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Abstract 

Advanced driving technologies have the potential to fundamentally change the 

transport system. In particular, the development of connected vehicles (CVs), 

autonomous vehicles (AVs), and connected-autonomous vehicles (CAVs) have 

drawn attention from governmental bodies, industrial organisations and academic 

institutions with the premises to improve the driving experience, efficiency and 

comfort and enhance the safety, mobility and reduce vehicle emissions. Based on 

these premises, the focus of this research is to evaluate and quantify the potential 

impacts and benefits of CVs, AVs and CAVs based on the various traffic conditions 

in urban and sub-urban environment. 

 

In order to assess the potential impacts and benefits of CVs, AVs and CAVs, a 

microsimulation framework integrating the PTV VISSIM with the Surrogate Safety 

Assessment Model (SSAM) and EnViVer has been developed based on a real traffic 

network. A total of 108 scenarios have been developed based on different vehicle 

speed, type, driving behaviours and fleet market penetrations. In total, 5,450 

simulation runs have been conducted and 2,200 hours of computing runtime were 

spent to allow replicating the stochastic nature of traffic flow in the simulation 

which ensures the results are internally consistent. Three autonomous vehicle 

driving behaviours have been considered based on the categories defined by the 

CoEXist project, i.e. Cautious, Normal and All-knowing driving behaviours. 

 

The microsimulation results show that the driving behaviours, vehicle types, fleet 

penetration level and travel speed influence the outcome in different ways. AVs 

and CAVs with All-knowing driving behaviour have shown the best performance 

across all tested scenarios, i.e. these vehicles tend to improve the efficiency of the 

road network, reduce emissions and conflicts. AVs and CAVs with All-knowing 

behaviour are shown to achieve reductions of up to 30% in journey time, 20% in 

emission and 56% in conflicts (a proxy for collisions), with a significant 

performance improvement being achieved even at a relatively small market 

penetration rate. This trend is consistent with the expectations for AVs and CAVs 

with All-knowing driving behaviour representing an omniscient capability such as 

keeping consistent speed to reduce the stop-and-go situations, and allowing 

vehicles to accept much shorter gaps to achieve the best performance. In contrast, 
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CVs with Cautious behaviour show relatively poorer performance across all 

scenarios, which is even poorer than the baseline scenario with manual vehicles 

only. CVs with Cautious behaviour would see increases of up to 60% in journey 

time, 6% in emissions and 40% in conflicts. This is because cautiously 

programmed CVs tend to keep much greater gaps than that by a human driver 

between vehicles which has contributed to the observed poorer performance. 

These findings suggest that policy makers will need to make some tough decisions 

in future as to how these new technologies will be implemented.  
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1 Introduction 

 Society and the Car 

Ever since its invention during the late nineteenth century, the private car has 

transformed our outlook and over time has become the socially dominant method 

of transportation throughout the developed world (DfT, 2008). Cars have changed 

the way people live, such as allow people travel much easier, faster, and more 

comfortably from one physical place to another with a great deal of freedom (Miller 

and Spoolman, 2016). Meanwhile, cars influence and will continue to influence 

every part of our economy and every aspect of society (AxleAddict.com, 2017). 

Without cars, life as we know would not be the same. That said, road transport as 

currently configured around the car has also had significant negative economic, 

environmental and social impacts on people’s lives in terms of increased 

congestion, delays,  emissions, greenhouse gases (GHG), noise, land taken, road 

traffic accidents, and social exclusion to name but a few. Some of these will now 

be discussed in more detail.  

1.1.1  Economic Impacts 

Increasing traffic congestion in growing and large metropolitan areas is one of the 

great concerns for transport agencies and citizens.  Worldwide, the total cost 

caused by road traffic congestion (much of it in terms of time lost due to traffic 

delays) for Europe alone is estimated nearly £100 billion, which is equivalent to 

1% of GDP each year ( European Commission, 2012). Without any changes, the 

traffic on roads in Europe is predicted to increase by 34% by 2030 and 51% by 

2050.  As a result, the cost of congestion is expected to increase dramatically 

(Eugensson et al., 2013). In the UK, more than 16 million people commute by car 

to work every day with the average driver spending 124 hours annually stuck in 

gridlock. As a consequence, some estimated that the increased congestion would 

cost the UK economy more than £300 billion by 2030 (INRIX, 2014). Although the 

government and transport agencies have been trying to mitigate the effect of 

traffic congestion by expanding the infrastructure capacity or demand 

rationalising, the problem of congestion has reached an unprecedented level (Olia, 

2016). Moreover, expanding the road network by building new roads or adding 
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extra lanes is usually unsustainable and often prohibitively expensive, impractical 

and never-ending task due to the phenomenon of induced demand (Saifuzzaman 

and Zheng, 2014). Considering the shortcoming associated with expanding the 

capacity of the existing infrastructure, improving the efficiency of the existing 

transportation network via Intelligent Transport Systems (ITS) has been 

considered as one of the most suitable solutions for addressing congestion 

problem without physically expanding roadway networks (Olia, 2016).  

1.1.2  Environmental Impacts 

The road transport sector is widely recognised to be a significant and increasing 

source of air pollution and CO2 emissions worldwide (Colvile et al., 2001). 

According to the World Health Organization (WHO), the road transport sector 

contributes up to 30% of PM2.5 in European cities, 17% of the world’s energy 

related CO2 emissions, and 10% of global greenhouse gas (GHG) emissions (WHO 

2011; UNEP, 2010). In Europe, the road transport sector is responsible for about 

a quarter of the EU's GHG emissions and the CO2 emissions have increased by 

40% in 2010 from 1990 levels (European Commission,  2010). In the UK, the road 

transport sector is the fastest growing source of GHG emissions and responsible 

for around 23% of UK GHG end-user emissions in 2013 (DECC, 2015). In addition, 

compared to traffic in a free-flow condition, vehicles stuck in congestion and a 

stop-and-go pattern result in more GHG emissions being produced. According to 

European Commission (2011), transport-related emissions of GHG should be 

reduced by around 60% by 2050 compared to 1990 in order to achieve a reduction 

of GHG emissions that is consistent with the long-term requirements for limiting 

climate change to 2°C. The UK Government is committed to reducing GHG 

emissions by 80% by 2050 compared to the 1990 level (DfT, 2008). 

 

Land take is another increasing concern linked with road transport (Stokes 1992; 

Whitelegg, 1994; Programme et al., 2010; Tahzib ad Zvijáková; 2012). The 

expanding of infrastructure and development of facilities have huge impacts on 

land use. Several studies have predicted that, in order to keep up with the demand 

for transportation, approximately £43 trillion would need to be invested in 

infrastructure all over the world between 2013 and 2030 (Mckinsey and Company, 

2014; Alessandrini et al., 2015). In addition, with the growing population, there 
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would need to be a significant amount of space dedicated to parking facilities 

(National League of Cities, 2015; Anderson et al., 2014).  

 

According to the World Health Organisation (WHO, 2018a), noise pollution 

including environmental noise is only second to air pollution in terms of its impact 

on health and transport sector being a major cause. Road traffic is the dominant 

source of environmental noise. In Europe, at least 20% of the population lives in 

areas where traffic noise levels are harmful to health. More specifically, an 

estimated 113 million EU citizens are affected by long-term day-evening-night 

traffic noise and the number of people exposed to high levels of road traffic noise 

is likely to increase in the future (EEA, 2020).   

1.1.3  Social Impacts 

A study conducted by Cambridge Systematics (2011) shows the annual social cost 

of traffic crashed in America is £230 billion which is 3 times more than the £75 

billion costs of congestion. WHO (2014) indicates that by 2030 the urban 

population will reach 5 billion, or more than 60% of the world population. At the 

same time, the re-population and revitalisation of urban centres have already 

begun to spread beyond cities and how cities will cope as their communities grow 

and accommodate their new residents will become a major challenge (National 

League of Cities, 2015). Also, currently access to cars is limited to those who own 

a vehicle and can physically drive or those who can find someone to drive for them 

(Lari et al., 2014). Moreover, an ageing report from European Commission (2018) 

indicates that people aged 65 or older was 25% in 2010 and it has risen to 29.6% 

in 2016, and will rise significantly to 2050, and eventually reach 51.2% in 2070. 

This implies that the EU would move to around two working-age persons from the 

four working-age people for every person ages over 65 years in 2010. Therefore, 

providing more mobility options for the elderly, young and disabled individuals in 

order to reduce isolation and the feel of disempowerment of these people is also 

very important from the social perspective.  

 

In addition, worldwide about 1.25 million people die each year on the road and 

between 20 and 50 million more people injured with many incurring a long-term 

disability as a result of road traffic accidents. Nearly 90% of the fatalities occur in 
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low and middle-income countries.  For example, it is estimated that in China at 

least 260,000 people die every year as a result of road traffic accidents which is 

equivalent to more than 700 casualties each day (WHO, 2015). In the United 

States, more than 32,000 people are killed related to road accident and as many 

as 2.2 million injured in the single year of 2011(Anderson et al., 2014). In the 

European Union, almost 25,700 fatalities in traffic accidents were reported in 2014 

of which the UK contributed 1,775 (Department for Transport, 2015; European 

Commission, 2015). NHTSA (2018) indicates that 94% of all road accidents are 

caused by human error such as speeding, drunken driving, distracted operators, 

and failure to remain in the lane. Therefore, finding the solution for reducing or 

eliminating human error has become one of the most important aspects and 

challenge for transportation engineers. Meanwhile, enabling transport to deliver 

the most benefit to our lives and those of future generations, developing a safer 

and sustainable transport system through advances in automation and intelligent 

mobility has been prioritised in the industry.  

  An Upcoming Revolution 

European Commission (2011) announced that in order to overcome reliability, 

environmental, safety and affordability issues, new forms of mobility would have 

to be proposed towards sustainable solutions for the transport of people and 

goods. Over the last decade, government, academia and industry have been 

working together in developing systems that can improve road safety and capacity 

and also reduce environment impacts (Sullivan, 2015; Fagnant and Kockelman, 

2015; Howard and Dai, 2014; Casley et al., 2013; Shladover et al., 2012; Tapani, 

2012; Schakel et al., 2010; Desjardins, 2009; Davis, 2007; Arem et al., 2005). 

One of the approaches is to develop a smart system with vehicles that use sensors 

and computers to control and communicate between the vehicles and/or 

infrastructures. In theory, connected and autonomous vehicles have the potential 

to improve the safety, congestion, gas emission, fuel consumption, reduce parking 

needs, bring mobility to those unable to drive, and sustainability of our 

transportation systems (Anderson et al., 2016; Fagnant and Kockelman, 2015; 

Litman, 2015; Sullivan, 2015; Thierer and Hagemann, 2014; Casley et al., 2013; 

NHTSA, 2013; European Commission, 2011a; Forrest and Konca, 2007). 
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1.2.1  Autonomous and Connected Autonomous Vehicles 

The concepts of Connected Vehicles (CVs), Autonomous Vehicles (AVs) and 

Connected and Autonomous Vehicles (CAVs) have become hot topics with 

governmental bodies, industries and academic institutions, especially since Google 

released a video of road testing a prototype of the driverless car in early 2012 

(Somers and Weeratunga, 2015). In the UK, trial testing of driverless cars on the 

public roads is currently being conducted in Bristol, Coventry, Milton Keynes and 

Greenwich, whilst in 2017 the UK Government also committed £540 million to 

fund the development of driverless cars, and the UK’s market for connected and 

automated vehicles estimated to be worth £52 billion by 2035 (DfT, 2019a). 

Worldwide, more than 40 corporations are working on autonomous vehicles, which 

include not only traditional car manufacturers and automobile suppliers, but also 

technology companies (CB INSIGHTS, 2019).  

 

In this programme of research, the following definitions have been used (Centre 

for Advanced Automotive Technology, 2020; Centre for Automotive Research, 

2017; Atkins, 2016): 

 

• Connected Vehicles (CVs) are vehicles that have access to a number of 

communication technologies to communicate with the drivers and other 

vehicles on the road and roadside infrastructure. A connected vehicle 

supplies information to the driver rather to make any choice for the driver; 

• Autonomous vehicles (AVs) also known as self-driving cars, robotic cars or 

driverless cars, which are motor vehicles that human drivers are replaced 

by computers and sensors. The Society of Automotive Engineers (SAE) has 

categorised vehicle automation into six levels from Level 0 (no autonomous 

features) to Level 5 (fully autonomous operation); 

• Connected and Autonomous Vehicles (CAVs) are vehicles which combine the 

technologies of CVs and AVs, which have access to the internet and use a 

wide variety of technologies to communicate with vehicles and the external 

environment and can be driven by machines. Generally, the technologies 

being developed to support CAVs including: vehicle-to-vehicle (V2V) 

technology, and vehicle-to-infrastructure (V2I) technology and Vehicle-to-

Everything (V2X) technology; 
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• Vehicle-to-Vehicle (V2V) can transmit data about vehicle’s speed, position, 

size, acceleration, brake status, direction of travel and other information 

about the vehicle when two or more vehicles are in radio communication 

range (Horton et al., 2016; GAO, 2015). V2V system offers significant road 

safety benefits, such as collision avoidance, electronics brake light warning, 

vehicle platooning; 

• Vehicle-to-Infrastructure (V2I) transmits data between the vehicle and the 

road infrastructure, and is intended primarily enable a wide range of safety, 

mobility, and environmental applications to avoid or mitigate motor vehicle 

accidents (GAO, 2015). V2I applications relay on data sent between 

vehicles and infrastructures elements to provide information such as advice 

manager from the infrastructure to the vehicles that inform the driver of 

safety, mobility, and environmental-related conditions; and 

• Vehicle-to-Everything (V2X) comprises of V2V and V2I, where X can be 

another vehicle, a piece of infrastructure, an on-board device or a cloud 

technology, or pedestrians (Fyfe, 2016; DOT, 2015). According to NHTSA 

(2016b), V2X technology allows the automation systems to react far quicker 

to the situation when a vehicle equipped the highest level of awareness of 

its surrounding. In addition, V2X offers a multi-service platform for V2V and 

V2I and provides beneficial mobility, environmental, compliance and 

efficiency solutions for roadway user (Sprouffske, 2013).  

 Research Motivation and Gap 

Although CVs, AVs and CAVs potentially have the capability to address a range of 

congestion, environmental and road traffic safety issues, there are still many 

challenges and uncertainties that remain, particularly concerning public 

perceptions of safety, liability, privacy, control, licensing, security and insurance 

regulation (Fagnant and Kockelman, 2015). Since Google’s self-driving car was 

involved in its first crash with a bus when it changed lanes (BBC News, 2016b), 

the Californian Department of Motor Vehicles (CA DMV, 2020) has received 260 

autonomous vehicles collision reports up to April 2020.  Tesla cars too had a few 

fatal crashes while the vehicles were being driven by its Autopilot mode (The 

Guardian, 2020). These reported incidents may affect the progress of developing 

self-driving cars. Meanwhile, there are questions about when, how, or if the fully 
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autonomous vehicles will be implemented into public road and complement or to 

replace conventional road vehicles (Fraedrich et al., 2015). 

 

As of 2020, there are already various advanced vehicle technologies available 

associated with CVs, AVs and CAVs. Indeed, ever since the late 1990s a variety of 

assistance systems such as Adaptive Cruise Control (ACC), Cooperative Adaptive 

Cruise Control (CACC), Lane Departure Warning Systems (LDWS) and Intelligent 

Speed Adaptation (ISA) have been introduced to make it easier for the driver to 

control the vehicle meaning that more and more aspects of the driving task can 

now be controlled by the vehicle itself (Trimble et al., 2014). Some of the 

technologies are already available in the market such as Lane Change Assist 

(LCA), Adaptive Cruise Control (ACC), and Park Assist (PA). The impacts of such 

systems on traffic conditions are still not entirely known and there has only been 

limited research on how these technologies affect traffic operation especially those 

above level-2 automation, e.g. Traffic Jam Assistance and Highway Chauffeur 

(Elefteriadou, et al., 2011).  

 

Moreover, research studies that have been undertaken so far are mainly focused 

on individual vehicles rather than the interaction between the autonomous 

vehicles and manual vehicles coming together in the real world (Woodard and 

Sedigh, 2013). It is anticipated that, before the autonomous vehicles are fully 

implemented into the current transportation system there will be mixed traffic 

conditions and a transition period between manually driven vehicles and fully 

autonomous vehicles. Therefore, one of the key challenges will be how to manage 

the mix road conditions with connected and autonomous vehicles at different 

levels of automation with current generation vehicles (Somers and Weeratunga, 

2015).  There appear to be limited studies which have examined the CVs, AVs and 

CAVs under mixed traffic conditions. So far most of the studies have been limited 

to motorway scenarios and high levels of market penetration, and rather fewer 

have looked at the interface between the city centre and motorway (Olia, 2016). 

In addition, many studies have been focused either on very detailed micro studies 

on limited sections of a network (such as individual links or junctions), or on 

broader ‘macro’ level studies of city, regional or national networks, while far fewer 

have conducted microsimulation studies of multi-link/multi-junction networks. 
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Thus, it is fundamentally important to understand the transition phase from 

manual vehicles to autonomous vehicles and evaluate the full range of social, 

economic, environmental and mobility impacts of technologies involved at a 

system scale based on different levels of traffic condition and market penetration. 

  Research Questions   

This programme of research investigates and evaluates the benefits and impacts 

of CVs, AVs and CAVs, especially during the transition period from manual to 

autonomous and mixed traffic situations. The following questions require to be 

addressed: 

 

1. To what extent are CVs, AVs and CAVs beneficial to the traffic system in the 

urban/sub-urban environment? Specifically:  

1a) How beneficial are they in terms of mobility-related indicators;  

1b) How beneficial are they in terms of local air quality and carbon 

emissions? and  

1c) How beneficial are they in terms of traffic safety? 

2. How can the utilisation of CVs, AVs and CAVs be optimised in the urban/sub-

urban environment?  

3. What will urban/sub-urban transport systems ultimately look like in the 

future based on the prediction of the microscopic simulation modelling? 

 Aim and Objectives 

The aim of the programme of research is to investigate the system-level 1 

performance of connected, autonomous and connected autonomous vehicle 

technologies against transport and broader societal impacts.  

 

The objectives of the programme of research are set as follows: 

 

 

1 In this case, a transport system can be defined as “a combination of elements and their interaction, 
that produce the demand for travel within a given area and the supply of transportation services to 
satisfy the demand” (Cascetta. 2001). Hence in this programme of research, system-level impacts 

refer to the combined mobility, social and environmental effects which are generated by the vehicles 
and infrastructure across the study area.    
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1. To identify the characteristics of operational contexts of connected, 

autonomous and connected autonomous vehicle technologies, performance 

and system-level impacts. 

2. To establish appropriate simulation approaches. 

3. To construct and run scenarios representing a range of different operational 

conditions in which connected, autonomous, and connected autonomous 

vehicles are deployed. 

4. To evaluate the transport and broader societal impacts of connected, 

autonomous and connected autonomous vehicles technologies.  

5. To draw the implications to policy makers and practitioners. 

  Scope and Methodology 

This programme of research focuses on evaluating and quantifying the potential 

impacts and benefits of specific technologies associated with CVs, AVs and CAVs 

based on different scenarios including mixed traffic condition and different market 

penetration. Telecommunication aspects of CVs, AVs and CAVs (protocols, 

bandwidth, latency etc.) will not be considered in this programme of research.  

 

To fulfil the objectives of this research, a modelling framework based on a traffic 

microscopic simulation approach has been developed. Microscopic traffic 

simulation software such as PARAMICS, AIMSUN, CORSIM, SUMO and VISSIM 

have been investigated and compared. In this programme of research, the PTV 

VISSIM has been selected. In order to evaluate the safety and environmental 

impacts of CVs, AVs and CAVs, the Surrogate Safety Assessment Model (SSAM) 

and EnViVer emission model have been applied.  

1.6.1  Microsimulation and the PTV VISSIM 

PTV VISSIM is one of the most commonly used microscopic traffic simulation 

software developed by the German company Planung Transport Verkehr AG 

(Elefteriadou, 2014). This software enables modelling an extensive assortment of 

traffic facilities that exist on a road network such as junction geometry, motorway 

traffic, simulation of public transport, emissions modelling, multimodal systems, 

active traffic management and pedestrian interaction (PTV Group, 2015). VISSIM 
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can model a complex traffic situation including roundabout and intersection where 

numerous conflicts between modes of transport exist (Eidmar and Hultman, 

2014). “VISSIM microscopic traffic simulation software appears to support most 

of the modelling features required for obtaining surrogate measures at a 

reasonable level of fidelity” (Gettman and Head, 2003).  

 

On the driver level, VISSIM contains psycho-physical perception car-following 

model developed by Professor Rainer Wiedemann for longitudinal driver behaviour 

and a rule-based lane changing model: Wiedemann 74 and Wiedemann 99. 

Applied to different types of the operating environment, Wiedemann 74 is more 

commonly used to model urban traffic while Wiedemann 99 is more suitable for 

modelling traffic on motorway (VISSIM 11 User Manual, 2018). VISSIM also 

provides various add-on API to allow users integrating their own application into 

VISSIM. The most common one called COM which allows external programs to 

access simulation objects, and External Driver Model Dynamic Linked Library 

(DLL) interfaces which can replace the internal driving behaviour by a user-defined 

behaviour for some or all of the vehicles (Songchitruksa et al., 2016). 

1.6.2  EnViVer Emission Model 

EnViVer is a software used to calculate real world vehicle emissions and is specially 

designed to be used for add-on module for VISSIM. EnViVer was created by TNO 

(the Netherlands Organisation for Applied Scientific Research), who has developed 

the emission model Versit+ based on collected emission data from more than 

20,000 vehicles (Eijk et al., 2014). EnViVer produces calculations of the emissions 

of Carbon Dioxide (CO2), Nitrogen Dioxide (NOx) and Particulate Matter (PM10) 

based on instantaneous velocity and acceleration for a large range of different 

vehicle types (Bohm and Hager, 2015). This makes EnViVer as a suitable tool to 

determine the impact of traffic in changing situations on the total exhaust 

emissions (Eijk et al., 2014). The user of EnViVer has access to the latest emission 

model as the database with emission results from new vehicles entering the 

market is continuously updated (Eijk et al., 2014).  

1.6.3  The Surrogate Safety Assessment Model (SSAM) 
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The Surrogate Safety Assessment Model (SSAM) is a software that combines an 

automated conflict analysis and microsimulation software. The software is 

developed by Siemens ITS and is funded by the Federal Highway Administration 

(FHWA). The algorithm and logic of the software are based on the study conducted 

by Gettman and Head in 2003. SSAM analyses trajectory data generated from 

certain microsimulation tools, namely VISSIM, PARAMICS, TEXAS and AIMSUM.  

 

SSAM operates as a post-processor in order to classify conflicts and compute a 

series of surrogate safety measures from a trajectory file (.trj) that is generated 

from one of the above microsimulation software. Then SSAM analyses the 

trajectory file with the vehicle-to-vehicle interaction to identify conflict situation 

and provides a database of all instances found in the model output (Bachmann, 

2009; Fyfe, 2016). There are two major types of surrogate measures, which are 

firstly to measure the severity of the conflict and secondly to determine the 

severity of the potential collision. Time-to-Collision (TTC), Post Encroachment 

Time (PET), and Deceleration Rate (DR) are used as indicators for conflict severity 

while the larger of the speeds of the two vehicles (MAXS) and Maximum relative 

speed (DeltaS) are used to derive the severity of each potential collision (FHWA, 

2008). 

  Thesis Structure 

The thesis is organised into the following ten chapters: 

Chapter 1 provides an introduction and background to the thesis, the objectives 

of this research project and an outline of the thesis structure. 

Chapter 2 presents a comprehensive literature review of the Connected Vehicle 

(CV), Autonomous Vehicle (AV) and Connected Autonomous Vehicle (CAV) related 

research areas in order to support the main objectives of this programme of 

research. The literature review is focused on the automation level, V2V and V2I 

technologies, implementation of CVs, AVs and CAVs across the world, and the 

benefits, impacts and barriers in terms of the economic, environmental and social 

aspects. 
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Chapter 3 discusses the microsimulation approach adopted for this programme of 

research, i.e. microsimulation modelling tools comparison and selection 

procedure. This chapter also presents the details of a microsimulation workshop. 

