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INTRODUCTION 

Recent studies show that the adoption of automated vehicles (AV) would provide numerous benefits to 
transportation mobility. These benefits include an increase in capacity of existing infrastructure, improved 
fuel efficiency, improved traffic flow, improved safety, reduction in traffic congestion and ultimately a 
reduction in Greenhouse Gas (GHG) emissions (Fagnant & Kockelman, 2015; PTV AG, 2017).  Fagnant 
and Kockelman explore the benefits associated with automated vehicles.  They determine that AVs create 
the opportunity to improve safety on the road by reducing the human error component of driving which 
could result in up to a 40% reduction in vehicle crashes (Fagnant & Kockelman, 2015, 2014).  They also 
conclude that AVs could improve fuel efficiency, minimize traffic shockwave propagation and reduce 
GHG emissions with their ability to sense surrounding vehicles and adjust their driving cycles for 
smoother acceleration and braking (Fagnant & Kockelman, 2015; Liu, Kockelman, & Nichols, 2017).  
Although research covers the potential impact of this technology in terms of safety, congestion and travel 
behaviour, questions remain regarding the impact of AVs on traffic performance measures and GHG 
emissions.  

AVtechnologycaninfluencevehicle 
operationalcharacteristicsthroughvariousmechanismsincludingchangedacceleratinganddeceleratingcharact
eristics,changedlongitudinalbehaviourwhenfollowingothervehicles, 
changedlateralbehaviourandgapacceptancethresholds (Atkins, 2016). Most of these operational 
characteristics and effects can be captured through microscopic traffic simulation models.  Micro-
simulation analysis considers the lowest level of traffic stream aggregation and reflects vehicle operations 
and driver behaviour in the underlying car-following, lane-changing, and gap acceptance sub models 
(PTV AG, 2016). 

Several AV research studies have been conducted to understand the impact of AV penetration on 
road capacity, emissions, or traffic performance. However, these studies are limited to conservative 
driving behaviours and are based on scenario comparisons. One study investigates the influences of AVs 
on traffic performance by conducting a micro-simulation of an autobahn segment including an on-ramp, 
off-ramp, and a roundabout with an urban road. The study examines various penetration rates of AVs with 
fixed conservative driving behaviours, and concludes that AV traffic performance benefits are more 
significant under congested conditions (Aria, 2016; Aria, Olstam, & Schwietering, 2016).  Another study 
in Germany also conducts traffic simulations under different AV penetration rates and concludes that 
conservative driving behaviour has a negative impact on capacity while more aggressive behaviour 
increases capacity by up to 30% (Hartmann, Motamedidehkordi, Krause, Hoffmann, & Vortisch, 2017). 
The influence of AVs on road emissions and traffic performance under variable vehicle flow is studied 
using a traffic simulation model, concluding that road capacity is improved and emissions are reduced at 
high vehicle flow, while there is a slight increase in delay and emissions in the low vehicle flow scenario 
(Bohm & Häger, 2015). 
 The present study focuses on investigating and quantifying the impacts of fully automated vehicle 
technology on GHG emissions and traffic performance.  There are three main objectives to this research: 
i) to understand and identify representative driving behaviours of AVs; ii) to investigate the effect of these 
driving behaviours on operating regimes (i.e. high traffic and low traffic) and with different flow 
______________________________________________________________________________  
1 54th Annual Meetings of the Canadian Transportation Research Forum, May 26 - 29, 2019 at Vancouver, British Columbia   
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characteristics (uninterrupted vs. interrupted); and iii) to assess the emissions associated with the traffic 
performance of automated vehicles under each driving behaviour and operating regime.   
 

METHODOLOGY 

Traffic Microsimulation 
This study uses a scenario-based approach with microsimulation models to investigate AV driving 
operations on both uninterrupted (freeway) and interrupted (urban arterial) traffic flow conditions, with 
low and high traffic demand levels.  The microsimulation models are developed using PTVVISSIM 9.0 
traffic simulation software package. The United States Environmental Protection Agency MOtor Vehicle 
Emissions Simulator, MOVES2014a (MOVES) is used to estimate emissions. Furthermore, the 
electrification of the vehicle fleet is also considered. 

