai ke’ s |
(6 "Q@nd the Bayesian Information Criterion § "Q06Both of these functions rely on the lodikelihood

at convergencep 0—.0 "Oi8 calculated as:

6 06 ¢Q ¢b 0— (47)
(Washingtonet al, 2011)and 6'O@s:

6061 & Q ¢bo— (48)

where Qs the number ofparameters and is the sample size(Washingtonet al, 2011). The smallest
value of 6 "Oand 6 "Ofor a series of models indicate the best fi{(Washington et al, 2011). These
values can be calculated in R using theC() andBIC() functions (R Core Team, 2013)Thel 0—

is the maximized log of the likelihood function, which for a negative binomial regression is

represented by:

p | Ager | | P (49)

where w is the dependent variablefor each observation’(€ is the number of observations| is the
overdispersion parameter, @ is a matrix of the independent variables! is a vector of the model

parameters, andl 4 is the log gamma function(Washington et al, 2011; Takyiet al, 2018).
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A variant of the 6 "Ogoodnessof-fit test is the corrected Akaike Information Criteria @ "Of The
corrected version of this test adjusts for any bias that mabe present in the model due to a small

sample size® "Ods calculated as:

¢Q ¢Q

0 0
5 06 6 08 —— ¢ ¢~
€ Q

o 5 (50)

¢Q ¢b O—
where Qis the number ofparameters, 0 — is the maximizedlog of the likelihood function,and is
the sample size(Burnham and Anderson, 2002) It should be noted that

| Ed "06 6 06 (51)
since an infinitely-large sample size does not require adjustment for small sample size bi@urnham

and Anderson, 2002) 6 "O@an be calculated in R by adding the small sample size bias term to the

result of the AIC() function (R Core Team, 2013)



APPENDIX ER SCRIPT FOR DATA ANALYSIS

Appendix E.1: Script

# R Language: Data Analysis Script

# By: Erik Nevland

# Prepared (in part) for DCAD 7060 Final Project
# Current as of November 28, 2018

# Must pre - load Data (SSC) and file path location ( FileFolderLocation )
# Add Packages

library(MASS)
library(p  scl)
library(Irmest)
library(Imtest)
library(tseries)
library(het.test)
library(nortest)

B R R R R R R R R R R R R R R R R R R R AT
BT R R R R T R T R R R R TR R T

#Setupd ata

DV <- c("Parking_Count")

IVs < - ¢("PER_1000","Cl_Pub","Cl_Gas","IND59","PER_1000_RURAL") #Previous
Model #1

Alpha = 0.05

RemoveOutliers < - FALSE

Zerolnflate < - FALSE

Formula< - formula(paste(DV,"~",paste(lVs, collapse="+"),sep=""))
Data< - SSC

ZFormula < - formula(paste(DV,"~",paste(IVs, collapse="+")," | ",paste(ZIVs,
collapse="+"),sep=""))

EndMessage < - paste("Data Analysis Results",sep=

HHH AR R R AR HHHHHHHHHHH
B H R AR R R

# Outliers
Total< - "Total"
Outlier < - setNames(data.frame(matrix(ncol = 4, nrow = length(Data$PIN))),

c("CooksD", "Leverage", "Mahalanobis", "Total"))

#CooksD



Z1=6 #(Predictors + 1)

Z2=90 #(Observations - Predictors -1)

Outlier[,1] < - qf(.5,df1=71,df2=22) < cooks.distance(Im(Formula,data=Data))
#Leverage

Outlier[,2] < - hat(model.matrix(Formula,data=Data)) >

(2*(length(1Vs)))/length(Data$PIN)

#Mahalanobis
Outlier] ,3] < - qchisq(.95, df=length(IVs)) < mahalanobis(Data[, (names(Data)
%in% c(DV,IVs))],center=FALSE,cov(Data[, (hames(Data) %in% c(DV,IVs))]))

#Total
Outlier$Total < - (Outlier$CooksD + Outlier$Leverage + Outlier$Mahalanobis)
for (i in (1:length(Outlier$Total))) {
if (Outlier$Total[i] > 1) {

Outlier$Total[i] < - TRUE } else

Outlier$Total[i] < - FALSE}
Data < - data.frame(Data,Outlier)
names(Data)[names(Data) == 'Total'] < - 'Outlier'
EndMessage < - paste(EndMessage,” \n",” Outliers Id entified"," \n"" -
Cook's D: ",sum(Outlier$CooksD),"/",length(Data$PIN)," \n"" - Leverage:
" ,sum(Outlier$Leverage),"/",length(Data$PIN)," \n"" - Mahalanobis:
" sum(Outlier$Mahalanobis),"/" length(Data$PIN)," \n"," - Total Removed:

" sum(Outlier$ Total),"/",length(Data$PIN)," (failed 2 or more tests)",sep="")

if (RemoveOutliers == TRUE) {RemovedData < - Data[(Data$Outlier==1),]}
if (RemoveOutliers == TRUE) {Data < - Data[!/(Data$Outlier==1),]}

B HH R AR R B HHHHHHHH R
#H### 01000101 ##01110000 ##01110011 ##01110100 ##01100101 ##01101001 ##01101110 ####

# Multicollinearity TestTypes #checkm() is part of Irmest package

ConditionNumber < - checkm(Formula,data=Data)$ *****Condition number******

if (ConditionNumber < 30) {ConditionNumberResult < - "good"}

if (ConditionNumber >= 30 & ConditionNumber < 100) {ConditionNumberResult < -
"multicollinearity present"}

if (ConditionNumber >= 100) {Condit ionNumberResult < - "extreme

multicollinearity"}

# VIF

VIF < - checkm(Formula,data=Data)$ *****\/|Fr*****

EndMessage < - paste(EndMessage," \n"," Multicollinearity Tests"," \n"" -
Condition Number: ",round(ConditionNumber, digits=3),"

(",ConditionNumberResult,")"," \n"" - VIF: ";sep="")

VIFResults < - ™

VIFCheck < - ™
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for (i in (1:length(colnames(VIF)))) {

if (i'=1) {VIFResults < - paste(VIFResults," " sep=""}
VIFResults < - paste(VIFResults,colnames(VIF)[i],":
“round (VIF[i],3),sep="")
if (VIF[i] < 10) {VIFCheck < - "good"} else {VIFCheck < -
"Multicollinearity Present"}
VIFResults < - paste(VIFResults," (",VIFCheck,")"," \ n",sep="")}

EndMessage < - paste(EndMessage,VIFResults,sep="")

BRAHHHHHHH A RAAHHHHH AR B R R R AR
###### 01100100 ##01101001 ##01100100 ##01101110 ##00100111 ##01110100 #HH#H##HHEHE HHHH#?

# Heteroskedasticity #Remedy with Box - cox transformation
#Goldfeld T Quandt #gqtest() is part of Imtest package

GQResult < - gqte st(Formula,data=Data)

GQsSignificant < -

if (GQResult$ p.value® > Alpha) {GQSignificant < - "good"} else {GQSignificant

<- "heteroskedasticity present"}

EndMessage < - paste(EndMessage," Heteroskedasticity"," \n"" - Goldfeld 7
Quandt: ",round(GQResult$’s tatistic’,3),"

(p=",formatC(GQResult$ p.value’,format = "e", digits = 2),",

" substr(as.character(ggtest(Formula,data=Data)[2]),3,nchar(as.character(gqte
st(Formula,data=Data)[2])) - 1),"; ",GQSignificant,”)",sep="")

#Breusch - Pagan #bptext() is part of Imte st package  #Apollo #Franklin

BPResult < - bptest(Formula,data=Data, studentize = FALSE)

BPSignificant < -

if (BPResult$ p.value™ > Alpha) {BPSignificant < - "good"} else {BPSignificant
<- "heteroskedasticity present"}

EndMessage < - paste(EndMessage," \n"" - Breusch - Pagan:

" round(BPResult$ statistic",3)," (p=",formatC(BPResult$ p.value’,format =

"e", digits = 2),", df=",BPResult$ parameter’,"; ",BPSignificant,")",sep=""

#Koenker - Bassett

KBResult < - bptest(Formula,data=Data, stud entize = TRUE)

KBSignificant < -

if (KBResult$ p.value™ > Alpha) {KBSignificant < - "good"} else {KBSignificant
<- "heteroskedasticity present"}

EndMessage < - paste(EndMessage,” \n"" - Koenker - Bassett:

" round(KBResult$ statistic™,3)," (p=",formatC(KB Result$ p.value’,format =

"e", digits = 2),", df=",KBResult$ parameter’,"; ",KBSignificant,")",sep="")

#Park
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Parkl < - Im(Formula,data=Data)

Formula2 < -

formula(paste("log((Park1$ residuals’)"2)~Park1$ model $",paste(IVs,
collapse="+Park1$ model'$"),sep=" ")

ParkResult < - Im(Formula2)

ParkP < - summary(ParkResult)$coefficients[,4]

