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Abstract

The current state of climate change should be addressed by all sectors that contribute to it. One of the
major contributors is the transportation sector, which generates a quarter of greenhouse gas emissions
in North AmericgEnvironment and Climate Change Canada, 2018; U.S. EPA,M048)f these
transportation related emissions are from road vehicles; as result, how to manage and control traffic or
vehicular emissions is therefore becoming a major concern for the governments, the public and the
transportation authorities.

One ofthe key requirements to emission management and control is the ability to quantify the
magnitude of emissions by traffic of an existing or future network under specific road plans, designs and
traffic management schemes. Unfortunately, vehicular traffidssions are difficult to quantify or

predict, which has led a significant number of efforts over the past decades to address this challenge.
Three general methods have been proposed in literature. The first method is for determining the traffic
emissiors of an existing road network with the idea of measuring thegigié emissions of individual
vehicles directly. This approach, while most accurate, is costly and difficult to scale as it would require
all vehicles being equipped with tgilpe emissiorsensors. The second approach is applying ambient
pollutant sensors to measure the emissions generated by the traffic near the sensors. This method is
only approximate as the vehictgenerated emissions can easily be confounded by other nearby emitters
andweather and environmental conditions. Note that both of these methods are measurebaeseid

and can only be used to evaluate the existing conditions (e.qg., after a traffic project is implemented),
which means that it cannot be used for evaluating altéireatransportation projects at the planning

stage. The last method is mod®sed with the idea of developing models that can be used to estimate
traffic emissions. The emission models in this method link the amount of emissions being generated by
a gioup of vehicles to their operations details as well as other influencing factors such as weather, fuel
and road geometry. This last method is the most scalable, both spatially and temporally, and also most
flexible as it can meet the needs of both monitay (using field data) and prediction.

Typically, traffic emissions are modelled on a macroscopic scale based on the distance travelled by
vehicles and their average speeds. However, for traffic management applications, a model of higher
granularity woull be preferred so that impacts of different traffic control schemes can be captured.
Furthermore, recent advances in vehicle detection technology has significantly increased the
spatiotemporal resolutions of traffic data. For example, vidb@sed vehicle éection can provide more
details about vehicle movements and vehicle types than previous methods like inductive loop detection.
Using such detection data, the vehicle movements, referred to as trajectories, can be determined on a
secondby-second basis.fEse vehicle trajectories can then be used to estimate the emissions produced
by the vehicles.

In this research, we have proposed a new approach that can be used to estimate traffic generated
emissions in real time using high resolution traffic data. @sential component of the proposed
emission estimation method is the process to reconstruct vehicle trajectories based on available data
and some assumptions on the expected vehicle motions including cruising, acceleration and



deceleration, and cafollowing. The reconstructed trajectories containing instantaneous speed and
acceleration data are then used to estimate emissions using the MOVES emission simulator.
Furthermore, a simplified ratbased module was developed to replace the MOVES softwarerémt d
emission calculation, leading to significant improvement in the computational efficiency of the proposed
method.

The proposed method was tested in a simulated environment using thekmeln traffic simulator

Vissim. In the Vissim model, the tiiafactivities, signal timing, and vehicle detection were simulated and

both the original vehicle trajectories and detection data recorded. To evaluate the proposed method,

G2 aSita 2F Syraarzy SadAyYlFdisSa I NB mé2frgrmdheNSRY (KS
originally simulated vehicle trajectories, and the set from trajectories reconstructed using the detection

data.

Results show that the performance of the proposed method depends on many factors, such as traffic
volumes, the placement of det&ars, and which greenhouse gas is being estimated. Sensitivity analyses
were performed to see whether the proposed method is sufficiently sensitive to the impacts of traffic
control schemes. The results from the sensitivity analyses indicate that the ggdpoethod can

capture impacts of signal timing changes and sigoafdination butis insufficiently sensitive to speed

limit changes.

Further research is recommended to validate the proposed method using field studies. Another
recommendation, which fadloutside of this area of research, would be to investigate the feasibility of
equipping vehicles with devices that can record their instantaneous fuel consumption and location data.
With this information, traffic controllers would be better informed fanession estimation than they

would be with only detection data.



Acknowledgements

First and foremost, | would like thank Dr. Liping Fu, my supervisor, fordnisdance and supporffom
conception to final touches, Dr. Fu has played an importantirotkis project He made it possible and
guided it to its completionl. would also like to thank Matthew Muresamd Wilson Wandpr sharing
their expertisein subjects related to my research. Their guidance proved helpfalghout this project.

As thefirst half of this research was supported by Miovisiomould like to thank Justin Eichel and Sajad
Shiravi for their feedback and support in the first half of this project. TDaeg me a good
understanding of the context in which this research is made meaningful.

Finally, I would like to thank all my friends and farfolythe good times they have given me throughout
Y& al aid SNRao Lagiite adfdetnRexpériet&ith@utSHay.



Contents

ADDIEVIATIONS. ...ttt Xiv
SYMIBOIS. ...ttt e et e e et aaaaaaaaaaaaaaaaaaaaanaaaaas XV
(O g1 o] (= g R 1o Yo [ [ 4o T 1
00 R |V o 1AV L1 [ o A PP PPR PP PPPPPPPRPPP 2
1.2 BACKGIOUNG.......oiiiiiiiieiittei ettt et e e e e e et e e e e et e e e e e e e e snnnneeeeeeean 2
1.3 Problem STatEMENT.........o e 3
1.4 ReSEArCh QJECHVES......ccco i e e e e e e e e e e e e e e e e e e e e e e e e e e e e 5
1.5 TRESIS SHUCTUIE. ...ttt ettt e e e bt e e e e b b e e e ebb e e e e bre e e e e 5
Chapter 2 Literature REVIEW. ......cciiiiiiiiiiii ettt e e e s e e e e e s b e e e e e e e nnnnees 7
2.1 Emission Quantification MetlS OVEIVIEW............cevveeeeeeeiee i 7
211 Direct Measurement in Closed FacCilities............coooiiiiiiieiiiiiieeee e 8
2.1.2  Direct Mobile MEaSUIEMENL.........c.uviiiiiiiie ittt 9
2.1.3 Indirect Stationary MEaSUIEMENL.........uuuiiiiiiiiiiiiriieri e e e e 10
2.1.4  Emission Modeltig Using Traffic Data............cccccciiiiiiiiiiiiiiiiiiiiieeeeereeeeeee e, 10
2.1.5 Emission Modelling Using Simulation Data..............cccooviiiieiiiieiniiiieeee e 12

2.2 Emission Modelling Theory and MethQds.............coooiiiiiiniiiniiiiee e 12
221 Physical Basis of Vele Energy CONSUMPLION........coooiiiiiiiiiieeiiniiiiieee e 13
222 Emission Modelling in PracCtiGe.........cccccuiiiiiiiiiiiiiiiieieeeeee e e e 14
2.2.2.1 VehicCle POWEMOUEL..........oiiiiiiiiiiiiie e 15
2.2.2.2 Comprehensive Modal Emission Model (CMEM)..............oooi i, 16
2.2.2.3 MOtor Vehicle Emission Simulator (MOVES).........ccccciiiiiiiiiieiieeeeeee e 17
2.2.2.4 European Handbook of EmMISSION FaCIOIS...........ccoeiiiiiiiiiiiieiiiiiiieee e 18
2.2.2.5  COPERT LM ittt r e e e e e e e e et ettt e e e e e e e e e eenane 19

2.3  RealTime Emission Estimation Methods............cc.vveviii e 20
231 PreGenerating Emission Rates WithOMES..............ccccuiiiiiiiiiiieeeeeeeee e, 21
2.3.2  Alternative Emission Estimation Algorithms for MOVES............cccccoiiiiiiiiiiniiennee. 21
2.3.3  Other EMISSION MOUEIS.......cuiiiiiiiiiiieiei ettt 22

2.4 Traffic Management TEChNOIOGY ... ....uuuiiiiiiiiiiiiie e 22
Chapter 3 Research MethodOgy...........couuiiiiiiiiiiiieic e 24
3.1 VISSIM MOAEL....ceeiiiiii e e e e e 26



3.1.1 L] oTU L= - TP 28

T80 0 I O 1 =T 1 =1 Y/ 28
3.1.1.2  SPEEA LIMIES...iiiiiiiiie ettt e e e e e e e e e e e e e e e 31
3.1.1.3  SIgNal CONTIOL. ... 32
3.1.1.4 Traffic Volumes and Turning RAUOS. ...........uueiiieiiiiiiiiiee e 32
3.1.2 MOl ValidAION. ......eeeiiiiiiii ettt 33
3.1.3  DeteCtor SIMUIALION........ccciiiiiiiiiiie et 35
3.1.4  Alternative Scenarios Creatdor Sensitivity Analysis..............ccccoo i, 36
3.1.4.1 Scenario @ Field ConditioNS..........uuuiiiiiiii e e e e e e e e eeaennens 37
3.1.4.2 Scenario X Volume VariationS...........cccceeiiiiiieiiiieeeiiss et e e e e eeeenns 38
3.1.4.3 Scenario Z FIEet VarialNS . .......cciiiiie et e e e e e eea s 38
3.1.4.4 Scenario & Signal CoordiNation..............uuuiiiiiiiiiieieriieeeieee e 38
3.1.4.5 Scenario £ Signal Variations............ccccceeeee e 39
3.1.4.6 Scenario 5 Speed Limit VariationS...........cccuvriiieiiiiiiriiieee et 39
3.1.4.7 Scenario & Detector Location VariationS.............cceevvreviiiiiiiiiieeeeee e 39
3.2 Trajedory RECONSIIUCHION.........cccoiiiiiiiiiiieeieiiiieie e e e e ssiiireee e e e s sssinneeeee e s s snnnneeeeesennnnnnn s A0
3.2.1  Trajectory Reconstruction using Acceleration............cccccevvvurininiiiiiiiieeeeeeeeeee e 40
3.2.1.1 Determining the CruiSe SPEEM..........ccocoiiiiiiiiirrrreee e e e 45
3.2.1.2 DeCiSION CONAITIONS. .....uviiiiiiiiie ettt e e anneee 46
3213 bS G St tFAUAWING MAIBL..........ocoovieieeieieeee e 49
3.2.1.4 Modelling FOIlOWING MOLIONS.......coiiiiiiiiiiiie e 50
3.2.1.5 Modelling Deceleration MOLIONS...........ccuiiiiiiiiie i 51
3.2.1.6 Modelling Acceleration MOLIONS..............ooiiiiiiiciicre e 54
3.2.1.7 Modelling Linear ConstaifBpeed MOLIONS.............coooiiiiiiciiiirree e 56
3.2.2  Trajectory Reconstruction Using Average Speed Interpolation...............ccccccuueees 57
3.3 EMISSION ESUMALIOMN......uuiiiiiiiiiiiiiii et s e e e e e e e s s e e e e e aans 57
3.3.1  Generating INputs for MOVES...........ooiiiiii e 58
3.3.1.1 Local Regional Dat, Vehicle Age Distribution and Meteorology..............c.cccuueeee. 59
3.3.1.2 Default Data Provided in MOVESuel Information............ccccoooeiiiiiiiiiiiiiieceeennnn. 59
3.3.1.3 Vehicle Activitieg Links, Link Source Types, Operating Mode Distributian......... 59
3.3.2 RealTime EmisSion EStMAatiQN.........ccoooiiiiiiiiieeeiie e 63
3.3.2.1 Generating Emission Rates for R€ahe Emission Estimation.............c.cccceeeveeree.. 65

vii



3.3.2.2 Validation of the Ratdased Method...........cooeeviiiiiiiiiee e 67

ChAPEr 4 RESUILS....oeiiiiiiieiiee e e e et e e e e e e e e e e e e e e e e e e e e aaeeas 69
4.1  Example of RecoNnStructed TrajeCIOMES. .. .cuiiiiiiiiiiiieee e et 69
4.2  Emission Rates for REBIMe CalCulations..............cooiiiiiiiiiieiiiiiiieeeee e 71
4.3  Model Evahation and Sensitivity ANAIYSIS..........cuviiiiiiiiiiiiiiee e 74

4.3.1  Performance in Field CONItIONS...........cooiiiiiiiiiiec e 74
4.3.1.1 Characteristics of the Simulated Trajectory Emissians................oooeeeeeiiiiinnnnns 74

4.3.1.2 Comparison of Emissions between Simulated and Reconstructed Trajectaries 75

4.3.2 Effects of Detector Location and Volume Variations.............ccccoovvvvevieeee i 80
4.3.3 Effects Of AQQregatiQn..........coooiiiiiiiiiiieeee e 89
4.3.4  Effects of Heawputy Vehicle PenetratiQn.............ccvvveeieeiiiiiiieieieeeiiiieee e 92
4.3.5 Effects of Signal Timing Variation for Thru MovementS........cccccvveeveeeveeereeeiieeeeeenn. 94
4.36 Effects of Signal Coordination............ccccovviiieieie e Q9
4.3.7 Effects Of SpPeed LIMILS.......coiiiiiiiiiee e 105
4.3.8  Summary of Model EVAlUN...............ooiiiiiiiiiiieece e 109

4.4  Trajectory Reconstruction Using Average Speed Interpolation............cccvvveeveeeiinnnnee. 111
(01 =T o] (=T g ST 0] o o] 013 o a 119
L0 R T To 110V £ TP TR 119
5.1.1  Adequacy of Traffic Modelling Techniques................coo i 119
5.1.2 Effects of Traffic Controls 0N EMISSIONS.........cuuviiiiiiiiiiiiiieeee e 120
5.1.3 Primary versus Simplified MethQd.............oooiiiiiii e 120

5.2 DISCUSSION. ..cetieiiiitttett e ettt ettt e e e e ettt e e e e e e st e et e e e e e s bbb e et e e e e e b e e e e e e e e nnnrees 121
5.2.1  APPIICALIONS.....cciiiieiiee e a e e e e e e e e e e e 121
ST W 1 11 ¢= 1[0 F SR PP OPPPRN 122

5.3  FULUIE RESEAICIL.....oiiiiiiii e 122
5.3.1  Trajectory Reconstruction Modelling Parameter Calibratian...............c.cccvvvvveeeeee. 122
5.3.2 FIeld Validation. .......ooouuvieiiiee ettt e e e e 123
5.3.3  Other Meanf EMISSION Management...........cooiiiiiiiiieininiiiiieee e e 123
REIEIEINCES.....cee ettt e et e e e e e et e e e e e e e e e e e e e e e e e e e 124
Appendix A Operating MOde BiNS......... i 130
Appendix B; Sample of Signal Plan..............oo e 131
Appendix @ Signal Actuation Detector LOOP LayQUE............ccouiiiiiiiiiriieeeiiiieiee e ssiiieeeee e 132

viii



Appendix O; Sample of Turning Movement CouNt DALa.............uvuveeiieiiiiriiiiiiiiieeeeeeeeeee e 133

Appendix E, Comparison of Field and Simulation Travel TIMES........ccccceeeeeeeeeeee e 134
Appendix F Vehicle Age Distribution EXtrapolation.............cooooiiiiieeiiiiiiiiee e 136
Appendix G; Partial Visualization of the MOVES AlgOrithm............ccoooiiiiiiiiiieee e, 137
Appendix H; Emissions from Simulated Trajectories of Field Conditions.............cccocvveeeeiiinnnee. 138



Figures

Figure 1: Chassis Dynamometer Emission Testing Framework (Franco et al.,.2013h)................. 9
Figure 2: Portable Emission Measurement System (PEMS) (Sensors Inc.,.2016)....................... 10
Figure 3: New Interface for MOVES (Nitvian Emission Monitoring Framework (Park et al., 201532

Figure 4: Research FrameEWOIK ..........uuuuuiiiiiiiiiieei e eeeee e 25
Figure 5: Case Study Traffic Corridor (Circled are major intersectians.)..............cccoeeeee e iieicenns 27
Figure 6: Google Maps Background for Building Vissim Model............ccccvveiiiiiiiiie e, 30
Figure 7: Screenshot from Vissim SimulatpRinebush Intersection..............ccccccvvvviiiieiiieeeeeeeeeenns. 31
Figure 8: Speed LimitsHespeler Corridor from Dunbar to Hwy40L.............c.ccoooeeniiiien e, 32
Figure 9: Comparison of Field and Simulation Travel Times for Valid&iumel Area Plots.............. 34
Figure 10: Comparison of Field and Simulation Travel TfrAesa Scaled by Counts....................... 34
Figure 11: DeteCtOr LOCALIONS. .....cciiuutriiieeeee ittt e e e e ettt e e e e e e e e e e et e et e e e e s s e e e e e e e e annnees 35
Figure 12: Detector Locations for TUrning MOVEMENTS.........cooiiuiiiiiieeriiiiiiie et e e 36
Figure 13: Conceptual lllustration of Vehicle Trajectory Reconstruction with Acceleratian.........41
Figure 14: Trajectory Reconstruction Method Overview for Thru Movement Lanes....................43
Figure 15: Trajectory Reconstruction Method Overview for-Lafi Movements.............ccoccvvveeeeen. 44
Figure 16: Finding the Cruise SPeeQ..........ccooiiiii i eecccrrrrrrrrrer e eee e e eeaaaaaeaaean . DB
Figure 17: Determining Whether a Vehicle Stopped While Approaching an Intensectia.............. a7
Figure 18: Determining Whether a Vehicle is Following Its Predecessar...........ccccccovvuiiiieeeeiinnnns 48
Figure 19: Newell's GROIOWING MOAEL..........coo i 50
Figure 20: Fitting DeCElEration CUNVES. ........ciiiiiiiiiiiiiiee ettt e s e e s et eeeeeeens 54
Figure 21: Fitting ACBEAION CUINVES .. .....uiiiiiiiiiiiiei ittt e e e e e et eeeeeeans 56
Figure 22: Conceptual Diagram of Trajectory Reconstruction with Linear Interpolatian.............. 57
Figure 23: Dynamic and Static Inputs for MOVES...........oooiiiiiic e 65
Figure 24: Sample Trajectories: Original vS. RECONSIIUCIE...........ovviiiiiiiiiiiiiiee e 70
Figure 25: Emission Rates for Carbon Dioxide due to Running Exhaust...........c..ccccl 12
Figure 26: Emission Rates for Nitrous Oxide due to Running Exhaust.............ccccccovvviivinenneennn 2
Figure 27: Emission Rates for Methane due to Running Bxhaus.............cccccciiiiiees 73
Figure 28: Emission Rates for Methane due to Crankcase Running Exhaust............................. 73