Chapter 4 presents the research design and methods adopted to achieve the 

objectives. The data used in the simulation are also presented.   

Chapter 5 presents the constructed scenarios based on various situations and 

different environments, e.g. vehicle speeds, types, driving behaviours and fleet 

market penetration levels. The chapter also discusses the approach of selecting 

the measures and indicators for assessing the impacts of mobility, environment 

and safety.  

Chapter 6 presents the details of the calibration and validation of the baseline 

model for this programme of research. It also describes the process of 

implementing the base model and developing a VISSIM model for all scenarios.  

Chapter 7 presents the mobility-related impact results with discussions based on 

the different scenarios. 

Chapter 8 presents the environmental-related impact results with discussions 

based on the different scenarios. 

Chapter 9 presents the safety-related impact results with discussions based on 

the different scenarios. 

Chapter 10 summarises the results and discusses the main findings from the 

programme of research. It also presents conclusions, contributions, and 

recommendations. Suggestions on implementations of the CVs, AVs and CAVs at 

the policy and urban planning level are also made.  
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2 Literature Review of Connected and 

Autonomous Vehicles 

  Introduction 

This first section of this chapter reviews the history of connected and autonomous 

vehicles (Section 2.2). This is followed by a review of the definitions of automation 

levels, the details of advanced technologies involved in each of level, and Vehicle-

to-Vehicle (V2V) and Vehicle-to-Infrastructure (V2I) technologies and its 

applications (Section 2.3 and 2.4). The current status of the implementations of 

connected and autonomous vehicles in different countries are examined in Section 

2.5 and 2.6. Then, research carried out on the benefits and impacts of the 

connected and autonomous vehicles with respect to congestion, environment and 

safety, and the status of current technologies are reviewed in Section 2.7 and 2.8. 

Finally, the research gaps are presented in Section 2.9.   

  Historical Background  

‘Autonomous Vehicles’, ‘Automated Vehicles’, ‘self-driving cars’ or ‘driverless 

cars’- there are many words to describe the potential (and highly likely) future 

vision of the automobile, i.e. one in which there is no longer a human driver. All 

these terms refer to an automobile where some aspects of a safety critical control 

function such as steering, throttle or braking occurs without direct human 

intervention (NHTSA, 2013). Ever since vehicles were first invented, futurists 

began to think about taking human out of the driving seat (Diels, 2014). For 

decades, many efforts have been made by various car companies and researchers. 

The history of research into autonomous vehicle technology can be divided into 3 

phases: 

2.2.1  Phase 1 (1920s to 1990s) 

The ideas of the ‘Autonomous Vehicle’ and the ‘Driverless Car’ have been imagined 

by researchers on technology almost since the first Model T Ford was introduced 

to the public (Lari, Douma and Onyiah, 2014). Between 1920 and 1980 various 

ideas of the ‘driverless car’ came out. One of the first was a radio-controlled 

‘driverless car’ in the 1920s, which involved two vehicles. The front vehicle was 
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installed with a transmitting antenna and was followed by a vehicle to send out 

radio signals (Davidson and Spinoulas, 2015). A few decades later, in the 1950s 

researchers from the major car companies and universities worked together on a 

system of the roadway and car modification to create ‘the car that drives itself’, 

the first known thoughts on self-driving cars were described in Popular Mechanics 

magazine (Poczter and Jankovic, 2014). However, it was not until 1968 self-

driving cars became a reality, with the first physical breakthrough in driverless car 

technology being the idea of using sonar and gyroscopes to drive, steer and brake 

an automobile (Poczter and Jankovic, 2014). At the same time in the 1980s, the 

U.S. federal government set a grant of goal for a ‘self-driving’ vehicle to be 

operational by 1985 (Lari et al., 2014). In the same period, a ‘driverless car’ has 

been considered that could be activated by electronic devices embedded in the 

roadway and this means construction of new electronically controlled streets, 

which were conducted in the both the UK and parts of US (Davidson and Spinoulas, 

2015). 

 

During the 1970s, research was conducted by Tsukuba Mechanical Engineering 

Laboratory in Japan which developed an autonomous vehicle, which was able to 

reach the top speed of 20 miles per hour by following white street markers in a 

dedicated test course. This was known as the first human built real robot vehicle 

(Forrest and Konca, 2007).  

In the late 1980s, the Prometheus Project by EUREKA was funded more than £700 

million by the European Commission to boost research on autonomous vehicles 

(Morgan Stanley, 2013). Meanwhile between 1980 and 1995, researchers from 

universities in the USA were working with transportation agencies and automotive 

companies. They were considered to develop two types of vehicle automation. The 

first was based on automated highway systems where the vehicles depend heavily 

on the highway infrastructure to guide them, whilst the second developed both 

semi-autonomous and autonomous vehicles that relied much less on highway 

infrastructure (Anderson et al., 2016). Over the same period, researchers from 

Europe focused on getting the autonomous vehicle working on the existing 

highway system. One of these demonstrations was by a research team led by 

Ernst Dickmanns from Bundeswehr University Munich in Germany. His team 

managed to develop a Mercedes Benz van as a guided vehicle that could navigate 
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at top speeds of 60 miles per hour on the road without traffic (Davidson and 

Spinoulas, 2015).  

2.2.2 Phase 2 (since 2000) 

After the successes of the 1980s and 1990s, progress seems to have plateaued in 

the late 1990s until Defence Advanced Research Projects Agency (DARPA) 

launched three ‘Grand challenges’ in 2004, 2005 and 2007. The first two 

challenges were held in countryside environments and the third took place in the 

urban environment.  In 2004, DAPRA provided a prize of 1 million dollars for the 

first team who successfully navigated a 150-mile course through the Mojave 

Desert. During the competition, the vehicles were required to be fully automated 

without a human driver, which was the first time no human was allowed in the 

vehicle and it was a landmark for research progress. The challenge was repeated 

in 2005, and 5 vehicles out of 195 entries finished the course. In 2007, the 

competition moved to the metropolitan setting, with the vehicles having to 

negotiate junctions and interacting with other autonomous and human-driven 

vehicles (Ornes, 2019; Zhao et al., 2018; Anderson et al., 2016; Kröger, 2016; 

Davidson and Spinoulas, 2015; Schwarz et al., 2013; Macdonald, 2011; Forrest 

and Konca, 2007). 

 

The research into autonomous vehicles has made even more remarkable progress 

since Google ‘driverless car’ began operating on the public road. The project began 

shortly after DARPA launched the third challenge i.e. Urban Challenge in 2007. In 

the years since Google has taken a lead by developing and testing a fleet of cars 

and initiated a platform to demonstrate the uses of technology. For example, 

showing the videos from the internet to demonstrate the mobility offered to the 

blind (Anderson et al., 2016; Schwarz et al., 2013). Under such pressure, the U.S. 

National Highway Traffic Safety Administration (NHTSA) began a program of 

research into autonomous vehicles and created a new division for conducting 

autonomous vehicle tests on public roads (NHTSA, 2013). Meanwhile, the race to 

get driverless cars on the road is speeding up. Worldwide, more than 40 

corporations are working on autonomous vehicles, which include not only 

traditional car manufacturers and automobile suppliers, but also technology 

companies (CB INSIGHTS, 2019). In the UK where a testing road network of 26km 
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of public road in London has been launched and government experts suggest that 

fully autonomous vehicles be on the road by 2021 (Techworld, 2019).  

 Levels of Automation 

2.3.1 What is Automation? 

The term of ‘Automation’ is defined by the Oxford English Dictionary as:” The 

action or process of introducing automatic equipment or devices into a 

manufacturing or other process or facility; (also) the fact of making something (as 

a system, device, etc.) automatic” (OED, 2020). By extension, ‘Automation’ refers 

to (Vocabulary, 2020): 

 

1. The act of implementing the control of equipment with advanced 

technology; usually involving electronic hardware. 

2. Equipment used to achieve automatic control or operation. 

3. The condition of being automatically operated or controlled. 

 

In 1952, the term of ‘Automation’ first appeared in a Scientific American article 

(Sheridan and Parasuraman, 2002). Today, use of the term has grown beyond its 

roots in manufacturing to include applications for automobiles, aircraft and air 

traffic control, ships, space vehicles and robots, heating and air conditioning and 

chemical and power plants in Transportation, Agriculture, Construction, Energy, 

Security and Healthcare, and many other areas (IEEE, 2012; Sheridan and 

Parasuraman, 2002). 

 

In the automobile industry, ever since the ‘Automation’ has been first introduced 

as a modern industrial revolution, it has regularly been the key driver for the 

transformation of production to the present and the future methods (Jovanel et 

al., 2003).  

2.3.2  Taxonomy of Levels of Automation 

When defining the level of vehicle automation, there are three important criteria 

to be considered. The first considers the controlling functions such as the ability 
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of the system to take over either longitudinal or lateral control, or both at the 

same time; the second criterion is related to the human driver who might be 

allowed to dedicate his/her attention partially or completely to other activities 

except driving; the last criterion refers the performances of the vehicle and its 

ability to independently "understand" the processes that appear during driving 

(Jadranka et al., 2015).  

 

There are four industrial well-known taxonomies of vehicle automation which are 

defined by the following organisation:  

 

• BASt (the Germany Federal Highway Research Institute); 

• VDA (the German Association of the Automotive Industry); 

• SAE (Society of Automotive Engineers) in the USA;  

• NHTSA (National Highway Traffic Safety Administration) in the USA. 

 

Versions of VDA, SAE and NHTSA are mostly based on the BASt definition and all 

four definitions have a common understanding. Automation level in this 

programme of research is based on the SAE definitions. The following sections 

introduce the definitions of all four versions with an emphasis on the definition of 

SAE. An overview of the common and distinguishing features of those definitions 

is carried out which is followed by a comparison of the four versions. 

2.3.2.1 The German Federal Highway Research Institute (BASt) 

Version 

In April 2010, the BASt working group ‘Legal Consequences of an Increase of 

Vehicle Automation’ was established and aimed to assess the legal aspects of 

automated driving functions. In January 2012, BASt published a report which 

described the shared responsibilities between driver and system at different levels 

of automation and the target group of this report were lawyers (Bartels et al., 

2015).  The BASt definitions have been the basis for the versions of VAD and SAE. 

It provides five degrees of vehicle automation as outlined below (Klein, 2017; 

Bartels et al., 2015; Gasser and Westhoff, 2012) 
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• Driver only (Level 1): Human driver executes the manual driving task. 

No system intervenes in longitudinal and lateral control. 

• Assisted (Level 2): The driver controls either longitudinal or lateral control 

all the time. The other task can be supported to a certain extent by the 

assistance system. 

• Partially Automated (Level 3): The system takes over longitudinal and 

lateral control. The driver must monitor the system all the time and has to 

be ready to take over control at any time. 

• Highly Automated (Level 4): The system takes over longitudinal and 

lateral control for a certain amount of time and/or in a specific situation. 

Driver need not permanently monitor the system as long as it is active. In 

case of a takeover request, the driver must take over control at any time. 

• Fully Automated (Level 5): The system takes over longitudinal and 

lateral control completely and permanently. In case of a takeover request, 

if the driver fails to follow, the system will return to the minimal risk 

condition by itself. 

2.3.2.2 The German Association of the Automotive Industry (VDA) 

Version 

The VDA working group ‘Vehicle Automation’ was established in October 2012 and 

aimed to create the framework conditions for the establishment of automated 

driving functions. Based on the definitions of BASt, VDA published a position paper 

which target manager and politician (Bartels et al., 2015). VDA has defined the 

automation level range from 0 to 5 and outlined as below (VAD, 2014) : 

 

• Level 0 (Driver only): The human driver performs longitudinal and lateral 

control. There is no system intervention. 

 Level 1 (Assisted): System can perform either longitudinal or lateral 

control, while human driver must monitor the dynamic driving task and the 

driving environment at all the times. 

• Level 2 (Partial Automation): System can perform both longitudinal and 

lateral control, while human driver continuously monitors the dynamic 

driving and the driving environment and must be in a position to resume 

control the vehicle if needed.  
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• Level 3 (Conditional Automation): System performs both longitudinal 

and lateral control. The human driver does not need to continuously monitor 

the dynamic driving and driving environment. However, he/she must be 

able to resume control with a sufficient time margin.  

• Level 4 (High Automation): The human driver is not required to monitor 

the system. Drivers can take over the entire task of driving at any time in 

case of takeover request. 

• Level 5 (Full Automation): System automatically performs the dynamic 

driving task in all situations and no human driver is needed on board. 

2.3.2.3 The US National Highway Traffic Safety Administration 

(NHTSA) Version  

NHTSA initially published its automation levels in December 2012 and for the first 

time provided a classification for the different automation levels. In the following 

year, NHTSA published their ‘preliminary Statement of Policy Concerning 

Automated Vehicle’ which revised the definition of automation level (Bartels, 

Eberle and Knapp, 2015). This definition includes five levels of vehicle automation, 

ranging from vehicles that do not have any automated vehicle systems (Level 0) 

to Fully Automated Vehicles (FAVs) (Level 4) (NHTSA, 2013). These levels are 

summarised as: 

 

• Level 0 (No Automation): Current non-automation vehicle. The human 

driver is in complete control of the primary vehicle controls at all times such 

as steering, braking, throttle and motive power. 

• Level 1 (Function-specific Automation): Automation at this level 

involves one or more specific control functions are automated. Examples of 

function specific automation systems include cruise control, automatic 

braking, and lane keeping, where the driver is solely responsible for safe 

operation and monitoring the roadway but can choose to cede primary 

control or be assisted in certain situations. 

• Level 2 (Combined Function Automation): Automation in this level 

involves at least two primary control functions designed to work in unison 

to relieve the driver of control of those functions. One example of combined 
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functions enabling a Level 2 system is adaptive cruise control in combination 

with lane centring. 

• Level 3 (Limited Self-Driving Automation): Automation in this level 

enables the driver to cede all safety critical function under certain traffic or 

environmental conditions and rely on the vehicle to monitor for changes in 

those conditions that requiring transition back to driver control. Drivers are 

expected to be available for occasional control, but with sufficiently 

comfortable transition time. 

• Level 4 (Full Self-Driving Automation): Vehicles can perform all safety-

critical driving functions and monitor roadway condition for an entire trip. 

Drivers provide destination or navigation input, but are not required for 

control at any time during the trip. 

2.3.2.4 The Society of Automotive Engineers (SAE) Version  

In 2011, the Society of Automotive Engineers (SAE) working group ‘On-roads 

Automated Vehicle Standards Committee’ was established and one of the main 

objectives was to develop the Standard J3016. Three years later, in January 2014, 

the SAE published the standard J3016 named ‘Taxonomy and Definitions for Terms 

Related to On-Road Motor Vehicle Automated Driving Systems’(Bartels et al., 

2015). This standard classifies the future of the automobile and became one of 

the most widely used systems of classification. SAE classified driving automation 

into six degrees of automated driving, ranging from level 0 (No Automation) to 

level 5 (Full Automation) as outlined in Figure 2.1. 
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SAE 

Level 

 

Name 

 

Narrative Definition 

Human driver monitors the driving environment 

0 No 

Automation 

The full-time performance by the human driver of all aspects of the dynamic driving 

task, even when enhanced by warning or intervention systems. 

1 Driver 

Assisted 

The driving mode-specific execution by a driver assistance system of either steering 

or acceleration/deceleration using information about the driving environment and with 

the expectation that the human driver performs all remaining aspects of the dynamic 

driving task. 

2 Partial 

Automation 

The driving mode-specific execution by one or more driver assistance systems of both 

steering and acceleration/deceleration using information about the driving 

environment and with the expectation that the human driver performs all remaining 

aspects of the dynamic driving task. 

Automated driving system (“system”) monitors the driving environment 

3 Conditional 

Automation 

The driving mode-specific performance by an automated driving system of all aspects 

of the dynamic driving task with the expectation that the human driver will respond 

appropriately to a request to intervene. 

4 High 

Automation 

The driving mode-specific performance by an automated driving system of all aspects 

of the dynamic driving task, even if a human driver does not respond appropriately to 

a request to intervene. 

5  Full 

Automation 

The full-time performance by an automated driving system of all aspects of the 

dynamic driving task under all roadway and environmental conditions that can be 

managed by a human driver. 

Figure 2.1: Levels of Driving Automation for On-Road Vehicles (SAE, 2016) 

 

Level 0 (No Automation): The human driver performs both longitudinal and 

lateral control and monitors the entire dynamic driving task and the driving 

environment all the time. The system does not provide any automation but may 

issue warnings to the human driver, in another word, those systems would only 

intervene in the situation of emergency or crash (Bartels et al., 2015; SAE, 2016).  

 

In this level, Bartels et al. (2015) classified those non-automation systems into 

two categories: 1. Informing and warning systems: Forward collision warning 

(FCW), blind spot warning (BSW), and Lane departure warning (LDW); 2. 

Intervening systems at emergency or crash imminent situations: e.g. emergency 

braking, emergency steering and emergency stopping.     
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Level 1 (Driver Assistance): The human driver performs either longitudinal or 

lateral dynamic driving task, while system executes parts of the dynamic driving 

task such as steering, accelerating or braking. The human driver has to monitor 

the driving environment and the dynamic driving task executed by the assistance 

system constantly. Those portions of the dynamic driving task which executed by 

the system must be taken over by the human driver immediately when required 

(Bartels et al., 2015; SAE, 2016).   

 

In this level, example of advanced technologies have been used include Adaptive 

Cruise Control (ACC), Lane Keeping Assistance (LKA), Parking Assistance with 

automated steering Type II, and a combination of ACC with LKA Type II systems 

(Bartels et al., 2015). 

 

Level 2 (Partial Automation): The system executes both longitudinal and 

lateral control dynamic driving task. The human driver needs to monitor the 

driving environment and supervise the longitudinal and lateral control driving 

subtasks constantly, and has to take over immediately when required (Bartels et 

al., 2015; SAE, 2016). 

 

In this level, the human driver is no longer involved in the longitudinal and lateral 

control subtask of the dynamic driving task, which means the driver does not have 

to constantly steer, accelerate or brake, however, he/she must monitor the driving 

environment and must take over in case of emergency or system failure. Example 

of the advanced technologies involved in this level includes Traffic Jam Assistance 

and Parking Assistance (Bartels et al., 2015). 

 

Level 3 (Conditional Automation): The system executes all aspects of the 

dynamic driving tasks. The human driver does not need to monitor the dynamic 

driving task all the time and the driver may also request for occasional control 

with sufficiently comfortable transition time (Smith et al., 2015).  

 

In this level, the system allows the human driver to turn his/her attention away 

from the complete dynamic driving task for limited time periods, but he/she must 

be in the position to take over the control within a short period of time when 
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required. Therefore, only the appropriate reaction time is allowed due to 

secondary tasks. Also the human driver is not capable of reacting to the situation 

of emergency manoeuvres of the vehicle in front of the driver due to secondary 

tasks (Bartels et al., 2015). In this level, examples of the advanced technologies 

involved include Traffic Jam Chauffeur and Highway Chauffeur. 

 

Level 4 (High Automation): The system executes all aspects of the dynamic 

driving tasks even if the human driver does not respond appropriately with long 

reaction time.  

 

In this level, human drivers need to take over the control within the lead time and 

may also request back to deactivate the automated driving system. The system 

does not have the restrictions concerning secondary tasks and does not require 

the human driver to provide fall back performance (Bartels et al., 2015). Examples 

of the advanced technologies involved in this level include Highway Autopilot, 

Urban and Suburban Pilot, Parking Garage Pilot. 

 

Level 5 (Full Automation): The system performs all aspects of the dynamic 

driving tasks under all roadway and environment conditions without the help of a 

human driver.  

 

In this level, the human driver many need to activate or deactivate the automated 

driving system. When activated, the system monitors the driving environment and 

executes the longitude and lateral dynamic driving tasks, deactivation only 

happened in following situations: the human driver takes over the control, the 

vehicle reaches its destination, or if a failure occurs in the automated system 

(Bartels et al., 2015).  
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Table 2.1: Role of the Driver and System (adapted from Esser; 2015) 

  Level 0 Level 1 Level 2 Level 3 Level 4 Level 5 

Role of 
the 

driver 

Dynamic 
driving task 

Yes 

Yes 
(Longitudi

nal or 
Lateral) 

N.A. 
(Use case) 

N.A. 
(Use case) 

N.A. 
(Use case) 

N.A. 
(All case) 

Monitoring the 
driving 
environment  

Yes 
Yes 

(AT all 
times) 

Yes 
(AT all 
times) 

Yes, but 
not at all 

times 

N.A. 
(Use case) 

N.A. 

Be attentive to 
and follow 
system’s 
requests / 
warnings to 
resume the 
dynamic 
driving task 

N.A. Yes Yes Yes 

Yes, but 
only at the 
end of the 
use case 

No 

Role of 
the 

system 

Driving 
dynamics 

N.A. 

Yes 
(Longitudi

nal or 
Lateral) 

Yes 
(Longitudi
nal and 
Lateral) 

Yes 
(Longitudi
nal and 
Lateral) 

Yes 
(Longitudi
nal and 
Lateral) 

Yes 
(Longitudi
nal and 
Lateral) 

Monitoring the 
driving 
environment 

N.A. Yes Yes Yes Yes Yes 

Request the 
driver with 
sufficient lead 
time to control 
when 
performance 
limits are 
reached 

N.A. N.A.* N.A.* Yes 

Yes (only 
at the end 
of the use 

case) 

N.A. 

Recognize 
Performance 
Limits 

N.A. No No Yes Yes Yes 

Achieve 
minimum risk 
condition 

N.A. No No No ** Yes Yes 

* Since the driver has to react immediately 
** System cannot achieve minimal risk condition at all times. Fall back Performance of dynamic 
driving task is with the driver. 

 

The roles of the human driver and the system at each automation level have been 

summarised in table 2.1. Overall, the SAE definitions describe how the ‘dynamic 

driving task’ is divided between human and machine. The key distinction is 

identified between level 2 and level 3. From level 0 to level 2 the human driver is 

the main actor responsible for the driving task. In case of faults, the human driver 

has less than one second to react and he/she is not allowed to divert his/her 

attention towards any other activities except driving (Jimenez, 2017). For level 3, 

where the automated driving system performs the entire dynamic driving task, 

where the vehicle is becoming aware of its surrounding. The human driver has 

more reaction time increased to several seconds, which the vehicle will alert the 

driver with a request to intervene, if necessary. In this level, the human driver is 
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allowed to do other activities while driving. The fundamental difference between 

level 3 and level 4 automation is that level 4 vehicles are able to intervene 

themselves in case of an emergency or a system failure. As level 4 and level 5, 

the reaction time for the human driver extends to a couple of minutes and the 

driving process is considered a completed adoption by the vehicle. Meanwhile, the 

vehicle is becoming able to react independently during the entire journey, e.g. at 

this stage the human driver is even able to fall asleep while driving (Jimenez, 

2017).  

2.3.2.5 Comparison of the Versions 

The overview summarizes the common aspects of the four versions in the Figure 

2.2.  

 

 Figure 2.2: Comparison of automation levels defined by SAE, NHTSA, BASt and 

VDA (Etemad, 2014; Jadranka, Müller and Meyer, 2015; AUTO SAFETY, 2016) 

 

Figure 2.2 shows the comparison between the four versions of automation levels 

of SAE, NHTSA, BASt and VDA. As labelling, some institutes have classed level 4 

as ‘fully automated’, whilst others defined level 5 as ‘full automation’. On the other 

hand, this figure proves that there are lots of mutual aspects in classifying the 

level of automation. The major difference is that the NHTSA definition does not 

distinguish between level 4 and level 5, whilst the SAE does distinguish between 
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fully automated driving in selected driving modes (level 4) and fully automated 

driving in all driving modes (level 5) (Smith et al., 2015). The SAE definition is 

more in line with both BASt and VDA versions. Another key distinction is made 

between level 2 and level 3 or partial automation and conditional automation. For 

the conditional and high automation, the human driver does not have to monitor 

the system permanently, but in the case of a takeover, the human driver will be 

able to take over the control with a certain time. For instance, the human driver 

will be able to read book/newspaper/watch a film without worrying about being 

called back to driving duty. However, the driver is still required to be in the vehicle. 