ParkText< - paste(" \n"" - Park: ",sep=""

for (i in (2:(length(IVs)+1))) {
if (1(i==2)) {ParkText < - paste(ParkText," " .sep="")
}
ParkText < - paste(ParkText ,IVs[i -1],"
p=",formatC(ParkP[i],format = "e", digits = 2)," ",sep="")
if (ParkP[i] > Alpha) {

ParkText < - paste(ParkText,"(good)"," \ n",sep="")
}else {
ParkText < - paste(ParkText,"(heteroskedasticity
present)","  \n",sep="")
}

}

EndMessage < - paste(EndMessage,ParkText,sep=

#White #whites.htest() is part of het.test package

WResult < - whites.htest(VAR(Data[, (names(Data) %in% c(DV,I1Vs))],p=1))

WSignificant < -

if (WResult$ p.value™ > Alpha) {WSignificant < - "good"} else {WSignificant <
"heteroskedasticity present"}

EndMessage < - paste(EndMessage," - White: ",round(WResult$ statistic’,3),"
(p=",formatC(WResult$ p.value ' ,format = "e", digits = 2),",
df=",WResult$ degrees’,"; ", WSignificant,")",sep="")

BRI R R R R R R R R R R R R B R R
#H### 01101011 ##01101001 ##01101100 ##01101100 #HHHHAAHHHHHHHHHHHHHHHHHHHHHHHH

#Normal Distribution Supposition

# Ja rque - Bera

JBResult < - jarque.bera.test(Data[, (hames(Data) %in% c(DV))])

JBResultText< - ™

if (JBResult$ p.value™>Alpha) {JBResultText < - "normal"} else {JBResultText
<- "not normal"}

EndMessage < - paste(EndMessage," \n"," Normal Distribution

Supposition* " \n"," - Jarque - Bera: ",DV,"

X~2=",round(JBResult$ statistic’,0)," (df=",JBResult$ parameter’,",

p=",formatC(JBResult$ p.value’,format = "e", digits = 2),";

" JBResultText,")",sep="")
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for (i in (L:length(1Vs))) {
JBResult < - jarque.bera.test(Data[, (hames(Data) %in% c(IVs[i]))])

if (JBResult$ p.value >Alpha) {JBResultText < - "normal'} else
{IBResultText < - "not normal"}

EndMessage < - paste(EndMessage,” \n"" "IVs[i],"
X"2="round(JBResult$ statistic",0)," (df=",JBResult$ parameter’,",

p=",formatC(JBResult$ p.value’,format = "e", digits = 2),";
" JBResultText,")",sep="")

}

#Lilliefors

LResult< - lillie.test(Data[, (hames(Data) %in% c(DV))])

LResultText< - ™

if (LResult$ p.value >Alpha) {LResultText < - "normal"} else {LResultText < -
"not normal'}

EndMessage < - paste(EndMessage," \n"" - Lilliefors: ",DV,"

",round(LResult$ statistic",3)," (p=",formatC(LResult$ p.value’,format = "e",
digits = 2),"; ",LResultText,")",sep="")

for (i in (1:length(IVs))) {

LResult < - lillie.test(Data[, (names(Data) %in% c(IVs][i]))])

if (LResult$ p.value >Alpha) {LResultText < - "normal"} else
{LResultText < - "not normal"}

EndMessage < - paste(EndMessage,” \n"" " IVs[i],":
" round(LResult$ statistic",3)," ( p=",formatC(LResult$ p.value’,format = "e",
digits = 2),"; ",LResultText,")",sep="")

}

#Andersson Darling

ADResult < - ad.test(Data[, (hames(Data) %in% c(DV))])
ADResultText< - ™

if (ADResult$ p.value™>Alpha) {ADResultText < - "normal"} else {ADResultText
<- "not normal"}
EndMessage < - paste(EndMessage,” \n"" - Andersson Darling: ",DV,":

",round(ADResult$ statistic™,2)," (p=",formatC(ADResult$ p.value’,format =
"e", digits = 2),"; ",ADResultText,")",sep=""

for (i in (L:length(I1Vs))) {
ADResult < - ad.test(Data[, (names(Data) %in% c(IVs[i]))])

if (ADResult$ p.value’>Alpha) {ADResultText < - "normal'} else
{ADResultText< - "not normal"}

EndMessage < - paste(EndMessage," \n""
"IVsIi]," " round(ADResult$ statistic™,2),"

(p=",formatC(ADResult$ p.value™,format = "e", digits = 2),";
" ADResultText,")",sep="")

}

BHAHHHHH A R R
###H### 01101000 ##01101001 ##01101101 ##01110011 ##01100101 ##01101100 ##01100110 ####
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#OverDispersion