For both the freeway and urban arterial case studies, the traffic simulation is set up to analyze a 
conventional vehicle base case with observed traffic demand. The default parameters of the 
microsimulation software are used to represent conventional driving behaviour (PTV AG, 2016). Eight 
car-following and two lane-changing parameters are investigated (further explanation in the “Traffic 
microsimulation” section). The traffic demand is also varied (either reduced or increased by 50%), to 
reflect low and high traffic volume environments. To account for the dynamic properties of traffic and its 
inherent variability, the simulation runs 5 replications with varied random seeds, and averages the results. 

To study automated vehicles under uninterrupted freeway traffic flow conditions, a 
microsimulation model of a section of the Gardiner Expressway in Toronto, Canada is used (Figure 1a).  
Additionally, a microsimulation model of a section of College Street in Toronto, Canada is usedto explore 
the effects of AVs under arterial roadway interrupted flow conditions (Figure 1b).  Both simulations are 
completed for 4600 seconds, which includes a 1000 second warm up period and 3600 seconds of 
simulation time during which data was collected for analysis.  A warm up period is used in the model to 
load the network with a realistic level of traffic (still under free flow conditions) before data from the 
simulation period with the actual demand were recorded for analysis.  This is to create a fair 
representation of realistic traffic conditions. 

Figure 1: (a) The freeway (Gardiner Expressway) and (b) urban corridor (College Street) study areas 

modelled in VISSIM  

 

The VISSIM microsimulation platform is a stochastic time-step model based on the Wiedemann traffic 
flow model. This study investigates 10 parameters (8 car-following and 2 lane-changing parameters) that 
literature reports as being the most representative of AV driving behaviour (Aria, 2016; Atkins, 2016; 
Bierstedt et al., 2014; Leyn & Vortisch, 2015; PTV AG, 2016). The most cautious and aggressive driving 
extremes from these studies are used as the test ranges and are shown in Table . 
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Table 1:  Driving behaviour parameter settings used in this study based on literature review; parameters 
with an asterisk (*) are from the lane-changing model 

Parameter Aggressive AV Default Conv. Vehicle Cautious AV 

CC0: Standstill distance [m] 0.5 1.50 2.5 

CC1: Headway Time [s] 0.5 0.9 2.1 

CC3: Threshold for entering ‘Following’ [s] -4.00 -8.00 -16 

CC4: Negative‘Following’ thresholds [m/s] -0.10 -0.35 -0.60 

CC5: Positive‘Following’ thresholds [m/s] 0.10 0.35 0.60 

CC7: Oscillation Acceleration [m/s2] 0.45 0.25 0.05 

CC8: Standstill Acceleration [m/s2] 3.90 3.50 3.1 

CC9:  Acceleration at 80 km/hr [m/s2] 1.90 1.50 1.1 

MinHdwy: Min. headway (front/rear) [m]* 0.20 0.50 0.80 

SDRF: Safety Distance Reduction Factor* 0.10 0.60 0.70 

The microsimulation for each transportation network is set up to provide indicators of the network 
performance to evaluate the changes that AVs will introduce. Emissions can be estimated using the 
vehicle trajectories provided by the simulations. These trajectories provide second-by-second information 
on individual vehicle speed, vehicle type, and distance travelled throughout the road network.  
In addition, the microsimulation provides information from data collection and measuring points at set 
locations within the network. The data collected include average network delay per vehicle (total delay 
normalized by the total number of vehicles that traversed the network), average speed, number of stops 
per vehicle, and link segment speed, flow, and density.  

Emissions modelling 
This study applies a second-by-second emissions estimation method using the vehicle trajectories 
obtained from the microsimulation. Second-by-second vehicle speed profiles, meteorology, fuel type and 
vehicle compositions are input into MOVES2014a, which then calculates operating mode (opModeID) 
distributions of the driving cycle. Consequently, emission factors for each opModeID and the total 
emissions are calculated that account for the variations in the individual vehicle driving cycles, including 
acceleration, deceleration, idling and cruising.To calculate emissions, the emission estimation 
algorithmrequires inputs of MOVES2014a emission factors, vehicle composition and age distribution, as 
well as the vehicle trajectories from the microsimulation. 