For full automation or driverless operations, the vehicles may drive themselves in 

all conditions and without a human on board at all (Jadranka et al., 2015; Gasser 

and Westhoff, 2012). 

 

As noted earlier, the different definitions intend to target different stakeholders, 

e.g. VDA definition is focused on managers and politicians; BASt definition tends 

to target lawyers; and NHTSA and SAE definitions aim at the ‘Automated Vehicle 

community’ (Bartels et al., 2015). It should also be noted that NHTSA definition 

is more defined in normative terms rather than strictly functionally oriented terms, 

and NHTSA combines its highest levels into more category (Meyer and Beiker, 

2019; Bartels et al., 2015).Compared to the other three definitions, the SAE 

version provides more precise definitions from an engineer’s perspective and more 

widely adopted by the ‘Automated Vehicle community’ (Alonso Raposo et al., 

2017). Therefore, the SAE definition is considered as the most suitable version for 

this programme of research. 

  Deployment Paths and Technology Aspects of AVs 

There are various advanced vehicle technologies involved at each level of 

automation to implement autonomous vehicles, and some of them are already 

available in the market for low autonomy systems that require drivers’ interaction.  

 

In July 2015, the European Road Transport Research Advisory Council (ERTRAC) 

published a document called ‘Automated Driving Roadmap’ which based on the 

definitions of SAE J3016. The new 2019 version provided updated definitions and 

development path. This document provided an overview of the current status of 
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Automated Driving technologies implementation in Europe. The objective of this 

document is to identify challenges for the implementation of a higher level of 

automated driving function (ERTRAC, 2019) 

 

The following sections describe the wide range of advanced technologies used to 

control autonomous action involved at each level based on the ERTRAC (2019), 

Park et al. (2018) and ITF&CPB (2015) reports and documents. 

2.4.1 Technologies Involved in Private Vehicles  

Automated driving technologies applied at each level of automation for passenger 

cars are summarised in Figure 2.3. 

 

 Figure 2.3: Automated Driving Technologies at each level of automation for 

passenger cars, modified from ERTRAC (2019)  
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2.4.1.1 Current and future technologies on level 0 (No Automation) 

• Systems beyond human capability to act: Currently, on the market 

several advanced technologies that intervene beyond the human capability 

to act. These technologies include ABS (Anti-Lock System), ESC (Electronic 

Stability Control) and Emergency Braking, which are active safety systems 

that allow higher levels of automation. Future versions of these technologies 

will include evasion and emergency stopping. 

• LCA – Lane Change Assist: This technology applied at this level monitors 

the right and left of the vehicle, and includes blind spot detection. There will 

be a flashing warning light in the exterior mirrors if a potential hazardous 

situation is happening in the range up to 50 metres behind.  

• PDC – Parking Distance Control: This technology assists the human 

driver to reduce stress by informing him/her of the distance from obstacles 

with acoustic or optical signals in a tight space or environment.   

• LDW – Lane Departure Warning: The purpose of Lane Departure 

Warning is to prevent accidents caused by unintentional wandering out of 

traffic lanes, and represents a major safety gain on motorways and major 

truck roads. The system alerts the driver visually by a signal on the steering 

wheel if there is an indication of the vehicle leaving the lane unintentionally. 

• FCW – Front Collision Warning: This technology uses a sensor to detect 

situations where the distance to the vehicle in front is critical and helps to 

reduce the stopping distance for vehicles. The system alerts the driver by 

visual and acoustic signals or with a warning jolt of the brake if there is a 

dangerous situation. 

2.4.1.2 Current and future technologies on level 1 (Driver Assistance) 

• Adaptive Cruise Control (ACC): This technology uses a distance sensor 

to measure the distance and speed relative to the vehicle driving in front. 

A speed and the required time gap has been set on the multifunction 

steering wheel or with the steering column stalk by the driver (depending 

on the model). The actual distance and target from the following traffic can 

be shown as a comparison in the multifunction display.  



29 

 

• ACC including Stop & Go function: This technology is based on Adaptive 

Cruise Control and adds the stop and go function, which includes automatic 

distance control (control range 0–250 km/h), within the limits of the 

system, and detects the preceding vehicle. The aim of this technology is to 

maintain a safe distance by automatically applying the brakes or 

accelerating as appropriate. In the situation of slow-moving traffic and 

congestion, it governs braking and acceleration. 

• Lane Keeping Assist (LKA): When a vehicle is keeping a specific speed, 

normally from 50 km/h and upwards, Lane Assist automatically will be 

active.  This technology helps to detect the relevant lane marking and works 

out the position of the vehicle.  The Lane Keeping Assist takes corrective 

action if the vehicle starts to drift off lane. Also, the Lane Keeping Assist 

warns the driver with a vibration of the steering wheel if the maximum 

action it can take is not enough to stay in lane or the speed falls below 

50lm/h. Then the driver is expected to take correcting action.  

• Park Assist (PA): This technology automatically steers the vehicle into 

parallel and bay parking spaces, and also out of parallel parking spaces. 

The Park Assist helps the driver to reverse park on the ideal line by 

automatically carrying out the optimum steering movements. The 

measurement of the parking space, the steering movements and the 

allocation of the starting position are automatically undertaken by Park 

Assist. All the driver has to do is to operate the accelerator and the brake, 

which means that the driver retains control of the car at all times.  

2.4.1.3 Technologies on level 2 (Partial Automation) 

• Traffic Jam Assist: This technology controls the vehicle longitudinally 

(forwards/backwards) and laterally (sideways movement) in order to follow 

traffic flow at a low speed below 30km/h. The system allows the vehicle to 

follow the leading vehicle in front with a safe distance and keep the vehicle 

in the centre of the lane. The human driver has to monitor the system 

constantly and has to ready to intervene if required. This function can be 

seen as an extension of the ACC with Stop & Go functionality (i.e. no lane 

change support). 
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• Park Assist: This technology allows the vehicle parking into and out of a 

parking space in public and private parking area or garage. The process is 

accomplished by the vehicle itself via smartphone or adapted remote key. 

The human driver does need to be on board of the vehicle, but has to 

constantly monitor the system and can stop the parking manoeuvre if 

required. 

2.4.1.4 Technologies on level 3 (Conditional Automation) 

• Traffic Jam Chauffeur: This function applies to the driving environment 

in traffic jams up to 60km/h on motorways and motorway-like roads, and 

can be activated in the case of a traffic jam scenario. This system controls 

both longitudinal (forwards/backwards) and lateral (sideways movement) 

when it detects a slow driving vehicle in ahead. The human driver does not 

have to constantly monitor the system, but must deliberately activate the 

system. And there is no takeover request to the driver from the system. 

• Highway Chauffeur: This technology is similar to the Traffic Jam 

Chauffeur above. The major difference is that this technology allows the 

vehicle driving up to 130km/h on motorways or motorway like the road 

from the entrance to exit, on all lanes including overtaking movements. 

The human driver does not have to monitor the system constantly, but 

must deliberately activate the system. Also the driver can override or 

switch off the system at all times. The system can request the driver to 

take over the system within a specific time, if the automation reaches its 

limitation level. 

2.4.1.5 Technologies on level 4 (High Automation) 

• Highway Autopilot: This technology applies to vehicles driving up to 

130km/h on motorways or motorway-like roads from entrance to exit, on 

all lanes including overtaking movements. The human driver does not have 

to monitor the system constantly, but must deliberately activate the 

system. Also the driver can override or switch off the system at all times. 

And there are no requests from the system to the driver to take over when 

the system is in its normal operation on the motorway.  
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• Highway Convoy: This technology applies to electronically linked vehicles 

of all types on the motorway or motorway-like roads in the same lane with 

minimum distance between each other. Depending on the deployment of 

cooperative systems, if V2V communication is available with a real time 

performance the ad-hoc convoys could be created that allows vehicles to 

reduce safety distances far below today’s manually driven distances. 

• Urban and Suburban Pilot: This technology applies to vehicles driving up 

to speed limit in urban and suburban areas. The system can be activated 

by the driver in all traffic conditions and can override or switch off the 

system at all time.   

2.4.1.6 Fully automated vehicle (Level 5) 

• Fully automated private vehicle:  Without any help from the human or 

no human driver need to be on board, the fully automated vehicle should 

be able to handle all driving between points A and B. The driver can override 

or switch off the system at all times.  

2.4.2  Technologies Involved for Trucks 

Automated driving technologies applied at each level of automation for freight 

vehicles are summarised in Figure 2.4. 
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Figure 2.4: Automated Driving Technologies at each level of automation for 

freight vehicles, modified from ERTRAC (2019) 

 

• C – ACC Platooning (Level 1): This technology is applied to trucks which 

are coupled by cooperative ACC (CACC). This system implements engine 

and brake control and keeps a short but safe distance to the lead vehicle. 

The human drivers remain responsible for all other driving functions.     

• Traffic Jam Assist (Level 2): Same as for private passenger vehicles 

(see the previous section). 

• Traffic Jam Chauffeur (Level 3): Same as for private passenger vehicles 

(see the previous section). 

• Highway Chauffeur (Level 3): Same as for private passenger vehicles 

(see the previous section). 

• Automated Truck Platooning (Level 3): This technology enables trucks 

to platoon in a specific lane. The vehicle should be able to keep its position 

when platooning with a fixing distance and fixing time difference from the 

vehicle in front. The behaviour of the first vehicle such as braking and 
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steering should be transmitted by vehicle - to – vehicle (V2V) 

communication. The function should also allow the vehicle that wants to 

leave the platoon. 

• Highway pilot Platooning (level 4): This technology applies to trucks 

driving up to 110km/h on motorways or motorway-like roads from entrance 

to exit, on all lanes including overtaking movements. The human driver 

does not have to monitor the system constantly, but must deliberately 

activate the system. Also the driver can override or switch off the system 

at all times.  There are no requests from the system to the driver to take 

over when the system is in its normal operation are on the motorway. 

• Highly automated freight vehicles in Confined Areas (Level 4): This 

technology applies to highly automated freight transport vehicles in 

confined areas such as freight hubs, logistics consolidation terminals and 

ports. Un-manned, remotely supervised vehicles and also without driver 

cabin would make possible to use with confined area operation. A control 

tower will monitor and supervise the control of the vehicles. 

• Highly automated freight vehicles in Hub-to-Hub operation (Level 

4): This technology applies to highly automated freight transport vehicles 

in hub-to-hub operation in designated corridors. Either highly automated 

trucks with driver cabin or potentially also un-manned vehicles without 

driver cabin will be used. 

• Highly automated freight vehicles on Open Roads and Urban (Level 

4): This technology applies to highly automated freight transport vehicles 

automated operation on open roads and in the urban environment is the 

next challenge. These vehicles need then to handle operation in mixed 

traffic in all typical scenarios without driver intervention. 

• Fully automated freight vehicles (Level 5): The fully automated truck 

should be able to handle all driving from point A to point B even if there is 

no driver on board. The driver can override or switch off the system at all 

times. 
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 Global Implementation of AVs  

As interest in the concept of autonomous vehicles (AV) has gathered pace in 

recent years, governments around the world announced a series of action plans 

to facilitate the development and introduction of autonomous vehicles. At the 

same time, a race to build the first driverless car between the automotive 

companies and research institutions has begun. Many announcements and 

demonstrations have shown that the automotive industry is moving closer to the 

scenario where the driving task will be gradually taken from the human to the 

vehicles’ systems (Dokic et al., 2015). The developments of AV are of particular 

importance in Europe, the USA and Japan, with China, Singapore, Australia and 

South Korea also showing progress and initiatives in the autonomous vehicle 

landscape, as shown in Figure 2.5 (Roland Berger, 2018). KPMG (2019) ranks the 

Netherlands as the country which is most ready to support autonomous vehicles, 

followed by Singapore, Norway and the United States. The United Kingdom is 

ranked at 7th place. The following sections will present the major works of 

implementation of autonomous vehicles in the above countries. 

 

Figure 2.5: Comparison of the competitive position of the world’s leading 

automotive nations (source: Roland Berger, 2018) 
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2.5.1  Europe 

Europe has been motivated to develop and implement innovative concepts for 

automated driving. A number of projects have been conducted at the European 

level in this context, including the L3Pilot project which tests large-scale of SAE 

Level 3 functions and some Level 4 functions, involving 11 countries with 100 

vehicle and 1,000 test drivers (European Commission CORDIS, 2020) and the 

Levitate project involving 12 partners from 10 countries and working on building 

tool to help European cities, regions and national governments prepare for a 

future with increasing levels of automated vehicles in passenger cars, urban 

transport services and urban logistics (Levitate project, 2020). There is also 

project CityMobil2, which works on fully automated urban road mobility, including 

45 partners, involving 12 different European cities, and coordinated by the 

University of Rome (European Commission CORDIS, 2020). These projects are 

good examples of autonomous vehicles for collective transport between European 

countries.  

 

The Netherlands: The Netherlands is very active in the field of autonomous 

vehicles and has been nominated as the country which is best prepared for 

autonomous vehicles for the last two years (KPMG, 2019). Rivium ParkShuttle, 

the world’s first autonomous transport system has been in service in a business 

park since 1999, which involves 6 electric vehicles travelling a reserved track 

length of 1,800 metres with 8 stations, 6 crossings for traffic and pedestrians. The 

system could serve 3500 passengers daily, with a peak capacity of 500 people 

per hour and headway of 2.5 minutes (Lohmann, 2020). On 16 June 2014, the 

Dutch Government announced the legal regulations to allow the large-scale 

autonomous vehicles testing on public roads (Baker&McKenzie, 2018). In 2016, a 

trial of WEpods, a modified version of EasyMile’s EZ10 bus has been conducted in 

the central part of the Netherlands. This shuttle bus travels 17 minutes from 

Wageningen to Ede could and can have six passengers at a time. The maximum 

speed of the buses can reach 25 mph and passengers could be able to contact the 

control room at any time. This is the first time a bus travels on a completely public 

road with built infrastructure (NCTR, 2016). Recently, the Netherlands 

government has created new innovative and adaptive legislation to allow large-
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scale testing of self-driving vehicles mixing with the real traffic on Dutch public 

roads (ERTRAC, 2019). 

 

Sweden: In 2013, the Swedish Transport Administration, the Swedish Transport 

Agency, Lindholmen Science Park and the City of Gothenburg are cooperating with 

Volvo Car Corporation and launched a two-year test scheme ‘Drive Me – Self-

driving cars sustainable mobility’ project. This pilot project started on 1 January 

2017 and 100 driverless Volvo-cars were used daily by real customers and tested 

in 50 kilometres of selected road in Gothenburg (Driver Me, 2019). This was the 

first project in the world to put a significant number of autonomous cars into 

ordinary drivers and normal daily traffic (Miörner and Trippl, 2019). In 2014, a 

project named AstaZero was launched. AstaZero is the world’s first full-scale 

independent test environment which makes it possible to test advanced safety 

systems and their functions for all kinds of traffic and traffic situations for future 

road safety (AstaZero, 2019). In 2018, Sweden opened the world’s first electric-

charging road, a 2km stretch near Arlanda airport. A Swedish-Danish postal 

company uses it to recharge automatically while moving between a logistics 

centre and the airport (KPMG, 2019). Recently, the Swedish government has 

issued a regulation to enable testing of automated vehicles and the public 

investigation provides guidance for introducing automated vehicles (ERTRAC, 

2019). 

 

United Kingdom: In 2013, the UK government pledged a review of the legislative 

and regulatory framework to enable the testing of driverless cars on the UK road 

(BBC news, 2013). As a part of the 2013 national Infrastructure Plan, this review 

includes a proposal to invest up to £10 million research in this area (ITF&CPB, 

2015). At the end of July 2014, the UK government announced a driverless car 

competition that invited UK cities to join together with businesses and research 

institutes and conducting vehicle trials locally. The intention of this project is to 

help the UK become a global leader in the market of autonomous vehicles and 

‘Intelligent Mobility’ (GOV.UK, 2014). In 2017, the UK Government committed 

£540 million to fund the development of driverless cars, and the UK’s market for 

connected and automated vehicles was estimated to be worth £52 billion by 2035. 

Four cities have been chosen for conducting the trial of the driverless car, which 
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are Bristol, Coventry, Milton Keynes and Greenwich (GOV.UK, 2019). The LUTZ 

Pathfinder, the UK’s first driverless car has already been tested in pedestrianized 

areas in Milton Keynes. The electric-powered two-seater pod cars, which allow 

passengers to travel between two points in the city’s downtown with maximal 

speeds of 15mph. The LUTZ Pathfinder has launched the large-scale UK Autodrive 

program with other partners to trial a fleet of up to 40 pods which is taking place 

in Milton Keynes and Coventry (The Transport Catapult, 2019). Since 2014, over 

70 projects (including SARM, MuCCA, AVP, DRIVEN, ROBOPILOT and SAVVY) with 

more than 200 partners from organisations including automotive manufacturers, 

universities, insurance companies, high tech entrepreneurial businesses and 

research organisations have been undertaking research and development works 

on autonomous vehicles (CCAV, 2018).  According to KPMG (2019), the UK is one 

of the leaders in deploying AVs policy and legislation, and currently facing the 

challenges concerning digital and physical infrastructures. Although the UK’s 4G 

coverage, global connectivity, quality of roads and logistics infrastructure is 

behind other countries, extensive investments are being made in 5G and a new 

£65 million package for 5G trials has been announced recently (GOV.UK, 2020).   

 

Germany: Germany is one of the top five countries for AVs’ policy, legislation, 

technology and innovation. It is believed that Germany has the most innovative 

road traffic law in the world and its government has been developing a legal 

framework to allow autonomous driving in specific settings (KPMG, 2019). In 

2013, the German Federal Ministry of Transport and Digital Infrastructure 

established the ‘Automated Driving Round Table’ to allow the stakeholders from 

industry, academia, associations and public administration to have a close 

exchange of ideas and experience (ERTRAC, 2019). Since 2017, a series of 

research and development projects have been conducted by the German 

Government, car manufacturers,  IT sectors as well as universities and research 

institutions to develop the first highly automated and fully automated driving 

functions for regular operation in road transport (BMVI, 2018; KPMG, 2019). 

Creation of autonomous vehicles testing corridor on the A9 motorway between 

Berlin and Munich has been announced by the Federal Government in 2015 

(ITF&CPB, 2015). This corridor will run until 2022 and it provides the testing 

environment with equipped technology to allow autonomous vehicles to have 
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communications with other vehicles and the road infrastructure as well (Nitsche, 

2018). A growing number of test beds for automated driving and intelligent 

infrastructures have been established throughout Germany, and there are more 

than 20 AV test bed ongoing at present (ERTRAC, 2019; KPMG, 2019).   

 

France: The French Government announced the legal framework to enable 

driverless cars testing on a public road in 2014 (ITF&CPB, 2015). In 2018, the 

government published a series of strategic frameworks including legislative and 

regulatory, safety validation, infrastructure and connectivity. The framework 

provides a transportation ecosystem for autonomous vehicles deployment by 

2020 to 2022, and the first results of this strategic framework have already been 

achieved with automated driving in 10,000 km of roads and more than 60 test 

trials (ERTRAC, 2019). Recently, the government hopes to add driverless bus 

service and driverless minibuses which already move passengers around 

otherwise pedestrianised areas of La Défense.  A plan containing 34 different 

innovation fields has also been presented by the French Government. Meanwhile, 

more than 50 automated driving pilots have been taking place across France, with 

many around Paris and others in cities including Rouen and Lyon (KPMG, 2019).  

 

Spain: The Spanish government is working with companies on real-time 

information system and collision avoidance technology. In 2018, the DGT 

(Spanish Directorate General of Traffic) announced a 3.4 million euros fund to 

develop the smart mobility and this 4-years platform aims to establish a real-time 

system which vehicles can connect and exchange traffic information (KPMG, 

2019). The DGT also issued a regulation to permit full automated driving test in 

a different environment (controlled test sites, urban and interurban) with 

equipped technology (ERTRAC, 2019). Meanwhile, research organisations and 

industry are highly engaged on diverse projects and these projects focus on 

different challenges of connected automated driving such as connectivity enabled 

automation (e.g. CONCORDA, 5GCAR, 5G-MOBIX, AUTOPILOT, C-MobILe 

projects), truck platooning validation (e.g. ENSEMBLE project), safety features 

and driver monitoring (e.g. VI-DAS, PROSPECT, and ADAS&ME projects) and 

cybersecurity (e.g. SECREDAS project) (ERTRAC, 2019).   
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2.5.2  United States 

The U.S is home to companies that lead the world in AV development (KPMG, 

2019). Between 2004, 2005 and 2007 the Defence Advanced Research Projects 

Agency (DAPRA) launched three ‘Grand Challenges’ with vehicles required fully 

automated without a human driver, which was a first time no human was allowed 

in the vehicle (Ornes, 2019; Zhao et al., 2018; Anderson et al., 2016; Kröger, 

2016; Davidson and Spinoulas, 2015; Schwarz et al., 2013; Macdonald, 2011; 

Forrest and Konca, 2007). After this challenge, Google announced that the 

prototype of a driverless car ‘Google’s Car’ was completed in 2010 and showed 

the video from YouTube to demonstrate the mobility offered to the blind people 

in 2012 (Douma et al., 2017; Anderson et al., 2016; Schwarz et al., 2013). This 

was the first company to bring the driverless car phenomenon to reality (Poczter 

and Jankovic, 2014). Until February 2020, the Waymo (It began as the Google 

self-driving car in 2009) has been driven more than 20 million miles on a public 

road in 25 cities without human controlling the car since the project started in 

2009 (Waymo, 2020).  

 

In May 2014, the U.S. Department of Transportation (DoT) has announced a 

national ‘Intelligent Transportation System (ITS) strategic Plan 2015-2019’ and 

this plan presents a wide array of technical, policy, institutional, and 

organisational concepts to provide a framework for research, development, 

adoption of connected and autonomous vehicles (CAAT, 2020; Chandra, 2018; 

Stamatiadis et al., 2018; U.S.DoT, 2014). In 2018, the U.S. DoT released a new 

Federal guidance for automated vehicles development and launched the 

Cooperative Automation Research Mobility Applications (CARMA) Platform which 

allows all automated test vehicles communication with vehicles and infrastructure 

(FHWA, 2020). Recently, NHTSA is funding a series research activities and 

projects such as Driver’s Assistant for Intelligent SafetY (DAISY); Target Crash 

Populations for Automated Vehicles; Driver Expectations for Control Errors, 

Engagement, and Crash Avoidance in Level 2 Mixed Function Vehicles; and Safety 

of the Intended Functionality (SOTIF) (ERTRAC, 2019). Meanwhile, some states 

including Ohio, Michigan and Massachusetts are working on AV development and 

adoption by opening the access to roads and setting up a single coordinating 

organisation (KPMG, 2019). 
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2.5.3  Asia-Pacific 

Beyond Europe and the USA, Singapore, Japan, China, South Korea and Australia 

also wanted to take its place in the field of autonomous vehicles.  

 

Singapore: Singapore has been leading in the field of the AV devolvement in 

recent years.   With a world-class university, National University of Singapore, 

Singapore has established a test town for driverless vehicles complete with bus 

stops, traffic lights, hills and a rain-making machine to recreate its extremely wet 

tropical weather (KPMG, 2019). In August 2014, the Singaporean Ministry of 

Transport announced the CARTS scheme (the Committee for Autonomous Road 

Transport for Singapore) to explore the opportunities and challenges of automated 

driving. The goals of the CARTS including studying and testing the AV 

technologies, laying the legal, regulatory and liability framework, and exploring 

industry development and business opportunities (ITF&CPB, 2015). In the same 

month, the Land Transport Authority (LTA) announced a five-year project to set 

up the Singapore Autonomous Vehicle Initiative (SAVI) to support CARTS in 

carting and directions of AV development (Tan and Taeihagh, 2019). Trials have 

been ongoing since 2015 and the full operational trials have been established for 

automated taxis, cars, buses and trucks in 2018/2019, and pilot deployment will 

start in 2020 (LTA, 2020). Besides SAVI, there are several ongoing trials of 

autonomous vehicles on the roads. For instance, a fleet of autonomous shuttle 

service is currently being tested at the National University of Singapore’s Kent 

Ridge campus (NUS, 2019), and the first autonomous public bus service will be 

launched in three areas of Punggol, Tengah and the Jurong Innovation District for 

off-peak and on-demand commuting from 2022 (ZDNet, 2019). 