Figure 29: Performance Across Field Condition Hours for Carbon Dioxide.............cccccvvvvvvvvnnneee. 76

Figure 30: Performance Across Field Condition Hours for Nitrous Qxide............cccoooivvieeeerinnnnns 77
Figure 31: Performance Across Field Condition Hours for Methane..............ccccccoiiiiiiiiinnnee, 78
Figure 32: Operating Mode Distributions for Field CONARION...........ceeeviiiiiiiiiiiiiieiieeee, 79
Figure 33: Cycle Volume Distribution in the Volume Variations Simulation Scenario.................. 80
Figure 34: Performance Across Volumes and Detector Locations féno@0Passenger Cars.......... 82
Figure 35: Performance Across Volumes and Detector Locations ftno@HPassenger Cais.......... 83
Figure 36: Performance Across Volumes and Detector Locations idrddOPassenger Cars.......... 84

Figure 37: Perfonance Across Volumes and Detector Locations ferfil@@ SingleUnit Trucks........ 86
Figure 38: Performance Across Volumes and Detector bosdir Ckifrom SingleUnit Trucks........ 87

Figure 39: Performance Across Volumes and Detector Locations #drddOSingleUnit Trucks....... 388

Figure 40: Performance Across Levels of Aggregation for Passenger.Cars...............ccccoe oo 90
Figure 41: Performance Across/kls of Aggregation for Single Unit Trucks........cccccevvvvvvvvvennnnnnee. 91
Figure 42: Effects of TruCKk PenetratiQn.............coooiiiiiiiieieeiiiiiiiii e 93
Figure 43: Effects of Signal Timing for Passenger@édms Movements Only........ccccccvvvvvveeeeeenn.l. 95
Figure 44: Effects of Signal Timing for Skuiié@-Trucksc Thru Movements Only.............cccvvvvveeeeee. 96
Figure 45: Per Vehicle Effects of Signal Timing for Passengeri@ansMovements Only................. 97
Figure 46: Per Vehiclef&dts of Signal Timing for Sindlmit-Trucksg Thru Movements Only............ 98
Figure 47: Effects of Signal Coordination for PassengerGlarthbound Thru............cccccocvvvinnnns 100
Figure 48: Effects of Signal Coordination for Single Unit Teugksthbound Thru........................ 101
Figure 49: Per Vehicle Effects of Signal Coordination for PassengeMoatisbound Thru.............. 102

Figure 50: Per Vehicle Effects of Signal Coordination for &imifld rucks; Northbound Thru......... 103

Figure 51: Operating Mode Distribution by Coordination...............evvveiiiiiiiiiieeeeeee e 104
Figure 52 Coordinated (Top) and Uncoordinated (Bottom) Vehicle Trajectories............ccccvvvnes 105
Figure 53: Effects of Speed Limits for Passenger.Cars......cccccvvvviiieeieee e 107
Figure 54: Effects of Speed Limits for SHM TruCks............cooiiiiiiiiiiiiii e 108
Figure 55: Operating Mode Distribution for Average Speed Trajectory Reconstruction............ 111

Figue 56: Comparison with Average Speed Trajectory Reconstruction fdradOPassenger Cars113
Figure 57: Comparison with Average Speegjetiory Reconstruction for Giffom Passenger Carsl114

Figure 58: Comparison with Average Speed Trajectory Reconstruction finoNPassenger Carsl15

Xi



Figure 59: Comparison with Average Speed Trajectory Reconstruction fiso@Qrucks
Figure 60: Comparison with Average Speed Trajectory Reconstructionsflso@H rucks

Figure 61: Comparison with Average Speed Trajectory Reconstruction fFoNO rucks.

Xii



Tables

Table 1: Emission Quantification Methods COmMPAriSORL...........ccuvuviiiiiiiiiiiiieeieer e e e e, 8
Table 2: Data for Building VisSim MOdeL..............oooiiiiiii e 28
Table 3: Alternate ¥86im MOAEl SCENAIIOS.......cciiiiiiiiiiiii e e s 37
Table 4: Signal Offsets for Coordination................oooi oo a e e e e e 39
Table 5: Effective Vehicle Lengths for Newell'sFadiowing Model.............ccccooiiiviiiiiiiiniineieeeee, 50
Table 6: MOYES Input Tables and Sources of INformation.............cccvvvvveeriiiiiiieeceeee e 58
Table 7: Links Input Table EXamPIE.......e e 60
Table 8: Link Source Tydaput Table EXample........ccccceiieiii e 61
Table 9: Operating Mode Distribution Input Table EXample...........cccooviiiiiniiiiiiieeee e 62
Table 10: Part of the Operating Mode Distribution Input Table for Generating Emission.Rates..66
Table 11: Part of the MOVES Output that Generated Emission.Rates............ccccvvvvvvvvveeeeeeeennnnn. 67
Table 12: Comparison of Rédame Emission Estimates with MOVES Generated Emission Estiméges
Table 13: Operating Mode DeSCHPLONS.........cooiii i e e e e e e e e e e e e 71
Table 14: Statistical Summaries for the Model Evaluation Id Eenditions.................cccceeiiineenns 109
Table 15: Statistical Summaries for the Effects of Advance Detector Positions on Passenger Car Emissions

Table 16:

Statistical Summaries for the Effects of Aggregation on Passenger Car Emissions..110

Xiii



Abbreviations

BVWP
CFC
CH
CMEM
CQ
COPERT
EPA
GHG
GIS
GPS
HBEFA
MOVES
N2O
NIM

PC
PEMS
RBC
the Region
SCOOT
T™MC
us

VKT
VSP

Bundesverkehrswegeplan
Chlorofluorocarbon

Methane

Comprehensive Modal Emission Model
Carbon Dioxide

Computer Program to calculate Emissions from Road Transport

Environmental Protection Agency
Greenhouse Gas

Geographic Information System

Global Positioning System

European HandBook of Emission Factors
MOtor VehicleEmission Simulator

Nitrous Oxide

New Interface for MOVES

Passenger Car

Portable Emission Measurement System
Ring Barrier Control

Region of Waterloo

Split Cycle Offset Optimisation Technique
Turning MovemenCount

United States (of America)

Vehicle Kilometers

Vehicle Specific Power

Xiv



Symbols

GeneralSymbols

0 denotes a point in time

Y denotes a duration of time

W denotes a position in space

a denotes dength ofdistance

0 denotesvehicle speed

O denotes the fraction ofime spent by vehicles in a particular operating mode
(0] denotes the quantly of emissions estimated

Y denotes an emission rate used in emission estimation

N denotes vehicle volume

Subscripts

0wQU pertains to advancealetections

i 0€n pertainsto stop-line detections

0061 ¢ pertainsto detectons during turning movements

QwQo pertains to detections at the exit of an intersection

€ pertains to a vehicle

E p pertains to the vehicle preceding vehiélén the platoon

Q pertains to a time step

N i i Q& "@ertains to thesection between the stofine and exit of an intersection

W 1@ & dpertains to thesection between the advance detector and stape of anintersection
plt pertains to the time ofrrivalat and departurefrom a detector respectivel

Q pertainsto the headway between two consecutive vehicles

@i 6 Qi 'Q pertians to cruising motions

i pertains to the starting point of segment

Q pertains to the finishing point of a segment

XV



€ N0 & QQ pertains to an operating mode in the MOVES model
0wnQ pertains to a vehicle type in the MOVES model

a0 Q pertains to an inputuple disaggregated for the MOVES model
nn pertains to apollutant process combination

I Qoé ¢ i oOpertaiGeddaQet of reconstructed trajectories

€ 1 "QQQ¢ dpertains to a set of trajectories originally simulated in Vissim

SpecificSymbols
b is the percentile opassing speeds to be considered the cruise speed
a is the number of laneycle vehicle groups to samplen determining cruise speeds
Y ooi is thethreshold for determining whether detection is long enough to indicatestop
N n is the fractionof the cruise speethat the average speed can reach iehicle stops
“Yi is the maximumime headway of vehicles discharging from a queue
a is the effective length of a vehidleb S ¢ S f ffofivingGriodé)
Y istheG A YS 2 F7FaSi-follbwingm&lélSt £ Qa O NJ
Qo is thetime-step increment of discretization
QRO are empirically calibrated parameters for deceleratigtumar Maurya & Bokare, 2012)
IR are empirically calibrated parameters for accelerat{yh Zhang, Lv, & Wang, 2013)
0 is the time avehicle takes to come to a complete stop after it has already been detected
0 is the time a vehicle has already begun accelerating but is still detectbé detector
n is theproportion to adjust a parameter by when fitting acceleration/deceleration curves
Y is the time difference between a detection andexonstructed trajectory
Y is the acceptablealue for"Y
Y is the time length of a particular signal cycle
3p is the percentage difference betwe@mission estimates from two setd inputs

XVi



Chapter 1  Introduction

As the concerns of climate grows, new methods of reducing greenhouse gas production are sought
after. One of the major anthropogenic sources of greenhouse gasses is the transportation sector. In the
transportation sector, vehicleatribute to a significant amount of all manade emissions

(Environment and Climate Change Canada, 2018; U.S. EPA 208pts have been made from

various fronts to reduce vehicle emissions as their production increases; howaesnaiinsa challenge

to quantfy emissions in many situations. Quantifying emissions is particularly important, because what
cannot be measured cannot be managed.

The quantification of vehicle emissiopgesentsa myriad of challenges. From direct measurements to
modelling practiceggreat costs and efforts must be undertaken. Often, tradis between cost and

accuracy are made. These tradts require knowing what is being sacrificed to make the method

feasible. When the tradeffs are known, one caglecidethe choice of method taise and the

parameters that govern it. A commonly used method of quantification is modelling. Emissions can be
modelled based on vehicle activities at various levels of detail. The modelling methods are based on past
research in the relationships betweerhicle operations and emission production.

As various transportation related analyses are taking emissions into account, from planning and design
to technology, there are improvements to be made and new opportunities to be taken advantage of.
This thesigxplores using emission modellitmquantify emissions in redgime based on traffic data.

The purpose of a redime emission monitoring method is to enable a way to incorporate emissions into
the set of performance metrics used in traffic management.é@mple, in signal control optimization,
traffic controllers may measure vehicle throughput, travel times, or queue lengths to evaluate their
traffic control strategies. Emissions are often considered in many transportation management aspects;
however, they are rarely considered in microscopic control scenarios due to the difficulties of
guantifying emission production at that level of detail.

Due to current technologiesnore complextraffic flow-related performance metricean be measureth
reaktime in the traffic management industrallowingtraffic control schemes tadaptmore

intelligentlyto optimize for traffic flow. The issue of reducing emissions should not be left behind in this
progress. As redlme traffic control optimization ienhancel for improvingflow, emission production
should also be considered as a performance metric.

To address this problem, a method for monitoring emissions intie@ should be developed. Since

traffic data is collected for other performance metrics, the satiata can be used to model emissions. If
emissions can be monitored alongside flow metrics, then traffic control schemes can be optimized for a
more wholistic set of objectives that reflect current goals in the transportation sector.



1.1 Motivation

The reseech presented in this thesis is motivated by the current consensus on climate trends and

practices in traffic management. One of the pressing issues looming on the horizon is the persistent

climate change that has been picking up momentum since the bewjriithe industrial revolution.

While the global temperature has fluctuated immensely in the past, its current rate of change is

unprecedented, and alarming compared to the last few millennia. It isegtdblished that climate

change is largely due tgyiONB | aAy 3 t S@Sfta 2F DI DQa Ay (GKS ldGY2alLd
combustion. In Canada and the US, the transportation sector generates 24% and 28% of greenhouse gas
emissions respectively, a substantial amount of which is generated by roadesEnvirmment and

Climate Change Canada, 2018; U.S. EPA,.284 8)imate change becomes a more pressing issue, traffic

control strategies need to adapt to consider its role in climate change.

In addition to increasing global warming, vehicle emissions algmade air quality. In urban areas, as
populations and, consequently, transportation activities become denser, air quality is becoming a
growing concern. The degradation of air quality due to traffic activities have been observed to impact
the health of reglents nearbyK. Zhang & Batterman, 2014)he efects could include increased
incidence and severity of respiratory and cardiovascular ailm@mismbach & Kipen, 2012) has been
shown that measures taken to reduce emission have been able to makerzidce in health effects.

For example, when efforts were taken to improve air quality during the Beijing Olympics, the average
number of outpatient visits for asthma was almost halgei Wang, Kan, Xu, & Chen, 20Bysides

health effects, emissions also reduce visibility and sun penetration, which can cause ecological and
aesthetic issues.

Even if transportation mogs switch to cleaner fuels and eliminate emissions, there is still the concern of
energy consumption, which is highly correlated with emission production. It would still be beneficial to
be able to monitor energy consumption, as the energy must be prodscswwhere. Energy

production, transmission, and storage have their own costs and externalities that contribute to
sustainability problems.

1.2 Background

Emission reduction strategies are employed in several different fields ranging across user behaviour,
vehicle technology, infrastructure, and control systems. They have varying levels of effectiveness, often
depending on how they are implemented. Some examples of emission reduction strategies in the field
of traffic controls include speed limit controls oréways(European Environment Agency, 2048j1
designated Low Emission Zor{&siropean Union, 2019)Vhen it comes to traffic contls, one of the
challenges is that it is often a dynamic problem. Measures implemented in traffic controls tend to be
analysed over a much shorter time frame than those in the areas of economic incentives, regulations,
technology, and infrastructure, bease the turraround time is shorter for the causnd-effect cycle to

take place. In traffic controls, the effects can be immediate, and the system can change immediately,



meaning that the effects and changes must be known quickly in order to inform furtimgrols.
Furthermore, the effects of traffic controls can be subtle and would require relatively microscopic
emission quantification methods to be captured.

Emission quantification is a widely studied field with a diverse set of applications. Arggsicatons

include testing, alternatives analysis, and re@rld monitoring. Typically, testing is performed with
equipment that directly measure emissions, such as Portable Emission Measurement Systems (PEMS) or
closed facilities with chassis dynamomesté~ranco et al., 2013a; Rexeis, Hausberger, Kihlwein, & Luz,
2017; Wu et al., 2015as describeth Section®.1.1and2.1.2respectively. Alternatives analyses tend

to be performed using simulation models in conjunction with emission models to allowdefieed
hypothetical scenarios to be analysggb, Motamedidehkordi, Wu, Busch, & Choi, 20Edy realworld
monitoring applications, both direct measurements and simulation modelling are costly to scale up;
therefore, datadriven approaches are usually preferred. Using cadéctata, highly generalizable

models can be used to obtain emission estimates. This approach wasmusmderal studiefCsikos &

Varga, 2012; Hang Liu, Tok, & Ritchie, 201Xk,Pdm, Rakha, & Lee, 2015; Shan et al., 2018; Yao et al.,
2012) These methoddependon data sources such as inductive loops, GPS probes, and video cameras.
They vary in terms of sensitivity and ability to capture effects of traffic controls. Gieeretent

advances in data collection and communications technology, methods that use data for modelling can
be implemented in realime if they are sufficiently quick to compute.

1.3 Problem Statement

While many strategies exist for managing vehicle emissithere are still areas where emissions are not
accounted for. One such area is the microscopic and dynamic controls of traffic. In microscopic traffic
management, performance metrics such as levels of service, queue lengths, and travel times are often
monitored to evaluate signal contro{&).S. Department of Transportation, 201Recent échnologies

allow these metrics to be monitored in retine so that traffic controls can be adjusted accordingly,

such as in adaptive signal control systems like the Split Cycle Offset Optimisation Technique (SCOOT)
(Bretherton, Wbod, & Raha, 2007However, it is difficult to incorporate emissions into these
performance metrics. To bring emissions into the set of performance metrics used for traffic control,
some challenges must be tackled.

Some of the challenges are due tettlynamic nature of traffic systems and the diversity of scenarios
that such systems can experience. The focus is on urban traffic, which has complex behaviours and is
heavily influenced by controls. As this is a traffic control approach rather than adongplanning and
policy approach, the method must be able to generate results quickly. Furthermore, it should also be
easily generalizable.

The practice of traffic management at a microscopic level involves activities such as signal control
programmingfraffic signage and variable speed limits. As such, the method developed should be
sensitive enough to the dynamics of traffic such that the impacts of changes in these types of controls
can be accounted for. These changes may include signal timingex Spet changes.



An obvious approach to emission monitoring may be to measure them directly. However, direct
methods, as explained in Sectidhd.1land2.1.2 are difficult to apply to largecale, microscopic
applications. They tend to be reserved for more macroscopic applicai8orgy, Yao, Zuo, & Lang, 2013)
or for testing onlyFranco et al., 2013a; Hausberger, Rexeis, Zallinger, & Luz, @00®e contrary,
simulationbased modelling methods require little equipment and are highly scalablg. aiee
extensively used for emission quantification at different scale levels or as a basis of comparison for
developing other emission modelling metho@3sikds & Varga, 2012; Park et al., 2015; Shan et al.,
2018) as briefly described in Secti@ril.5 The problem with simulatichased emission modelling is
that simulation models are location specific, making this method difficult to generalize. Thus; a data
driven approach, as degbed in Sectio2.1.4 would be more suitable for reaorld emission
monitoring. A datadriven approach would be applicable where ever data can be obtained without
requiring more simulation models to be built.