To make a fair comparison between electric vehicles (EVs) and gasoline vehicles, the overall fuel 
cycle emissions, which consists of both the operational and upstream emission, are considered.  
For gasoline vehicles, the upstream emissions are determined from “well to pump” (WTP) emission 
factors [CO2eq gram/unit energy consumed] generated by the fuel cycle model of Greenhouse gases, 
Regulated Emissions, and Energy use in Transportation (GREET) (Argonne National Laboratory, 2017). 
A CO2eq [grams/second] operating emission factor look up tableis extracted from the MOVES2014a 
software for all 23 operating modes, specific to the vehicle age distribution of Ontario, fuel type and 
meteorology of a June day in Toronto, Canada. The upstream emission factors are calculated by 
multiplying the WTP emission factors with the energy consumed based on the vehicle’s operating 
mode.For comparison purposes between conventional vehicles and AVs, it is important to normalize 
emissions by vehicle kilometers travelled (VKT), as the distance travelled by a vehicle on the network is 
indicative of the traffic conditions of the network (i.e., a more congested network would result in reduced 
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VKTs). Therefore, the emissions algorithm calculates an emission factor, in units of grams/kilometer, for 
each link on the network. 

EVs are assumed to have no operating emissions, thus their only emissions originate from energy 
production. Unlike the gasoline vehicle upstream (WTP) emission factors, EVs are independent of vehicle 
operating mode. These emission factors are calculated by first estimating theemission intensity for the 
generation of the electricity [grams of CO2eq/kilowatt-hour] and then considering the average energy 
consumption of an electric vehicle, in units of kilowatt-hour per vehicle kilometer travelled (Wang et al., 
2018).  The emission intensities for electricity generation are calculated by taking a weighted average of 
the GHG emissions generated to extract a kilowatt-hour (kWh) of energy from these sources.  The 
average energy consumption for electric passenger cars and passenger trucks is determined to be 20.29 
kWh/100 km and 23.22 kWh/100 km, respectively (Natural Resources Canada, 2017).  From here, the 
GHG emission factor, in units of grams per kilometer is determined, considering the proportion of 
passenger cars and passenger trucks in the Ontario vehicle fleet.  The equivalent electricity “fuel cycle” 
GHG emission factor, combined for passenger cars and passenger trucks, is estimated to be 13.81 g 
CO2eq/km.  This is then multiplied by the VKT of each vehicle extracted from the microsimulation 
vehicle trajectories to determine the total GHG emissions generated in order to power an electric vehicle 
on the road. 

RESULTS 

Freeway Case Study: Gardiner Expressway 
Under high traffic conditions, aggressive AVs reduce the average emission factor.  Cautious AVs, 
however, significantly increase emissions due to the changes they introduce to the freeway traffic 
operations.  

Aggressive AVs reduce the average fuel cycle emission factor by approximately 26% (Figure 2). 
This could be because AVs can take larger risks and operate with much smaller time gaps and safety 
distances between vehicles, thus resulting in formations of platoons while spending less time on the 
network and reducing emissions.  

Figure 2 also shows that the vehicle kilometers travelled (VKT) of aggressive AVs and 
conventional vehicles are relatively identical, indicating that the emission reduction is purely from the 
improved vehicle operations. Conversely, cautious AV driving results in a significant increase of 
approximately 35% in the total fuel cycle emission factor, despite the VKT dropping from 41,300 km to 
31,734 km. This can be attributed to the larger spacing between vehicles which prevents them from 
entering the network and causing congestion build up.  

Figure 3 shows that aggressively programmedcan maintain consistently higher average network 
speeds and lower delays (approx. 100 km/hr and 8 secondsdelay per vehicle) compared with conventional 
vehicles (just under 60 km/hr and 80 seconds delay per vehicle) and cautiously programmed AVs (26 
km/hr and 266 seconds per vehicle delay). 

The aggressiveAV and conventional vehicle scenariosboth allow for all the demand to be 
accommodated in the network over the one-hour simulation period.  On the other hand, the cautious AV 
scenariohas a latent demand of almost 3,500 vehicles that did not enter the network. This indicates that 
the cautious AV driving characteristics degrades the network traffic performance. 