 

Japan: Japan has a long history of developing autonomous vehicles. In 2013, the 

Japanese Government announced the ‘Autopilot System Council’ and indicated 

that the roadmap will be leading the practical deployment of highly automated 

driving on Japanese highways until 2020. Subsequently, Nissan carried out 

Japan’s first public road test of autonomous vehicles on a highway (ITF&CPB, 

2015) and in the following year, as part of the Cross-Ministerial Strategic 

Innovation Promotion Program (SIP), an Automated Driving System Research 

Program was announced.  The intention of this was to reduce traffic fatalities and 
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congestion with developing autonomous vehicles’ technologies and systems 

(ERTRAC, 2019). The Japanese government is aiming to achieve autonomous 

driving with SAE level 3 technology on a public road by 2020, and SAE level 4 in 

a designated area such as a part of motorway by 2025 (Imai, 2019).  

 

China: China is one of the first emerging market countries to accept the concept 

of autonomous cars. The Chinese Government has seen automated driving as pure 

reality before 2020 and recognised the opportunity of the automated systems will 

bring the massive autonomous vehicles market in China (Dokic et al., 2015). In 

2011, the first test with driverless cars was conducted from the Hunan province's 

capital of Changsha to Wuhan, the capital of the Hubei province. A Hongqi HQ3 

autonomous vehicle developed by the collaboration of the National University of 

Defence Technology and First Auto Works completed a 154-mile journey on a busy 

freeway within 3 hours and 20 minutes (Morgan Stanley, 2013). In 2015, the 

Chinese Ministry of Industry and Information Technology’s (MIIT) announced the 

‘Made in China 2015’ plan and aiming to develop intelligent connected cars with 

the objectives of reducing the number of traffic accidents and pollution (ERTRAC, 

2019). In 2018, the Chinese government approved teats of AVs on a public road 

and a number of national test sites for connected and self-driving cars are also 

established. Meanwhile, the Chinese automotive supplier and technology 

companies have been racing to develop their own connected and autonomous 

vehicles with the intention to have bigger market shares and increase profits in 

the near future (Zhao, 2019). For example, Alibaba, the Chinses e-commerce 

giant, introduced its first connected automotive, the RX5 sport utility vehicle in 

2016; and Baidu released the latest Apollo 3.5 in January 2019 and Baidu report 

108,300 miles have been driven in autonomous mode (Apllo, 2020). 

 

South Korea: In order to reduce the number of accidents on Korean roads, the 

Korean Government has created an agenda toward the development of safety 

technologies in the transport sector. To address this, the government has invested 

246.3 million US dollars for converging industries covering IT and automotive 

technologies, and the main actors are the Korea Transport Institute (KOTI), the 

Korean Automobile Manufacturers Association (KAMA) and the Korean Auto 

Industries Cooperation Association (KAICA) (European Commission, 2017). In 
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2018, the government opened K-City, an experimental environment equipped with 

5G technology that will focus on testing Level 3 AVs, which include sophisticated 

autonomous features but still require a human driver to take over when required 

(KPMG, 2019). At the same time, private Korean automotive companies are 

promoting the relevance of automated driving. For instance, Hyundai-Kia Motors 

is putting lots of effort into developing autonomous vehicles. Hyundai planned to 

set aside 1.66 billion US dollars to develop and commercialise fully autonomous 

vehicles by 2030 (ERTRAC, 2019). In 2018, the Hyundai Mobis demonstrated level 

4 automated driving on a 190 km motorway trip (Ki, 2020). In January 2020, 

Hyundai Motor Group announced it will invest 87 billion US dollars in the next five 

years to increase its presence in the future mobility markets (YNA, 2020).     

  

Australia: Australia is advanced in the technology of self-driving trucks (Porter, 

2018; Fagnat and Kockelman, 2015; Rio Tinto, 2014). Gigantic self-driving trucks 

known as “Autonomous Haulage System” has been working on mining operations 

in the Pilbara region in West Australia. In 2014, a mining company Rio Tinto was 

using 53 self-driving trucks, carried 200 million tons of materials and having 

driven for 2.4 million miles. These machines navigate themselves with help of 

sensor, GPS and radar guidance technology and supervised by a controller station 

which is 1,800 kilometres away (Fagnat and Kockelman, 2015). Currently, Rio 

has more than 80 autonomous trucks in operations and expected to increase the 

numbers more than 140 by the end of 2019 (Ming News, 2019). In addition to 

the truck industry, the Australian Government has also been preparing the road 

for autonomous vehicles. The National Policy Framework for Land Transport 

Technology released the 2016-2019 plan which provides policy principles and 

guidance to support AV deployment. Meanwhile, several states have passed 

legislation to allow trials of automated vehicles (ERTRAC, 2019).  

  Connected and Autonomous Vehicles (CAVs) 

For more than three decades, researchers and transport organisations have 

explored solutions for achieving greater improvements in safety, congestion and 

the environment without reducing mobility (Kockelman et al., 2017; Fagnant and 

Kockelman, 2015; Litman, 2015; Minelli et al., 2015; Alessandrini et al., 2013). 

Evidence has since demonstrated that the value of assisting the driver and 
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providing advanced information by using wireless technologies to communicate 

between vehicles and between vehicles and infrastructure (Taiebat et al., 2018; 

Richard et al., 2016; Atkins, 2015). In 1995 the communication technology was 

taken a step further with the demonstration of autonomous driving in platoons in 

San Diego, California (World Road Association, 2012). At the same time, a 

SmartWay programme conducted by the Japan government set out a plan for the 

deployment of the connected system in order to provide better driver information 

(Makino, 2006). These developments indicated that the vehicle has the potential 

to be connected to other vehicles and the infrastructure to form an integrated 

system in the near future.   

 

The word ‘connected’ often refers to interpret communication with someone or 

something when people or things are on and available (Fyfe, 2016). The term 

‘Connected and Autonomous Vehicles’ (CAVs) can be considered as an outcome of 

the integration of both connected vehicle (CV) and autonomous vehicle (AV) 

technology (Jeihani et al., 202; Ma et al., 2017), which enable them being a new 

transportation system and have access to the internet and use a wide variety of 

technologies communicate with vehicles through Vehicle-to-Vehicle interaction 

(V2V) and external environment through Vehicle-to-Infrastructure interaction 

(V2I) (Arena and Pau, 2019; Rahman, 2019; Atkis, 2016; Baker et al., 2016; Fyfe, 

2016; Murray-Tuite et al., 2016; Olia, 2016; Minelli et al., 2015).  

 

In the V2V concept, V2V technology can transmit data about a vehicle’s speed, 

position, size, acceleration, brake status, the direction of travel and other 

information about the vehicle when two or more vehicles are in radio 

communication range (Hourdos, 2019; Jadaan et al., 2017; Horton et al., 2016; 

GAO, 2015). V2V systems offer significant road safety benefits, such as collision 

avoidance, electronics brake light warning, vehicle platooning, etc. For example, 

V2V can warn a driver that a vehicle ahead is braking and he/she must slow down, 

or let a driver know that proceeding through an intersection is not safe because 

another car is quickly approaching (NHTSA, 2016a).  

 

There is another term called V2X (Vehicle-to-Everything) to describe the 

connected vehicle. V2X refers to an intelligent transport system where all vehicles 
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and infrastructure systems are interconnected with each other. V2X comprises of 

V2V and V2I, where X can be another vehicle, a piece of infrastructure, an on-

board device or a cloud technology, or pedestrians (Fyfe, 2016; DOT, 2015). 

According to NHTSA (2016b), V2X technology allows the automation systems to 

react far quicker to the situation when a vehicle equipped with the highest level 

of awareness of its surrounding. In addition, V2X offers a multi-service platform 

for V2V and V2I which has a potential to improve road safety and provide 

beneficial mobility, environmental, compliance and efficiency solutions for 

roadway user (Rebbeck et al., 2017; Sprouffske, 2013).  

 

In order to achieve the best performance for connected vehicles, many advanced 

technologies are needed to provide the capability for vehicles to identify hazards, 

threats and delays on the road and to provide drivers with alerts, warning and 

real-time road network information. These technologies include sensors, Global 

Positioning Systems (GPS) navigation, and others (DOT, 2015). In 2011, the U.S. 

Department of Transportation (DOT) set up a programme to improve safety, 

mobility and reduce environmental impacts by using wireless communication 

technology. The programme indicated that, in the future, in-vehicle 

communication will use the most effective wireless technologies available whether 

via DSRC or cellular networks (e.g. Xu et al., 2017; DOT, 2015; FHWA, 2014). In 

theory, connected vehicle technology can be implemented via Dedicated Short-

Range Communication (DSRC) which is Wi-Fi technology adapted for vehicle 

environment or cellular network such as 3G/4G (Arena and Pau, 2019; Hourdos, 

2019; Rahman, 2019; Jadaan et al., 2017; Fyfe, 2016; Kockelman et al., 2016; 

Murray-Tuite et al., 2016; Olia, 2016; DOT, 2015; Xia, 2014). DSRC works by 

using one-way or two-way short-range to medium-range wireless communication 

radio channels tuned to the 5.9 GHz frequency (Jadaan et al., 2017). Compared 

to cellular networks with 3G/4G, DSRC is faster, more secure, and more reliable. 

However, it can be more expensive to equip both vehicles and infrastructure. 

DSRC has also a limited communication range, while cellular networks can apply 

to all upcoming signals as far as the cellular network can cover (Olia, 2016; Xia, 

2014).  
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Recently, the next-generation cellular network 5G has been emerging as a new 

revolutionary trend for developing connected and autonomous vehicles 

(Kousaridas et al., 2020; Hetzer et al., 2019; Ullah et al., 2019). A 5G-enabled 

infrastructure for connected and autonomous vehicles has launched recently in 

the UK and had the first demonstration in February 2019. The testbed includes 

deploying a 5G-enabled network and 60GHz Millimetre Wave connectivity through 

base stations positioned around the test tracks with 50 miles long (Millborrk, 

2019) Apart from the DSRC and cellular networks, there are some other sensing 

technologies that utilising in connected vehicles such as radar and LIDAR. The 

most remarkable using LIDAR technology is the Google/Waymo self-driving Car, 

which using 3D LIDAR as a robust all-in-one system.  

 

The telecommunication aspects of CVs, AVs and CAVs technologies such as 

protocols, bandwidth, latency, etc. will not be included in this programme of 

research as it is out of the traffic-oriented investigation. Also, the technologies 

involved in Vehicle-to-Vehicle (V2V) have an overlap with the autonomous vehicle 

which is already reviewed in the previous section. The next section therefore 

focuses on the aspect of Vehicle-to-Infrastructure (V2I).   

2.6.1  Vehicle-to-Infrastructure (V2I) Applications  

While automotive manufacturers have focused their attentions on V2V-based 

safety applications, the government and transport organisations have primarily 

focused their development on V2I-based applications to achieve safer, faster and 

greener transportation systems (Lee et al., 2017). As reviewed in the previous 

section, Vehicle-to-Infrastructure (V2I) is the technology that transmits data 

between the vehicle and the road infrastructure, and is intended primarily to avoid 

or mitigate motor vehicle accidents and enable a wide range of safety, mobility, 

and environment applications (GAO, 2015). V2I applications heavily rely on data 

sent between vehicles and infrastructure elements to provide information such as 

advisories from the infrastructure to the vehicles that inform the driver of safety, 

mobility, and environment related conditions. According to the U.S. Department 

of Transportation (DOT, 2015), the objectives of using V2I technology are to:  
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• Prevent and reduce personal injury and loss of property resulting from 

transit vehicle collisions; 

• Optimise the effectiveness and efficiency of public transportation 

operations; 

• Improve traveller decision-making and access to transportation 

information; 

• Reduce transportation environmental impacts and maximize the benefits; 

• Quantify the transportation environmental impacts and benefits. 

 

Several V2I architectures can be found in different studies for the purpose of 

supporting V2I applications (GAO, 2015; Gaspar et al., 2014; Hoeger et al., 2011). 

The architecture framework defined by the U.S Department of Transportation 

suggested that the minimal V2I system should include the following parts (Hoeger 

et al., 2014): 

 

• Roadside Units or Equipment (RSU or RSE) - Devices that operate from a 

fixed position and transmits data to vehicles. An RSU is composed of a 

radio transceiver, an application processor, and interface to the V2I 

communications network. It also has a GPS unit attached. 

• Vehicle On-board Unit or Equipment (OBU or OBE) - An OBU is composed 

of a radio transceiver, a GPS system, an applications processor, an 

interface to vehicle systems, and the vehicle’s human-machine interface.  

• Safe Communication Channels. 

 

The equipment for V2I may vary depending on the location and the type of 

application being used (GAO, 2015). For example, besides the equipment 

described above, a V2I equipped intersection would contain: 

 

• A traffic signal controller that generates the Signal Phase and Timing 

message; 

• A Traffic management centre that collects and processes aggregated 

data from the infrastructure and vehicles; 

• Communications links between roadside equipment and the traffic 

management centre and; 
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• Support functions, such as underlying technologies and processes to 

ensure that the data being transmitted are secure. 

 

There are various applications involved in V2I. Next sections presented the latest 

V2I applications focusing on the safety, mobility and environment proposed by the 

U.S. Federal Highway Administration (FHWA). 

2.6.1.1 V2I Safety Applications 

According to FHWA (2015b), V2I safety applications focus on four areas to avoid 

crashes: intersections, speed management, run off road and lane departure, and 

enforcement and operational safety for commercial vehicles and transit. A concise 

description, benefits and the status of the V2I safety applications are summarised 

in Table 2.2. 
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Table 2.2: FHWA V2I safety applications (FHWA, 2017; FHWA, 2015b; FHWA, 

2013a; FHWA, 2013b; FHWA, 2012a; FHWA, 2012b) 

V2I Safety 

Application 

Illustration Description Benefits Status 

Red Light 
Violation 
Warning 
(RLVW) 

 

Assists drivers in avoiding 
crashes by warning 
drivers that they may 
violate an upcoming red 
light based on their 
speeds and distance to 
the signalised 
intersection. 

May potentially 

address up to 

235,000 crashes 

and up to 1,300 

fatalities per year. 

Intersections were 

equipped in 

California, 

Michigan, and 

Virginia. The 

system was tested 

with 87 drivers in a 

Pilot study. 

Stop Sign 
Gap Assist 
(SSGA) 

 

Assists drivers in avoiding 
crashes by proving 
approaching cross-traffic 
information to warn 
stopped drivers at a stop-
controlled intersection of 
oncoming cross-traffic.  
 

May potentially 
address up to 
279,000 crashes 
and up to 1,400 
fatalities per year. 

The real-world 
testing conducted at 
the intersection of 
US Highway 52 and 
Goodhue County 
Road 9 in Southern 
Minnesota in 2008. 

Curve Speed 
Warning 
(CSW) 

 

Assists drivers in avoiding 
crashes by proving 
approaching cross-traffic 
information to warn 
stopped drivers at a stop-
controlled intersection of 
oncoming cross-traffic. 

May potentially 
address up to 
169,000 crashes 
and up to 5,000 
fatalities per year. 

Three University of 
Michigan buses 
were equipped with 
this package and 75 
drivers drove the 
equipped transit 
buses in a 
naturalistic 
environment. 

Pedestrian in 
Signalized 
Crosswalk 
Warning 
(PSCW) 

 

Helps transit bus 
operators to mitigate the 
problem of transit 
vehicles hitting 
pedestrians while the 

transit vehicle is making 
either a right or left hand 
turn at a signalised 
intersection. 

May potentially 
address up to 
17,000 crashes and 
up to 950 fatalities 
per year. 

Three University of 
Michigan buses 
were equipped with 
Pedestrian in 
Crosswalk Warning 

and 75 drivers 
drove the equipped 
transit buses in a 
naturalistic 
environment. 

Spot Weather 
Impact 
Warning 
(SWIW) 

 Assists drivers in avoiding 
crashes by using 
standalone weather 
systems to warn drivers 
about inclement weather 
conditions (i.e., fog, 
wind, adverse surface 
conditions, etc.) that may 
impact travel conditions. 
 

N/A The application has 
not yet been 
prototyped and 
tested in an 
operational 
environment. 

Reduced 
Speed/Work 
Zone 
Warning 
(RSZW) 

 

Helps drivers in avoiding 
crashes by warning driver 
of excessive speeds 
compared with the 
posted speed limit in 
reduced speed zones and 
changed roadway 
configurations. Reduced 
speed zones may include 
school zones, work 

N/A The application has 
not yet been 
prototyped and 
tested in an 
operational 
environment. 
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zones, and populated 
areas. 

Oversize 
Vehicle 
Warning 
(OVW) 

 

Helps drivers of oversize 
vehicles in avoiding 
crashes by warning to 
drivers of oversize 
vehicles (over 
height/over length/over 
width) for restricted 
clearances (e.g., low or 
narrow clearances bridge 
or tunnel) ahead. 

N/A The application has 
not yet been 
prototyped and 
tested in an 
operational 
environment. 

 

2.6.1.2 Dynamic Mobility Applications (DMA)  

The USDOT's Dynamic Mobility Applications (DMA) are prototyping applications 

that share valuable safety, mobility, and environmental information over a 

wireless communications network to transform surface transportation 

management and information to make the travel safer, more efficient and 

sustainable (FHWA, 2015b). Dynamic Mobility Applications (DMA) are focusing on 

reducing delays and congestion and improving mobility. There are six mobility 

applications are being prototyped as described in Table 2.3. 
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Table 2.3: FHWA V2I dynamic mobility applications (FHWA, 2015a; FHWA, 2015b; 

FHWA, 2014a) 

Dynamic 

Mobility 

Application 

Illustration Description Status Finding 

Enabling 

Advanced 
Traveller 

Information 

Systems 

(Enable ATIS) 

 EnableATIS is an application 
that focuses on providing 
vital information of traffic 
regulation, route, location 
guidance, hazardous 
situations, safety advisory 
and warning messages to the 
users. 

Three EnableATIS 

projects have been 

tested from 2014 to 

2015: SmarTrAC 

project, CloudCar 

project and the ATIS 

2.0 Precursor System. 

SmarTrAC project 
indicates the 
acceptable 
performance with a 
high accuracy in 
identify activity vs. 
trip episodes. 
 
CloudCar project 
indicates that large 
data sets should be 
used for larger scale 
of deployment. 
 

Freight 
Advanced 

Traveller 

Information 

Systems 

(FRATIS) 

 

The FRATIS provides freight-
specific route guidance and 
optimize drayage operations 
so that load movements are 
coordinated between freight 
facilities to reduce empty-
load trips. 

A series tests have 
done in the Los 
Angeles Gateway 
Region, Dallas-Fort 
Worth (DFW), Texas, 
and South Florida 
from 2014 to 2015. 
 

FRATIS technologies 
demonstrate the 
potential of avoiding 
traffic congestion 
and reducing delay 
from better 
information. 

Integrated 

Dynamic 

Transit 

Operations 

(IDTO) 

 The IDTO provides benefits 
both travellers and operators 
with passenger connection 
protection, dynamic 
scheduling, dispatching, 
routing of transit vehicles, 
and dynamic ridesharing. 
 
IDTO is composed of the 
following applications: 
• Connection Protection (T-

CONNECT),  
• Dynamic Transit 

Operations (T-DISP),  
• Dynamic Ridesharing (D-

RIDE). 

The IDTO Phase 1 
demonstration and 
field test were 
conducted in 
Columbus, Ohio in 
2014 and 2015. A final 
impacts assessment 
report is expected in 
2016. 

The project indicates 
that the users placed 
a high value on the 
utility of the T-
CONNECT 
application, which 
informed them when 
connecting vehicles 
would arrive and 
whether a 
connection would be 
feasible. 

Intelligent 
Network Flow 

Optimization 

(INFLO) 

 The INFLO aims to optimise 
network flow by informing 
motorists of existing and 
impending queues and 
bottlenecks; providing target 
speeds by location and lane; 
and allowing the capability to 
form vehicle platoons of 
uniform speed. 
 
IDTO is composed of the 
following applications: 
• Dynamic Speed 

Harmonization (SPD-
HARM); 

• Queue Warning (Q-
WARN); 

• Cooperative Adaptive 
Cruise Control (CACC). 

The INFLO project has 
concluded and a 
small-scale 
demonstration was 
conducted with 20 
vehicles on the I-5 
corridor in Seattle, 
Washington.  

Results found that 
the prototype 
reduced average 
speeds on freeways 
by 10% to 20%. 
Even at the 10% 
market, there is a 
magnitude of the 
speed drops 
(shockwaves) 
between vehicles. 
The biggest payoff in 
reducing 
shockwaves was 
seen for the first 
20% of net response 
rate. 
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Multimodal 

Intelligent 

Traffic Signal 

System 

(MMITSS) 

 The MMITSS seeks to 
develop a comprehensive 
traffic signal system that 
services all modes of 
transportation including 
passenger vehicles, transit, 
freight, and emergency 
vehicles, as well as 
pedestrians. 
 
MMITSS is composed of the 
following applications: 
• Intelligent Traffic Signal 

System (I-SIG); 
• Transit Signal Priority 

(TSP) and Freight Signal 
Priority (FSP) 

• Mobile Accessible 
Pedestrian Signal System 
(PED- 

• SIG); 
• Emergency Vehicle 

Preemption (PREEMPT). 

There are two MMITSS 
test sites located in 
Anthem, Arizona and 
Northern California. 
The field test of 
prototype occurred in 
2015. 
 

The field test results 
indicated that the 
application 
effectively improved 
vehicle travel time 
ranging from 6-
27%, and reduced 
the delay for 
equipped passenger 
car, trucks, and 
transit vehicles. 

Response, 

Emergency 

Staging and 

Communicatio

ns, Uniform 

Management, 

and Evacuation 

(R.E.S.C.U.M.E
) 

 The R.E.S.C.U.M.E involves 
advanced vehicle-to-vehicle 
safety messaging over 
dedicated short-range 
communications (DSRC) to 
improve the safety of 
emergency responders and 
travellers. 
 
R.E.S.C.U.M.E. is composed 
of the following applications: 
• Incident Scene Pre-Arrival 

Staging Guidance for 
Emergency Responders 
(RESP-STG); 

• Incident Scene Work Zone 
Alerts for Drivers and 
Workers (INC-ZONE); 

• Emergency 
Communications and 
Evacuation (EVAC). 
 

The R.E.S.C.U.M.E 
prototype was 
demonstrated at 
Columbus, Ohio and 
Sykesville, Maryland 
and has concluded. 

The simulation 
shows that an 
average network-
wide delay was 
reduced by up to 
14% and RESP-STG 
can potentially 
reduce the 
emergency vehicles’ 
number of stops by 
up to 15% and the 
travel time by up to 
23%. 

Platooning   

 
 

Platooning refers a fleet 
(group) of the cars or trucks 
that allows for a closer 
headway, accelerate or brake 
simultaneously between 
vehicles. 
 

SARTRE (Safer Road 
Trains for the 
Environment) project 
- A Volvo truck was 
followed by three 
Volvo cars on a 
highway situation at 
Volvo Proving Ground 
in Sweden. 
 
KONVOI project –A 
truck platoon in 
Germany. 
 

Increases the 
capacity of the road; 
 
Leads to fuel 
savings; 
 
leads to lower 
freight costs; 
 
The accident rate 
may reduce 
because, in theory, 
vehicles in the 
platoon are aware of 
what each other is 
doing. 

 

2.6.1.3 Real-Time Information Synthesis (AERIS) Programme – 

Environmental Applications 

According to USDOT, the Real-Time Synthesis (AERIS) Programme was a five-

year research project that began in 2009. The AERIS project sought to reduce the 
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emissions and fuel consumption by encouraging the development of V2I 

technologies and applications that support a more sustainable relationship 

between transportation and the environment (FHWA, 2014b). The AERIS project 

focused on five Operational Scenarios or strategic bundles of applications 

described in Table 2.4. 