The previously mentioned SCOOT technique offers an existingldgaén emission monitoring

approach for traffic control management. SCOOT can incorporate emissions as a performance metric
using an average speed emission mdgote, Williams, Preston, & Kemp, 201@}hile average speed
models are commonly used, they tend to be less capable of capturing the effects of differenttednges
situations(Lejri, Can, Schiper, & Leclercq, 20I8)ere are many existing emission modelling methods
that are highly sensitive to vehicular activities, such as software packages like MDSES
EnvironmentaProtection Agency, 2014y SIDRAAkcelik, Smit, & Besley, 201Fhese models are
sensitive and suitableof microscopic emission modelling. However, microscopic models require lengthy
computation or detailed input data, such as simulation outputs, and are difficult to implement at a large
scale in reatime in their original stat€lLejri et al., 2018)To monitor emissions as part of a traffic

network management scheme, the nietd should be operable in retime to allow traffic controls to

react to the dynamic changes in traffic. Models that are computationally simpler are more suitable for
reaktime and large scale emission estimation, such as those based on the Europeanéiaatib

Emission Factoidann, 2016; Ntziachristos et al., Z)IRexeis et al., 201MHowever, these methods

are based on highly contextual empirical research, making them difficult to generalize. Furthermore,
they are less sensitive and microscopic than the former methods. Even if a more sensitive emission
modelwere applied, the SCOOT system may not be appropriate, since SCOOT uses general flow and
occupancy information from loop detector data, which does not provide sufficiently granular vehicle
activity data. Another shortcoming is that because vehicle typesat detected by SCOOT, constant
vehicle type proportions are usd@retherton et al., 2007)

New opportunities have been created by the advances in traffic monitoring technology that can record
more detailed information than before. For examptemputer vision applied to traffic cameras allow
vehicle motions to be tracked across an image plane and can provide presence detection at specified
locations(Kanhere & Birchfield, 2010 additional, vehicle types can be roughly classif&akemi

Rene Emmanuel Datondji, Dupuis, Subirats, & Vasseur,.ZlMi8)introduces a significant improvement

to the traditional methods of detection by inductive loops. This opportunity for improved emission
monitoring ha already been explored Mao et al(2012) who used computer vision to detect travel
speeds on aréeway segment. Urban intersections, however, exhibit more complex vehicular activities
due to stopand-go traffic. The ability to track each individual vehicle over space and time while knowing
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its vehicle type present opportunities for detailed dateven traffic and emission modelling. These
opportunities can be taken advantage of by synthesizing existing knowledge in the practice of emission
modelling and traffic management to create methods that are simultaneously sensitive, generalizable,
automated,and efficient.

1.4 Research Objectives

The primary objective of this thesis research is to develop a method that can be used to estimate vehicle
emissions in redime for evaluating traffic management and control schemes. This method must be
sensitive to traffic activities to capture changashe control strategies. The particular application

scenario is quantification of traffic emissions at urban signalized intersections with varying degrees of
traffic volumes, assuming certain types of traffic and signal timing data are available. Saiciawldie

made available through the detection and communications technologies used in traffic monitoring

today.

To develop a method, a review of emission modelling technigueessconducted. The review coved an
understanding of emission generation modtiat are used to estimate emissions. It also invdlve
works related to the research objectives stated, such enablingtiraal estimations and applications
geared toward microscopic traffic movements. Furthermore, the current stétbe-art in traffic
detectionwasconsidered, since the developed method would rely on traffic data.

The developed method must be evaluated in terms of its effectiveness under different traffic conditions.
It must also be evaluated over changes in controls to see if effaotbe captured. To evaluate the

method, it needs to be compared to a reasonable level of ground truth such as those from validated
traffic and emission simulation models.

1.5 ThesisStructure

First,Chapter 1sets the context for the research, includihd) the motivation for vehicle emission
managementdue toenvironmental concernst.2) background on the precedents in this area of
research;1.3) a problem statement made to address the needs to be filled by the research in this thesis
and1.4) a set of research objectives.

Chapter 2orovides a comprehensive review of the relevant literature related to this research. It begins
by exploring, at a broad level, different types of emissions quantification methad$itve been used
(2.1), ranging from measuring methods to modelling meth@l4.1to 2.1.5. Then, focus is placed on

the modelling method$2.2), includingan overview of the physics of emission produc{.l), a

review of commonly used emission models and software in pra@i@?), and methods developed to
model emissions in redime (2.3). The literature review closes with a section on various traffic
management strategies that have been studied or implemer(ge8).



The research methodolodgy Chapter 3escribes in detail how the research was conducteldegins by
describing the Vissim model that wiasilt as a testbed for the research activitig8.1). TheVissim

model is described in terms of the data used to butialibrate, and validate the mod@.1.1to 3.1.2).
Then,descriptions are provided fatetector simulation 8.1.3 andalternative models that were created
for sensitivityanalyseg3.1.4). Following the Vissim model descriptions, the methodology for
reconstruction vehicle trajectories is explaingd2). The primary and the alternative simplified

trajectory reconstruction methods are formulated in sectidhg.1and3.2.2 Finally, the emission
estimation process is describe8.§) by explaining how inputs for the MOVES model are generated from
the data and from the trajectory reconstruction proce8s3(1) and how the reatime emissions

estimation method is set up and executel3.2).

Results presented i€@hapter 4nclude examples of the reconstructed trajectoridslf, emission rates
for reaktime emission estimatiord(2), and finally evaluations for theroposed method4.3and4.4).
Results for the primary trajectory reconstructiarethod @.3) include performance evaluations of the
method in field conditionals4(3.1). The effects of advance detector locations, estimate aggregation,
truck penetration, signal timing, signal coordination, and speed limits are explored in sedti®2iq
4.3.7respectively).

Chapter Ssummarizes the main findings tife research.1) and discusses related topig&sZto 5.3).

The findings cover the general adequacy of the proposed emission monitoring métiat), the

patterns observed in the effects of different traffiontrol schemeg5.1.2), and how the primary and
simplified methods comparés(1.3. After the findings, the applications and limitations of the proposed
method is discussed (2) and recommendations for future research are madesiB)( The
recommendations include further work that can be done to improve this metbdagl 1), validations

using field studiess(3.2, and possible opportunities for emission monitay outside of the immediate
area of researchy(3.3.



Chapter 2  Literature Review

The literature review focusemn emission modelling methods and examplegmwiission monitoring
frameworks used in the literature, especially those that use traffic data to perform estimations-n real
time. Additional relevant material, such as the physics of emission production and a brief overview of
various emission quantificiatn methods, are also includedihis section ends witbonsiderations of

traffic management strategies artidchnologies that relate to this research.

2.1 Emission QuantificatioMethods Overview

Several types of approaches have been used for quantifying gehigksions, from direct

measurements to modelling techniques. Each method has advantages and disadvantages which are
summarized iMablel, from directness on the left teersatility on the right. In general, methods that

are direct and accurate tend to require costly measures such as equipment and are difficult to scale up
when deployed independently. In contrast, methods that are easier to scale up on a spatial, teroporal
penetrative scale normally require modelling efforts, requiring certain assumptions on how individual
system components operate. These assumptions may result in estimation errors, which could become a
major concern depending on the purpose of the aggion. Since this research is focused on

guantifying emissions for traffic management purposes such as signal programming, it is important for
the method to be highly sensitive to traffic dynamics. It would also be ideal if the method could
generate reslis quickly. Thus, the methods of emission quantification are compared in terms of how
fast they can operate on a continuous basis while performing highly detailed estimations. The following
section provides a detailed discussion on each of these methods.



Tablel: Emission Quantification Methods Comparison

Comparison of Emission Monitoring Methods with Regard to Traffic Control Management

closed facility
required

f Costly to scale
up by volume,
spatial
coverage, and
time

on site

9 External factors
must be accounted
for to find the
direct impact of
traffic controls on
the emissions

Method |Direct Indirect Measurement| Modelling based orfField| Modelling based on
Measurement + Modelling TrafficData Traffic Simulations
Exampleq Portable Emission | Stationary air quality | Model traffic flow using | Use simulated traffic
Measurement sensorstdispersion |traffic data, then behaviour for
Systems modelling estimate emissions with| emission estimation
. traffic model
Chassis
Dynamometer
Facilities
Pros 9 Accurate fProvides direct ' No equipment 9 Versatile
{ Little additional measurement of ail  required where traffiq §No equipment
data required quality data is available required
i Constant, location | {Minimalmodelling T High level of
specific monitoring|  efforts required for detail attained
additional sites of
application
Cons 1 Equipmentor T Equipment require( Modelling traffic { Simulations can

introduces sources o

error.
I Additional data

required (e.g. road,

weather, vehicle
types, etc.)

be time-
demanding
1A modé must be
created for every,
site of applicatior
I Additionaldata
also required.

2.1.1 Direct Measurement in Closed Facilities

The most direct way to quantify emission is to measure the emissions from th@gdaibf a vehicle

when it is operated in a closesh@ironment where a chassis dynamometer is used to simulate the loads

of vehicle operation through roller acting on the driving tires, as shoviAigarel. This is a method
used to perform emissions testing to develop emission fageranco et al., 2013bEmission factors
are emission production rates that indicate how much emissions arerggteunder what type of
driving activities. With direct measurements under controlled conditions, the emission guantities are
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very accurate. However, due to the testing process and facilities required, this method is expensive and
arduous. Thus, it is lined to occasional testing for research or regulatory purposes rather than
continuous monitoring. Furthermore, it is not suitable foraad measurements, as it must be

performed in closed facilities.

Sampling bags

Exhaust
gas

Driver's aid Dilution air mmm{ ]
S Heat Gas analysers
lution oy changer N
tunnel Ox

Blower CO;

I ®
sElElE

Figurel: Chassi®ynamometer Emission Testirfgramework(Franco et al., 2013b)

2.1.2 Direct Mobile Measurement

Another direct quantification method is to measure emissions from thepipi of a vehicle while it is

on the road. This method requires the installation of a Portable Emission Measurement System (PEMS)
on the vehicle, as illustrated Figure2. Like the previous method, this method provides accurate results
through direct measurement under real @oad traffic environment. PEMS data have been used for
emission modelling at the mesoscopic lelvglSong et al(2013)and Samaranayake et gR014) While

this method is more versatile than closed facility testing, it is still difficult to sgalas the equipment

is costly, and it is impractical to install it on a large number of vehicles. Typically, it is installed on probe
vehicles, and further extrapolation is necessarily to model the general emission activity of all vehicles in
relation tothe probe vehicle activities. This method is most applicable for mesoscopic or macroscopic
emission monitoring. Challenges would arise from using this method for microscopic monitoring if the
penetration of probe vehicles with PEMS installed is insuffi¢eerepresent the general traffic. As with
closed facility testing, this method is mostly used for serving the research purpose of developing
emission factors.



Figure2: Portable Emission Measurement System (PEN&3nsors Inc., 2016)

2.1.3 Indirect StationaryMeasurement

Another measuement technique used involves measuring air pollutant through stationary roadside
devices. These devices are most suitable for air quality monitoring. However, for traffic emission
monitoring, more steps are required to produce adequate results. As soemigsions leave the tail
pipe of a vehicle, they begin to disperse. As result, a dispersion model is refjuéstimate the

amount of emissions from vehicles based on measurements at roadside equipment. In relating the
measured air pollutants to the traffic activities, the dispersion model must account for the external
factors of weather and environment as well@ber possible nosiraffic emitters.For example,
Amirjamshidi et al(2013)usedroadside measuments were to infer vehicle emissions. Stationary
measurements can also be used in unique, seloged conditions such as tunné&mit, Ntziachristos, &
Boulter, 2010)where dispersion modelling requirements are different.

An advantage of this method is that sensors are fixed at the location of concern to provide constant
monitoring, regardless of the Wcle activities. Furthermore, it can also serve as an air quality monitor.
A disadvantage would be the requirement of expensive equipment that made this method difficult to
scale up. A further disadvantage is the additional data and modelling requigattunt for external,
environmental factors affecting the emission measurement.

2.1.4 Emission Modelling Using Traffic Data
A significant number of past efforts have devoted to developing models to estimate emissions using

various types of traffic data, such la®p detector data, GPS probe data, video detection, and
Bluetooth/WiFi detector data. Depending on the nature of the traffic data, traffic modelling efforts may
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be required to obtain sufficient traffic activity information as required by the underlgimgssion
estimation process.

For exampleHang Liu, Tok, and Ritci{011)developed a system to estimate vehicle emissions using
inductive loop detector data. The detectors use inductive vehicle signature technology to classify vehicle
types. The vehicle speed input consisted of average speeds for each vidsslaxsmeasured by the

loop detectors. Additional information such as temperature and humidity were provided by local

weather stations. The traffic activity data are then input into the MOVES model for emission estimation.

In a similar exampleéZsikds ad Varga2012)also developed a method to estimate emissions g$aop
detector data in real time. The research was conducted using Vissim simulations. Hiaeeal
emissions modelling was based on COPERT IV, which provides emission factors for various vehicle
classes pertaining to average speeds travelled over asegmhis method was also aimed at a
macroscopic spatial level, performed on a simulation model of a freeway. While the developed method
operated at a macroscopic level, it was validated through microscopic modelling. The microscopic
emission estimates wergenerated using the Vissim add, EnViVe(PTV Vissim, n.dWwhich is based

on Versit+, a emission modelling approach and dataset from PEMS te@tigterink, 2016)This model

is adistancebased model wheremission factos specificto pollutants, vehicle classs and speedime
profiles are applied tolengths of road segments correspondinghe speedtime profile, multiplied by
traffic volumesof the vehicle classn that segmen{Linton, GrariMuller, & Gale, 2015)

Shan et al(2018)developed a method to estimate emissions using GPS probe data. The method aimed
to quantify emissions at a microscopic level, which required detailed vehicle trajectories. However, GPS
data is sparse, so the trajectories must be reconstructed from the kraata points. The trajectories

were reconstructed into four driving modescruise, acceleration, deceleration, idliggvith the help of
historical data. Emission were modelled using MOVES. This work focused on the reconstruction of
vehicle trajectories.

Another instance of using GPS probe data was studidebbly et al(2015) however, in addition to GPS
probe data, they investigated the effects of having @Rtbedded onboard equipment that can also
provide instantaneous speed data. Swctata source would provide high resolution speed data without
the need to model it. In this case, the accuracy of the emission estimates lies in the penetration rate of
vehicles equipped with data collection. This research was performed using Vissilatisinsuand

included a study of the effects of varying levels of probe vehicle penetration rates.

Yao et al(2012)usedvideo detection data was to monitor vehicles on a freeway. Computer vision was
used to obtain vehicle speed and acceleration on a freeway as input for emission estimation. The
research was focused on calibrating the computer visiotwsoe to obtain accurate speed

measurement, which requires accounting for camera distortion. This method was performed on cases
with relatively straight travel paths. While this application is similar to the focus of this thesis, the
vehicle behaviour on ieeway is very different from that of a signalized urban corridor.
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2.1.5 Emission Modelling Using Simulation Data

When modelling emissions using simulation data, the quality and abundance of data is not an issue, as
the simulation can be programmed to proeigvhatever data required fagmission modelling. The

challenge lies in creating the simulation model to a degree that satisfactorily represent theaddl
situation, such that the emissions calculated as a result are vEfidmethod has been explorelaly

coupling simulation software with emission modelling softwamich canbeused & I & 3 N2 dzy R
scenario in research investigating the effects of modelling iitited data.Traffic simulators such as

the popularVissimcanrecorda plethora of vehicle data for every simulation step, which provides a
simulated ground truth for the traffic activities, whitketector data simulated by the modplovidea

limited scope of data. This technigue was ubgdsikds and Vard2012) Shan et al(2018) Park et al.
(2015) Jamshidnejad et a{2017) andZhao and SadgR013)

Xu et al(2016)coupleda Vissim simulation with MOVESaoalyse the sensitivity of emissions to
simulation parameters in Vissimihey found thathe emissions are sensitive to the vehicle type
distribution in the fleet, as expectett.was also found thathe range othe lookahead distance in the
carfollowing modelandthe rangeof the accepted deceleration ratean impact emissions. However, it
was noted that there may be a discrepancy betwéehaviours in Vissim and in actuality, which were
not confrmed in that study.

Any traffic simulator can be used in a simulation and modelling appr&uhbt al(2017)usedan

existing framework of the traffic simulator Aimsghimsum, 2010yvith the emission model PHEM
(Hausberger et al., 2009yhe existing framework was compared with an enhanced version where a
vehicle dynamics model, CAR§NMechanical Simulation, 2017} inserted in the process between the
traffic simulation and the emission model. Another simulator, Paraf8osth, Duncan, & Druitt, 1995)
was integrated with MOVES in a study to investigate methods for extrapolating probe vehicle data to
estimate total vehicle emissiorfghao & Sadek, 2013)

The simulation and emission modegimtegration approach can be computationally demanding for

large networks. Hence, work was undertaksnMuresan, Hossain, and F2016)to investigate wgs of
reducing the computation burden while preserving adequate results. A trajectory clustering method was
proposed that balances tradeffs between the quality of results and the computation cost of

generating themThatstudy was performed with the inggation of Vissim and MOVES.

2.2 Emission Modellingheory and Methods

The problems oéstimatingvehicular emissions have been studied extensively in the past due to its
large share in the overall emission inventory, covering many topics ranging from the mechanism of
vehicle emission production to the modelling of vehicle emissibinst,some of the physical factors

that impact emission generatiocgre reviewed Then severalemission modelor practical applications
are discussed.
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2.2.1 PhysicaBasisf Vehicle Energy Consumption

Before considering emission models, it is important to understand what factors affect emission

production and how they are related. The amount of emissions that a vehicle generates is closely

related to the amount of fuel consumed; as such, they can hienestd as a proportion of the latter

(U.S. Environmental Protection Agency, 201&&e amount of fuel consumed by a vehicle during its

operation is directly related to the energy consumed by the vehicléchvitepends on the energy

NEBIljdzA NER (2 20SNO2YS G(KS @SKAOtSQa t2FR FyR GKS S
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These factors are mostly eged to the type and model of the vehicle with little to do with the

infrastructure or traffic management; thus, we focus on the first factor, vehicle load, in this literature

review.

According taR0sq1997) the vehicle load is a sum of thewer required to overcome

1 Rolling resistance

Air drag

Vehicle inertia

Road grade

Vehicle accessory power demand

= =4 =4 =

representedin Equationl as
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wherethe individual terms are defined as
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0 is the power requiredkW]
0 is aunitlessrolling resistance coefficiert]
a is the vehi@ masgtonnes]
Q is the gravitational constarjm/s?]
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is the air densitykg/m?]

0 is aunitlessdrag coefficien{-]
0 is the frontal area of the vehiclen?]
a’ is the effective inertia ofhe vehicle, which accounts for moving pads  p8t a

— is the angle of the road grade

The coefficient® andd are found empirically and are also specific to the vehicle make and model.

The factor that is the most important to traffic managenberthat is, the factor manageable through

traffic controlsq is vehicle speed. Thus, to quantify vehicle emissions for applications in traffic

management, it is critical to capture the vehicle speed at high temporal resolutions. Other factors are

also immrtant as they play into the complex interdependencies of emission generation; for example, a
BSKAOf SQa Yl aa FF¥SOGa Aida NBadZ GAy3I 0SKI GA2dz2ND !
include fuel supply and technology, vehicle mechamiesther, driving behaviours, etc. Some of these

factors, such as those related to the drivers and environment, can be partially accounted for through the
BSKAOf SQa alLISSR® Ly | ye @ighaddutioh yehideSpertgprole®afR | i NB
the greatest importance.