Figure 4 displays the speed-flow relationships and capacity changes under high traffic conditions. 
Under the 100% conventional vehicle scenario, the network simulation speed-flow data depict both an 
uncongested and congested regime, with a capacity peaking around 2,300 vph/lane.  However, aggressive 
AVs result in an uncongested network with increased capacity (close to 2,800-3,000 vph/lane).  It should 
be noted that this study does not account for the increased demand that the aggressively programmed AVs 
will induce by reducing the congestion on the network. It is possible that a larger induced demand would 
also result in congestion build up, but overall, the capacity will be much higher.  

Althoughthe aggressive AVscenariohas a higher network speed, emission levels are lower than 
conventional vehicles because less time is spent traversing the network, thereby counteractingthe high 
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emission output of each individual vehicle due to speed. Conversely, the cautious AV and conventional 
vehiclescenarios operate at lower speeds, thereforethe vehicles spend more time on the network and emit 
more emissions. Extended periods of idling due to congestion increases the amount of emissions and 
offsets the reduced emission output of lower speeds. 

Under low traffic conditions, the results demonstrate that AVs, regardless of their operation 
settings, do not cause any large changes to emissions and traffic performance. Similar to the high traffic 
condition, aggressive AVs reduce emissions, while cautious AVs increase them. However, the changes 
are not as large (Figure 2). The VKT between the three driving settings are identical, indicating that the 
majority of the vehicles entered and traversed the network. Compared to the high traffic condition, the 
difference in operations between the vehicle settings are more obvious when there is more traffic present 
and, therefore, more opportunities for vehicle interactions such as congestion build up on ramps and 
bottlenecks. 

The network’s traffic performance confirms the emission results. Aggressive AVs, as well as the 
conventional vehicles and cautious AVs can maintain a speed of around 104-105 km/hr, while the 
cautious AVs are around 98 km/hr (Figure 3). When considering average network delay, the values 
remain similar regardless of vehicle operations style. The speed-flow relationship of the low traffic 
demand Gardiner Expressway network is shown in Figure 5.  The results show that all three driving 
parameter settings remain on the uncongested side of the relationship, which is consistent considering that 
the network was loaded with a demand 50% lower than what it would be in the morning peak hour.  
However, the cautious AV scenario does show early signs of degradation with instances of speeds 
dropping and the capacity being approached well before the conventional vehicles and aggressive AV 
cases.  This is an expected result that is consistent with the reduced demand on the network. These results 
indicate that during off-peak periods, with reduced demand, the advantages associated with aggressively 
programmed AVs, or the disadvantages associated with cautious AVs, will not have much of an effect on 

the traffic performance of the network. 
 

Figure 2:Comparison of emission factors between 

gasoline vehicles and EVs under high and low 

traffic conditions on the Gardiner Expressway (the 

bars above the columns represent the standard 

deviation of the average fuel cycle emission factors) 

Figure 3:Average network speed and delay for 

Gardiner Expressway under low and high traffic 

(the bars above the columns represent the 

standard deviation of the average speed) 
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Urban Corridor Case Study: College Street 
The College Street network allows for the examination of vehicle operations under interrupted flow 
conditions, where the vehicles have to react to congestion build up, in addition to frequent stops made for 
signalized intersections. Figure 6shows that aggressive AVs have the potential to reduce the average fuel 
cycle emission factor by only 0.95%, while cautious AVs lead to a relatively larger 2.71% increase in the 
emission factor. The VKT between all three cases are identical, indicating that all vehicles enter the 
network under each scenario.  

Figure 7 displays the average speed, which is shown to remain constant between the three 
different driving settings with a difference of ±0.5km/hr. The network delay experiences a minimal 
increase from 34 seconds for both conventional and aggressive driving behaviour to 37 seconds in 
cautious AV driving, likely due to larger spacing between vehicles. These small changes are due to the 
low traffic demand on the network, coupled with the signalized intersections obscuring the differences in 
driving characteristics. Lower speeds supposedly generate less emissions; however, when a vehicle 
spends more time on the road, it generates more emissions. Therefore, despite the lower speeds, the 
vehicles for all three parameter settings need to stop at intersections, spending more time on the road and 
increasing their emission factor/intensity. Extended periods of idling because of stop and go traffic and 
interruptions to the traffic flow lead to emissions adding up and offsetting the benefits of lower speed on 
emissions. 

The average number of stops per vehicle (i.e., the total number of stops divided by the total 
number of vehicles on the network) was also measured as another relevant performance indicator for 
interrupted flow conditions. This parameter does not show a significant difference between the scenarios, 
as seen in Figure 8. This is inherent of the low traffic demand, and the fact that the vehicle operations 
have remained consistent between the scenarios. 