OverDispersionParameter < - 1/(glm.nb(Formula,data=Data)$ theta’)
EndMessage < - paste(EndMessage," \n"," Overdispersion"," \n"" -
Overdispersion Parameter: ",round(OverDispersionParameter,3),"

(SE=",roun d(glm.nb(Formula,data=Data)$ SE.theta",3),")",sep="")

BRAHHHHH A R R H R R R R R R
BRAHHHHH A R R AR R R R R R

EndMessage < - paste(EndMessage,” \n"," Spat ial Autocorrelation"," \n"" -

Pl ease i mport data into GeoDa for \mMitfresuhsGae | and LI SA"
favorable, please proceed to power check, modeling, and goodness - of - fit

analysis . Thank you.",sep="")

# Save Data

if (TRUE == FALSE) {
write.csv(  Data, row.names = FALSE,
(file =
paste(FileFolderLocation,"ShapefileTables/DCAD_Varl.csv",sep="")))
}

BT R R R R T R T R R TR R R T R R T
BT R T A T R R R R R R T R R T AT T

RanBefore < - "Yes"

cat(EndMessage)
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Appendix E.2: Output

Data Analysis Results
Outliers Identified
- Cook's D: 2/130
- Leverage: 17/130
- Mahalanobis: 26/130
- Total Removed: 2/130 (failed 3 or more tests)
Multicollinearity Tests
- Condition Number: 6.762 (good)
- VIF: PavedArea _10E6: 8.185 (good)
Perimeter _1000: 2.565 (good)
CIPub lic :1.089 (good)
IND59: 1.016 (good)
IsRural: 1.168 (good)
PavedXPeri m: 10.325 (Multicollinearity Present)
Heteroskedasticity
- Goldfeld 71 Quandt: 2.95 (p=3.54e - 05, dfl =57, df2 = 57,
heteroskedasticity present)

- Breusch - Pagan: 353.101 (p=3.33e - 73, df=6; heteroskedasticity present)

- Koenker
- Park:

- Bassett: 42.875 (p=1.23e - 07, df=6; heteroskedasticity present)
PavedArea _10E6: p=2.92e - 07 (heteroskedasticity present)
Perimeter _1000: p=3.59e - 04 (heteroskedasticity present)
ClPubic : p=5.18e - 04 (heteroskedasticity present)

IND59: p=7.16e - 01 (good)

IsRural: p=2.31e - 05 (heteroskedasticity present)

PavedXPeri m: p=2.83e - 05 (heteroskedasticity present)

Normal Distribution Supposition

- Jarque -

Bera: ParkingCount: X"2=2265 (df=2, p=0.00e+00; not normal)
PavedArea _10E6: X*2=131 (df=2, p=0.00e+00; not normal)
Perimeter _1000: X"2=79 (df=2, p=0.00e+00; not normal
CIPub lic : X"2=56 (df=2, p=5.67e - 13; not normal)
IND59: X*2=2755 (df=2, p=0.00e+00; not hormal)

IsRural: X"2=2755 (df=2, p=0.00e+00; not normal)

PavedXPeri m: X*2=574 (df=2, p= 0.00e+00; not normal)
- Lilliefors: ParkingCount: 0.297 (p=1.98e - 31; not normal)

PavedArea _10E6: 0.224 (p=2.50e - 17; not normal)
Perimeter 1000: 0.146 (p=4.95e - 07; not normal)
CIPub lic :0.496 (p= 1.45e - 91; not normal)

IND59: 0.541 (p=3.63e - 109; not normal)

IsRural: 0.541 (p=3.63e - 109; not normal)

PavedXPeri m: 0.269 (p=1.77e - 25; not normal)

- Andersson Darling: ParkingCount: 16.46 (p=3.70
PavedArea _10E6: 8.88 (p=1.11e
Perimeter _1000: 4.99 (p=2.14e

| ND59: 47.01 (p=3.70e - 24; not normal)

IsRural: 47.01 (p=3.70e - 24; not normal)

e- 24; not normal)
- 21; not normal)
- 12; not normal)

CIPub lic :34.89 (p=3.70e - 24; not normal)

PavedXPerim: 16.19 (p=3.70e - 24; not normal)

Overdispersion
- Overdispersion Parameter: 2.474 (SE=0.056)
Spatial Autocorrelation

- Please import data into GeoDa for
If results are favorable, please proceed to power check, modeling, and
goodness - of - fit analysis. Thank you.>
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APPENDIX FQ-Q PLOTS