2.2.2 EmissiorModellingin Practice

Significant efforts have been devoted to developing empirical models and methods for estimating
mobile emissions. Models of different granularity and spatiotemporal aggregation levels have been
developed. They vary by the assumptions made on available data for the characteristics of the mobile
sources such as vehicle type, speed profile, fuel technology, and road(gaudéer, McCrae, & Barlow,
2006; Franco et al., 2013bMany of the emission models developed incorporate mecharistsed

models combined with empirical factors. In these models, the mechanistic functions represent the
physical processf@mission production, while the empirical factors account for vehicle and network
characteristics. Emission models that are solely based on empirical factors also exist.

The progression of emission modelling developmepgearedio be leaning more towarslempirical
approaches. This seems to be resulting from an attempt to incorporate more and more factors, most of
which are difficult to model mechanistically. Still, most of the models reviewed have both mechanistic
and empirical componenjaside from thenodels based othe European Handbook of Emission Factors
(HBEFAas explained in sectidh2.2.4 From an instinctive perspective, mechanistic models may appear
to be more modular, flexible, and versatile for transitioning through times of technological change.
However, the nature of emission production is so complex ithiatdifficult for models to functiom

purely mechanistic form. Thus, empirical factors willals be required taccount for processes that

are not represented mechanistically. These factors neduktoalibrated to keep the model current.
Considering the need for updating empirical factors, models that are more simplistic in their functional
form may be easier to calibrate.
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The literature on emission models shows the dependence on data availability in estimating the
emissions produced by traffic. The models perform best using high resolution traffic data, such as
instantaneous speed8owyer, Akcelik, & Biggs, 1985; Swanson, Talbot, & Dumont,. 204, in the
interest of obtaining accurate results, high resolution traffic data should be used, i.e. sbg@edond
vehicle speed and acceleration profiles. These profiles, referred to as vehicle trajectories, are normally
not directly measured in their entirety by traffic detectors. However, measurements from traffic
detectors can be used to reconstruct the trajectoriefether the measurements come from mobile
sources such as GPS dédhan et al., 2018; Sun, H&8an, & Yang, 2018y stationary sourcef_aval,

He, & Castrillon, 2012)

2.2.2.1 Vehicle Power Model

An example of a highly mechatiisapproach can be seen in the methods introduced in a fuel
consumption analysis guidey Bowyer, Akcelik, and Big{s985) The early models are still irse,but

minor changes were introduced previous study shows this model significantly overestimating
emission® 5 SYANE . S1 4 9§ oweyer,this isiiddia [Tave heemrectified asrtivelel
parameters were recently calibrated for newer vehicle flgétkcelik et al., 2014 he guide presented
different formulations, including formulations that use one function based on instantaneous vehicle
speed, formuhtions that divide vehicle operation into four modes (acceleration, deceleration, cruising,
and idling), and formulations that useeragespeeds.

The instantaneous model in this collection of methods is the basis for the SIDRA software package
(Akcelik et al., 2014 traffic signal timing and analysis, which is widely used in Australia. The current
version of the instantaneous model igoulated as
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where

Q is theinstantaneous fuel consumption rate [mL/s]
0 is the total tractive power [KW]
0 is the maximum engine power [KW]
0 R arethe componens of powerfor cruise, inertia, and grade respectivgk\W]
0 is the road gradé-]
0 is thevehicle masicluding loads [kg]
0 is the instantaneouspeed [m/s]
W is the acceleration ratfm/s?]
is the constant idle fuedonsumption rate [mL/h]
{ is the corstant idle fuel consumption rate [m#applicable to all modes
whofi h are parameterdgor rolling resistance, aerodynamic dramd efficiency

From this model, it can be seen that a similar set ofaldeis are included compared to the physical
model offuel consumption. Notably, instantaneous vehicle speed and accelarats well as vehicle
mass and road gradare vital factors iboth models.Once fuel consumption is known, an emission
production factor relating the greenhouse gas to the fuel can be multiplied to the fuel consumption to
calculate emission@J.S. Environmental Protection Agency, 2016a)

2.2.2.2 Comprehensive Moal Emission Model (CMEM)

The Comprehensive Model Emissions Model (CMEM) was developed in Europe to address additional
vehicular factors, suchasaN& Sié& 2F OSKAOf S (eL)Sa I (Seora&BBth, OSKA Of
2007) The structuref the model finds the tailpipe emissions as a function of the engine power

demand, engine speed, air/fuel ratio, fuel rate, emissions from the engine, and the catalyst pass

fraction. The factors are not staralone variables but have interdependencieseifmelationships can

be found in the development document for CMEBArth et al., 2009)iIn CMEM, there are also four

modes of operation: variable soak time start, stoichiometric operation, enrichment, and enleanment.
Compared to the four modes from the previous modal mottedse modes are based on the conditions

2T (KS @OSKAOfSQa SyaaAyS o0Sd®ad AGA FANKTFAzZSE NI GAZ20
this model may undeestimate emissions significaniyaikumar, Shiva Nagendra, & Sivanandan, 2017)

although an earlier study shows this model overestimating emissiDesnir et al., 2011Smit et al.

(2010)showed modal models like CMEM overestimating somessians and underestimating others in

a study that groups similar model types together.
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2.2.2.3 MOtor Vehicle Emission Simulator (MOVES)

One of the most widely used emission models is the MOtor Vehicle Emission Simulator (MOVES)
RSOSt 2LISR o0& K Sotettipn@gency (EPB). NRas ¥i&atedito e a standard of practice
for estimating mobile emissior{$wanson et al., 2010MOVES is an improved version of the previous
EPA models such as MOBILE5 and MOBILE6. One of the key improvements sdihetionrof Vehicle
Specific Power (VSfrey, Unal, Chen, & Song, 2Q08hich is a normalized function for quantifying the
power consumed by a vehic{@ménezPalacios, 19995imilar to the SIDRA model, VSP is assumed to
be a function of the vehicle speed, vehicle mass, road grade, and other coefficients related to vehicle
properties, formulated in Equation 3 as

OOYUU.—U U.—U w OE o

where

VSP is Vehicle Specific Power

A is the rolling resistance coefficientE 71 OF |

B is the mechanical rotating friction coefficientE 72Am¢]
C is the aerodynamic drag coefficientE 73im@]

M istheOAEEAT A6O 1 AOO OT1T1TAO
0 is the instantaneous vehicle spepu/s]

is the instantaneous vehicle acceleration/§?]
is the gravitational constant [m#s

— is the road gradg@ercentage |

Based on the VSP function value as well as vehicle spekacaeleration, vehicle activities can be
grouped into Operating Modes, of which the resulting distribution is used by MOVES to estimate the
total emissions of different types. The details of the operating mode bins appandixA ¢ Operating
Mode Bins The parameters for calculating VSP have been recalibrated since its inception and can be
found in the Population and Activity of €Road Vehicles technical report forQWESU.S.

Environmental Protection Agency, 20160kher developments in MOVES that differentiate it from its
predecessors include a binning methodology, which reduces the need for regression modelling and
makes the model more datariented (Frey et al., 2003MOBILE, the earlier version, svshown to

belong to a group of average speed models that egelunderestimate emissions by 4%%, which was

in the midrange of performance for the models in that study. In the latest efforts to validate MOVES, it
was found that the estimation accuraggries between vehicle ages, with newer vehicle resulting in
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much more accurate estimat€€hoi & Koupal, 2011This is favourable since there imachgreater
proportion of new vehicles in the local vehicle fl§&tatistics Canada, 2009)

2.2.2.4 European Handbook of Emission Factors

A highly empirical modé$ recommended in the German Federal Transport Bian
Bundesverkehrswegeplan (BVWR)ncludes a handboofor conducting cosbenefit analyses of
transportation projectswhichdescrbesa methodfor emission estimatiofMann, 2A6). This model is

based on the European Handbook of Emission Factors (HBEFA), which is periodically updated with new
data(Rexeis et al., 2017 is uniquefrom the emission modelpresented in this reviepwbecause it
calculatesemissions as a product pfirely empirical emison factors. Bcks of traffic disaggregated by
space and timare multiplied by their corresponding emission factas shownn Equation 4

300 B 3@ PR Q@ FORRE R p T T

where
w00 is thedifferencein emissios between the baselinend alternative casdsonnes/year]
i "Q s a pollutant indeXNG,, CO, HC, PM)
"O"Qy ais a vehicle class index
Q pertains to a interval in thetemporaldisaggregation
i pertains tostretch in the spatial disaggregation
w "00 is the difference in vehicle activity between the baseline and alternatagesn VKT
‘Q"Qa is theemission factor correspondirtg the vehicle activitfg/vehiclekm]
"O°Y"Y is the street type index
@ isthe traffic condition index

To calculate emission using this model, traffic must be discretizeda#gments by traffic state, road
type, and vehicle classeBheemission factofor each traffic statgpertains to a specifigehicle type,

road type, traffc state, speed limit, and pollutanAll of therequiredfactors are provided with the
handbook.These emission factors were developeging empirical data collected through PEMS and
chassigslynamometertesting over many stages of developmeBDue to resarce constraintstesting

could not be performed for all possible driving situations. Instead, testing data was used to cdlibrate
PHEM model, which was then usedctdculate emission factors for further driving situatigRexeis,
Hausberger, Kuhlwej& Luz, 2013)The PHEM model is an instantaneous poeheasedemission model
that treats vehicle power demand as the sum of several power load compo(idatsberger et al.,
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2009) Itsform is similar tathat of the vehicle power consumption model formulatégt Rosg1997)
described in Sectiod.2.1

The HBEF#Aodel, due to its simple form, can be computed easily and used at all levels of aggregation.
However, it is highly dependent on the alreachlibrated emission factors. Emission factors require
extensive effort to develofFranco et al., 2013kand are difficult to generalizés such, its difficult to
adopt such a model outside of the context for which it was developed.

2.2.2.5 COPERT IV

COPERT IV (Computer Program to calculate Emissions from Road Transport) is a software package
created for standard practice in Europe by the European Environment A@etamigichristos et al.,

2018) It recommends thee tiers of methodology. The methodologies range in the quality of estimates
Tier 3hasthe highest quality but alsmequiresthe most data to use.

In Tier 1 emissions are calculated based on aggregate fuel consumptioradedading to Equation 5.

0O @y OGy v

0O is the emission of pollutari€ig]
"@ is the fuel consumption of vehicle categdysing fuelx [kg]

0Q;; is the fuel consumptiospecific emission factor of pollutaffor vehicle categorytand
fuel a [g/kg]

The fuel consumptioand emission factors are based on data aggreghtedountry. This is the most
aggregate method to be used when only aggredatd consumption data is available.

If VKTfor different vehicle categories aridchnologies isvailable, the Tier 2 methadefined by
Equation6 can be used

Or (6)

where

"YOp is the total annual distance driven by vehicles in gatg CGand technologyQveh-km]

>5¢

Q

‘0Q,; is the emission factor of pollutaii@or categoryCand technologyQ[g/vehkm]
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0k is the average annual distanper vehicle in categorgand technologyQlkm/veh]
0 q is the numberof vehiclesn categoryCand technologyQ

Tier2is a method that calculates emission based on distance travelled but is insensitive to traffic states
and detailed vehicle actities. The calculation uses factors thetcount for different typs of vehicles
operating with different technology classes. The vehicle tygrebstechnology classes follow standard
European classificatior{Bltziachrigos et al., 2018)

If further information such as vehicle speeds are knotva,Tier 3 method can be used. Tier 3, vehicle
speed distribution profiles can be accounted iiothe hot emissions formuéin Equation 7

O mrn O 0r Q mn ()

where
O  min is the hot emissions
0 is the number of vehicles
0 f is the distance driven per vehicle
Q min is the emission factor
0 isthe vehicle speed
Qu is the dependency a2 5y on the the speed
Q0 is the equation describing the frequency distributiortloé vehicle speeds
"G pertain toa certain pollutant, vehicle technology, and road type respectively

While COPERT models do not mechanistically repreggsrsical processes that generate emissions, a
highrresolutionspeed profile can be taken into consideration. There is evidence that the COPERT model
may wnderestimate emissionshis evidence came from studyusing distancéased emission factoyrs

i.e. the Tier 2 metho@Jakumar et al., 2017)Similar results were observed [Bemir et al., 2011\here
COPERWas one of two emissions models that underestimated field measurements out of six models
tested. Althoughthe software is opersource,some of therequired data for using the software raijes
purchase

2.3 RealTime Emission Estimation Methods

Several methods for redgime emission estimation based on the MOVES model have been developed.
These methodsypically involve first generating emission rates for a basic set of input variable
combindions that account focertain variables, alternating the calculation algorithm used by MOMES,
a combination of both. Redime methods that use other emission models have also been used.
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2.3.1 Pre-Generating Emission Ratavith MOVES

Toavoidhaving to runthe MOVES softwaréjaobing Liu, Xu, Rodgers, Akanaag Guensle (2016)
created amatrix of emission rates using MOVES that can be used to save computing time. The matrix
was generated by feeding MOVES comtimes of the input variables. It was shown ththe matrix

method could estimate emissionsless than 1% of the time required by running the MOVES software
interface The matrix was developed for Operating Mdoistributionas well aspeed inputsTo

develop a sufficient variety of factors, 146 853 MOVES runs were redairedch region of interest
Thefactors were sensitive to ranges lmfimidity at 5% intervals, temperatures atR intervals31

vehicle model years, 13 vehicle typasd differentfuel types.This method was usdaly Xu et al(2016)

for estimating emissions from Vissim simulations in real time.

Hang Liu et al{2011)developeda reattime emission monitoring systeas well To enable reaime

emission estimates, similar the work ofHaobing Liu et a{2016) a lookup table of emission rates

was pregenerded using MOVESlowever, not all combinations of inputs were accounted Tdre look

up table contained emission rates by distance that account for different vehicle classes, average speeds,
temperatures, and humidity. To account for combinations of spéeahperature, and humidity, mufti
dimensional interpolation was used.

A method based prgenerated emission rates was alssedby Yao et al(2012) wherecomputer vision
obtained speed profiles of vehiclés generateOperatingMode Distribution inputs. The computer
vision works in realime, as does the emission estimatidn.this case, data such ashicle age
distribution, fuel data, and meteorological data were held constasrnilar to previous cases.

2.3.2 AlternativeEmission Estimation Algorithms for MOVES

In the development of a redime emission monitoring frameworlRark et al(2015) createda New
Interface for MOVES (NIM)hey made an importarstatementabout the MOVES inputs regarding real
time estimation bynoting that the Operating Mod®istributionis the most important input for real

time estimation, since it is dynamic, while other inputs remain relatively constantaoserall spatial
temporal scaleThus, the NIM only uses the Operating Mode Distribution as an ifjpgtNIM is a
Pythonbasedsditware that accesses the MOVES database to retrieve information for emission
estimation.lts role in the overall emission monitoring framework is illustrateBigure3. A model that

is only required to be sensitive to the Operating Mode Distributimuld take significantly less time to
run.
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Figure3: New Interface for MOVES (NIM) in an Emission Monitoring FramewBekk et al., 2015)

2.3.3 Other Emissn Models

Jamshidnejad et a{2017)proposed a method that generates retithe emission estimates by coupling
a traffic flow model with the microscopic emission model;ivi€ro. The resulting method developed
was considered a mesoscopic emission monitoring framework, since it was appiacable
macroscopic flow model and microscopic emission modemi€fo is a microscopic emission model
that uses instantaneous vehicle speeds and acceleration.

Macroscopic realime emission monitoring was also uskygCsikéds & Varg@012) where an emission
factor is applied to average speeds from rBale measurements. The emission factors were obtained
from the COPERT model and validated with Versit+Micro through a Vissionadd

2.4 Traffic Managementechnoloy

Traffic management requires monitoring traffic through the detection ofaad vehicles. e detection
of vehicles often includes detection wéhiclerelated properties such as speadd vehicle

classificationThemost commonly used sensor technoydgr vehicle detection isnductive loopsensing
due to itsaccurate presence detecticand reliability Its cost is also relatively low compared to other
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types ofsensorsinductive loop technology uses wires embedded in paventteattdetect the presence
of vehicles as they pass ov@ther pavement embedded technologies includagnetometes and
magnetic sensorghe latter of which is less sensitive to vehigtesence tharnnductive loops These are
used as alternatives to thiaductive loopsvhen the roadstructureor condition does not permibops.
(Federal Highwaydministration, 2017)

Methods noninvasive to pavement are also available. For example, microviivared,ultrasonic, and
acoustic sensors can be used to detect vehicles. Microwave, infranedultrasonic technologies can be
used agadars where adevicetransmits energy, then measures its reflectioaferred to asactive
sensingAcoustic and also infrared technologies are used in passive sewsiegg energy is not
transmitted but only detected from vehicles and other objedtbese methods hawarying levels of
reliability depending on the surroutmy environment and weather condition§urthermore,aside from
active infraredsensing, these methodsan be unreliable for vehicle detection at certain speeds.
However, it is an advantage to n@quire pavement alterations to indtahese sensorqFederal
Highway Administration, 2017)

Inductive loopsan detect the presence of vehicles where the detectors are installed, but has trouble
classifying the vehicles dmecogniing repeated detections of the same vehicle. Lacking this
information presents challenges in determining detailed vehicle activity profilesicle activity
modelling methods developed in the past were designattiout this information available.

Currenty, advances in detection technology is yiding more detailediata, allowing vehicle tracking.
This allows multiple detections of the same vehicle to be associatedxample is computesision

applied to traffic camergsan emerging traffic monitoringgchnology already in use, but also still being
improved(Sokemi Rene Emmanuel Datondiji et al., 20¥#ile it is currently unable tprovide

accurate secorwtby-second trajectory information due to camera distorti(®. René E. Datondji, Dupuis,
Subirats, & Vasseur, 2016; Sokemi Rene Emmanuel Datondji et al,, i20a6)provide detections of
vehicles in specified locatiorand these locations in the image plane can be matched to the real world
(Kanhere & Birchfield, 2010yurthermore, computer vision can differate the vehicle type in terms

of rough categorie§Sokemi Rene Emmanuel Datondiji et al., 2016)

Other recentdevelopments in vehicle detection include Bluetooth andR\MsensingThese methods

rely on sensors thateceivethe MAC (MediadAccess Control) addree§devices in a vehicle such as
mobile phonesLike videebased detection,leycan reidentify vehicksusing the unique idertiies of
devices. Thee-identification of vehiclesit multiple locationsallows these sensors to monitor travel
timesbetween these location® similar technique can be applied to ANPR (Automatic Number Plate
Recognition), wheréicense plates are capturdny cameraand recognized at specified locatiof3osé,
Diaz, Belén, Gonzéalez, & Wilby, 20a8)ile vehicle reidentification technologies caprovide
macroscopic travel time data, they are unable to track vehicle movement inl detéike videebased
detection.
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Chapter 3  Research Methodology

As discussed in Chapter 1, one of the major difficulties in emission quantification is how to obtain real

world ground truth data, for both emission production and detailed vehicle activity informatio this

research we propose to address this challenge by introducing a simuladied approach, which

couples two well validated simulation models: Vissim for traffic simuld#arv Group, 201%8)nd

MOVES for emission estimatigdS EPA, 2015his method is adopted as a testbed environment for
ISYSNYGAYy3a (GKS Ga3INRBdzyR (NMziKé SYAaaArdmeamisSiani A Yl GSa
estimation model. To save time in the research process and to achievetamealalculation methoda

shortcut method for running MOVES was developed. Thus, the emission estimation process does not

require running the MOVES software, but the results are practically identical to those generated by the
MOVES software.