 

Table 2.4: FHWA V2I applications for the environment (FHWA, 2015a; FHWA, 

2015b; FHWA, 2014b; FHWA, 2014c)  

V2I 

Environmental 

Application 

Illustration Description Status Finding 

Eco-Signal 

Operation 

 The Eco-Signal Operations 
application use V2I 
technologies to reduce fuel 
consumption, greenhouse 
gas (GHG) and criteria air 
pollutant emissions on 
signalised arterial roadways. 
 
The operational scenario is 
comprised the following 
applications: 
• Eco-Approach and 

Departure at Signalized 
Intersections; 

• Eco-Traffic Signal Timing; 
• Eco-Traffic Signal Priority; 
• Connected Eco-Driving; 
• Wireless 

Inductive/Resonance 
Charging. 

 

A twenty-seven 
intersection, 6.5-mile 
segment of El Camino 
Real in Northern was 
modelled by using 
VISSIM and Motor 
Vehicle Emission 
Simulator (MOVES) 
emissions model. 

The Eco-Signal 
Operations 
application 
provided 10% fuel 
consumption 
improvement and 
15% to 25% 
emission reduction 
benefits. 
 
 

Eco-Lanes  The Eco-Lanes application is 
optimised for the 
environment that 
encourages use from vehicle 
operating in eco-friendly 
ways and can be responsive 
to real-time traffic and 
environmental conditions. 
 
The Eco-Lanes operational 
scenario comprised the 
following applications: 
• Eco-Lanes Management; 
• Eco-Speed Harmonization; 
• Eco-Cooperative Adaptive 

Cruise Control (ECACC); 
• Eco-Ramp Metering; 
• Connected Eco-Driving; 
• Wireless 

Inductive/Resonance 
Charging. 

The Eco-Speed 
Harmonization and 
ECACC applications 
were modelled for a 
segment of roadway on 
State Route 91 
Eastbound in Southern 
California using VISSIM 
and MOVES.  

The applications 
together provide up 
to 22% fuel savings 
on a real-world 
freeway corridor, 
and provide 2% 
more fuel saving 
when vehicles using 
a dedicated ‘eco-
lane’ compare to 
general traffic 
lanes. 
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Low Emissions 

Zones 

 The Low Emissions Zones 
applications responsible for 
real-time traffic and 
environmental conditions to 
allow the operating entity to 
change the location, 
boundaries, fees, or time of 
the low-emissions zone. 
 
The Low Emissions Zones 
operational scenario 
comprised the following 
applications: 
• Low Emissions Zone 

Management; 
• Eco-Traveller Information 

Applications. 
 

A simulation modelling 
was conducted for a 
low emissions zone in 
the Phoenix, AZ 
metropolitan area 
using the SimTRAVEL 
integrated model 
system. 

The modelling 
results showed that 
the vehicle miles 
travelled was 
reduced by up to 
2.5% and increased 
transit use by up to 
20% in the Low 
Emissions Zones. 

Eco-Traveller 

Information 

 The Eco-Traveller 
Information applications 
seek to provide the 
information with available 
modes, optimal routes, and 
departure times in real-time 
either pre-trip or en-route to 
traveller so that they can 
either plan or adjust 
departure times or mode 
choice or select an 
alternative route. 
 
The Eco-Traveller 
Information Zones 
operational scenario 
comprised the following 
applications: 
• Connected Vehicle-

Enabled Environmental 
Probe Data Collection; 

• Multimodal Traveller 
Information; 

• Eco-Smart Parking; 
• AFV Charging/Fuelling 

Information, Reservations, 
and Payment; 

• Dynamic Eco-Routing; 
• Connected Eco-Driving – 

Gamified / Incentives-
Based Applications; 

• Gamified / Incentives-
Based Multimodal Traveller 
Information Applications. 

 

This Eco-Traveller 
Information 
Operational Scenario 
did not undergo 
detailed modelling or 
prototyping activities. 

N/A 

Eco-Integrated 

Corridor 

Management (Eco-

ICM) 

 The Eco-ICM was built based 
on the previous Integrated 
Corridor Management (ICM) 
and seek to reduce emission 
on arterial and freeway by 
considering how V2I 
technologies may support 
the integrated operation of a 
major travel corridor. 
 
 

This Eco-ICM 
Operational Scenario 
did not undergo 
detailed modelling or 
prototyping activities. 
However, a modelling 
of ICM has conducted 
in San Diego, CA and 
Dallas, TX. 

Modelling results 
for ICM from the 
San Diego showed 
the following 
benefits: 
 
• 246,000 hours of 

annual travel 
time savings; 

• 323,000 gallons 
of fuel saved 
annually 

• 3,100 tons of 
mobile emissions 
saved; 

• Benefit-Cost 
Ratio of 10:1 
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2.6.2  Implementation of V2V and V2I 

As with AVs, the governments of leading technology countries along with the 

transportation industry and research institutions around the world have been 

funding research and field test programmes for promoting V2V and V2I. The 

following section provides a brief summary of each region’s programmes regarding 

V2V and V2I (European Commission, 2016; Van, 2016; GAO, 2015; WRA, 2012). 

 

Europe 

In Europe, most relevant research is sponsored by the European Commission (EC), 

National Government or both. Research work is usually carried out by a 

combination of regions or cities, companies and academic organisations. Several 

projects that have been co-funded by the EC related to V2V or V2I as the basis 

for the intelligent road transport system, such as SAFESPOT, COMeSafety, BaSIC, 

DRIVE CODIA, FOTsis, Platform Beter Benutten and the A2 M2 Connected Vehicle 

corridor (European Commission, 2016). Also, a growing number of public and 

private organisations in their countries have conducted the traffic information 

programmes, such as where fleets of heavy goods vehicles equipped with GPS for 

reporting point-to-point journey times across the continent; an electronic tolling 

system for trucks which rely on dedicated short-range roadside to vehicle 

communications. Moreover, some private companies and associations have 

launched programme which delivering roadside assistance and security service to 

drivers (WRA, 2012). 

 

USA 

The US Department of Transportation (USDOT) has put its efforts to develop and 

test V2I technologies and application engaged with local transportation agencies, 

academic researchers and private sectors. According to DOT, the US government 

is now shifting its focus from V2V technologies to V2I technologies because they 

realised some of the technical work related to V2V applications has also informed 

the development of V2I technology. Therefore, the USDOT have already 

collaborated with transport agencies and private companies to develop the 

underlying concept of operations and technologies to support and test V2I 

applications. The current projects have been deployed all over the USA are below 

(GAO, 2015):  
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• The Safety Pilot Model Deployment  

• Connected Vehicle Pooled Fund Study 

• Crash Avoidance Metrics Partners, LLC (CAMP) 

• Test Beds 

• The Connected Vehicle Pilot Deployment Programme 

 

Asia-Pacific  

In 2004, the Ministry of Land, Infrastructure, Transport and Tourism (MLIT) of 

Japan announced the ‘SmartWay’ project, which aimed to improve traffic safety, 

reduced congestion, and environmental protection by promoting and deployment 

of next-generation roads. In 2011, a new ITS service called the ‘ITS Spot service’ 

started on the Tokyo Metropolitan Expressway based on the results of ‘SmartWay’. 

The service has been expanded in to 1600 points including roughly 55,000 pieces 

of V2I equipment on local roads and 1,600 pieces of V2I equipment on 11,000 

kilometres of expressway.  

 

As China continues its rapid economic keeping growth, the Chinese government 

has faced unprecedented issues related to road transport such as congestion, 

collision and pollution. In 2008, the Chinese government announced a 4 trillion 

Yuan investment in railways, highways and airports.  It is expected their ITS 

industry will increase 30% per year. In 2016, Ministry of Industry and Information 

Technology (MIIT) set out a directive for the automotive industry for the 13th Five 

Year Plan and ‘Made in China 2015’ policy. The document indicated that China will 

‘lay the foundation’ for V2I and V2V standards in 2018 and will develop more exact 

standard between 2020 and 2025 (Daily Mail, 2016). 

 

In 2009, a Co-operative Vehicle Highway Systems in Australia has been 

announced by Austroads which is the association of Australian and New Zealand 

road transport and traffic authorities. A wide range of policy and deployment has 

been successfully conducted by Austroads. Meanwhile, local authorities and 

private companies are working together to promote the V2I technology. The more 

detail about the above V2I projects from a global perspective are summarised in 

Table 2.5 below. 
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Table 2.5: Global current V2I and pending projects (European Commission, 2016; 

Van, 2016; GAO, 2015; WRA, 2012) 

Region Project Year Description Status 

Europe 

SAFESPOT 
Integrated 
Project 

2006-
2009 

38 million Euros funded project involving 51 partners from 
12 European countries. The project creates dynamic 
cooperative networks based on V2V and V2I technology to 
share information gathered on board and at the roadside to 
enhance the drivers' perception of the vehicle surroundings.  
http://www.safespot-eu.org/  

Finished 

BaSIC – the 
Czech 
cooperative 
ITS 
deployment 
pilot 

2012-
2013 

2-years national real demonstration project for C-ITS 

funded by the Czech Technology Agency, focussed on V2I 
and V2V to reduce speed limit, roadworks warning, 
emergency vehicle approaching warning. 
https://www.codecs-
project.eu/fileadmin/user_upload/pdfs/Workshop_C-
ITS_Deployment_underway_II/Volny_Czech_Republic.pdf  

Finished 

CODIA study 
 
Leading 
country: 
Finland 

2007-
2008 

CODIA (Co-Operative Systems Deployment Impact 
Assessment) project aimed to provide an independent 
assessment of direct and indirect impacts, costs and 
benefits of five co-operative systems based on V2V and V2I 
technology. (five co-operative systems: Speed adaptation 
due to weather conditions, obstacles or congestion, 
Reversible lanes due to traffic flow, Local danger / hazard 
warning, Post-crash warning Cooperative intersection 
collision warning  
https://op.europa.eu/en/publication-detail/-
/publication/399de2e8-f756-4c7d-92d8-
046dac9dc421/language-en  

Finished 

FOTsis  
 
Leading 
country: 
Spain 

2011-
2015 

FOTsis (European Field Operational Test on Safe, Intelligent 
and Sustainable Road Operation) is a large-scale field 
testing of the road infrastructure management systems 
needed for the operation of seven close-to-market 
cooperative I2V, V2I & I2I technologies, in order to assess 
in detail both 1) their effectiveness and 2) their potential for 
a full-scale deployment in European roads. 
https://trimis.ec.europa.eu/project/european-field-
operational-test-safe-intelligent-and-sustainable-road-
operation  

Finished 

Platform 

Beter 
Benutten 
 
Netherlands 

2014-
2017 

The project uses cooperative communication along a 17km 
stretch of motorway to stop 'phantom traffic jams', or 
shockwave damping by using V2V and V2I technology. 
https://beterbenutten.nl/en  

Finished 

Countries 
A2M2 
Connected 
Vehicle 
corridor 
 
United 
Kingdom 

2016-
2019 

The Department for Transport (DfT), Highways England, 
Transport for London (TfL) and Kent County Council are 
developing a connected corridor to prove a test bed for V2V 
and V2I technology. 
https://www.arup.com/projects/a2m2-connected-vehicle-
corridor  

Finished 

USA 

The Safety 
Pilot Model 
Deployment 

2012-

2014 

This project was conducted in Ann Arbor, Michigan, and 
included nearly 2,800 V2V-equipped cars, trucks, and 
buses, as well as roadside V2I equipment placed at 21 
intersections, three curve-warning areas, and five freeway 
sites. 
http://safetypilot.umtri.umich.edu/  

Finished 

Connected 
Vehicle 
Pooled Fund 

Study 

2009-

2015 

This study was conducted between University of Arizona and 
University of California at Berkeley for developing and 
testing an intelligent traffic-signal system and allows 
pedestrians to request for more time to cross the street. 

https://highways.dot.gov/research/projects/connected-
vehicles-pooled-fund-study  

13 projects were 

completed 

Crash 
Avoidance 
Metrics 

2014-

2019 

This project works to accelerate the development and 
implementation of crash avoidance countermeasures. Five 
V2I safety applications have been tested and validated. 

In Progress 

http://www.safespot-eu.org/
https://www.codecs-project.eu/fileadmin/user_upload/pdfs/Workshop_C-ITS_Deployment_underway_II/Volny_Czech_Republic.pdf
https://www.codecs-project.eu/fileadmin/user_upload/pdfs/Workshop_C-ITS_Deployment_underway_II/Volny_Czech_Republic.pdf
https://www.codecs-project.eu/fileadmin/user_upload/pdfs/Workshop_C-ITS_Deployment_underway_II/Volny_Czech_Republic.pdf
https://op.europa.eu/en/publication-detail/-/publication/399de2e8-f756-4c7d-92d8-046dac9dc421/language-en
https://op.europa.eu/en/publication-detail/-/publication/399de2e8-f756-4c7d-92d8-046dac9dc421/language-en
https://op.europa.eu/en/publication-detail/-/publication/399de2e8-f756-4c7d-92d8-046dac9dc421/language-en
https://trimis.ec.europa.eu/project/european-field-operational-test-safe-intelligent-and-sustainable-road-operation
https://trimis.ec.europa.eu/project/european-field-operational-test-safe-intelligent-and-sustainable-road-operation
https://trimis.ec.europa.eu/project/european-field-operational-test-safe-intelligent-and-sustainable-road-operation
https://beterbenutten.nl/en
https://www.arup.com/projects/a2m2-connected-vehicle-corridor
https://www.arup.com/projects/a2m2-connected-vehicle-corridor
http://safetypilot.umtri.umich.edu/
https://highways.dot.gov/research/projects/connected-vehicles-pooled-fund-study
https://highways.dot.gov/research/projects/connected-vehicles-pooled-fund-study
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Partners, LLC 
(CAMP) 

https://www.campllc.org/  

V2I Test Beds 

(M-city) 
2015- 

DOT, local agencies and universities have established V2I 
test beds. Test beds provide equipped vehicles and V2I 
roadside equipment that allow stakeholders to create, test, 
and refine V2I technologies and applications. According to 
DOT, there are over 70 test bed members. The deployment 
of V2I has been conducted in test beds in locations such as 
Arizona, California, Florida, Michigan, New York, and 
Virginia. 
 
https://mcity.umich.edu/our-work/mcity-test-facility/  

In Progress 

The 
Connected 
Vehicle Pilot 
Deployment 
Programme 

2014-

2020 

100-million-dollar funding have announced to a number of 
pilot projects to design and deploy V2I and V2V technologies 
and applications to address specific local needs related to 
safety, mobility, and the environment. 
https://www.its.dot.gov/pilots/  

In Progress 

The 33 Smart 
Corridor 

2016- 

The project launched by the Ohio State University and the 

Ohio Department of Transportation. The 33-Smart-Corridor 
is a 35-mile stretch of U.S. Route 33 outside of Marysville, 
Ohio, will be installed highway sensors, and retrofit 
government and private industry fleets to send and receive 
data to test V2I communications. 
 
http://www.33smartcorridor.com/mobility  

In Progress 

Asia-

Pacific 

ITS GREEN 

SAFETY  

Japan 

2011- 

The Public-Private collaborative project that aims “For a 
Greener and Safer Society” using Cooperative ITS by 
improving traffic concerns. ITS GREEN SAFETY provides 
information to help realize not only safer transportation 
and people-friendly environment but comfortable driving 
by road Infrastructure to Vehicle (I2V), Vehicle to Vehicle 
(V2V) and Vehicle to Pedestrian (V2P) communication. 
https://www.its-jp.org/english/its-green-safety-showcase/  

In progress 

V2I Field Test  

 

China 

2016-

2020 

China's first national-level demonstration base to test V2V 
and V2I opened in Shanghai in 2016, and this project 
conducted by the Ministry of Industry and Information 
Technology (MIIT). Similar tests will be conducted between 
2018 and 2020 to finally build a real demonstration city in 
Shanghai.    
http://www.chinadaily.com.cn/business/motoring/2016-
06/13/content_25691027.htm  

In progress 

NSW 

Government 

 

Australia 

2016-

2023 

The NSW government has announced a trial of V2I on urban 
freight routes in Sydney and aim to reduce the travel time 
for freight delivery vehicle (FCAI, 2016).  
 

In Progress 

Telstra in 

partnership 

with Cohda 

Wireless 

 

Australia 

2016- 

Telstra in partnership with Cohda Wireless have also 
successfully trialled V2I technology over Telstra’s 4G-
network in South Australia for diverse applications that 
include alerting a driver to roadworks ahead or giving green 
light priority to high priority vehicles (IEEE, 2016). 
https://cohdawireless.com/telstra-and-cohda-wireless-
conduct-australian-first-v2p-technology-trial/ 

In Progress 

 

  

https://www.campllc.org/
https://mcity.umich.edu/our-work/mcity-test-facility/
https://www.its.dot.gov/pilots/
http://www.33smartcorridor.com/mobility
https://www.its-jp.org/english/its-green-safety-showcase/
http://www.chinadaily.com.cn/business/motoring/2016-06/13/content_25691027.htm
http://www.chinadaily.com.cn/business/motoring/2016-06/13/content_25691027.htm
https://cohdawireless.com/telstra-and-cohda-wireless-conduct-australian-first-v2p-technology-trial/
https://cohdawireless.com/telstra-and-cohda-wireless-conduct-australian-first-v2p-technology-trial/
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Figure 2.6 provide the path of deployment of V2I technologies by the U.S 

Department of Transportation.  

 

 

Figure 2.6: USDOT’s Planned V2I and V2V Path to Deployment, 2010-2040  

(Source: GAO, 2015) 

 

According to USDOT, V2I technologies are not likely to be extensively deployed in 

the United States even though some early pilot-project deployment of V2I 

technologies has already occurred. Because the existing infrastructure systems 

need to be replaced and upgraded, the V2I technologies will likely be slowly 

deployed over a twenty-year period. In addition, even after V2I technologies and 

application have been developed and evaluated, it will take time for local 

transportation agencies to provide V2I messages by deploying the infrastructure, 

and for drivers can receive V2I message after purchasing or equipment vehicles. 

DOT also indicted that early employment of V2I technologies will likely occur at 

the highest-volume signalised intersections (DOT, 2015).  

  Benefits and Barriers of Introducing CVs, AVs and 

CAVs 

With the advent of CVs, AVs and CAVs, both industry and academic researchers 

are investigating their potential benefits, including relieving traffic congestion, 

improving traffic mobility, and reducing vehicle emission and improving traffic 

safety. However, there are still numerous challenges and barriers for introducing 
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CVs, AVs and CAVs. In the following subsections, aspects of the benefits and 

barriers are presented.  

2.7.1  Congestion  

Worldwide, the total value of road congestion for Europe is 140 billion Euros, which 

approximately costs Europe about 1% of GDP each year and the hours spent in 

the roads for the average driver are 29.5 hours yearly (Albalate and Fageda, 2019; 

European Commission, 2018c; Christidis and Rivas, 2012; Essen and Grinsven, 

2012). Without any changes, the traffic on roads in Europe is predicted to increase 

by 34% by 2030 and 51% by 2050 and as a result the cost of congestion will 

dramatically increase (DfT, 2018; European Commission, 2011b; Eugensson et 

al., 2013). Similarly in Asia, the Asian Development Bank (ADB) estimated that 

the economic cost of road congestion accounted for as much as 2%–5% of GDP 

every year due to lost time and increased transport costs (ADB, 2019; Quium, 

2019). The INRIX Traffic Scorecard analyses and compares the state of traffic 

congestion with 1360 cities in 38 countries in 2017. The report found the cities 

most impacted by worsened traffic conditions were those that had experienced 

the most economic improvement, e.g. Thailand faced the worst congestion with 

the average commuter spending nearly 56 hours in traffic, and the UK with 31 

hours which was better than the USA (41 hours) but worse than Belgium (21 

hours), the Netherlands (22 hours), and Germany (30 hours) (INRIX, 2017). Also, 

the INRIX has compared more than 100 major metropolitan areas worldwide. For 

instance, London is the only U.K. city in the top 10 most congested cities worldwide 

and with drivers wasting an average of 149 hours in gridlock in 2019 (INRIX, 

2019). Another study conducted by the Texas Traffic Institute, supported by the 

US DOT reported that in 2017 congestion caused urban citizen to travel an extra 

8.8 million hours in the US, and purchased an extra 3.3 billion gallons of fuel and 

consequently totally cost 179 billion US dollars (Texas A&M Transportation 

Institute, 2019). This figure is expected to increase by 32% from 179 billion US 

dollars in 2017 to 237 billion US dollars in 2025. 

 

As the technologies develop, autonomous vehicles potentially offer more efficient 

use of roads and smoother driving styles technologies than human controlled 

manual vehicles, and the expectation is that autonomous vehicles should be able 
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to largely eliminate congestion (Litman, 2020; Zhang, 2017; Atkins, 2016; 

Kockelman et al., 2016; Fagnant and Kockelman, 2015; Azmat, 2015). For 

example autonomous vehicles can sense, anticipate vehicles’ braking and 

acceleration decisions, and use the existing lane with shorter gaps, all these 

features would allow autonomous vehicles to travel much closer together while 

moving more quickly (Fagnant and Kockelman, 2015; Sullivan, 2015; Casley et 

al., 2013). Many of these technologies such as adaptive cruise control (ACC), 

Cooperative Adaptive Cruise Control (CACC), and Lane Keeping Assist (LKA) etc. 

are already in the market. Multiple studies have investigated the potential of such 

technologies for autonomous vehicles to reduce congestion once the market 

penetration of these vehicles has reached a certain level (Kockelman et al., 2016; 

Fagnant and Kockelman, 2015; Howard and Dai, 2014; Shladover et al., 2012; 

Tapani, 2012; Schakel et al., 2010; Desjardins, 2009; Davis, 2007; Arem et al., 

2005). A study by Atiyeh (2012) estimated that vehicles equipped with ACC could 

increase congested traffic speed by 8-13% and fuel economy by 23-39%. Treiber 

and Helbing (2002) reported that nearly all congestion could be eliminated on a 

German highway if 20% of vehicles were equipped with ACC. Several previous 

studies indicated that vehicles equipped with Cooperative Adaptive Cruise Control 

(CACC) will increase the lane capacity drastically with a reasonable increment in 

the market penetration (Liu et al., 2018; Milanes and Shladover, 2014; Howard 

and Dai, 2014; Thierer and Hagemann, 2014; Schrank et al., 2012). A study 

conducted by Shladover et al. (2012) estimate that CACC deployed at 10 %, 50%, 

and 90% market penetration levels will increase lanes’ effective capacities around 

1%, 21% and 80%, respectively. 

 

Other studies have found that if the safety benefits (such as the reduction of traffic 

crashes and consequent secondary incidents) alone are realised there will be a 

significant congestion reduction, because a quarter of traffic congestion can be 

attributed to traffic incidents, around half of which are as a result of crashes 

(Fagnant and Kockelman, 2015; Smith et al., 2015; Casley et al., 2013; Pinjari et 

al., 2013; FHWA, 2005).  

 

On the other hand, some researchers still have concerns about the congestion 

reduction benefits of autonomous vehicles. A study by Schwarz et al. (2013) 
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pointed out that the advent of autonomous vehicles could actually increase 

congestion on the road and release a new wave of potential demand, because 

currently only about 11% of the length of lane on freeways is occupied by vehicles, 

leaving 89% unutilised. Metz (2018) suggested that there were a few factors that 

are likely to increase congestion.  These factors include individually owned AVs 

travelling unoccupied on return trips; increased demand for car use arising from 

those unable to drive; and increased demand for lower-cost autonomous taxis by 

former users of public transport. Forrest and Konca (2007) indicated that in the 

early stages of implementation there would be a combination of human driven 

vehicles and autonomous vehicles. This could cause more congestion due to some 

confusion and problems concerning the reaction of human drivers to autonomous 

vehicles and how well the autonomous vehicles can integrate into the traffic flow. 