Ouitliers removed inFigure F-1 and F2 for display purposes onlySee SectiorB.4.2

Removed 3 Outliers ©
(]
a
= o
8
o ] =]
L]
Z
[&]
-8 o o ¢
a S 7 ©
L]
=]
(]
2 7 o0
o&
o o &
a 4
T T T T T
0 100 200 300 400

Actual
Figure F-1: Model 1 (Negative Binomial #1) QQ Plot
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APPENDIX GCURE PLOTS

Appendix G.1: Model 1 (Negative Binomial #1)

2000
)
1000 .- '
e ’ [
..-"---- \
______ e 1-.l
0 ﬁ::::--ﬂuw_—/'
- e~ e U—’ 'i
—— i
w T ————— i
3 L]
T -1000 I
[0 s
o ]
o=
w
z
W -2000
=
E
3
[
-3000
000 | mma-. +2 Std. Dev
------ 2 5td. Dev
Cumulstive Residual
-5000
0 20 a0 &0 BO 100 120 140 160
sqrt(Total Area)
Figure G-1: Model 1 CURE Plct Total Area
2000
i
]
1000 ot
- - 1
- |
I
o 1
]
- T T e e ]
E e )
= Y
E 1000 )
= o
w
=z
W -2000
=
E
3
O
-3000
000 | mmaan =2 Std. Dev
------ 25td. Dev
Cumulative Residual
-5000
0 20 40 B0 BO 100 120 140 160
Perimeter

Figure G-2: Model 1 CURE Plot Perimeter

G1



2000

1000

1]

o
3
T 1000
"
w
oo
w
=
W -2000
=]
E
3
L]

-3000

\
000 | mmaan =2 Sd. Dev.
------ 25td. Dev
Cumulative Residual
-S000
0 20 40 &0 80 100 120 140 160

sqrt(Paved Area)
Figure G-3: Model 1 CURE Plet Paved Area

Appendix G.2: Model 2 (Negative Binomial #2)
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Appendix G.3: Model 3 (Negative Binomial #3)
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Appendix G.4: Model 4 (Zero -Inflated Negative Binomial #1)
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Appendix G.5: Model 5 (Zero -Inflated Negative Binomial #2)
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Appendix G.6: Model 6 (Zero -Inflated Negative Binomial #3)
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APPENDIX H:HCV PARKING SUPPLY SPATIAL AUTOCORRELATION

Various tests of global and local spatial autocorrelation were performed on the results of the HCV
parking supply estimation. Wth the exception of Brampton TAZ 7, which indicated a small amount
of statistically significant spatial autocorrelation, no spatial autocorrelation was identified in the
estimated HCV parking demandSpatial Autocorrelation was assessed usinthe software GeoDa

(Anselin, 2017).

TheglobalMo r a"@adlus was not found to be statistically significantwith a pseudo pvalue of 0.189

after 999 iterations. This is shownin Figure H-1.

o Moran's |: 0.0364627 permutations: 995
= i pseudo p-value: 0185000
g |
i |
2 o |
2 5 |
glo -
e —— = R
= W o
25 |
g~ |
g |
ks
g_ | 1 ITIRT]
[Ts) T T T T 1
"-5.00 -3.00 -1.00 1.00 3.00 5.00
Predicted I 0.0385 E[N: -0.0400 mean: -0.0388 =d: 0.0875 =z-value: 0.83507

Figure H-1: Gl o b al [|KoHCY Rdrking Supply Estimates

Several Local Indicators of Spatial Association (LISA) were examined. Forthe c al ®onlyan’ s
Low-High relationship was identified for Brampton TAZ 7with a p=0.05. This means that this
location has a lower than average number of HCV parking spaceith neighbours that have a higher

than average number of HCV parking spaces. This is showrFigure H-2.
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Figure H-2: LocalMo r alrotr HCV Parking Supply Estimates

For the Getis local statistic {O), a High relationship was identified for Brampton TAZ 7 with a p=0.05.
This means thatthis TAZ hasa high local asso@tion with its neighbours compared to the global

values.This is shownin Figure H-3.
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Figure H-3: GetisLocal Satistic for HCV Parking Supply Estimates
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For theG e a rokISAsanegativerelationship was identified for Brampton TAZ 7 with a p=0.05. This
means thatthis TAZ hasa statistically significantly lower HCV parking supply compared to its

neighbours.This is shownin Figure H-4.
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Figure H-4: Geary sfor HCV Parking Supply Estimates

The weight matrix used for this analysisfollowed the Queen rule with an order of contiguity of one.

The weight matrix connectivity graph, connecting neighbours, ishown in Figure H-5.

Figure H-5: Weight Matrix Connectivity Graph
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