The overall framework of the resedr is illustrated irfFigured. First, a Vissim model is created using

field data, which simulates the traffic controls, vehicle activities, and data collection usingeksum

sensor settings. The outputs from the traffic simulation provide the assumed traffic data required for

the emission model, such as traffic flow, signal timings, andtagblution vehicle activity data. This

way, the original vehicle trajectories aradwn in detail. The process follows two main paths: one path,
AYRAOIFIGSR gA0GK a2fAR fAySas aK2gAy3d K2g (GKS dINRJz
indicated with dashed lines, through which the rtiade emission modelling method is tested.the

end, the emission estimates from both paths are compared to evaluate the adequacy of the proposed

reaktime modelling method.
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3.1 Vissim Model

Thetraffic simulationmodel was created iRTWissim7 (PTV Group, 2019)etails of this model,
including the site it is based ocharacteristics of the network, and esite traffic detection are
describedbelow. The subsections describe how datasaesed to create the modéB.1.1), how the
model is used to simulate detector daftar the research(3.1.3, how the model was validate@.1.2),
and how alternative scenarios of the original Viseiwmdelwas created for sensitivity analys¢s1.3).

Site Description

The case study is based on an urban corridor located in Cambridge, Ontario, Canada, as Bitpwa in

5. This site was chosen because it represents a typical wbaidor with traffic signals and because

traffic data was available to calibrate and validate a simulation model based on ¢hil$ gins along
Hespeler Road spanning from Dunbar Road to the Highway 401 eastbound ramp. From south to north,
the major roads intersecting with Hespeler in this segment are Dunbar Road, Sheldon Drive, Bishop
Road, Pinebush Road, and the Highway 401bBasti Ramp. Between these five major intersections

are four minor intersections that serve as entrance/exits to retail parking lots.
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TNy (1) Hwy401 EB ramp
$7)

Figure5: Case Study Traffic Corridor (Circled are major intersections.)

Traffic Network Description

Most of the corridor is a thre¢éane road with lefiturn storagelanesand actuated signal control at
intersections Apart fromthe Pinebushntersection the miror direction approachebavetwo thru lanes
or fewerand the signal actuation is partial, with minor thru movements and aklilegft movements

actuated.At Pinebushboth major and minodirections are fully actuated wittwo left-turn storage
lanes.
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OnSite Traffic Detection

The major intersections of the corridor were implemented with a set of vdgesed counting and
presence detectioms well asdVi-Fidetectors The videebased system provides volumes and turning
movement counts, while th&Vi-Fidetectorsprovide travel time measurementiductive loop
detectors are used for signal actuatiand for queue length detection, but the loop detector data was
not used in this research.

3.1.1 Input Data

The data used to construct the Vissim modetlistedin Table2 with their sources and purposeshe
Vissim model is intended to be as realistic as reasonably pogsiele the available data so that studies
conducted in he model would be valitbr the existing conditionsf the site. Most of the data were
used for modeimaking, except for the travel speed measurements which were used for model
validation.

Table2: Data for Building Vissim Model

Information Source Format Modelling Application
. Constructing road links,
Road geometry Google Maps Image in JPEG .g -
lanes, stogine positions
- Region of , Inserting speed decision
Speed limits g GIS shape file gsp
Waterloo markers
. Region of . Programming signal controls
Signalplans g Tables in PDF g . g . 9
Waterloo for all intersections
Positions of loops detectors Region of Setback descriptions Placing detectors for signal
for signal actuation Waterloo in email actuation
Turnin Major Videobased Spreadsheets in Specify vehicle input
g Intersections TMC Excel volumes
Movement Minor Traditional Specify route decision ratios
Counts _ Tables in PDF Pe . A
Intersections TMC for intersection movements

Validate the Vissim model
based on travel time
distributions

Travel Speeds between I Spreadsheets in
o . Wi-FiDetectors
major intersections Excel

3.1.1.1 Geometry

The road geometry was constructed based on Google Map images. Several screenshots were stitched
together to cover the entire sitéFigure6). Thisstitched image was used as a background in Vissim to
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trace the links and land§&igure?). The builtin mapbackground available did not provide enough clarity
to build accurate lane layouts; thus, higisolutionGoogle Mapscreenshots weresed.
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Figure6: Google Maps Background for Building Vissim Model

30



Figure7: Screenshot from VissiBimulation¢ Pinebush Intersection

3.1.1.2 Speed Limits

Speed decision markers were inserted at all entry points into the network and at links where the speed
limit changes from its upstream link. The markers were set to define link speeds according to
information provided in the open data catalogue of the Ragif Waterloo (henceforth referred to as

the Region). This information wabtainedin the form of Geographic Information System (GIS)
shapefiles. As shown Kigure8, the corridor running nortksouth has a speed limit of 60 km/h with

most eastwest approaches having a speed limit of 50 km/h. For the minor intersection, theveast
approaches come from parking lots, and are assumed to have an approach speed of 26khtley

reach the intersection.
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Figure8: Speed Limitg, Hespeler Corridor from Dunbar to Hwy401

3.1.1.3 Signal Control

Signal plansvere obtained from the Region for all intersections, with a sample includégpendixB ¢
Sampleof SignaPlan The Region also described the positioning of signiabdon detector loops in
AppendixCc¢ SignalActuation Detector Loop LayouThese were used to program the signal controllers
in Vissim through the Ring Barrier Con{{@BC) tool with detector actuation.

3.1.1.4 Traffic Volumes and Turning Ratios

The vehicle input volumes and turning ratios were based on turning movements counts (TMC) provided
by the Region. A sample is providedippendixD ¢ Sample of Turning Movement Count Datéddec

based TMC was available for major intersections on one daycolgzy S y X Hnmc ® ¢a/ Q&
intersections were available from different dates over the sesteral years; these were used for the
remaining minor intersections. In the Vissim model that is based on field conditions, the vehicle inputs
are specified per hour according to the TMC data. Due to the availability of data, the following hours
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were simdated: 7-10am, 36pm, and 81.0pm, denoted henceforth as the morning period, afternoon
period, and evening period, respectively. These hours had data available across all intersections.

3.1.2 Model Validation

In the Vissim modetravel speedsvere measured betwen major intersection fronthe upstream stop
line to the downstream stofline. Tle distribution of travel times from the simulatiomere then
compared to the distribution of travéimes in the field as measured by théi-Fidetectors.It shouldbe
noted that the Wi-Fidetectors have a detection range séveral metersso theyare not as precise as
the simulated travel time detector§.husthe distribution of field travel timegs expected to be more
widespreadhan those measured in the simtilan. Furthermore, the placement of the Wi detector
could influence the measurements taken. They are typically placed at the corner of an intersection
inside a cabinet among other electronic equipment.

Thedistribution of travel times for all segmenit®tweenmajor intersections for aimulated hours are
shown inFigure9. The comparison was also disaggregated by penidgphpendixe¢ Comparison of
Field and Simulation Travel Tim¥gi-Fi detectors also have a low detection ratae difference in
sample size between the simulation and field data are illtsttdy scaling the distsution plots by
sample size ifrigurel0. Scaled plots disaggregated by hour are also includégpendixEg
Comparison of Field and Simulation Travel Times

The field data is shown to have a much lower sampleasigewider spreadhan the simulation travel

time measurements, as expected. However, it is still evident that the trawektbf thesimulation and

field data generally fall within the same ranges with a similar overall distribution. When disaggregated
by hour,the same consistency is seen for most segments in most hours.
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3.1.3 Detector Simulation

Aside from simulating vehicle activities, the Vissim maedal also simulate detectors. The data assumed

to be available includes vehicle presence detection at the positions near an intersection that can be
specified by the users. Furthermore, multiple detections of the same vehicle can be known as detections
of the same vehicle. In Vissim, the data collection feature was used to generate this data. Data collection
points were placed at the following locations with respect to an intersection approach: an advance
location upstream from the intersection, the locatiof the stopline, and the exit at the end of the
intersection as indicated ifrigurell. Detectors were placed according to this scheme for the approach

of each majointersection that is preceded by another major intersection. Only one advance detector
would be used in the method, but several advance detectors were placed in the model to investigate the
effects of the location of the advance detector. The various looatconsidered were at 25, 50, 75, and
100m setbacks. In addition, detectors were placed for turning movements to detect stops made during
permissive turns, shown iRigurel?2.
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Figurell: Detector Locations
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@ Turning Stop Detector

@@ End Detector for Turns

Figurel2: Detector Locations for Turning Movements

3.1.4 Alternative Scenarios Created for Sensitivity Analysis

Aside from the Vissim model created according to the field data, additional Vissim models were created
for sensitivity analysis. The additional Vissim mageinarios and their properties are summarized in
Table3. Eachalternative scenario is used to analyse the sensitivity of the proposed metheatitous

factors.
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Alternative Scenario

Table3: Alternate Vissim Model Scenarios

Simulation Model Variables

Scenario = Scenario

Description

Field
Conditions
Volume
Variations

Fleet
Variations

Signal
Coordination

Signal
Variations

Speed Limit
Variations

Detector
Location
Variations

Vehicle
Input:
Volumes
As per TMC
data
Gradually
Increasing

Constant:
Average of
Scenario 0
Same as
Scenario 1

Constant:
Average of
Scenario 0

Same as
Scenario 1

Same as
Scenario 1

3.1.4.1 Scenario ® Field Conditions

Vehicle Input:
Vehicle Types

As per TMC
data
Constant
95%PC
5% HGV
0% to 30%
HGV at 5%
increments
Constant:
95% PC
5% HGV

Constant:
95% PC
5% HGV

Constant
95% PC
5% HGV
Constant
95% PC
5% HGV
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Signal Plans

As provided byhe
Region

Constant

Morning period
signal plans
Constant:
Morning period
signal plans
Coordinated for NB
thru,

Otherwise based
on morning period
signal plans
Thrugreen
increases from 30s
to 65s at 5s
increments,
Otherwise based
on morning period
signal plans
Constant:
Morning period
signal plans
Constant:
Morning period
signal plans

Speed Limits

As found irthe
wSIAA2Y Q&
Constant

As per data

Constant:
Asper data

Constant:
As per data

Constant:
As per data

3 models, each with
all speedimits at
50, 60, or 70 k/hr
Constant:

As per data

The Vissim model for Scenario 0 is based on éefdlitions. The vehicle input volumand types were
specified for the hours of-I0am, 36pm, and 810pm according to TMC data from the fieléehicles
were classified in terms dfight Duty VehicleBusesSingleUnit Trucks, and Articulated Trudksthe
video-based TMC data. In the olderanualTMC dataSingleUnit and Articulated Trucksvere not
differentiated Due to their small percentage (<5%), they were spetd&SingleUnit Trucksn the



simulation modelThe equivalenvehicles useéh the Vissim model areassenger Cars, Buses, Heavy
Goods Vehiclesand Articulated Heavy Goods VehiclBse signal plans are specified as per the signal
plan documents provided by the Region for the corresponding time periods. The speed limitsase set
LISNJ 6KS wS3aAz2yQa RIGF & 6Stfo

Scenario 0 is simulated in one continuous simulation. Each time penioching, afternoon, and

evening) including the first time period, j{greceded by avarm-up period. Simulation data from the

warm-up period is not usg The warraup time for the beginning of the simulation and the beginning of
each subsequent time period is half an hour and one haspectively. The warrap time of half an

hour was determined by examining the travel times between major intersectibbsrdnute intervals.

For all intersections, the travel time distributions do not show significant changes in pattern after half an
hour into the simulation or sooner. Thus, half an hour is allowed for warming up. In between periods, an
hour is used conseatively for the transition between traffic conditions from the previous period to the
next.

3.1.4.2 Scenario 1 Volume Variations

In Scenario 1, the volume of the vehicle inpmisreaseggradually over the course of the simulatiorhe
purpose of this simulatiois to provide results over a range of volumes so that the sensitivity of the
proposed method to different volumes can be examin€d.specify vehicle input volumes for Scenario
1, the field volumes across all available hoges specified iscenarid ¢ were averagedand then

input volumes ranging from 25% to 200% of tweragewere found at 25% incrementsThis creates
eight levels of input volumesesulting in ayradual increase of approach volum&ne simulation is run
continuously with thanput volume increasingpy one level every half an hour.

The rest of the variables were held constariie vehicle input fleet distribution was set%% PC and
5% HGV continuousl®her vehicle types were omitted for simplicity, as they account for a verlt sma
percentage (<5%])he signal plarollows that ofthe morning period continuously. The speed limits
remained unchanged from Scena€io

3.1.4.3 Scenario D Fleet Variations

Scenario 2 was created tovestigate the effects of having different proportions ofH@a Ay GKS T S
Thel Y2dzyi 2F |1 D+xQ& AYONBIaS FTNRY p: everyhalfk@ur Ay Lidzli O
after a warmup period of half an hour. In the Scenario 2 simuladidhe input volumes are held

constant at the average of values from 8ago 0¢ Field Conditions for each inputhe signal plan and

speed limits are held constaas in Scenario 1.

3.1.4.4 Scenario 3 Signal Coordination

In Scenario 3, the simulationputsvaryacross two variables: volume and signal timing. The volume
follows the same input scheme as in Scenari®he difference between Scenario 1 and 3 is that the
signal plann Scenario & coordinated for the northbound directicaccording to the offsetsiTable4.
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This scenarizvasused to compare the results cbordinated and uncoordinated signal plans, across
different volumes.

Table4: SignalOffsets for Coordination

Intersection Distance from Previous Distance from Speed Signal
Intersection [m] Dunbar [m] [km/h] Offset [g]
Dunbar 0 0 63 0
CambridgeCentre 190.7 190.7 63 11
Bishop 331.4 522.1 63 30
Shoppers 316.6 838.7 63 48
SheldonLangs 412.4 1251.1 63 71
BurgerKing 145.6 1396.6 63 80
Blackshop 1934 1590.1 63 91
PinebushEagle 363.4 1953.4 63 112
Hwy401 564.9 2518.3 63 144

3.1.4.5 Scenario 6 Signal Variations

The simulation model in Scenario 4 holds the input volumes and vehicle types constant. The varying
variable is the green interval for the thru movements of the corridor direction at all intersections. The
thru green interval increases from 30s to 65s airssements every half hour period after a half hour
warm-up period.

3.1.4.6 Scenario ® Speed Limit Variations

In Scenario 5, three simulation models are utethvestigate the effects ahree speed limits. All
models are based on the Scenario 1 model, whig only difference being the speed linit. eachof the
three models of Scenario 5, all speed limits are set at 50, 60, or 70 km/hr.

3.1.4.7 Scenario @ Detector Location Variations

Scenario 6 is not performed in its own separate model; rather, it involvesnpairfg the trajectory
reconstruction using detector data from detectors at different positions. All of the simulation models
have multiple advance detectors as described in se@i@ The trajectory reconstruction is
performed using advance detection from the detectors at a 25m setback from thdisogetectors,
then 50m, 75m, and 100m.
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3.2 Trajectory Reconstruction

As discussed in literature review, one of the kagtors affecting the amount of emissions that could be
generated by a vehicle is its motion patterns such as acceleration, braking and cruising. As a result, in
order to accurately estimate traffic emissions, an ideal approach would be one that caatatcur
reconstruct the trajectories of individual vehicles in a traffic stream based on the available sensor data.
In this research, we assume that the available data consists of vehicle presence detection at specified
locations and signal timing recordgne detection of the same vehicle at multiple locations is assumed

to be associated; thus, repeated detections are known. Furthermore, it is assumed that the detection
technology can roughly classify the vehicle type. This data alone is insufficientfosoaipic emission
modelling, as microscopic emission modelling requires higher resolution data, such as instantaneous
vehicle speed and acceleration at small time intervals. Thus, a reasonable approach would be
reconstructing the vehicle trajectories ugiknown information from the detectors.

There are various levels of detail at which the trajectories can be reconstructed, each having

repercussions for the emission estimates generated using them. In the reconstruction method

presented here, vehicle aceshtion and deceleration functions and datlowing principles are used.

The acceleration and deceleration functions, found in the literature, were empirically developed

6. 23RIYy20A0 3 wdzOl A0 H A MIHE cavotloWihg\linaipledzdane from . 2 1 | NB
b S¢St folaingdriodél Treiber & Kesting, 2013This reconstruction process can be seen as an

effort to fill in the missing information of vehicle trajectories between detections.

An alternative method that assumes constant average speed between detectors was dtsead:xpo
interpolate the average speeds, signal timing information is not required. This alternative is much
simpler and faster, but the estimation errors are expected to be greater. However, depending on the
purpose at hand, it may be appropriate.

3.2.1 Trajectory ReconstructionusingAcceleration

The first proposed trajectory reconstruction method is based on the general motion patterns of vehicles
and their caffollowing behaviour when approaching an intersection, as conceptually illustrateidme

13. It first segments each trajectory into stretches of acceleration, deceleration, cruising, and idling
based on detections. The method involves performing a set of algwsitn the data from a platoon of
vehicles passing through one intersection approach during one signal cycle. The required information
includes presence detection and the signal timing for the cycle of interest. The locations of detectors, as
previous explaned in sectior8.1.3 are at an advance location upstream from the intersection, the-stop
line of the intersection approach, the stopping point on a-leftright-turn curve, and the point of exit

at the end of the intersection.
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Exit Detection

Acceleration

Deceleration

Curve Trajectory Offset According

to CarfollowingModel

Advance Detection

Figurel3: Conceptual lllustration of Vehicle Trajectory Reconstructieith Acceleration

Figurel4 andFigurel5 show the overall process for the proposed trajectory reconstruction method.
The reconstruction method outlined Figurel4is performed for all vehicles passing through the stop
line of each thru movement lane, whilggurel5 applies to leftturn lanes. The thru movemeidnes

are processed before the leftirn lanes. The two processes shown are similar, except that for the left
turn lanes it accounts for more instances of possible stops during the turn. Differer€igsiigl5 are
coloured in red. This is due to the possibility of having permissivuleftphases without any protected
left-turn phase in the cycle, which can happen if the protected phase is not actuated. This endiffer
from rightturn lanes in the major direction, which are shared with thru lanes in the major direction and
will always have a protected phase in each cycle. At the end of the algorithm, complete trajectories from
the exit of the upstream intersection titnve exit of the current intersection are constructed. Another
difference is that the cruise speed is found using thmavement vehicles, which is omitted in the left

turn reconstruction process.