Some studies also pointed out that such benefits may be realised only if there is 

a high proportion of autonomous vehicles present, otherwise the impact would be 

non-existent or greatly lessened. For example, if only 1% of all vehicles on a 

highway segment are autonomous vehicles, the benefits of congestion reduction 

will likely be none. Only when the penetration of autonomous vehicles increased 

beyond 10% market penetration, the congestion reduction benefits will start 

kicking in at higher rates, as traffic could likely to be smoother for all travellers 

during congested times as every lane would likely have autonomous vehicles at 

regular spacings (Fagnant and Kockelman, 2015; Pinjari et al., 2013; Bose and 

Ioannou, 2003). 

2.7.2  Environment 

A further widely cited benefit of autonomous vehicles is on environmental impacts. 

The most important effects of which are the contribution to carbon dioxide (CO2) 

emissions, air pollution, greenhouse gas emission, noise, and land take (Litman, 

2020; Liu et al., 2017; Smith et al., 2015; Sullivan, 2015; Pinjari et al., 2013; 

Essen and Grinsven, 2012). This is important because the road transport sector is 

widely recognised as a significant and increasing source of air pollution and CO2 

emissions worldwide. According to the World Health Organization, the road 

transport sector accounted for 70-90% of urban air pollution, 23% of the world’s 

energy-related CO2 emissions, and 14% of global greenhouse gas emissions 

(UNEP, 2020; WHO 2019). In Asia, the transport sector represents 23 % of CO2 
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emissions and 13% of global greenhouse gas emissions (ADB, 2015). In the US, 

it has been estimated that 3.9 billion gallons of fuel are wasted in traffic.  This 

equates to around 16 million tons of CO2 that are emitted into the atmosphere. 

In Europe, the road transport sector is responsible for more than a quarter (27%) 

of the EU's greenhouse gas emissions and the CO2 emissions were still 28% above 

1990 levels in 2017 (EEA, 2019). In the UK, the road transport sector is the 

fastest-growing source of greenhouse gas emissions and responsible for around 

28% of UK greenhouse gas end-user emissions in 2018 (BEIS, 2020). The UK 

Government has committed to targeting net-zero emissions of greenhouse gas by 

2050 compared to 1990 level (i.e. 100% reduction) (UK Parliament, 2019).  

 

The road transport sector has a high level of impact on the environment so, in the 

face of an increasing population with growing needs of the transportation, further 

progress to improve vehicles design has become essential (NASEM, 2018; Smith 

et al., 2015; Sullivan, 2015; Howard and Dai, 2014; Schwarz et al., 2013; 

Eugensson et al., 2013; Pinjari et al., 2013; ADB, 2010). A study of Eugensson et 

al. (2013) indicated that although educating drivers in “eco-driving will benefit of 

fuel economy and emissions reduction, autonomous driving is expected to have a 

more significant influence on both saving fuel and reducing emissions. Previous 

studied indicated that eco-driving can be achieved by changing driving style to a 

more smooth and anticipatory driving style, skipping and changing up gears as 

soon as possible, and avoiding sudden braking or acceleration (e.g. Valentin and 

Alba, 2018; Anderson et al., 2016; Barkenbus, 2010; Symmons et al., 2009). 

Anderson et al. (2016) also point out that connected and autonomous vehicles are 

expected to have fewer stop-and-go movements and resulting in lower levels of 

fuel consumption and emissions. Some studies have proved that private cars 

equipped with present autonomous vehicle technology (e.g. ACC) and driving with 

eco-driving style can enhance the fuel economy by 4% to 10%, and up to 39% of 

fuel efficiency with the optimistic prediction (Bagloee et al., 2016; Atiyeh, 2012; 

NRC, 2010). Meanwhile, up to 30% of CO2 reduction can be achieved due to a 

smoother driving style (European Commission, 2011). A project conducted 

between 2008 and 2012 by Euro FOT found that driver assistance systems had 

significant effects on improving fuel economy (Faber et al., 2012). Among the 

findings of the Euro FOT project was that the Adaptive Cruise Control (ACC) has 



63 

 

the potential to improve the fuel economy by an average of 2.1% for cars. If all 

passenger cars in European Union were equipped with ACC, there would be a total 

reduction of about 693.9 million litres of fuel per year, leading to a reduction of 

about 1.7 million tons of CO2 emissions (Faber et al., 2012).  

 

Several studies indicated that emissions would fall due to smoother 

acceleration/deceleration and improved traffic flow characteristics (Skabardonis, 

2019; Fagnant and Kockelman, 2015; Pinjari et al., 2013; UK Parliament, 2013). 

They also estimated that with autonomous vehicles technologies, a 20% reduction 

in accelerations and decelerations should reduce fuel consumption and associated 

emission by 5%. A study of Forrest and Konca (2007) found that implementing 

autonomous vehicles could result in a 25% fuel saving on average and could save 

about £93 billion per year across the US. This rate will go even higher if the traffic 

flow becomes stable because vehicles spend much more fuel than average when 

they are in stop-and-go traffic. Autonomous vehicles can travel more efficiently in 

the urban area as well as on highways.      

 

One other environmental benefit of autonomous vehicles is land saving. 

Tientrakool et al. (2011) found that the road capacity could increase by 43% with 

AVs and 273% with V2V vehicles. This means that a far smaller percentage of 

road space would be taken by cars and the required road space would be much 

less (Soteropoulos et al., 2019; Eugensson et al., 2013). In other words, less road 

infrastructure investment would be needed. Mckinsey & Company (2014) has 

predicted that approximately £43 trillion would need to be invested in 

infrastructure all over the world between 2013 and 2030 to keep up with the 

demand for transportation given the global growth predicted. Additionally, today’s 

cars are used only for short periods at a time, and thus stay parked and unused 

for most of the day (Alessandrini et al., 2015). Alessandrini et al. (2015) pointed 

out that autonomous vehicles might not only save space by reducing the number 

of parked vehicles, but also by reducing the space required for parking them, 

which could be improved the liveability of urban environments and allow more 

space for pedestrians and bicycles. Moreover, with the growing population, there 

would be a significant amount of space dedicated to parking and the overall 

density of land use will reduce (Anderson et al., 2016; National League of Cities, 
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2015; Zhang et al., 2015). A study of land use of Los Angeles central business 

district found that including on-street parking, surface parking and parking 

structures, parking would occupy about 81% of the district area. Using the same 

computation for 41 major cities around the world, parking spaces occupy on 

average about 31% of the district area (Anderson et al., 2016). The introduction 

of autonomous vehicles could strengthen a trend towards more dispersed and low-

density land use patterns surrounding metropolitan regions (Anderson et al., 

2016). 

 

Several previous studies have explored that shared autonomous vehicles (SAV) 

could significantly reduce car use and for parking spaces, which directly results in 

a reduction of land using (Martinez and Viegas, 2017; Zhang, 2017; Anderson et 

al., 2016; Bischoff and Maciejewski, 2016; Alessandrini et al., 2015; Fagnant and 

Kockelman, 2015; Fagnant et al., 2015; Zhang et al., 2015). Zhang (2017) 

pointed out that once the SAV system is implemented, then the parking space 

required for the participating clients can be reduced over 90%. The results of 

Fagnant and Kockelman (2015) indicated that each SAV has the potential to 

replace approximated 11 private vehicles and could have significate benefits on 

reduction of land use, energy consumption, greenhouse gas emissions, and air 

pollutants emissions once the SAV system starts to serve around 5% of the 

population within the study area. Similarly, a study by National League of Cities 

(2015) reported that SAV systems have the potential to almost eliminate the need 

for on-street parking and would reduce the need for off-street parking 

significantly. 

2.7.3  Safety 

According to the World Health Organisation, approximately 1.35 million people are 

killed on the road each year globally and nearly 50 million are injured (WHO 2018). 

In the United States, more than 38,000 people are killed related to road accident 

and as many as 4.4 million injured in 2019 (ASIRT, 2020). In the European Union, 

there are 49 road deaths per million population and with a total of 25,058 fatalities 

in traffic accidents report in 2018, among which the UK contributed 1,784 of it 

(Department for Transport, 2019a; ETSC, 2019).   
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European Commission (2011) indicated that automated vehicles have the 

potential to dramatically reduce crashes on road. The studies of Baziinskyy, 

Kyriakidis and Winter (2015) claimed that automated driving shows a large 

positive influence on society in terms of safety and efficiency of road transport. 

NHTSA (2018) found that nearly 94% of crashes were caused by driver errors. 

Many organizations and researchers also believe that the main cause behind 94% 

of all road accidents is human error such as distracted operators, inattention, 

speeding, drunken driving or failure to remain in a lane. Therefore, autonomous 

vehicle technology has the potential to substantially reduce this human casualty 

toll (Litman, 2020; Anderson et al., 2016; Fagnant and Kockelman, 2015; 

Wyrough, 2014; KPMG, 2012; Forrest and Konca, 2007). Thierer and Hagemann 

(2014) indicate that even if an autonomous vehicle is not necessarily better than 

an alert driver in every situation, the faster response time of autonomous vehicles 

will save lives by preventing harm from bad drivers. Some studies have claimed 

that once the autonomous vehicle technology is widely deployed, this not only 

improves safety for those in the vehicle, but it improves the safety and 

environment for those vulnerable road users such as pedestrians and bicyclists 

(Litman, 2020; Levinson, 2015).  

 

In terms of different levels of the autonomous vehicle, Ni and Leung (2014) 

indicated that even the technologies in level 0 and level 1 such as forward collision 

warning and lane departure warning can help reduce the accidents, and the 

technologies involved in level 3, level 4 and level 5 have huge potential to do far 

more to help save tens of thousands of lives annually on US roads. The Insurance 

Institute for Highway Safety (IIHS) in the USA estimates that if all vehicles on the 

roads today adopted some of the technologies (such as lane departure warning 

and forward collision warning etc.) involved in level 0 and level 1, nearly a third 

of road accidents could be prevented (IIHS, 2010). Anderson et al. (2016) pointed 

out that technologies involved in level 3 automation could reduce crashes, injuries, 

and fatalities substantially as in this level technologies allow the human driver to 

cede full control of all safety-critical functions in certain situation. Also because 

vehicles at level 3 might not be distracted, impaired or reckless; the number of 

crashes, injuries and fatalities involving pedestrians, cyclists and motorcycles can 

be reduced drastically. During the transition from level 3 to level 5 automation, a 
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third of alcohol-related traffic deaths could be reduced as these impaired drives 

cede control to fully automated vehicles  (Anderson et al., 2016). However, there 

is an obvious concern about the transition of level 3 vehicles since when the control 

moves from human to vehicle human supervisor will stop paying attention or 

quickly cease to pay attention, which will add new risk if the vehicle requires the 

driver to take back control (Sparrow and Howard, 2017).    

 

There are other concerns to address. Litman (2020) claimed the autonomous 

vehicles are likely to introduce new risks such as system failures, cyberterrorism, 

offsetting behaviour and rebound effects, which is being less safe under the certain 

condition and encouraging road users to add additional risks. For example, a 

passenger on-board may reduce seatbelts use as they feel safer vehicle; the 

vehicle may operate faster and closer; road users may become less cautious, all 

these may add the new risks. Also some have argued that the automation does 

not remove every difficulty and that it can in fact make it more difficult for the 

human operator (Strand et al., 2014). A growing number of researches indicate 

that autonomous vehicles may not be safer than a manual vehicle controlled by 

an average driver and may increase total crashes during a transition period with 

a mixture of autonomous and human-driven vehicles (e.g. Nyholm and Smids, 

2018; Raposo et al., 2017; Blanco et al., 2016; Townsend, 2016; Sivak and 

Schoettl, 2015). Tesla car recorded the first fatal accident when the semi-

autonomous autopilot system was being used in 2016 (Forbes News, 2016). 

Google-Waymo vehicles have been involved in a number of crashes since the 

project launched in 2009 (USA Today, 2019). These events highlight that there 

will be very important safety issues to be addressed. 

2.7.4  Broader Societal Impacts 

According to European Commission’s White Paper, in order to overcome reliability, 

environment safety and affordability issues, new forms of mobility have been 

proposed as sustainable solutions for the transport of people and goods (European 

Commission, 2011). In theory, private automobiles are widely recognised as an 

unsustainable solution for the future of personal urban mobility (Pavone, 2015). 

The problem is even worse due to the rapid increased of urban populations. 

According to the World Health Organization, by 2030 the urban population will 



67 

 

reach 5 billion representing more than 60% of the world population (Dokic et al., 

2015; WHO, 2014). The repopulation and revitalisation of urban centres have 

already begun to spread beyond cities such as New York and Washington (National 

League of Cities, 2015). How these cities cope with the communities to grow and 

accommodate their new residents became a challenge.  

 

Currently, access to automobiles is limited to those who own a vehicle and can 

physically drive or those who can find someone to drive for them (Lari et al., 2015; 

2014). Autonomous vehicles have significant potential to facilitate personal 

independence and provide independent mobility for non-drivers such as elderly 

people, people too young to drive or those with disabilities (Litman, 2020; Kalra, 

2017; Anderson et al., 2016; Alessandrini et al., 2015; Dokic et al., 2015; Litman, 

2015; Fagnant and Kockelman, 2015; Ni and Leung, 2014; Rodoulis 2014). In 

Europe, population growth has stabilised and various issues have been identified 

by specific studies conducted in Germany, the UK and the Netherlands 

(Alessandrini et al., 2015; Pavone, 2015; Rudinger et al., 2012). Eurostat (2019) 

predicts that the proportion of people aged 65 or above will be doubled between 

2010 and 2060, and the population of people aged 80 years or over will expand 

to 66.1 million by 2080. Similar trends are being observed in the USA, where there 

will be 83.7 million Americans presently over the age of 65 by 2050, which is 

almost twice the number of 2012 (Coll, 2019). Autonomous vehicles could benefit 

these disadvantaged groups by increasing access to essential services, and by 

reducing isolation and the feeling of disempowerment (GOV.UK, 2018; Anderson 

et al., 2016; Ni and Leung, 2014). For instance, a video released by Google in 

early 2012, showed Steve Mahan who is 95% blind travelling around the town and 

shopping in the driver’s seat of one of Google’s research vehicles (YouTube Video, 

2012). A study of Anderson et al. (2016) found that with existing public transit 

services to the disabled, 14% to 18% of their services are used to provide on-

demand responsive service (loosely termed ‘Paratransit’ in North America), and 

per-trip costs three or more times for those fixed-route transit services. 

Autonomous vehicles could have huge potential to reduce the amount of those 

services and expand mobility and access to reduce the costs. Apart from these 

direct benefits, there are some indirect benefits. Thierer and Hagemann (2014) 

indicated that new social and economic opportunities are likely to open up for 
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everyone, once the elderly, young and disabled individuals have more mobility 

options. 

 

Autonomous vehicles could also efficiently integrate cars with non-motorised 

modes of transport such as cycling and walking. Alessandrini et al. (2015) 

indicated that pedestrians and cyclists should be more confident when the cars 

were being driven correctly and this would benefit the quality of life for many 

people.   

 

Autonomous vehicles could also lead new modes for urban mobility such as 

driverless taxis and shared autonomous vehicles (SAV). Such new modes enable 

unrelated passengers to share the same ride with optimised routes and minimise 

travel times and costs. Such new systems would also not need to park and upon 

completing a trip they would simply travel to pick up the next passenger. Thus 

driverless taxis and shared autonomous vehicles could hugely reduce or even 

eliminate the needs of buses and trains (Stocker and Shaheen, 2017; Zhang et 

al. 2015; Anderson et al. 2016; Rodoulis, 2014). A study of Rodoulis (2014) 

predicted that public transport will be complemented or replaced by driverless 

taxies and SAV in low-medium density or high car dependency cities. Several 

studies indicated that compared to current systems the driverless taxi and SAV 

have a number of advantages to travellers, such as offers more flexible and 

affordable mobility services for clients (Anderson et al. 2016; National League of 

Cities, 2015; Zhang et al. 2015). A report by the National League of Cities (2015) 

suggested that compared to 203,000 cars using in Lisbon, Portugal, fewer than 

26,000 driverless taxies would be needed.  

2.7.5  Barriers for Deployment of CVs, AVs and CAVs 

Despite the benefits of the CVs, AVs and CAVs, barriers continue to limit the 

development speed, and large-scale deployment remains a challenge. These 

barriers and challenges include technology barrier, cost barrier, public acceptance 

and adoption, government regulations, security and privacy regulations, and 

insurance adjustments (Litman, 2020; Li et al., 2018; Gibson, 2017; Zhang, 2017; 

Fagnant and Kockelman, 2015; Kyriakidis et al., 2015).  
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Schoettle and Sivak’s (2016) surveyed 618 American drivers and found that most 

drivers prefer no automation or partially automation to fully automated vehicles 

and the responders were more concerned about the safety of fully automated 

vehicles. Another survey conducted by Song et al. (2019) indicates that over 75% 

of the respondents are not comfortable with riding a fully autonomous bus without 

a human operator.  

 

Gibson (2017) analysed the autonomous vehicle’s polices and concluded that cost 

and security were the two key challenges for adopting autonomous vehicle 

technology. The most expensive equipment for an AV is the Light Detection and 

Ranging (LIDAR) sensor, the cost of which ranges from 30,000 US dollars to 

85,000 US dollars (Zhang, 2017). A popular early model from Velodyne which is 

used by many self-driving companies costs 75,000 US dollars (The Verge, 2020). 

Kyriakidis et al. (2015) conducted an internet-based survey and collected 5,000 

responses from 109 countries. The results indicated that one-fifth of respondents 

were not inclined to pay extra cost for AV technology, and only 5% would be willing 

to pay more than 30,000 US dollars to purchase a fully automated vehicle. 

Shabanpour et al. (2018) indicates that respondents are more sensitive on the 

cost and incentive policies of the autonomous vehicle compared to other factors 

such as fuel efficiency, safety, or environmental friendliness. 

 

Although the technology of connected and autonomous vehicles has already been 

advanced, automotive manufacturers and future CV/AV/CAV owners are often 

concerned about electronic security (Zhang, 2017). Fagnant and Kockelman 

(2015) indicate that computer hackers, terrorist organizations, and/or hostile 

nations may target AVs to cause collisions and traffic disruptions. The current 

AV/CAV industry lacks of standardised protocols for V2V and V2I communications, 

and these technologies may be extremely vulnerable to such attacks without a 

proper design of protocols (Zhang, 2017). 

 

2.7.6  Transport Policy Maker Requirements 

As introduced in previous section, the large-scale implementation of CV, AVs, and 

CAVs depends on how to deal with the challenges and barriers that mentioned in 
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section 2.7.5. It also depends on the development of transport policy. Policy and 

regulation will play a significant role in the transition from human-driven vehicles 

to connected and autonomous vehicles. There are different national rules and 

legislation at the EU Member States Level, according to documents of European 

Commission (Alonso Raposo et al., 2017), with the main existing EU legal and 

policy frameworks related to automated and connected driving listed as follows: 

 

• 1949 Geneva Convention on Road Traffic 

• 1968 Vienna Convention on international road traffic 

• Directive 2006/126/EC on driving license 

• Directive 2003/59/EC on training and initial qualifications of professional 

drivers 

• Directive 2009/103/EC on motor insurance 

• Directive 85/374/EEC on product liability 

• Directive 2007/46/EC on vehicle approval 

• Directive 2014/45/EU on roadworthiness 

• ITS Directive 2010/40/EU 

• Directive 95/46/EC on data protection 

• Directive 2002/58/EC on privacy in electronic communications 

• Directive 2008/96/EC on infrastructure safety management 

• UN Regulation No. 116 on anti-theft devices 

• UN Regulation No. 79 for steering equipment 

• UN Regulation No. 131 laying down the technical requirements for the 

approval of Advanced Emergency Braking Systems (AEBS) fitted on trucks 

and coaches 

• Declaration of Amsterdam 

• C-ITS communication 

 

In terms of the policy related challenges and barriers, these include public 

acceptance and adoption, government regulations, security and privacy 

regulations, and insurance adjustments. In practice, most urban policy makers 

and planners have not started to plan for connected and autonomous vehicles 

(Cavoli et al., 2017), and some of them may not understand the technology and 

hence may not be fully aware of all the implications that may derive from the 
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automated driving (Alonso Raposo et al., 2017). Therefore, policy makers and 

practitioners should begin to educate themselves to have better preparation for 

the upcoming changes, such as consider regulating vehicle capabilities, human 

factors (i.e. testing and certification) and insurance requirements (Gibson, 2017; 

Anderson et al., 2014). In addition to the barriers and challenges, policy makers 

need to consider a new range of emerging issues. For instance, the large-scale 

implementation of CVs, AVs and CAVs is expected to bring the new standards and 

create new requirements for the design of urban infrastructure where there will 

be human-driven vehicles mixed with automated vehicles to share roadways. 

Therefore policy makers and city planners should be aware these intermediate 

effects and changes, then the efficient design should take into account to ensure 

the safety and comfort of users of the transport system (Gavanas, 2019; Bosch 

et al., 2018; Albino et al., 2015). 

 

Apart from the updating the design for infrastructure, connected and autonomous 

vehicles have a potential to reduce the urban space requirements for roads and 

parking (González-González et al., 2020; 2019), and this could lead to the 

releasing of a large amount of public space, such as high quality public green 

spaces, playground, parks, open market or sportive area where leisure, cultural, 

new economic and community activities could be developed (González-González 

et al., 2020). Therefore, policy makers and planners should start to prepare 

adaptive plans and regulations to anticipate these future changes (Papa and 

Ferreira, 2018), such as promoting mixed land uses, and establish urban quality 

standards and restrict parking (González-González et al., 2019) 

 

Considering the complexity of urban environments as well as existing city policy 

goals, the US National Association of City Transportation Officials (NACTO) issued 

a policy statement on autonomous vehicles that included a checklist for 

consideration when developing policies and regulations (NACTO, 2016): 

 

• Promote safety for pedestrians, bicyclists, transit riders, automated vehicle 

passengers, and street users within the multi-modal urban context; 
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• Incentivize shared, automated, electric vehicles to reduce the 

environmental impacts of vehicular travel and refocus planning on the 

principle of mobility as a service; 

• Support the future vision of communities as great places to live, work, and 

play by using technology as a tool to change land use as well as how streets 

are built; 

• Re-balance the use of the right-of-way with less space for cars and more 

space for people walking, cycling, using transit and recreating; 

• Support public transit by providing first and last mile connections to major 

transit lines via shared, automated vehicles, and by providing cost-

effective, on-demand transit in lieu of low-performing fixed routes; and 

• Improve mobility for all, contributing to a more equitable transportation 

system, where benefits reach all demographics and any negative effects are 

not unjustly concentrated. 

 

According to Feigenbaum (2018), in order to safely and quickly accelerate the 

development and implementation of wide-scale connected and autonomous 

vehicles, policymakers and practitioners should take the following actions:  

 

• Encourage autonomous vehicle testing with limited restrictions; 

• Focus on current and near-future levels of automation; 

• Only pass new AV legislation when existing legislation is clearly inadequate 

to allow for development of the widest range of innovative options; 

• Use scenario planning to sketch out a long-term vision; and  

• Become educated on connected and autonomous vehicles. 

 Status of CVs, AVs and CAVs’ Technologies and Future 
Prospects 

2.8.1  Status of Technologies 

Advances in autonomous vehicles technology have enormous potential to improve 

road safety, congestion, air pollution, mobility and land use (Anderson et al. 

2016). An autonomous vehicle just like a human, first needs to collect information, 

then make a decision based on that information, and lastly execute that decision. 
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In other words, an autonomous vehicle should enable to assist and make decisions 

for a human driver (Dowd, 2015). In order to achieve automated driving, therefore 

a wide range of technologies, infrastructure, capabilities, products and services 

are required (ITF&CPB, 2014). Currently, most of the core technologies required 

for fully automated driving are still being developed, and some of them are 

available and already being deployed in commercial vehicles today, for example, 

Crash Warning Systems, Adaptive Cruise Control (ACC), Lane Keeping Systems 

(LKS) and Self-Parking technology i.e. (Kockelman et al., 2017). Overall, more 

than 40 corporations are working on autonomous vehicles, including traditional 

car manufacturers, automobile supplier companies as well as technology 

companies (CB INSIGHTS, 2019).   