High traffic demand on the interrupted traffic flow of the urban corridor highlights the differences 
between AV driving operations and conventional vehicle operations.Aggressive AVs could potentially 
reduce the average fuel cycle emission factor by 3.44% from 393 g CO2eq/km to 380 g CO2eq/km. On the 
other hand, cautious AVs lead to a larger change in the emission factor with a 19.62% increase to 470 g 
CO2eq/km (Figure 6). Cautious AVs also result in a slight VKT decrease as they deteriorate the network to 
the point where a latent demand is created (approximately 43 vehicles left out of the network).  

The average network speed, under high traffic demand, varies between the three driving settings, 
as shown in Figure 7. The average speed increases slightly from 25 km/hr to 27 km/hr when only 
aggressive AVs are on the network. Conversely, cautious AVs degrade the network performance and 
result in a large decrease of the average speed to around 15 km/hr. The increased demand on the network, 
paired with the large gaps between vehicles and cautious performance leads to a queue of cars waiting at 
intersections, thereby increasing the time it takes to traverse the network. Changes in delay, which 

Figure 5:Speed-flow relationship on the Gardiner 

Expressway under low traffic for aggressive, 

conventional and cautious AVs 

Figure 4:Speed-flow relationship on the Gardiner 

Expressway under high traffic for aggressive, 

conventional and cautious AVs 

357



  Stogios, et. al 
 

7 

decreases slightly for aggressive AVs and increases significantly for cautiousAVs, also confirm these 
results. 

The average number of stops per vehicle under high traffic conditions indicate thatthe tighter 
operations of the aggressive AV lead to a very minimal reduction in the average number of stops in 
comparison to conventional vehicle operations. This insignificant change is attributed to the interrupted 
flow preventing the AVs from realizing their full potential.  However, cautious AVs lead to the 
breakdown the network performance and a significant increase of stops per vehicle.  This matches with 
the increased average network delay, reduction in average speed and increase in emission factor.  The 
larger gaps and overly cautious decisions lead to a breakdown in the network performance of the network, 
exacerbating the conditions and difficulties arising from an increased demand. 

DISCUSSION AND CONCLUSION 
Automated vehicles will introduce changes to the transportation networks that range from improvements 
(in the case of aggressive AVs) to a breakdown of traffic conditions (in the case of cautious AVs).  The 
degree of influence is dependent on the type of network that the vehicles operate.  When considering a 
freeway network (uninterrupted flow operating environment), such as a section of the Gardiner 
Expressway, aggressively programmed AVs lead to more efficient traffic flow, increased average speed, 
increased capacity, reduced delays and ultimately a reduction to the emission intensity of the vehicles.  A 
reduction in the traffic demand on the network offsets the effects of automated vehicle operations.  
Considering an urban arterial corridor (interrupted flow operating environment), such as a section of 
College Street with signalized intersections, the differences in the operating styles of automated vehicles 
and conventional vehicles is not as apparent.  The traffic flow is interrupted frequently preventing any 
changes in driving style from being fully exploited in the analysis.  Minimal changes between the 

Figure 7: Average network speed and delay for 

College Street under low and high traffic (the bars 

above the columns represent the standard 

deviation of the average speed) 

Figure 6:Comparison of emission factors between 

gasoline vehicles and EVs under high and low 

traffic conditions on College Street (the bars above 

the columns represent the standard deviation of the 

average fuel cycle emission factor) 

Figure 8: Average number of stops for College Street 

under low and high traffic  
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parameter setting scenarios, however, indicate the trend of improved emission and traffic performance 
with aggressive AVs.  

The electrification of the vehicle fleet results in the largest emission reduction, as expected.  A 
shift towards making EVs a larger portion of the vehicle fleet is worth considering, as their benefits in 
emissions can exceed the benefits presented by vehicle automation alone. 

Overall, there is potential for a reduction in emissions and improvement in traffic performance 
with the introduction of automated vehicles into transportation networks.  They will transform the way 
people and goods are moved around and will introduce behavioural shifts in urban environments.  Their 
full effects on the environment will become noticeable when all possible impacts of AVs are put together 
and considered. 
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