Detailed formulation®f the individualcomponents in thelbwchartsare provided insectiors 3.2.1.1to
0. Some genergbatternsabout the nomenclaturaised in the formulatiorare listed below.

0 denotes a point in time
Y denotes a duration of time
W denotes a position in space
a denotes dength ofdistance
A hh are used as subscrippertaining tothe advance, stotline, turning, and

exit detectorsrespectively
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pertains to a certain vehicle
pertains to the vehicle preceding vehiélén the platoon
pertains to a time step

denotes the beginning and end times of a vehicle detection
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3.2.1.1 Determining the Cruise Speed

To find the cruise speed, the average speeds of vehicles passing through an intersection from-the stop
line detector to the exit detector are considered. From a sample of average passing speeds, the cruise
speed would be a high percentile of all the speeds, as vehicles in the lower speed range likely slowed
down due to queuing. When finding the cruise speed, the sample of average passing speeds must
incorporate vehicles that passed through in free flow. Tlusrge enough sample size is needed.

However, in theory, the cruise speed depends on the level of congestion, which can change from cycle

to cycle. The samples of average passing speeds should be taken from a sufficient number of cycles such
that vehicles passing in free flow are captured, but an overly large sample could result in a cruise speed
that is too aggregated.

Theaverage passing speed is foumctording to Equation,8llustrated inFigurel6.

a W
0 YT R 8 & o v
where
0 R is the average speed of vehiéldrom the stopline to the exitdetector
a is the distance between the stdne to the exit detector
Y B is the time it took vehicle to travel from the stogine to the exitdetector
o Mo arethe positions of the stofline and exit detectors respectively

o} D arethe timesvehiclet left the stopline andexit detectors respectively
(Subscripts 1 and 2 denote the beginning and end of a detection respectively.)

The cruise speed was found as the Si8fcenile of allthru movementpassing speeds in the current
intersection approaclior the pastd lane-cycleplatoons as in Equatiof. A value ofit was found that
the value ot does not have a greampact on the overall performance

V] Up 0 FOEN QOO0 OB G& 00 O DOba Qi w
where
b is the percentile of passing speeds to be considered the cruise speed
0 is the determined cruise speed
a is the number of laneycle vehicle groups to sample
Values of, w wnda p Twere used.
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Figurel6: Findingthe CruiseSpeed

3.2.1.2 Decision Conditions

The process for making the decisions in the flow charignrel4 and Figurel5are explained in this
section.

Did the lead vehicle stop?

Lead vehicles are identified as the first vehicle to pass through distpfter a green phase begirfsor

a detected lead vehicle € p , itis easy to determine if the vehicle has arrived in the red interval
and thus stopped at the steline. This can be done by checking if the passing time of the vehicle over
the stopline detector is over a specific thresholtf, j

Did a follower vehicle stop in queue?

For follower vehicles, whether they came to a complete stop in the queue is determined by the
approachspeed of the vehicle over the distance from the advance to-tapdetector. If this speed is
sufficiently less than the cruising speed, the vehicle is considered to have come to a full stop. This is
checked usingquationlOand illustrated inFigurel?.

If v n 0 , the vehicle idled in queue.

46



where

hoo
i o

h

¢

h

is the average approach speed of vehiclieom the advance to the stopne
detector

is the distance between the advance and st detectors

is the time it took vehiclé to travel from the advance to the steljne detector
is the positions of the stepine and advance detectors respectively

is the time vehicle left the stopline and advance detectors respectively

is the threshold fractiomf the cruise speethat the average speeds of vehicles
cannot exceed if they had stoppel value of} T® was used.

0

Figurel7: Determining Whether a Vehicle Stopped While Approaching an Intersection

Did a follower vehicl€ollow closely?

If the vehicle was found to have not stopped in queue, then it is checked whether the wehile
following the preceding vehicle closely behind when passing thelstepThis check is performed by
comparing the time headwayetween thecurrent and preceding vehicle to a threshold time headway
according to Equationsliand 12, as illustrated irFigurel8.
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oY Y O ) WOOH'RQN & LBRD Qa P q
where
Y is the headway between the current and preceding vehicle when crossing the
stop-line
“Yi is the minimum headwafor vehicles following in freflow conditions
“Yi isthe maximum time headway of vehicles discharging from a quaulue of
“Yi p&i was used

YOV YUY

Following. Not following.

Figurel8: Determining Whether a Vehicle is Following Its Predecessor

Did a vehicle stop during a turn?

Whether a vehicle stopped during a turn is deterndriee same way as whether a lead vehistepped
at the stopline. If the detection of the vehicle at the turning detector lasts longer than ,
the vehicle is considered to have stopped there.

48



3.2.1.3 Ne we | |-Followir@g Model

bSéStf Qi Y2 Rdniodelihe darfaiidihgibBhaviour in this methodecause ofts simpicity
(Treiber & Kesting, 2013l was also shown to be able to generate addquemission estimatedespite

its simple form(Vieira da Rocha et al., 2018)y b S 4 S f theQdllowat & BsSUMEd to always

maintain a constant time and distance offset from the preceding vehicle. The distance offset is referred
to as he effective length of the preceding vehicte, . The effective length depends on the vehicle
lengthand following distanceln this research, a vehicle lengttsétfor each vehicle class considered
based on the vehicle properties in Vissimted in Tableb. To find the time offset, find3uch that

Equations 13 and 14 are satisfied.

Wp @ a p po
Y 0 0 pT
where
a i is the effective length of vehicke p
Y is the time offset

bSgStfQa Y2RSt A& dzaASR (2 RS s velicesid quéuaarRt Ay 3
vehicleg, the wandocoordinates of the start of the idlincurve is foundaccording to Equations 15 and
16, as illustrated irFigurel9.

W p W F QR (o))
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A

Figure19: Newell's CaiFollowing Model

Table5: Effective Vehicle Lengths for Newell's €ollowing Model

Vehicle Type Effective Vehicle Lengti, g jjn]

Passenger Car 55

Single Unit Truck 11.5

Combination Truck 13.5
Transit But 13

3.2.1.4 Modelling Following Motions

In the casavhere a vehicle is found to have followed closely, the following formulation is used.
Typically, the vehicle would approach timersection inafree-flow cruisingmode butbegin tofollow
closely once it is near the preceding vehidlbe cruise portion of the trajectory is described in
Equations 17-18) and the caiffollowing portion is described in Equatiori{22).

0O O Qo0 P X
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where
Q denotes a timestep
3 denotes the current vehicle
E p denotes the preceding vehicle
0 is the time at timestep™Q
wh hd are the position, speed, and acceleration of the vehiclé at
Qo is the timestep increment. A value @ 0 pi was used.

3.2.1.5 Modelling Deceleration Motions

As indicated irFigurel4 and Figurel5, the deceleration motion of a vehicle is modelled if it is
determined to have come to a complete stdfpdeceleration curve is defined by its staint, endpoint,
and a curve functioriThe startpoint and endpoint are both defined by a time and positiorrdioate.
The curve functiomsedis anempirical function calibragd in a study of the deceleration behaviours of
vehicles at an intersectiofKumar Maurya & Bokare, 201Rjinematic relationships are used to
determine related factors.

When the endpoint time and positioof the deceleratiorcurveare specified such as for a lead vehicle
detected to have stopped at the stdme, the following processs used to fit a deceleration curve:
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Consider a continuous set @kime intervals of step siz@ @ver the segment of deceleration with an
initial speed oD 0 and an initial acceleration rate of mato 1. For time interval
"QQ phkB Q, Equation®3-26 define the deceleration curve.

@ QU QU Q ¢o
L U Qo [
C
o v .
w Qo c¢u
q
0 0 Qo CQ

QEN pkMBQi 6@Dd 1

where
Q denotes a timestep
0 is the time at timestep™Q
wh) Fd are the position, sped, and acceleration of the vehicle @t
"ORQRQ are empirically calibrated parametefikumar Maurya & Bokare, 2012)
Qo is the timestep increment A value o 0 pi was used.

To match the end of the deceleration curve to the beginning of the stopped curve:
Shiftw sothatw © ® w, and
Shifto sothato © 6 0 0O 0
0 is introduced to account for the time a vehicle is already detected at the stop
line but has not come to a complete stap ¢i was used.

W is the position of the stp-line detector It isreplaced byw  for cases where
the vehicle stopped during a turn without stopping at the stoye

0 is the time the vehicle left the steline detector It is replaced by for
cases where the vehicle giped during a turn without stopping at the stdine

Then adjust the deceleration curve so that it matches the advance deteeitiustrated irfFigure20.

Ifw ® ,then extrapolate the trajectory by cruise speed to the advance detector position
according to Equations 230
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5 ¢ X
0 o Y ]
Y 0 o} Cw

fow @ ,thenfindQvherew is closest tav

Y 0 0 o

where

Y is the time spent cruising from the advance detector befdeeelerating

0 is the extrapolated time of being at the advance detector

Y is the difference between the detected time at the advance detector and the

time in the trajectory reconstructed so far

IfY T, decreaséQ and increaséQRQ by a proportionr

IfY T, increaséQ and decreas@hQ by a proportion)
Valuesof n T3t b and”Y wereused. Note that lower valuexf Y generate more aagrate

trajectories butrequire significantly more computation effoilus, he valueof must be small
enough that thetrajectory can be fitted with”Y  of the detections.

This section is repeated unty¥ Y , where”Y is the acceptable discrepancy between
the detected time and reconstructed trajectory time.

In some caseshe endpoint position ispecifiedbut the time is notsuch as for a follower vehicidling

in a queue Its position in the queue can be found, litsttime of entering the queues not detected. In
such casesq previously modelled deceleration curve is usBde position of the curve is shifted so that
the endpoint positiorof the deceleration curve matches tlspecifiedidling position. The time of the
curve is shifted so that it matches the advance detection of that vehicle
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Figure20: Fitting Deceleration Curves

3.2.1.6 Modelling Acceleration Motions
Themodelling of acceleration motions is performed to that of deceleration motidhg. acceleration

curves are modelledccording to Equation 3ds a sequential process using a set of kinematic equations

similar to those for the deceleration proced&guatiors 2426).
hd mho moE® T
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where
IR are empirically calibrated parametef¥. Zhang et al., 2013)
To match the end of the stopped curve to the beginning ofdébeeleration curve:

Shiftoo sothatw © @ ® , and

Shiftdo sothato © 6 0 0 &

0 is introduced to account for the time a vehicle is detected at the itog but
has already begun accelenadi 0 ¢i was used.

W is the position of the stofiine detector It isreplaced with @  for cases where

the vehicle accelerated frostopping duringa turn

o} is the time the vehicle leaves the stlipe detector It isreplaced witho for
cases where the vehicle accelerated from stopmlogng a turn

Then adjust the acceleration curve so that it matchesdakiedetection, as illustrated irfFigure21.

Ifw ® ,then extrapolate the trajectory by cruise speed to thét detector position
according to Equations 325.

Y - o
5 q

0 o Y o0

Y 0 0 ot

fw w ,thenfindQvherew is closest tan

Y 0 o] ()
where
Y is the time spent cruising from the advance detector before decelerating
0 is the extrapolated time of being at the advance detector
Y is the difference between the detected time at the advadetector and the

time in the trajectory reconstructed so far
Ify 1, decreasé¢ and increasé by a proportion

IfY 11, increas¢ and decreasté by a proportion
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The same valuesfry, and”Y as the deceleration modelling methadkere used. This section is
repeated until'Y Y , where"Y is the acceptable discrepancy between the detected
time and reconstructed trajectory time.

X A

Figure21: Fitting Acceleration Curves

3.2.1.7 Modelling Linear Constarpeed Motions

This section describes thi@ear interpolationindicatedin the flow charts It is usedetweenidling
curves at the stogine and turn detectorsandfor free-flow movementsbetweendetectors.The
formulation is the same as that in equations (3) andK4y.linear interpolation between two points in
time and spacethe kinematics properties are fad using Equation 36.

N VI
L —— o
0 o ¢
where
0 is the constant speed betweehe points

who are the positios of the end and start points respectively

o0f  are thepoints in time for the end and stapoints respectively
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In the case of interpolating between two idling curves, the end of the first curve is the startpoint and the
beginning of the second curve is the endpoint of the interpolated segnhetihe case of fredlow

movement through the integection, this interpolation formulation is applied with the advance

detection as the startpoint and the stdme detection as the endpoint, then with tretop-line

detection as the startpoint and the exit detection as the endpoint.

3.2.2 Trajectory Reconstrugon UsingAverageSpeednterpolation

A simpler method is investigatethere the vehicle trajectories are linearly interpolated between the
detections. The detected idling curves &&en as is. Betweenretections, the trajectory is interpolated
asanaverage speed trajectory, as illustratedrigure22. In this method, the formulation in sectidhis
used for all spaces between detections.

Exit Detection

Signal Timing

StopLine Detection

Advance Detection

Figure22: Conceptual Diagram of Trajectory Reconstruction witimearinterpolation

3.3 Emission Estimation

The second major component of our proposed traffic emission estimation method is the simulation
model MOVES that is used to determine the emission amounts of different types using vehicle
trajectoriesc either simulated o reconstructedg as inputs. The following section provides a detailed
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discussion about the MOVES model and the inputs required. To improve the computational efficiency, a
simplified method is lastly introduced, which could be used to calculate emidsexily without the
need to run the MOVES software.

3.3.1 Generating Inputs for MOVES

MOVES is a software system developed by EPA that can be used to estimate traffic generated emissions
at various levels of scales, ranging from projegel to national level In this research, we use MOVES
for project level analysis.

To generate emission estimates, the MOVES software requires a range of inputs as listed in

Table6. Running MOVES requires selecting a reggpecific domain from its database or creating a
custom one. Since no domains were available for Canadian regions, and creating one is an onerous task,
MOVES was run using the Erie County domain.

With these inputs, MOVES is used to generate emission estimates disaggregated by vehicle type,
pollutant, and pollutant process. Further disaggregation is enabled by disaggregating the input data
prior to feeding it into MOVES using unique link numbergxg¢ained in sectio.3.1.3 The emission
estimates are aggregated over the vehicles crossing thelsiepn one lane of one intersection
approach during one sighaycle.

Table6: MOVES Input Tables and Sources of Information

Input Table Source of Information Notes Regarding Input Table Creation
Statistics Canada _ .
o . Available data was extrapolated for unavailab
Age Distribution (Statistics Canada,

data
2009)

Fuel Supply
Fuel Usage Fraction Default MOVES
Alternative Vehicle Fue|  database for Erie
Technology County, New York
Fuel Formulation

Avalilable information from the closest region
was used.

Open online archives| Temperature and pressure for Cambridge wa
Meteorology

(Thorsen, 2018) found for each hour of the day
Links The vehicle records from the simulation outpu
Link Source Types provides secondby-second vehicle profiles

. Vissim simulation ) , . .
Operating Mode including speed, acceleratiomehicle type, and

Distribution their place in the network.
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3.3.1.1 LocalRegionaDatad Vehicle Age Distribution and Meteorology

Where available, data for the local context was used, such as vehicle age distributions from Statistics
CanaddStatistics Canada, 2008)d meteorological data from open sourd@horsen, 2018)itwas

assumed that the current age distribution of vehicles is not significantly different from the tithe of

data. MOVES accepts age distributions spanningyeed@0range, but data only provided a distribution

ALl yyay3a tSaa GKFy wn @SFNRX a2 (GKS NBYIFAYyAy3 &St
AppendixF ¢ Vehicle Age Distribution Extrapolatiofhe meteorological data, i.e. temperature and

relative humidity, were specified on an hourly basis for the city of Cambridge, Ontario.

3.3.1.2 Default DataProvided in MOVES Fuel Information

For theFuel Supply, Fuel Usage Fraction, Alternative Vehicle Fuel Techrariddgyuel Formulation
input tables, the default daténcluded in the MOVES software for Erie County was used, as it is the
closest U.S. county to Cambriddgis data was not easily obtainable. Moreover, it doessighificantly
impact the method of emission monitoring developed in this research.

3.3.1.3 Vehicle Activities Links, Link Source Types, Operating Mode Distribution

In addition tothe inputs on vehicle agdistribution, meteorology,and fuel information the last set of

inputs to MOVES s related to vehicle operations including Links, Link Source Types, and Operating Mode
Distribution, which concern the activities of the vehicles generating the emissidmen Wstimating
emissions for the purpose of traffic management, these inputs are the most important. The format for
these input tables are generated according to the templates created by MOVES and following the Input
Guidelines for Motor Vehicle Emissiddisnulator Model, Volume 2: Practitioners' Handbook: Project
Level InputgPorter et al., 2015)When generating the input templates with MOVES, the user must
select pollutants, processes, vehicle types, and fuels of interest to include in the MOVES run outputs.
The pollutants selected were GON:O, CH, and any prerequisite pollutants for estimating those

pollutants as determined by MOVES in the selection interface, which were Total Energy Consumption
and Total Gaseous Hydrocarbons. The processes selected waiaguexhaust and crantase exhaust,
which occur during omoad driving. The vehicle types selected were Passenger Cars, Single Unit Short
Haul Trucks, Combination Shétaul Trucks, and Transit Buses. The fuels selected were Gasoline and
Diesel Fuel. Onlthe Urban Unrestricted road type is used. The follow section provides a detailed
description of these input tables.