 

As one of the more visible pioneers, an American technology company Waymo 

appears to be leading the race to get the driverless car on the road. It has been 

driven over 20 million miles on the public roads without human control (Waymo, 

2020). To make these achievements possible, a numerous advanced technologies 

have been developed and applied, including advanced sensors to gather 

information, processing sensor data and controlling the vehicle with increasingly 

sophisticated algorithms, and more running computational power in the real world 

(Anderson et al., 2016). Meanwhile, other major automotive companies that are 

actively involved in developing driverless technology have publicly announced 

their own automated vehicle programmes. Overall, more than 40 corporations and 

over 250 companies have taken serious steps to work on autonomous vehicles, 

including traditional car manufacturers, automobile supplier companies as well as 

technology companies (CB INSIGHTS, 2019).   
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Figure 2.7: Companies working on autonomous vehicles (source: Greb.com, 2019) 

 

In 2015, Volvo announced Autopilot ‘a complete production-viable autonomous 

driving system’ whereby the company planned to put 100 driverless Volvo-cars 

used by real customers on a selected 50-kilometre-long road in its headquarters 

city, Gothenburg (BBC News, 2016). The significant contribution of this project is 

to put a large number of autonomous cars into the hands of ordinary drivers and 

under winter driving condition (Dokic et al., 2015; Ticoll, 2015). More recently, 

Volvo has partnered with Uber to develop driverless cars which will enable the 

possible future autonomous ridesharing service in Uber’s network (Volvo.com, 

2019). Mercedes-Benz has been collaborating with the other German automotive 

giant BMW to develop self-driving car technology and announced that they will 

release of a car with driver assistance systems, automated driving on highways 

and parking features up to level four automation in mid 2020s (Techworld, 2019). 

Tesla CEO Elon Musk announced that Tesla will have level 5 self-driving cars or 

essentially complete autonomy 2020 (Forbes News, 2020).  By April 2019, more 

than 9 million drivers have used Teslas’ Autopilot and they have driven 66 million 

miles in total with Autopilot enabled Tesla (Tesla.com, 2019).  

  

Automotive suppliers such as IBM, Bosch, Denso, Magna International, Delphi, 

Cisco and TRW Automotive are also competing for getting in on the action of AVs 

market (CB INSIGHTS, 2019). In December 2019, Bosch and partner Daimler had 
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the first trial for a self-driving taxi service in San Jose, California. Meanwhile, 

Bosch and Daimler have tested the world’s first fully automated driverless SAE 

Level 4 parking function without a human safety driver behind the wheel 

(Techcrunch, 2019). The Canadian automotive supplier giant Magna announced in 

January 2019 that it would team up with Waymo to build a factory at Michigan to 

manufacture cars which capable with level 4 autonomous driving (CleanTechnica, 

2019).      

 

Technology companies such as Apple, Google-Waymo, Nvidia as well as Chinese 

rival Baidu and Huawei are also using their wealth and expertise to establish 

autonomous vehicles with innovative and disruptive features (CB INSIGHTS, 

2019). Apple recently has tested a fleet of Lexus RX450h SUVs equipped with 

racks of LIDAR and radar sensors in California (Techworld, 2019). While Baidu, 

the Chinese search engine, has teamed with BMW to join the race with Google to 

get the first autonomous vehicles to be tested on the streets of Beijing in 

November 2016. By December 2019, Baidu has had 300 autonomous vehicles on 

the urban road and had driven over 1.8 million miles (CB INSIGHTS, 2019).  

 

The service providers such as Uber, Lyft, DIdi, Ridecell and Grab Taxi are 

aggressively pursuing an autonomous vehicle initiative, and other less prominent 

initiatives are also underway. Over the last decade, the online giant Amazon has 

spent billions of dollars working on finding a better solution to their delivery 

service. In September 2019, Amazon announced that it has planned to put 

100,000 electric driverless vehicles on the road by 2030 with starting as early as 

in 2021 (The Verge, 2019).  

  

Table 2.6 below summarises the status of the various autonomous vehicle projects 

from major automobile companies and technology companies and how the 

technology is being brought to market currently.   

  



76 

 

Table 2.6: Current driverless technologies and projects (Source: CB INSIGHTS, 

2019; Techworld, 2019)  

Org Current 

Products 

Developments Public Statements 

Apple ‘Titan’ 

project 

• The project team has over 1,000 

employees, largely poached from Tesla, 

Carnegie Mellon, Volkswagen, Nvidia and 

other sources.  

• Apple cut more than 200 employees from 

Project Titan in January 2019, 

• The company has also built prototypes of an 

electric van in February 2019. 

The Guardian released 2015: On 17 

August 2015, Apple executives have 

announced their plans for an 

‘autonomous vehicles’ at California’s 

department of motor vehicles.  

http://www.dailymail.co.uk/sciencetec

h/article-3243740/Report-says-Apple-

moving-forward-building-car.html 

Waymo ‘Self-

Driving 

Car’ 

Project 

• Waymo One self-driving car service 

launched in December 2018. 

• It announced that it had accrued more than 

20M miles on public roads and 10B 

simulated miles in January 2020. 

• In March 2020, it raised $2.3B in its first 

external funding. 

An unnamed source who spoke to 

Bloomberg. 

 

https://www.bloomberg.com/news/art

icles/2018-11-13/waymo-to-start-

first-driverless-car-service-next-month 

 

Audi ‘Audi 

Piloted 

Driving’ 

• Allow the A8 to park itself and drive 

autonomously up 37 mph. 

• Would qualify rather as Level2 and Level 3 

Automation (NHTSA definitions). 

• Audi unveiled its new flagship A8, which has 

a controversial autonomous driving feature 

in July 2017. 

• A8 model includes an enhanced suite of 

semi-autonomous features in 2019. 

 

At Consumer Electronic Show 2013: 

‘Audi defined autonomous driving 

capabilities in terms of piloted parking 

and piloted driving’. 

 

 

http://www.autoblog.com/2013/01/08

/nevada-grants-audi-third-license-to-

operate-autonomous-vehicles 

Baidu ‘Apollo’ • Partnership with Chinese tech giants 

Tencent and Alibaba and tested their 

technologies on 33 different roads spanning 

65 miles around Beijing, China. 

• Baidu had 300 autonomous vehicles on the 

road and had logged over 1.8 million miles 

of urban driving by December 2019. 

• Released the Apollo 5.0 in July 2019, the 

latest version of Baidu’s open source 

autonomous driving platform. 

Baidu’s group president and COO, 

made the announcement in Beijing at 

the company’s AI developer conference 

Baidu Create in July 2017.  

 

https://venturebeat.com/2017/07/04/

baidu-unveils-vehicle-manufacturing-

partners-declares-apollo-the-android-

of-the-autonomous-driving-industry/  

BMW ‘i Vision 

Future 

interaction’ 

• Based on the BMW’s autonomous i8 car at 

CES 2016. 

• The company announced a partnership with 

another German automaker, Daimler in July 

2019. 

An autonomous i8 concept show at CES 

in 2016: announced an aggressive 

strategy to promote electrification and 

automation in its vehicles. 

 

http://www.dailymail.co.uk/sciencetech/article-3243740/Report-says-Apple-moving-forward-building-car.html
http://www.dailymail.co.uk/sciencetech/article-3243740/Report-says-Apple-moving-forward-building-car.html
http://www.dailymail.co.uk/sciencetech/article-3243740/Report-says-Apple-moving-forward-building-car.html
https://www.bloomberg.com/news/articles/2018-11-13/waymo-to-start-first-driverless-car-service-next-month
https://www.bloomberg.com/news/articles/2018-11-13/waymo-to-start-first-driverless-car-service-next-month
https://www.bloomberg.com/news/articles/2018-11-13/waymo-to-start-first-driverless-car-service-next-month
http://www.autoblog.com/2013/01/08/nevada-grants-audi-third-license-to-operate-autonomous-vehicles
http://www.autoblog.com/2013/01/08/nevada-grants-audi-third-license-to-operate-autonomous-vehicles
http://www.autoblog.com/2013/01/08/nevada-grants-audi-third-license-to-operate-autonomous-vehicles
https://venturebeat.com/2017/07/04/baidu-unveils-vehicle-manufacturing-partners-declares-apollo-the-android-of-the-autonomous-driving-industry/
https://venturebeat.com/2017/07/04/baidu-unveils-vehicle-manufacturing-partners-declares-apollo-the-android-of-the-autonomous-driving-industry/
https://venturebeat.com/2017/07/04/baidu-unveils-vehicle-manufacturing-partners-declares-apollo-the-android-of-the-autonomous-driving-industry/
https://venturebeat.com/2017/07/04/baidu-unveils-vehicle-manufacturing-partners-declares-apollo-the-android-of-the-autonomous-driving-industry/
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• Plans to deploy self-driving car on the road 

by 2021. 

http://www.thestrategygroup.com.au/

driverless-cars-disruptive-innovation-

or-dead-duck/  

Bosch ‘driver-

assistance 

systems’ 

• In April 2017, Bosch and Mercedes joined 

forces to develop Level 4 (high automation) 

and 5 (full automation) vehicles. 

• Bosch and partner Daimler started a trial for 

a self-driving taxi service in San Jose, 

California, in December 2019. 

• Claiming that full auto-pilots (in which no 

driver interference is needed) will be 

launched by 2025. 

An interview with Driverless 

Transportation in April 2016: “Bosch is 

working on the development of 

automated driving. Our activities are 

motivated by the vision of increased 

safety, comfort and mobility of all road 

users”. 

 

http://www.driverlesstransportation.c

om/tag/future  

Delphi ‘Human-

machine 

interface’ 

• Partnership with Audi and drove 3,000miles 

across the US and 99% of driving by itself. 

• Also partnership with Quanergy to deploy 

low-cost LiDAR systems. 

• Try to address the stepping –stone stage 

before full automation (Level 4 or Level 5).  

An autonomous driving show at CES in 

January 2016:” The car is designed to 

encourage consumers to trust that the 

car can drive itself, while still keeping 

drivers vigilant so they can take the 

wheel if necessary’. 

http://www.delphi.com/delphi-drive  

Ford ‘Smart 

Mobility 

Plan’ 

• Partnership with Domino’s, Postmates and 

Walmart on autonomous delivery pilots. 

• Plans to roll out autonomous vehicles by 

2021. 

• In June 2019, Ford announced the opening 

of a new research centre in Tel Aviv focused 

on self-driving technologies. 

Ford’s announcement in November 

2018.  

https://medium.com/self-driven/ford-

walmart-and-postmates-team-up-for-

self-driving-goods-delivery-

e627a2c398ea  

General 

Motors 

‘Super 

Cruise’ 

‘Acquiring 

Cruise 

Automatio

n’  

• Partnership with Carnegie University 

Autonomous Driving Collaborative Research 

Lab and won DARPA in 2007. 

• Super Cruise utilised current the semi-

automated driving systems such as lane 

departure warning, collision prevention, 

blind-spot monitoring and stability control.  

Super Cruise Press Release April 2013. 

 

Acquiring Cruise Automation Press 

Release March 2016: “Fully 

autonomous vehicles can bring our 

customers enormous benefits in terms 

of greater convenience, lower cost and 

improved safety for their daily mobility 

needs.” 

 

https://www.thestreet.com/story/136

48023/1/general-motors-discloses-

why-it-paid-581m-for-cruise-

automation.html 

Honda ‘Semi-

autonomou

s ADAS’ 

• Received approval to test autonomous 

vehicles on public streets in California. 

• Partnering with GM on self-driving cars and 

batteries. 

• Launched its R&D Centre X in April 2017. 

Honda Press Release March 

2015:  "This program will bring a new 

level of robustness to Honda's 

industry-leading efforts in the area of 

automated and connected vehicle 

technology." 

http://www.thestrategygroup.com.au/driverless-cars-disruptive-innovation-or-dead-duck/
http://www.thestrategygroup.com.au/driverless-cars-disruptive-innovation-or-dead-duck/
http://www.thestrategygroup.com.au/driverless-cars-disruptive-innovation-or-dead-duck/
http://www.driverlesstransportation.com/tag/future
http://www.driverlesstransportation.com/tag/future
http://www.delphi.com/delphi-drive
https://medium.com/self-driven/ford-walmart-and-postmates-team-up-for-self-driving-goods-delivery-e627a2c398ea
https://medium.com/self-driven/ford-walmart-and-postmates-team-up-for-self-driving-goods-delivery-e627a2c398ea
https://medium.com/self-driven/ford-walmart-and-postmates-team-up-for-self-driving-goods-delivery-e627a2c398ea
https://medium.com/self-driven/ford-walmart-and-postmates-team-up-for-self-driving-goods-delivery-e627a2c398ea
https://www.thestreet.com/story/13648023/1/general-motors-discloses-why-it-paid-581m-for-cruise-automation.html
https://www.thestreet.com/story/13648023/1/general-motors-discloses-why-it-paid-581m-for-cruise-automation.html
https://www.thestreet.com/story/13648023/1/general-motors-discloses-why-it-paid-581m-for-cruise-automation.html
https://www.thestreet.com/story/13648023/1/general-motors-discloses-why-it-paid-581m-for-cruise-automation.html
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• Plans to launch a Level 3 autonomous 

vehicle in Japan in 2020.  

 

http://www.techtimes.com/articles/43

575/20150401/honda-tests-

automated-cars-in-former-naval-base-

in-san-francisco.htm 

Hyundai ‘Hyper-

connected’ 

and self-

driving 

cars 

• Focus on creating affordable driver-assist 

technology. 

• Aiming to bring an autonomous vehicle to 

market by 2025. 

• In September 2019, Hyundai formed a $4B 

joint venture with Aptiv and Kian Motors, 

and plans to test fully autonomous vehicle 

by 2020 and commercialise it by 2022. 

Commercial TV Show in 2015: “we 

have directed a driverless, self-driving 

situation with stunt actors involved 

showing surprising moments with the 

empty cars driving with complete self-

control.” 

http://brand.hyundai.com/en/brand/c

ampaigns/from-a-to-be.do  

Jaguar 

Land Rover 

self-driving 

and 

connected 

car 

• JLR joined a $7.9M UK program to further 

autonomous driving in February 2016. 

• In July 2016, JLR planned to deploy a fleet 

of at least 100 research vehicles to test self-

driving and connected car technology on 

roadways in Britain over next 4 years. 

• In March 2018, Jaguar Land Rover 

announced a new partnership with Waymo 

to build a fleet of electric and self-driving 

cars. The testing began in California by 

spring 2019.  

Jaguar Land Rover will build electric 

cars at UK factory. 

 

 

https://www.autonews.com/automake

rs-suppliers/jaguar-land-rover-will-

build-electric-cars-uk-factory-paper-

says 

 

Mercedes-

Benz 

‘Mercedes-

Benz 

Intelligent 

Drive’ 

• Teamed up with BMW to develop self-driving 

car technology. 

• Focus on the technologies for driver 

assistance systems, automated driving on 

highways and parking features up to level 

four. 

• Announced that it aims to launch driverless 

robot taxis in the early 2020s 

 

We’re making autonomous driving 

safe. 

 

 

https://www.daimler.com/innovation/

case/autonomous/interview-hafner-

2.html 

 

Microsoft ‘New 

Vehicle 

Connectivit

y and 

Telematics 

Service’ 

• In 2016, partnership with Toyota with Five 

years’ research in robotic, AI, and self-

driving car development. 

• In 2017, announced it would begin offering 

its Azure cloud services to companies using 

Baidu’s Apollo self-driving platform for 

autonomous project. 

• In December 2019, partnered with Ericcson 

to build its connected vehicle cloud on top 

Microsoft’s connected vehicle platform. 

Microsoft Released in April 2016: “The 

new services will be supported by 

Microsoft’s Azure platform, and will use 

connected vehicle networks to share 

information on traffic and weather 

conditions”. 

 

http://www.reuters.com/article/us-

toyota-connectivity-microsoft-

idUSKCN0X11LL  

Nissan/Ren

ault 

‘Auto Pilot’ • Expanded self-driving technology testing in 

2016.  

• Began partnership with DeNA to run self-

driving taxi trials in Yokohama in 2018. 

Nissan plans to build commercially 

viable autonomous-drivr vehicles on 

the road by 2020. 

 

http://www.techtimes.com/articles/43575/20150401/honda-tests-automated-cars-in-former-naval-base-in-san-francisco.htm
http://www.techtimes.com/articles/43575/20150401/honda-tests-automated-cars-in-former-naval-base-in-san-francisco.htm
http://www.techtimes.com/articles/43575/20150401/honda-tests-automated-cars-in-former-naval-base-in-san-francisco.htm
http://www.techtimes.com/articles/43575/20150401/honda-tests-automated-cars-in-former-naval-base-in-san-francisco.htm
http://brand.hyundai.com/en/brand/campaigns/from-a-to-be.do
http://brand.hyundai.com/en/brand/campaigns/from-a-to-be.do
https://www.autonews.com/automakers-suppliers/jaguar-land-rover-will-build-electric-cars-uk-factory-paper-says
https://www.autonews.com/automakers-suppliers/jaguar-land-rover-will-build-electric-cars-uk-factory-paper-says
https://www.autonews.com/automakers-suppliers/jaguar-land-rover-will-build-electric-cars-uk-factory-paper-says
https://www.autonews.com/automakers-suppliers/jaguar-land-rover-will-build-electric-cars-uk-factory-paper-says
https://www.daimler.com/innovation/case/autonomous/interview-hafner-2.html
https://www.daimler.com/innovation/case/autonomous/interview-hafner-2.html
https://www.daimler.com/innovation/case/autonomous/interview-hafner-2.html
http://www.reuters.com/article/us-toyota-connectivity-microsoft-idUSKCN0X11LL
http://www.reuters.com/article/us-toyota-connectivity-microsoft-idUSKCN0X11LL
http://www.reuters.com/article/us-toyota-connectivity-microsoft-idUSKCN0X11LL


79 

 

• In 2019, they announced a multi-year deal 

with Waymo to bring self-driving cars and 

trucks to Japan and France. 

 

https://www.nissanusa.com/experienc

e-nissan/news-and-events/self-

driving-autonomous-car.html  

Tesla ‘Auto Pilot’ • Released Autopilot, its semi-autonomous 

driver-assist technology, in 2014. 

• Tesla updated its Autopilot software to 

properly equipped Model S vehicles in 

October 2015. 

• Released Autopilot Hardware 3, after a man 

died when his Tesla in 2018 

The Self-Driving Tesla Model S: 

Autopilot And 'Summoning' In Focus. 

 

https://www.forbes.com/sites/brookec

rothers/2015/08/19/the-self-driving-

tesla-model-s-autopilot-and-

summoning-in-focus/#700ceab94c79  

Volkswage

n 

‘V-Charge’ 

project 

• A Volkswagen e-Golf equipped with sensors, 

3D maps and self-parking in an open space 

and a garage in 2015. 

• The Vizzion — the autonomous car concepts 

was unveiled at the 2018 Geneva Motor 

Show. 

• In July 2019, announced that it had entered 

a joint venture with Ford to develop 

autonomous vehicle technology. 

V-Charge Released in July 2015: The 

company suggests that there will be a 

prototype for demonstration available 

within four years. 

 

https://www.cbinsights.com/blog/auto

nomous-driverless-vehicles-

corporations-list/  

Volvo ‘IntelliSafe’  

and ‘Drive 

Me’ 

projects 

• Partnership with Swedish Transport 

Administration to pinpoint benefits of 

autonomous driving by testing 100 Volvo 

cars driving by ordinary people. 

• Built a reputation for safety in self-driving 

tech with IntelliSafe. 

• Aims for self-driving cars to make up one-

third of its sales by 2025. 

Volvo Released in 2016: Volvo plans to 

expand its pilot program to China and 

the United States. 

 

 

http://www.bbc.co.uk/news/technolog

y-35988935  

2.8.2  Future Prospects 

IMechE (2016) proposed that the introduction of fully autonomous vehicles be 

considered in two stages: the near future (2015-2020) and the longer-term 

(2020-2040). In addition, some optimists had predicted that the self-driving car 

would arrive in the market by 2020 (e.g. Lanctot, 2017; Bagloee et al., 2016; 

Fagmant and Kockelman, 2015; Petit and Shladover, 2015). The giant car 

manufacturing, technology and service companies such as General Motors, Ford, 

Toyota, Nissan Honda, Google’s Waymo, Tesla, and Lyft had all made declarations 

that their self-driving cars would be ready by 2020. However, this is likely to be 

delayed.  One of the most important potential reasons for the delay is that the 

technologies for autonomous vehicles are currently still in development and 

testing stage,  and still need to go through several more stages to become widely 

https://www.nissanusa.com/experience-nissan/news-and-events/self-driving-autonomous-car.html
https://www.nissanusa.com/experience-nissan/news-and-events/self-driving-autonomous-car.html
https://www.nissanusa.com/experience-nissan/news-and-events/self-driving-autonomous-car.html
https://www.forbes.com/sites/brookecrothers/2015/08/19/the-self-driving-tesla-model-s-autopilot-and-summoning-in-focus/#700ceab94c79
https://www.forbes.com/sites/brookecrothers/2015/08/19/the-self-driving-tesla-model-s-autopilot-and-summoning-in-focus/#700ceab94c79
https://www.forbes.com/sites/brookecrothers/2015/08/19/the-self-driving-tesla-model-s-autopilot-and-summoning-in-focus/#700ceab94c79
https://www.forbes.com/sites/brookecrothers/2015/08/19/the-self-driving-tesla-model-s-autopilot-and-summoning-in-focus/#700ceab94c79
https://www.cbinsights.com/blog/autonomous-driverless-vehicles-corporations-list/
https://www.cbinsights.com/blog/autonomous-driverless-vehicles-corporations-list/
https://www.cbinsights.com/blog/autonomous-driverless-vehicles-corporations-list/
http://www.bbc.co.uk/news/technology-35988935
http://www.bbc.co.uk/news/technology-35988935
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commercially available, reliable and affordable (Litman, 2020). The fatal accident 

involving an Uber self-driving car with a safety driver behind the wheel running 

down a pedestrian in 2018 reminded that self-driving car technology still had a 

long way to go (Vox.com). A widely quoted time frame for most vehicles operating 

autonomously is 2040-2050 (e.g. Litman, 2020; Johnston and Walker 2016; Korus 

and Conway, 2016; Lari et al., 2015; Levinson, 2015; Ticoll, 2015). Several 

industry experts also predicted that by 2030, approximately 40% of the vehicles 

driving on the road in mature markets will be autonomous vehicles (e.g. Kabashkin 

et al., 2020; Mckinsey&Company, 2019; PwC, 2019; Arbib and Seba, 2017).  

 

Dowd (2015) indicate that there will likely be two major trends: the first trend is 

that vehicles are becoming smarter, the second trend is that infrastructure such 

as roads, will become smarter. These two trends can be connected and therefore 

could potentially lead to establishment of either vehicle to vehicle (V2V) or vehicle 

to infrastructure (V2I) communications (Arena and Pau, 2019; Sarker et al., 

2019). One example of V2V is by grouping vehicles into platoons, which may be 

an easy technique to implement through automation (Rahman, 2019). However, 

such platooning may require special autonomous vehicle lanes to achieve and this 

will probably generate other issues (Litman, 2020). Testing of V2V and V2I 

technologies have already started. For example, a large scale of V2V and V2I 

communication testing with 3,000 cars has been ongoing in Michigan since 2012, 

and the infrastructure test is being expanded with support from Toyota (Axelrod, 

2018). In addition, Japan used expressway located with devices in the roadside to 

collected data from vehicles then providing information to drivers to avoid 

congestion and chose routes (Makino et al., 2018). And such technologies require 

substantial infrastructure investments such as every traffic signal might need to 

be equipped with a radio to communicate with cars (Makino et al., 2018). 

 

PwC (2019) and McKinsey&Company (2019a) indicate that together with 

autonomous driving, connectivity and the electrification of vehicles, the shared 

mobility will likely be the megatrends in the automotive industry. Some studies 

also indicated that before the fully autonomous vehicles entry the market, the 

fleet will likely be electrified first (McKinsey&Company, 2019b; Bagloee et al., 

2016). Several other studies have pointed out that car-sharing may be another 
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major trend over car ownership, whereby users are freed from the burdens of car 

maintenance, insurance and other costs associated with vehicle ownership (e.g. 