LinksTable
Table7 is an example of part of a Links inputtallley” [ Ay 1a GFofSx 2yS, GdzL) S |
identified witha userspecifiedinkID value ! iaHow ¥iputs are disaggregatedMOVESnd

outputs are disaggregated correspondingig.such thelinkiDcanbe used as an abstract property to
disaggregate input and output dath.can represent an actual link in the traffic netwankany
disaggregategbortion of the input traffic ativity. In this research, the linkID was useddifferentiate
between vehicle activitieapproaching different intersections from different directions, which lane they
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passed the stoftine in, whatturning movement they made, and which cycle they passed the-latep

in. For examplein alinklD 0f21634: the 2indicatesan approach; Dunbar southboungthe 1 indicates

second lane from the righ{counts begin at Qthe 634, being greater than 500ndicates a left turn

movement and 634500=134 indicates the 184ignal cycle of the datasefhis convention was

developed before the reaime emission calculation methgavhen MOVES runs were required, which

only allowsa maximumof 5 digits in the hkID.The countyID, zoneland roadTypelD anslues

corresponding with settings chosen for the MOVESamnuh are held constant in this research. The

linkLength values correspond with the distance vehicles travel ihtfieRA @A Rdzk f af Ay 1 é @ ¢ K
the number of vehicleraversing the link in the time period of conceifhe linkAvgSpeed is the speed

2F ff OSKAOfSa Ay (GKS aftAylé IgsShousadiReOpatefingd (6 KS
Mode Distributiontable is providedThe linkDescription is an optional field. The linkAvgGrade, the

F @SNF 3S 3IANI RS, ishalMP0odoa simplicity, agif dheg hok affect the methodology

developed in this research.

Table7: Links Input Table Example

° c O
[a) Q ) gl
a a2 = = 2 g ¢
8| 2 T S S 2 @ G S
S 2 &8 § 2 2 2 g 2
10001 | 36029 | 360290 5 171.604 2 | 36.79739757
11001/ 36029 | 360290 5 171.604 2 | 26.49264088
10002 | 36029 | 360290 5 171.604 2 | 30.24914179
11002 | 36029 | 360290 5 171.604 2 | 37.64627249
10502 | 36029 | 360290 5 171.604 1 35.2919002
10003 | 36029 | 360290 5 171.604 1 | 38.19702487
X X X X X X X
Link Source TypeBable
TableBA & |y SEIFYLXS 2F LINIG 2F | [AYy]l {2d2NOS c¢eLiSa A

vehicle that is the source of emissions. A tuple is requireddhicle typeg specified by the

saurceTypell; 2 Y S| O &specifiedl with the linklDThe sourceTypeHourFraction is a decimal
FNFOUA2Y AYRAOFGAY3I gKFG LINPLRNIAZ2Y 2F GSKAOdzZ I NJ
d2dzNOS (eLllSed ¢KS TN OlfARyiEtad® Giptd1f £ &2 dzNOS GeLlSa 2y
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Table8: Link Source Types Input Table Example

linkID | sourceTypell sourceTypeHourFractior

10001 21 1
11001 52 0.66666667
11001 21 0.33333333
10002 21 1

X X X

Operating Mode DistributionTable

TheOperating Mode DistributiofOMD)is an optioml input table for MOVES available at the project

level. It provides the traffic activity datt the highestievel ofdetail available for MOVES inputs the

OMD, a tuple is required for each source typek lipollutant process, and operating mode combination

That is, for each pollutant process of each vehicle type on each link, there must be a tuple for each of

the operating modesTable9 shows part of an OMD table for a single vehicle type on a single link for a

single pollutant procesacross all operating mode§he pollutants and processes of interest are
ARSYUGATASR o0& | aAiay3dat S LR fswaidideSifeddy ba®ing®MOBESNE [j dzA NB R
generate an OMD template after selecting the pollutants and processes of interest mentioned earlier in

this section.
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Table9: Operating Mode Distribution Input Table Example

sourceTypelD hourDayID| linkID | polProcessIC opModelD | opModeFraction

21 85| 10001 101 0 0.19047619
21 85 10001 101 1 0
21 85 10001 101 11 0
21 85 10001 101 12 0
21 85 10001 101 13 0
21 85 10001 101 14 0
21 85 10001 101 15 0
21 85 10001 101 16 0
21 85| 10001 101 21 0
21 85 10001 101 22 0.04761905
21 85| 10001 101 23 0.42857143
21 85 10001 101 24 0.0952381
21 85 10001 101 25 0.0952381
21 85| 10001 101 27 0
21 85 10001 101 28 0.14285714
21 85| 10001 101 29 0
21 85 10001 101 30 0
21 85| 10001 101 33 0
21 85 10001 101 35 0
21 85 10001 101 37 0
21 85| 10001 101 38 0
21 85 10001 101 39 0
21 85| 10001 101 40 0
X X X X X X

The operating mode ia categorization of vehicle activiby speed, Vehicle Specific Power (VSP), and
acceleration The operating mode bins relevant to this research and their corresponding boundary
conditionsas provided by the MOVES softwae inAppendixA ¢ Operating Mode Bind'he bin
boundary conditions were in the template generated by MOMEBES opModeFraction is the fraction of
time spent in one operating mode by all the vehiclesmé type on one link. These fractions must be
repeated for each pollutant process of interegehicle Specific Power is a measure of the power
consumption of a vehiclat an instataneous momen® LG Aa | FdzyOlAzy 27
speedandacceleration vehicle mass, mechanical coefficients, and road grasigescribedn equation
(2). Parameter for the function amovidedin the report Population and Activity of Groad Vehicles in
MOVES2014J.S. Environmental Protection Agency, 2016b)

A modified version of this function ovided by the reporfor heavy duty vehicles he coefficients A,
B, C, and vehicle mass M for various typesatseprovided inthis report. The vehicle sped and

62



acceleration come from the Vissim simulation or trajectory reconstrucédtihough road grade has
been ignored in this research process, it can be easily account@dtfoe VSP if it is known.

To calculate thamount of vehiclgime spent ineachVSPand speed binindividual vehicle data aine-
second intervés are usedin the case of using the originally simulated vehicle trajectories, vehicle
records are output at ongecond intervalsin the case of using the reconstructed trajectories,
trajectories are reconstructed or discretized into esecondinterval datapointsTheoperating mode
fraction for a single link, vehicle typand pollutant process is then foundaording to EquatioB7.

0 o B YB"Y ﬁﬁ ﬁ o x
where
F is the operating mode fraction
T is the collectivariving time of all vehicles
opMode pertains to aspecific operating mode
type pertains to a vehicle type
link pertainstoad f Ay 1 é 2NJ AyLlzi RA&alFIINBIAFGAZY

Theoperating mode fractionfor a set of operating modes is repeated for all pollutant processes, aside
from the running exhaust of GlndN;O, whichare not split into operating mode3he fractions of all
operating modedor each link, vehicle typandpollutant processombination must addip to 1.

3.3.2 RealTime Emission Estimation

Running the MOVES software to calculate emissions is by no meangimeeehlculation method,

especially when the dataset is large. Aside from navigating the interface, the run itself involves a
complex algorithm with some processes requiring multipgeaitions. For example, in order to gain a

full understanding of the inner working of the MOVES system, an attempt was made to visualize the
whole MOVES algorithm in detail with the processes relevant to the three greenhouse gasses of interest,
as describd in the MOVES documentatigd.S. Environmental Protection Agency, 20T5)e effort was
abandoned due to its complexity, as evident in the partial visuadzahown imPAppendixG ¢ Partial
Visualization othe MOVES Algorithm

A simplified approach is therefore developed to replicate the main functions of the MOVES software
without running the software directly. The basic idea is to categorize each of the individual inputs to the
MOVES system (i.e., emission influencing factors), create combinations based on the categories of all
inputs, and then determine the emission rate ach combination. For example, in this research, we
consider three main emission influencing factors including Traffic Volgm¥&¢hicle Type®(w jand
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Operating Moded 1 0 ¢)QI@ total emission that are expected to be generated byargtype of
traffic/vehicle on a given linkx("Q¢cad be estimatedccording to Equation 38.

O & BO & & Y hoR o NF oy
where
type pertains to a vehicle type
opMode pertains to an operating mode
link LISNI FAya G2 | afAyl1é 2N AyLdzi RAalF3IINBII
pp pertains to a pollutant process
Evype, pp, link is the emission quantity estimated for a given type of vehicles, on a given link

for a given pollutant process [g]
Fopmode, wpe, iink 1S the proportion of motions that are in a given operating mode
Ropmode, Type is the unit emission rate [g/veh/hr]

ype, link is the total volume of vehicle type on link [veh/hr]

It should be noted that MO\&Eincludes a large number of factors as shown in Figure 18. If all of these
factors are considered in classification, it would result into an unmanageable number of combinations.
Fortunately, many of these factors in MOVES can be held constant whecoibe sf our analysis is

limited to a traffic project level with short timeframes (e.g., by minutes or hours) and small spatial
coverage (e.g., a traffic corridor or a district). Examples of such factors include fuel type, temperature
and humidity, and veikle age distribution, which can all be assumed to be uniform or constant across
alternative traffic management schemes. To model emissions for the purpose of traffic management,
the model should be able to differentiate between changes in emissions ddnyseaffic management
strategies and those caused by external factors such as weather and changing fleets. Holding external
factors constant in the modelling process and only being sensitive to traffic activity factors would aid the
analysis of relatiortsps between traffic management strategies and emissions. As a result, similar to
the work ofPark et al(2015) it was decided that the Volumes and Operating Mode Distribution is the
only input that the method must be sensigito over a small spatidémporal scale.
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Figure23: Dynamic and Static Inputs for MOVES

3.3.2.1 Generating Emission Rates feeaiTime Emission Estimation

In the proposed simplified emission estimation method described in the previous section (Equation 38),
the emission rates for individual classes must be available or obtained in advance. In this research, we
obtained the estimates of these rates by feedbrasic combinations of the inputs of interest into the
MOVES software. This method is similar to thaXw#t al(2016) but with much fewer input

combinations. One link was created for each vehicle type and operating mode combination, with the
linkID being a concatenation dig vehicle type ID and operating mode ID. Thus, for 4 vehicle types and
25 operating modes, a total of 4x25=100 links were created. For each link, the Links, Link Source Types,
and Operating Mode Distribution tables were populated as described below.

Input Tables

The input tables were populated so that the unit emission e vehiclefor each vehicle type,
pollutant process, and operating mode would be generated by MOWES link must be specified for
each vehicléype and operating mode combinatiolm the Links tabledr each link, which represents
one vehicle type and one operating mode, a volume ofehtsred In the Link Source Types tabley, f
each link, the corresponding vehicle type and a source type fraction @ntdeed In the Operating
Mode Distribution table,dr each linkthe corresponding vetie type waspecified,and an entry was
created for each pollutant procesthe opModelD was named the mode corresponding withlitile
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and a fraction of 1 was assigned. Thus, each tuple peartaone vehicle type and one pollutant process
operating ina single operating modd able10 showsentries for vehicle type 21 for operating modes 0
and 1. The table continues in the same pattern for the remaining operating modes, apdttben is
repeated for each vehicle typEor4 vehicle classe23 operating modes3 pollutants of interesand 2
prerequisitepollutantsresulting in 6 pollutant processethie required combinatiosof inputsare

T CO0 @ LU

This produces 552 emission rates to be used as factors in thémaatatulation.

Tablel0: Part of the Operating Mode Distribution Input Table for Generating EmisdRaites

sourceTypelD hourDayID| [inkID | polProcessIC opModelD | opModeFraction

21 85 2100 101 0 1
21 85 2100 501 0 1
21 85 2100 601 0 1
21 85 2100 9001 0 1
21 85 2100 9101 0 1
21 85 2100 515 0 1
21 85 2101 101 1 1
21 85 2101 501 1 1
21 85 2101 601 1 1
21 85 2101 9001 1 1
21 85 2101 9101 1 1
21 85 2101 515 1 1
X X X X X X

The remaining input tables required for MOVES wapulated with default or average valu€Bhis
produces rates that differ by vehicle type, operating mode, and pollutant process, but all correspond
with the samevaluesfor fuel, meteorological, and age distribution data.

Emission Rates by Class

The emisions estimates output by the MOVES software can be disaggregated by pollutant process and
vehicle typelt cannot disaggregatthe outputs by operating mode, but since the inputs assigned one
operating mode per linknd named the linklQ &cordinglyit is clear whickemissiornvalues correspond

with which operating modeTablell shows part of the MOVES output after generating emissions rates
to be used irreaktime calculations.For example, in the first row, the emissionQuianis the rate of
emissionfor pollutant 91 (Atmospheric GPgenerated by vehicle typ&l (Combination Shottaul
Truck)operating in modet0 (Cruise/Acceleration; 30<=VSP; 50<=Spped)ehide.
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Tablell: Part of theMOVES Outputhat Generated EmissioRates

linkID | pollutantlD | processID| sourceTypelD roadTypelD| emissionQuanity

6140 91 1 61 5 4949810000
6139 91 1 61 5 4049850000
6138 91 1 61 5 3149890000
6137 91 1 61 5 2249920000
6135 91 1 61 5 1437490000
X X X X X X

3.3.2.2 Validation of the Ratbased Method

The proposed ratdased method was validated by performing an estimation on a set of fictional input
tables using the MOVES software and also using the simplifiedbeaed method. The results for both
methods are shown ifiablel2. The results obtained from the retine estimation method are

practically equal to those generated using the MOVES software with errors less than OTb@l8mall

error is likely due to the @VES algorithm mostly consisting of multiplying various values together. Pre
multiplying these factors should not cause a big difference in the redilissprocess is also much

faster, since it only requires multiplying the input values by a few factors. A large dataset that normally
takes hours to process can be process in a few minutes.
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Tablel12: Comparison of Redlime Emissiortstimates with MOVES Generated Emission Estimates

linkID | pollutantlD | processID| sourceTypelD MOVES RealTime Error

Generated Calculated

Emission Emission

Estimates Estimates
1 1 1 21 197.45 197.449988 -0.000006%
1 5 1 21 24.9094| 24.90937355 -0.000106%
1 5 15 21 0.325275/ 0.325275389 0.000120%
1 6 1 21 2.50384 2.50384| 0.000000%
1 90 1 21 869946 869946.51 0.000059%
1 91 1 21| 12102600000 12102596600 -0.000028%
1 1 1 42 360.725| 360.7247075 -0.000081%
1 5 1 42 36.3234 36.323382 -0.000050%
1 5 15 42 0.0320243| 0.032024345 0.000141%
1 6 1 42 1.86278 1.8627825 0.000134%
1 90 1 42 3024710 3024714.295 0.000142%
1 91 1 42 | 41085100000 41085116175 0.000039%
1 1 1 52 314.313 314.312949 -0.000016%
1 5 1 52 16.3821| 16.3820951 -0.000030%
1 5 15 52 0.068828 0.068827842 -0.000230%
1 6 1 52 1.77858 1.77858 0.000000%
1 90 1 52 1170130 1170135.035 0.000430%
1 91 1 52| 16012100000 16012090000 -0.000062%
1 1 1 61 64.8381 64.838117 0.000026%
1 5 1 61 8.54957 8.5495574 -0.000147%
1 5 15 61 0.00483098 0.004830987 0.000145%
1 6 1 61 0.413891 0.413891 0.000000%
1 90 1 61 734323 734323.2245 0.000031%
1 91 1 61 9968950000 9968948900 -0.000011%
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Chapter4  Results

4.1 Example of Reconstructed Trajectories

One of the key components of our proposed emission estimation method described previously is the
reconstruction of vehicle trajectories based on presence detection data of individual vehicles at multiple
locations when passing an intersection or a corridds a result, our first analysis of the results from the
simulation experiments is to compare the tispace diagrams of the vehicle trajectories from the
reconstructed versus the original trajectories from the simulatféigure24 shows an example of the
comparative trajectories in which the original simulated trajectories are shown as green lines, the
simulated detector data is shown in pink at the positions wheredgbn is specified, and the
reconstructed trajectories arplotted in orange on top of the original trajectories. The reconstructed
trajectories were discretized into secofny-second numerical data for emission modelling. The
discretization is plottedn black points. Each point, plotted in space and time, is associated with an
instantaneous speed and acceleration. Further extrapolations of the trajectories beyond the detectors
are only shown in terms of the discretized points.

As shown irFigure24, for most cases, the reconstructed trajectories closely resembletigaally

simulated trajectories. However, there are cases where the reconstruction algorithm fadksriify the
actions taken or makes the wrong assumption. There are also cases where the reconstruction algorithm
is not able to model the vehicle behaviour as it does not fall clearly into any of the categories of driving
behaviours modelledexamples othese cases are circled in red.
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Figure24: Sample Trajectories: Original vs. Reconstructed



4.2 Emission Rates for Redlme Calculations

The second important component of our proposed method is the emission rates of different emission
types that were generated from MOVES for #iale calculationsEmission rates are provided for each
operating mode Descriptions of the operating modes gmevided inTablel3, summarized fronthe
MOVES outputs iAppendixA ¢ Operating Mode BinsAs shown ifrigure25, for carbon dioxide
emissionsthe ratesgradually increasasVSP and speddcrease The rates are very low for braking and
idling in comparison to other driving modes. Passenger cars enméda carbon dioxide than the heavier
vehicle typesOn the contrary, lte emission rates for nitrous oxide are constant across operating
modes, as shown iRigure26, ard only differ by vehicle type, suggesting that they are dependent on
factors other than speed and power. Single Unit Trucks emit far more nitrous oxide than the other
vehicle types. For methane, different rates are required for tailpipe and crankcasdm@mmissgure27
shows that heavy vehicles emit relatively constant rates of methane in most operating modes, with
braking and idling modes emitting less; however, the casitis not as stark as that of carbon dioxide.
Passenger cars actually emit slightly more methane in the braking mode than some other modes and
have a sharper climb in rates towards the higher VSP mdédgsce28 shows that Single Unit Trucks and
Passenger Cars have some of the highest rates of crankcase methane emission, especially at higher VSP
modes.

Tablel3: Operating Mode Descriptions
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Emission Rates for Atmospheric CO2, Running Exhaust
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Figure26: Emission Rates fd¥itrous Oxidedue to Running Exhaust
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Emission Rates for Methane, Running Exhaust
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Figure27: Emission Rates for Methane due to Running Exhaust
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Figure28: Emission Rates for Methane due to Crankcase Running Exhaust
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4.3 Model Evaluation and Sensitivity Analysis

As shown irError! Referelme source not foundin the previous section, the MOVES rates generated w
ere able to produce emission estimates within a negligible error margin. As a result, the differences
between emissions estimated throughetiproposed method and through simulations come from the
trajectory reconstruction process alone. This section discusses how well the trajectory reconstruction
performs. To evaluate the adequacy of the trajectory reconstruction method, the emissions tadcula
using the reconstructed trajectories were compared to the emissions calculated using the simulated

GNF 2SOG2NASa dzaAy3I | aNBElIGAPS RATFSNBY OS¢ YSI adzN
O (0]
3p 0
where
3p is therelative difference [%];

is the emission quantity estimated from the reconstructed trajectories;

is the emission quantity estimated from the originally simulated trajectories.

This section pertains to theajectory reconstruction method that uses acceleration. The alternative
trajectory reconstruction method that only uses average speeds is evaluated in ségtidtist, the
overall performance of the model in the field conditions is evaluated in se6tidhen, the subsequent
sections investigate the effects of changing diffdrparameters in the traffic network.

Emissions estimates were disaggregated at the level of individual lanes and signal cycles. In each
analysis, unless specified otherwise, one data point represents the emissions of one pollutant from all
vehicles of ondype of vehicles passing through one lane during one cycle.

4.3.1 Performancen Field Conditions

The performance of the trajectory reconstruction method applied to the field conditions (described in
section3.1.4.7 were investigated on an hourly basis. Firstly, the emissions from the simulated
trajectories of the field conditions are explained in secforgain, each point represents all vehicles of
one type crossing a lane at one intersection approach during one signal cycle. Then comparisons were
made between the emissions from the simulated and reconstructeddtajies in sectio4.3.1.2

4.3.1.1 Characteristics of the Simulated Trajectory Emissions

First, thedistribution of emission estimates for field conditions by lamevemert, and hourare
examined.The emission estimatdsom the originally simulated trajectoriesre showrfor all vehicle
types and pollutants il\ppendix H; Emissios fromSimulated Trajectories of Field ConditioRsr the
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passenger carshere are generallynore emissions producefdr thru movementghan left-turns, likely

due to higher volumes of thru movementsorsingleunit trucks however, thedominating movement

in terms of emissions producetépends on the houfor combination trucks and transit buses, thru
movements do notlominate emission productiofor any period.The periods having the greatest

amounts of emissiorarethe afternoon peak hours from 15:a08:00 for passenger carsand there is

less contrast between the periods for other vehicle tyges all periods, there are far greater sample
pointsfor passenger cars due to all lanes and cycles having passenger cars, whereas other vehicle types
may not beobserved at every lane during every cycle. However, the quantities of emissions from other
vehicle types tend to be greater in magnitude due to their mass.

There is a noticeable discretization in a large portion of the nitrous audetities for passeger cars

as shown irAppendix H; Emissios fromSimulated Trajectories of Field Conditiom$is isnost likely

due to the constant emission rates of nitrous oxide across all operating modes as shéiyura26.

For lane and cycle vehicle groups consisting of all passeaggthe nitrous oxide emission rate would

be applied to a whole number volume. This occurs frequently for passenger cars, whereas it is rare for
all vehicles obnelane over an entire cycle to be only consisted of any other vehicle fyipes, the

emission gantities of other vehicle types do not exhibit this pattern.

4.3.1.2 Comparison ofEmissiondetween Simulated and Reconstructed Trajectories

Figure29to Figure31 show the distribution of emissions calculated from the simulated and
reconstructed trajectories. The lines in the violin plots represent the median and quartiles. Overall, the
differences are within 10% except for methane for passenger carganigy a éw hours of the dayjor
carbon dioxide.

The estimates for nitrous oxide estimates have the lowest erféigufe30). This is no surprise as the
nitrous oxide emissiorates are constant across all operating modes as showigime26. Thus, there
is less chance for variation.

Figure31 shows that estimates for the methane emissions of passenger cars had rather high differences,
which may be attributed to the emission rates used to calculate them. As seen in Skgfithe

emission rates for most pollutant and vehicle types are relatively insignificant for operating modes 0 and
1 ¢ braking and idling. However, for the case of methane emitted by passenger caesnission rates

are rather high compared to many other modes. In this case, the modelling of deceleration behaviour
and idling times becomes more important. Of the two, modelling deceleration behaviour is a more likely
culprit for a source of error. It slutdd be noted again that the deceleration functions used were

calibrated to field data, which may differ from simulated trajectories.

To explore whether the modelling of deceleration is a significant source of error, the Operating Mode
Distributions were ompared inFigure32. The distribution of the operating modes shows that the
fractions for modes 0 and 1 are significantly different between the simulated and recoretruct
trajectories, indicating that braking and idling modes were indeed modelled less accurately than other
modes. Mode 23 is also relatively highly allocated. The high proportion of operating mode 23 may be
the result of generalizing several driving mod&sd perhaps some of the braking activities, as one
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speed. The higher proportions of modes 0 and 1 in the morning and afternoon peak hours suggest these
are the hours where stopnd-go traffic occurs the most as compared to the evening peak hours, likely
due to higher levels of congestion.
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Estimation Differences in Nitrous Oxide for Passenger Cars Estimation Differences in Nitrous Oxide for Single Unit Trucks
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Estimation Differences in Methane for Passenger Cars  Estimation Differences in Methane for Single Unit Trucks
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4.3.2 Effects oDetector Location and Volume Variations

As described in sectidh1.4.7, various advance detection locations were investigated to see their
effects on the trajectory reconstruction procedse trajectory reconstruction using difent advance
detector locations were all performed on a dataset from the same Vissim simul@tienVissim
simulation was run using the model described in secldn4.2with gradually increasingehicle input
volumes.The only difference was thdetector data selectedlhere werefour sets of advance detectors
placed at 25m, 50m, 75m, and 100m setbacks.

Despite efforts to create a dataset ohiformly distributed véumes through gradually increasingput
volumes Figure33 shows thatthe simulation creatednuchmore cycleswith low volumesThis could be
due to the stochasticity of the actuated signal phases or simply the stochasticity of the vehicle limputs.
addition, volumes in the higher end become less possible due to system capacitiiru movements

and thru shared with righturn movementsthere arevery few cycles allowing 25 vehicles through. The
left-turns were mostly capped off allehicles At volumes of less tha®b veh/cycle and 3veh/cycle

for thru & rightturn and leftturn movements respectively, the sample sseemssufficient. Conducting
this analysis using the volume variations simulation (described in s&tioh2 also allows a

comparison of the method performance acrosfatient volume levels.

Cycle Volume Distribution

Thru Movement
Thru & Right Movement
100 Left Movement

80

60

Sample Size

40

20

0 5 10 15 20 25 30
Volume [veh/cycle]

Figure33: Cycle Volume Distribution in the Volume Variations Simulation Scenario

The estimation difference is correlated with the cycle volume, as showigure34, Figure35, and
Figure36 bounded by shaded bands indicating the standard deviation. For all carbon dioxide and
methane results, the relative differences of the emission estimates have a negative average for low
volumes, meaning that emissions are underestimated. The estimb#oomes more similar to those of
the simulated trajectories for volumes in the midnge of the observed volumes, that is, approximately
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7-12 veh/cycle for lefturns and 1620 veh/cycle for thru and thru shared with righirn movements.

For volumes in té high end of the observed range, the estimation becomes more variable, but this is
likely just due to the higher ranges having smaller sample sizes as the system approaches capacity. For
nitrous oxide estimates, the estimation difference does not changfecantly over the range of

different volumes. Again, this is likely due to nitrogen estimation having little to do with the trajectory
reconstruction process.

For carbon dioxide estimates of passenger cRigure34), using an advance detector location closer to
the intersection consistently results in higher emission estimates than using further advance detector
locations. This pattern is evident for the majoritytbé volume range. Since the estimation tends to
become ovetestimated for higher volumes and underestimated for lower volumes, the ideal detector
location for carbon dioxide would depend on the expected volume of the intersection approach.

For estimatingpassenger car methan&igure35), the pattern observed with carbon dioxide is not

constant across all turning movements. However, it can still be seen from the thgh&uin

movement figures that closer detectors result in higher estimates. The opposite is true for thru
movements, but only for higher volumes. This inconsistency is likely due to the emission rates of braking
modes being high for methane from passengars combined with the fact that the braking curve

function is not calibrated to simulated braking behaviour.

For nitrous oxideKigure36), the detector location does not play a significant role as the emission
guantity is not highly dependent on the trajectory. Furthermore, the estimates have very small
differences to begin with, across all volume levels. This is not surprising consitietitige emission
rates output by MOVES were identical for all operating modes of the same vehicle type.
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Figure34: PerformanceAcross Volumes and Detector Locatiofts CQ from Passenger Cars
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Methane, Passenger Car, Thru Movements
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Figure35: Performance Across Volumes and Detector Locationsdbkfrom Passenger Cars
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Nitrous Oxide, Passenger Car, Thru Movements
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Figure36: Performance Across Volumes and Detector LocationdN@s from Passenger Cars
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The effectof detector locatim for singleunit trucks are shown ifigure37to Figure39. Overall, the

errors are larger and the patterns less consistent than those of passengeAsgneviously explained

in section4.3.1.2 higher differences should be expected for estimates regarding simifiérucks, since

the acceleration and decelerationodelling was focused on passenger cars. Furthermore, there is a low
penetration of singleunit trucks in the volume variatiosimulations.

Despite the higher variability in the resyliscan still be seen from the carbon dioxiglstimatesof left-
turns (Figure37) andthe methane othru and leftturns Figure38) that closer advance detector
positions lead to higher estimate$he results of the remaining pollutant and movement combinations
appear more random with less evident patteiingerms of perbrmance due to different advance
detector locations.
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Atmospheric CO2, Single Unit Truck, Thru Movements
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Figure37: Performance Across Volumes and Detector Locations fof f@®n SingleUnit Trucks
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Methane, Single Unit Truck, Thru Movements
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Figure38: Performance Across Volumes and Detectarcations for Ckfrom SingleUnit Trucks
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Nitrous Oxide, Single Unit Truck, Thru Movements

Adv. Detector at 7T5m

100
— Ay Detector at 26m
75 i Dot at 6m
i = Adv. Detector at 100m
)
[1b]
g 25
o
2 0
O
2 25
©
2 -50
-75
=100, 5 10 15 20 2 30 35 40
Volume [veh/cycle]
Nitrous Oxide, Single Unit Truck, Thru & Right Movements
100
— Ay, Detector at 25m
?5 = Agy. Detector at 30m

Adv. Detector at 100m

9
‘o
[&]
=
4]
]
=
T
[3t]
o
75
=100, 5 10 15 20 25 30 35 40
Volume [veh/cycle]
Nitrous Oxide, Single Unit Truck, Left Movements
100
— Ay, Detector at 25m
—  Ady. Detector at S0m
—  Adv. Detector at 75m
i = Adv. Detector at 100m
=
‘o
[&]
=
[4h]
]
=
&
[35]
o
75
~100, 5 10 15 20 25 30 35 40

Volume [veh/cycle]

Figure39: Performance Across Volumes and Detector Locationd\Ni@s from SingleUnit Trucks
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4.3.3 Effects of Aggregation

In the previous section, the performance of the proposed emission estimation method was evaluated
using a highly disaggregate output measure, that is, emissions by vehicles on each individual lane over
each signal cycle. However, depending on the focas @&mission estimation tool, it may be sufficient

to have the emission estimates at a higher level of aggregation (e.qg., total emissions by traffic passing a
given intersection at an interval of more than one signal cycle). This section analyzes ¢teddffe
aggregation on the relative performance of the proposed method. In particular, we aggregated
emission estimates first by approach, then by approach as well as over every X dheleis, emissions
generated by vehicles on each approach of aarsgction over every-Bycle interval were summed up.

This analysis was performed on the same dataset as the previous section, i.e. the volume variations
simulation. To find aggregated results, the emissions from the simulated and reconstructed tragectorie
were first aggregated. Then, the relative difference was found using the aggregated emission estimates.
The relative differences across different levels of aggregation over a range of volumes are illustrated in
Figured0andFigure4l.

For all vehicle types and pollutants, the level of aggregation yields more precise estimates, fhieat is

is less variation in the range of possible estimates generated if results are aggregated at a higher level.
However, the accuracy does not necessarily improve. Aggregating the reconstructed results do not
necessarily bring them closer to the simeld results.
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4.3.4 Effects oHeavyDuty Vehicle Penetration

Toinvestigate the effects dieavyduty vehicle penetration, a simulation was rwith varying

proportions of singleunit truck inputs, as described in secti8ri.4.3 Figure42 shows the estimation
differences of the trucks and passenger cars as the truck penetration levels incfbageis no

significant chang in the estimation difference®r both vehicletypes for all pollutants. A sligiticrease

in the passenger car methamnd nitrous oxideestimates iobserved buis relatively insignificant. This
indicates that changes in the vehicle type distribution does not significantly impact the performance of
the trajectory reconstruction method.
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Performance Across Vehicle Type Distributions for Atmospheric CO2
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Figure42: Effects of Truck Penetration
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4.3.5 Effectsof Signal Timing Variation for Thru Movements

As described iection 1.4, one of the key requirements for a reliable emission estimation model is its
ability to captue of the effects that are expected from a traffic management scheme such as signal
timing. In this section, we first investigate how well the proposed method is able to capture the
emission effect due to changes in signal timing at a single intersettiander to simulate such signal

timing alternations, the thru green interval of the major direction in the simulated signalized
intersections described previously was set to vary from 30s to 65s at 5s intervals while keeping all other
intervals unchangedas described in Secti@l.4.5

To investigate the effectsf signal timing changes, the emissions are aggregated over time intervals of
500srather than compared on a paycle basis, since signal timing changes also change cycle lengths.
Only vehicles making thru movemerae includedFigure43andFigure44 show the changes in the
emissions per 500s time intervahile Figure45 and Figure46 show the changes in the emissions per
vehicle The shaded regions in the line plots represent the standard variation.

Both vehicle types exhibit a slight decreasearbon dioxide and methane production as the thru green
phase is lengthened iRigure43 and Figured4, with passenger cars experiencing more of a decrease.
The pervehicle results ifrigure45 and Figure46 show a similar patternThis is expected, becaudeet
emissions produced by the vehicles ahavement should drop as its green phase is lengthethezito

less frequent stoping and accelerating. The nitrous oxide emissions, however, hardly change over
different signal interval lengths, since its emission rates are not sensitive to different operating modes.

In terms of the trajectory reconstruction performance, the emissiaresconsistently underestimated,
especially for methane. However, the overall trend is captured, so the reldiffeeences due tgphase
length changes can still be captured.
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Effects of Signal Timing - Atmospheric CO2 from Passenger Cars
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Effects of Signal Timing - Atmospheric CO2 from Single Unit Trucks
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Per Vehicle Effects of Signal Timing - Atmospheric CO2 from Passenger Cars
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Per Vehicle Effects of Signal Timing - Atmospheric CO2 from Single Unit Trucks
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4.3.6 Effects of Signal Coordination

In addition to optimizing signal timing at individual intersections, signal coordingtianother popular

traffic management scheme that could be applied for addressing traffic congestion and reducing traffic
delay and number of vehicle stops. Reduction of traffic delay and stops are expected to improve vehicle
fuel efficiency and emissionas a result, a reliable emission estimation method must be able to capture
such effects. In this section, we attempt to evaluate these effects of signal coordination using the traffic
corridor described ir3.1.4.4 where the signal plan remains unchanged but is coordinated for the
northbound direction. The emission estimates are aggregated oveni@Qte time intervalsand filtered

to northbound thru movements

The results comparing coordinated and uncoordinated scenarios, showigune47 to Figure50, are

for the lower end of the range of volumes simulated, since the coordination performsypoonery

high volumes. The differences between the coordinated and uncoordinated scenarios appear to be
insignificant. To investigate the results, operating modes distributions for the coordinated and
uncoordinated scenarios are comparedHigure51. Referring torablel3, the operating mode O refers
to braking, 1 refers to idling, arR and 23 refers to moderate speed cruising or acceleration. The
coordinated scenario shows lower fractions of braking and idling, but higher fractions of moderate
speed cruising or acceleration. The lower fractions of braking and idling are due to fedvenarter
stops. The higher fractions of moderate speed cruising may be due to vehicles being able to attain
higher speeds for longer periods of time when no red light is in sight.

It is possible that using operating mode distributions is not the mosalsiei for evaluating signal
coordination. When using operating mode distributions, emissions are calculated based on fractions of
time spent in each operating mode by a fleet collectively withmrisideringhe total time individual

vehicles took to travese the link. Thus, if vehicles idle for a long time, the idling operating mode will

have a higher fraction. Since the idling mode has relatively low emission rates compared to other
modes, this may result in less emissions estimated overall when tharkigh fraction of idling such as

in uncoordinated scenarios. Additionally, higher fractions of cruising in coordinated scenarios may result
in higher emissions estimated. If the volume remains constant, an operating mode frheted

method could gener@ higher emission estimates for fréow behavior than for long idle times.

It is also important to note that accelerating from a stop requires high power and avoiding it would
reduce emissions. When a vehicle takes off after idling, it experiencesplegd acceleration first,
represented by modes 126. These modes, which have high emission rates towards mode 16, have
lower fractions in the coordinated scenario. However, their decrease in the coordinated scenario and
their overall share is relativelyr&ll. It is possible that emissions savings from avoiding low speed
acceleration is offset by higher fractions of moderate speed cruising.

To check that the coordination performed as intended, tispace trajectory plots from the simulation
were compareetween the coordinated and uncoordinated scenarios, as showigure52. The
coordinated trajectories have significantly less stopping and idling, which shows theddhdination
worked as intended.
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Effects of Coordination for Atmospheric CO2 from Single Unit Trucks
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Per Vehicle Effects of Coordination for Atmospheric CO2 from Passenger Cars
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Figure49: Per Vehicle Effects of Signal Coordination for Passenger dosthbound Thru
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Per Vehicle Effects of Coordination for Atmospheric CO2 from Single Unit Trucks
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Figure50: Per Vehicle Effects of Signal Coordination for SiAdtet Trucksg Northbound Thru
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Figure52: Coordinated (Top) and Uncoordinated (Bottom) Vehicle Trajectories

4.3.7 Effects of Speed Limits

The third traffic control scheme investigated in this research is changing speed limit. The effects of
changes in speed limit were investigated using the same corridor described in Settibé under a

range of traffic volumes. Three speed limit scenarios were simulated, including 50km/hr, 60km/hr, and
70km/hr, as described in SectiGn With results from all simulations overlaid onto one another, the
effects of speed limit changes and the performance of the trajectory reconstruction method is examined
in Figure53 and Figure54.

The results from the simulations show that as the speed limit increases, the quantity of carbon dioxide
and methane emissions prodad by passenger cars also increasegures4). An increase in emissions

is expected as the speed increases, since many of the higher speed bins also have higher emission rates.
The increase is proportional to the volume of vehicles. paitern is not shown for the nitrous oxide,

which is unsurprising since nitrous oxide emission rates are not dependent on operating modes.
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