Soteropoulos et al., 2019; Grauwin et al., 2018; Macharis and Keseru, 2018; 

Stocker and Shaheen, 2017; Anderson et al., 2016; Hörl et al., 2016; Alessandrini 

et al., 2015; Fagnant and Kockelman, 2015; Fagnant et al., 2015; Zhang et al., 

2015).  

 

However, there are many obstacles and challenges to make the automation 

technology viable, widely available and permissible (Litman, 2020). A guidance 

for policymakers pointed out that although some of the major car companies 

stated that they will sell the level 3 autonomous cars by 2020 or later, it is a big 

leap for the transition from level 2 vehicles to level 3 vehicles (Feigenbaum, 2018), 

and so far the sensing technologies (i.e. LIDAR, radar, video camera and GPS) for 

autonomous vehicles under adverse weather conditions such as snow, glare from 

the sun, rain, and fog are still being developed (Zang et al., 2019). Litman (2020) 

also predicted that as automobiles typically cost a lot more than electronic devices 

(e.g. mobile phones and personal computers), vehicle innovation tends to be 

implemented much more slowly than other technological changes. It should be 

noted that even after a transition to full autonomy there will likely still be many 

human-driven vehicles remaining on the roadways especially in urban areas for 

some decades to come (Hancock et al., 2019). 

  Research Gaps 

From the above literature review, it can be concluded that, although there have 

already been many studies evaluating the various impacts of the connected and 

autonomous vehicles, the majority of the works have been focused on 

investigating the impacts either in the city centre (e.g. Almobayedh, 2019; Lu et 

al., 2019; Tafidis et al., 2019; Tang et al., 2019; Kockelman et al., 2017; Zhang 

et al., 2015; ) or motorway environments (e.g. Papadoulis et al., 2019; Rahman 

and Abdel-Aty, 2018; Stanek et al., 2018; Zhou, 2018; Calvert e al., 2017; Li, Y., 

Lu, J. and Xu, K., 2017; Olia et al., 2017; Zhao and Kockelman, 2017; Aria et al., 

2016). Only a limited number of studies have been focused on the area of interface 

between the city centre and motorway (e.g. Tibljaš et al., 2018; Morando et al., 

2018; Madireddy et al., 2011). In addition, the literature review suggests that 
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there is a lack of research for the transition phase from manual vehicles to 

connected and autonomous vehicles, and only a few studies (e.g. Virdi et al., 

2019; Stanek et al., 2018; Olia, 2016) investigated the impacts under the mixed 

traffic conditions with specific scenarios.  In other words, the impacts of connected 

and autonomous vehicles have only been investigated at high levels of market 

penetration. Furthermore, most of the studies have been focused either on very 

detailed micro studies on limited sections of a network, e.g. individual links or 

junctions (e.g. Zhang et al., 2020; Almobayedh, 2019; Papadoulis et al., 2019; 

Tang et al., 2019; Ye and Yamamoto, 2019; Morando et al., 2018; Zhou, 2018; 

Calvert e al., 2017), or on broader ‘macro’ level studies of city, regional or national 

road networks (e.g Brown and Dodder, 2019; Lu et al., 2019; Harper et al., 2018; 

Zhao and Kockelman, 2018;2017; Childress et al., 2015). Far fewer have 

conducted microsimulation studies of multi-link/multi-junction networks (e.g 

Makridis et al., 2020; Virdi et al., 2019; Das, 2018). Thus, it is fundamentally 

important to understand the transition phase from manual vehicles to connected 

and autonomous vehicles, and evaluate the full range of social, economic, 

environmental and mobility impacts of technologies involved in system-level 

based on different traffic conditions and market penetration levels. 

 Summary and Conclusions 

In summary, the literature review of connected and autonomous vehicles can be 

concluded as follows: 

• Based on a review of the history of connected and autonomous vehicles, 

four versions of automation level, and the technologies involved in each 

level of automation, the development of the highly and fully autonomous 

vehicles appears to be behind the envisaged timetable and there are still 

major technical challenges. 

• Based on a review of the implementations, current technologies and future 

prospects of CVs, AVs and CAVs across the world, it has been suggested 

that the development of CVs, AVs and CAVs are well on the way. Their 

widespread adoption is likely to occur by no later than 2050, and the V2V 

and V2I technologies are likely to be slowly deployed over a 20-year period 
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as the existing infrastructure systems will need to be incrementally replaced 

and upgraded.  

• The literature suggests that there are positive benefits and impacts by 

introducing the connected and autonomous vehicles in terms of congestion, 

environment, safety, and social four aspects; however, there are still 

concerns of negative impacts and large-scale deployment of CVs, AVs and 

CAVs can be challenged by public perception, technology add-on costs, and 

security and privacy issues.   

The following four main research gaps are identified to be addressed by this 

programme of research:  

Gap 1: Ensuring the different levels of market penetration with mixed 

vehicle condition of manual vehicles and connected autonomous vehicles in 

the transition phase.  

Gap 2: Focusing on the area of interface between the city centre and 

motorway. 

Gap 3: Evaluating the broad impacts of mobility, environmental and safety 

in order to inform the decision-making process where trade-offs may need 

to be made between policy goals.  

Gap 4: Exploring the scope of incorporating a ‘Microscopic Approach’ at a 

larger scale than has typically been used up-to-now, by focusing on multi-

link/multi-junction road networks. 

 

To close these gaps, a microsimulation research framework has been proposed to 

evaluate and quantify the impacts and benefits of connected and autonomous 

vehicles based on mixed traffic scenarios and different levels of market 

penetration focusing on the area of interface between city centre and motorway. 

The modelling framework adopted to address the research gaps are described in 

next chapter and Chapter 6.  
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3 Microsimulation Approaches 

 Introduction 

This chapter addresses Objective 2 which is to examine and select the appropriate 

microsimulation approaches for this programme of research. First, a general 

review of the traffic simulation analysis method and current available 

microsimulation models are presented. It is then followed by a discussion on model 

comparison and selection criteria. After that, a microsimulation workshop 

conducted for this programme of research is presented and findings from the 

workshop are summarised. Finally, previous studies adopting the VISSIM 

simulation method are presented. 

 Traffic Simulation Analysis 

3.2.1  Traffic Simulation Models 

Simulation is described as a process that uses computer programs to represent a 

real system by building a model simulation (Barceló et al., 1998). Traffic 

simulation models use computer-based programs that models the operations of 

dynamic traffic systems to analyse and evaluate the causes and potential solutions 

of traffic (Burghout, 2004). The first traffic simulation work in the field of highway 

transportation was the intersection simulation conducted by the Transport Road 

Research Laboratory in the United Kingdom in 1951. Two years later, the United 

States undertook its first simulation work using the intersection and freeway 

models at UCLA (Wang and Prevedouros, 1996).  

 

Traffic simulation models can be applied to solve complex situations, which may 

be very costly and unsafe, for instance, when analytic approaches may not be 

appropriate or testing alternative scenarios in the computer without altering the 

actual system (Fang and Elefteriadou, 2003). Based on the levels of detail, the 

traffic simulation models are generally classified into three main categories, 

namely macroscopic, mesoscopic and microscopic.  
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Macroscopic models were first introduced by scientists studying traffic from an 

overall or average perspective in the 1950s. Macroscopic models describe the 

traffic at a high level of aggregate traffic flow and the measures of effectiveness 

by considering traffic characteristics, which are speed, flow, density, and the 

relationships to each other. Consequently, macroscopic models are more suitable 

for modelling large networks according to most of the researchers (e.g. Kessels, 

2018; Miller, 2011; Ratrout et al., 2009; Burghout, 2005; 2004; Hoogendoorn 

and Bovy, 2001; Boxill and Yu, 2000). 

Mesoscopic models are conducted at intermediate levels of detail and consist of 

the aspects of both macroscopic and microscopic models. Mesoscopic models fill 

in the gap between the aggregate level approach of macroscopic models and the 

individual interactions of the microscopic models, for instance, describing the 

traffic entities at a high level of detail, but their interactions and behaviours at a 

lower level of detail (e.g. Andrienko et al., 2016; Hoogendoorn and Knoop, 2012; 

Ratrout et al., 2009; Burghout, 2005; 2004). The mesoscopic model can be used 

in the evaluations of traveller information systems such as the routing of individual 

vehicles equipped with in-vehicle, real-time travel information systems (e.g. 

Andrienko et al., 2016; Leksono and Andriyana, 2012). 

Microscopic models are usually applied to smaller areas and continuously or 

discretely predict the state of individual drivers, vehicles and their interactions 

with each other and the road infrastructure, and focus on the measurement of 

individual vehicle speeds and locations (e.g. Wunderlich et al., 2019; Hoogendoorn 

and Knoop, 2012; Ratrout et al., 2009; Burghout, 2005;2004; Hoogendoorn and 

Bovy, 2001). Microscopic models simulate the traffic at a high level of details and 

model the movement which is determined by using simple car following, lane 

changing, gap acceptance rules, acceleration, deceleration, and speed adaptation 

(e.g. Lazar et al., 2018; Leksono and Andriyana, 2012).  

One of the main objectives of this programme of research is to examine the 

operational behaviour of each the scenario in the sub-urban environment and the 

board impacts of these scenarios. Given the high level of details required by this 

programme of research, the microscopic model is therefore considered the most 

appropriate method. 
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3.2.2  Microscopic Simulation Models 

Microscopic simulation has become an essential tool for transport engineers to 

solve complicated traffic design and management issues for the last 30 years (Du 

et al., 2015). It was the first to be derived in the early 1960s and aiming to provide 

a detailed representation of the traffic process. Compared to macroscopic and 

mesoscopic models, microscopic simulation models are more suitable for 

evaluating the complicated traffic facilities and Intelligent Transportation System 

that often consist of complex traffic management, safety and information system 

(Burghout, 2004). However, for traffic operations analyses, microscopic simulation 

models are far less considering the driver behaviour and error than those 

considered in the safety assessment (Huang et al., 2013). 

In microscopic simulation models, traffic is described as the level of individual 

vehicles and their interaction with each other and the road infrastructure, and this 

behaviour is captured in different sets of rules which determine when a vehicle 

acceleration, deceleration, changing lane, and how and when vehicles choose and 

change their routes to their destinations (Burghout, 2005; 2004). Microscopic 

simulation models basically consist two main components: one is an accurate 

description of road network geometry including traffic facilities such as traffic light 

and traffic detectors; the other is the details of modelling of traffic behaviour 

including the dynamics of each individual vehicle, distinguishing between types of 

vehicle with the behavioural aspects of vehicle’s drivers (Barceló et al., 1998). 

Based on the vehicle’s behaviours, the microscopic simulation models can be 

divided into three sub-models, i.e. a car–following model, a lane–change model, 

and a route–choice model. The car-following model describes the behaviours of 

interaction between the drivers and the vehicle in front such as accelerating, 

braking, speed limits and road curvature etc. The lane-change model describes 

the behaviours of the decisions about when to change lanes, based on the drivers’ 

preferences and the situation in both the current lane and other lanes such as the 

speed of the vehicle in front and the sufficiently large gap in adjacent lane etc. 

The route-choice model describes the behaviours of drivers which determine how 

they pick the route from their starting point to their destination, and what are the 

reaction to traffic and the route information along the way (Burghout, 2005; 

2004). 
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There are various types of microscopic simulation packages available with different 

features. Based on the requirements of different projects, microscopic simulations 

can be divided into commercial products and the ones using in laboratory research 

(Sun et al., 2013). For those developed for commercial purposes, VISSIM, 

CORSIM, AIMSUN, SUMO, and PARAMICS are the most common microscopic 

simulation package (e.g. Chang and Li, 2019; TRB, 2015; Sun et al., 2013; Boxill 

and Yu 2000; Ratrout et al., 2009). The main features of these microsimulation 

software packages are described and summarised in Table 3.1. 

 

Table 3.1: Microscopic Simulation Models and their main features (source Ratrout 

et al., 2009) 

 Name Developer Main Feature/Capabilities Commercial/

Open Source 

Classification 

1 AIMSUN Universitat 
Politechnica 
de Catalunya, 
Barcelona, 
Spain 

Urban networks, freeways, 
highways, ring roads, arterial 
and any combination of them 
(Barceló et al., 1999); actuated 
signals, dynamic traffic 
assignment, variable message 

signs, 3D animation, and 
telematics. 

Commercial Integrated 

2 CORSIM Federal 
Highway 
Administration 

(FHWA), USA 

Urban networks, freeways, 
highway, actuated and pre-
time signals, variable message 

signs, weaving sections, 

incident, and 2D animation.  

Commercial Integrated 

3 PARAMICS  The Edinburgh 
Parallel 
Computing 

Centre and 
Quadstone 

Ltd., UK 

Urban networks, freeways, 
highway, roundabouts, transit 
operations, congested 

networks, and 2D animation. 

Commercial Integrated 

4 SUMO The Institute 
of 

Transportation 
System at 
German 
Aerospace 
Centre (DLR), 
Germany 

Large urban road networks, 

traffic light systems (DLR, 

2016). 

Open Source Integrated 

5 VISSIM PTV System 
Software and 
Consulting 
GMBH, 
France 

Urban networks, freeways, 
ramp metering, pedestrians, 
transit operations, 3-D 
animation. 

Commercial Integrated 
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3.2.3  Descriptions of Microscopic Simulation Models 

AIMSUN 

 

AIMSUN (Advanced Interactive Microscopic Simulator for Urban and Non-urban 

Networks) is a commercial software tool, which is capable of reproducing real 

traffic condition from a single bus lane to an entire region and developed by 

Transport Simulation Systems (TSS) in Barcelona in Spain (Aimsum.com, 2019). 

AIMSUN can simulate traffic flow based on input traffic flows and turning 

proportions, or origin-destination (OD) matrices and route selection models with 

different traffic networks: urban networks, freeways, highways, ring roads, 

arterial and any combination of them. AIMSUN can also model the different types 

of traffic control (traffic signals, junctions without traffic signals, and ramp 

metering), vehicle behaviours (car following, lane change, and gap acceptance), 

and different types of vehicles (cars, buses, trucks, etc.) (Barceló et al., 1999). In 

general, AIMSUN provides the following capabilities (Aimsum.com, 2019; Barceló 

and Codina, 2004):  

 

• The ability of accurately representing and road network geometry: allowing 

the user to model any type of traffic facility by using existing digital maps 

of the road network; 

• The behaviour of individual vehicle can be modelled in detail. This can be 

achieved by conducting car following and lane changing models that take 

into account both global and local phenomena which influence each vehicle’s 

behaviour; 

• Reproducing an explicit traffic control plan with pre-time. Any types of the 

real-time or adaptive signal control system can be simulated with auxiliary 

interface tools; 

• Various traffic conditions can be modelled, including evaluation of travel 

demand management (TDM) strategies, Variable Speed policies and other 

traffic management actions, Intelligent Transportation Systems (ITS) and 

the impact of connected and automated vehicles; and 

• The model output can be animated 2D and 3D of the simulation runs. 
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CORSIM 

 

CORSIM is a commercial software tool combining two predecessor models, 

NETSIM and FRESIM. FRESIM is a microscopic model designed for freeway traffic 

whilst NETSIM is a microscopic model designed for urban street traffic (FHWA, 

2019). CORSIM was developed and maintained by the Federal Highway 

Administration (FHWA) in the USA. A Windows version called the Traffic Software 

Integrated System (TSIS) was developed to provide an integrated, Windows-

based interface and environment for executing the CORSIM (NDOT, 2012). 

 

CORSIM was designed for the simulation of individual vehicle movements based 

on car-following and lane-changing theories for the purpose of assessing traffic 

performance on the urban network, freeways, highways, and corridors or 

networks (NDOT, 2012). The capabilities of CORSIM are summarised as follows 

(e.g. FHWA, 2019; NDOT, 2012; Halati et al., 2006; Bloomberg and Dale, 2000): 

 

• Four different types of on-ramp freeway metering can be modelled, i.e. 

clock-time, demand/capacity, speed control and gap acceptance merge 

control; 

• Simulating the different intersection controls such as actuated and pre-time 

signals; 

• Can be applied to almost any surface geometry including large numbers of 

the lane and turn pockets; 

• Can be applied to a wide range of traffic flow conditions; and 

• Having the most sophisticated lane-changing and car-following logics when 

simulating the vehicle movements on a second-by-second basis. 

 

PARAMICS 

 

PARAMICS is a commercial software developed by Quadstone Limited based in 

Scotland (Paramics, 2019). The whole software package comes in six modules, 

which are Modeller, Processor, Analyser, Monitor, Programmer and Estimator 

(Quadstone Limited, 2019). The Modeller is the core simulation engine and 

responsible for network representation, vehicle movement and behaviour, and 
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traffic control. The Processor, Analyser and Monitor assist users respectively in 

batch simulation, post-simulation analysis, and pollution monitoring. The 

Programmer is an application programming interface (API) which allows users to 

augment the core PARAMICS simulation with new functions, driver behaviour and 

practical models. Finally, Estimator is an origin-destination matrix estimation tool 

and users can interact with the estimation process as it runs (e.g. Yu et al., 2015; 

PARAMICS User Guide, 2013; Boulter and McCrae, 2007). 

 

PARAMICS can be used to simulate the individual vehicle movement and 

behaviours based on a microscopic model comprising car-following and lane-

changing models on local arterial and regional freeway networks, also congested 

traffic networks (Reza, 2013). It can be applied to a wide range of hardware from 

desktop workstations to the Cray T3D supercomputer, and can be used as the 

hardware platform of PC or SUN workstation, but unlike the other simulation 

software, PARAMICS is only compatible with Unix operating system (Yu et al., 

2015). In PARAMICS model, cars, trucks, buses and trains can be performed by 

using enhanced rectangular shapes and a wide variety of colours, also the outcome 

can be both 2D and 3D animation. The capabilities of PARAMICS are summarised 

as follows (e.g. Yu et al., 2015; Davies et al., 2003; Boxill and Yu, 2000): 

 

• More suitable for traffic management planning and policy evaluation at a 

strategic and local level; 

• Can employ the car-following and lane-changing models for roads up to 32 

lanes in width; 

• Can be used in junction interaction when the effect of an overcapacity 

junction affecting the operational performance of another junction upstream; 

• Can model the conflicts and interactions between road users, or incident, 

such as lane blocks by trucks, buses queuing to access bus stops; 

• Can be applied to the sensitivity of highway design issues and policy issues, 

such as vehicle restrictions, road alignment, on and off-street parking 

restrictions; and 

• Has strong portability and scalability. 
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SUMO 

 

SUMO (Simulation of Urban MObility) is an open source road traffic simulation 

software developed by a collaboration between the Centre for Applied Informatics 

Cologne (ZAIK) and the Institute of Transportation System at the German 

Aerospace Centre in 2001, and became open source in 2002 (SUMO Source, 2019). 

SUMO was developed as an open source simulator with the aim of helping to build 

a better and more realistic model for the user which considering the cost (Smith 

et al., 2014).  

 

Rather than a traffic simulation, SUMO is a suite of applications that allow the user 

to prepare and perform the simulation of traffic and designed to handle large road 

networks. These applications are capable of reading different source formats, 

demand generation and routing utilities from the various input source, such as 

origin-destination matrices, traffic counts, etc. (Ronaldo and Ismail, 2012; 

Behrisch et al., 2011). As a traffic simulation, the representation of road networks 

and traffic demand has been required by SUMO in its own format, both have to be 

imported or generated using different sources (Ronaldo and Ismail, 2012).  

 

SUMO road network can be either generated using an application named ‘netgen’ 

or by importing a network from Open Street Map. Also SUMO can generate various 

outputs for each simulation run and the outputs are ranging from simulated 

induction loops to single vehicle positions (Behrisch et al., 2011). In the latest 

version 1.6.0, SUMO has the following features (SUMO Source, 2019; DLR, 2016): 

 

• Space-continuous and time-discrete vehicle movement; 

• Different vehicle types; 

• Multi-lane streets with lane changing; 

• Different right-of-way rules, traffic lights; 

• Hierarchy of junction types; 

• Lane-to-lane connections; 

• A fast openGL graphical user interface 

• Fast execution speed (up to 100.000 vehicle updates/s on a 1GHz machine); 

• Interoperability with other application at run-time; 
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• Manages networks with several 10.000 edges (streets); 

• Network-wide, edge-based, vehicle-based, and detector-based outputs; 

and 

• Supports person-based inter-modal trips. 

 

VISSIM 

 

VISSIM is one of the most popular simulation tools with over 7,000 licenses 

distributed worldwide, and about one-third of the users are from the industry and 

consultancies, one-third within public agencies, and the remaining third are 

academic institutions for teaching and research (Fellendorf and Vortisch, 2010). 

VISSIM was originally developed by Rainer Wiedemann at the University of 

Karlsruhe in Germany in the early 1970s, and began its commercial distribution 

by PTV Transworld AG in 1993 (Al-Ahmadi et al., 2019). 

 

VISSIM is a behaviour-based and time step simulation model program which 

consists of two primary components, including the traffic simulator that generates 

traffic and builds the network graphically, and a signal state generator (Ratrout 

and Rahman, 2009). VISSM is developed based on the concept that a traffic flow 

is a discrete, stochastic process and therefore time steps considering driver-

vehicle-units can be regarded as single entities (Fellendorf and Vortisch, 2010; 

Ratrout et al., 2009). It contains a psychophysical car-following model and uses 

perception thresholds to model longitudinal vehicle movement, and a rule-based 

algorithm for lateral movements (Al-Ahmadi et al., 2019). VISSIM provides a 

realistic representation of traffic flow of private transport, goods transport, public 

transport, pedestrians, cyclist and their interactions, and can assess and evaluate 

traffic and transit operations such as lane configuration, traffic composition, traffic 

signals, block signals, transit stops, variable message signs etc. (Bohm and Häger, 

2015; Boxill and Yu, 2000).  

 

The software is detailed and a number of parameters can be adjusted in order to 

implement specific driving behaviour and the outputs from the model can be 

presented through both 2D and 3D visualisations (Bohm and Häger, 2015). The 
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common applications for VISSIM are summarised as follows (Fellendorf and 

Vortisch, 2010): 

 

• Corridor studies on heavily utilised motorways and arterials with signalised 

and non-signalised intersections;  

• Advanced motorway studies including control issues such as variable 

speed limits, ramp metering and route guidance; 

• Analysing the alternative actuated and adaptive signal control strategies 

in sub-area networks; 

• Analysing the management strategies on motorways including mainline 

operation and operation impacts during phases of construction; 

• Alignment of public transport lines with various types of vehicles such as 

tram, bus, and Light Rail Transit; 

• Investigating the detailed studies on speeds during manoeuvres with 

limited visibility; and 

• Signal priority schemes for public transport within multi-model studies. 

The advantages and disadvantages for the above microscopic simulation models 

are summarised in Table 3.2. 

 

Table 3.2: Strengths and weaknesses of microscopic simulation models (Source: 

Boxill et al., 2000; Leksono and Andriyana, 2012; Van Vliet, 2015) 

 Microscopic 

Simulation 

software 

Advantages Disadvantages 

1 

AIMSUN 

• Detailed statistical output: flows, 

speeds, travel times etc.; 

• Can deal with different traffic 

networks; 

• Can model different types of traffic 

control; 

• Easy to communicate with external 

application; 

• User friendly interfaces and can be run 

on a PC; 

• 3D visualisation. 

• The information or signalisation to 

implement route guidance coming 

from an external system;  

• Time consuming for Coding (an 

equivalent network required four to 

eight times more compare to 

CORSIM); 

• More operation well for “American” 

networks. 

2 

CORSIM 

• Comprehensive measures of 

effectiveness to quantify traffic 

network performance; 

• Lack of assignment algorithms which 

making difficult to evaluate traffic 
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• Can produce animated graphics in 

much less time; 

• Explicit modelling of freeway, arterial 

and intersection designs, several 

vehicle types (cars, buses and trucks), 

and control options. 

diversion strategies due to tamp 

metering; 

• Cannot be effectively used to simulate 

large networks.  

3 

PARAMICS  

• No limit on the network size and 

number of the vehicles; 

• Integrated networks consisting of 

freeway, arterials, minor roads, 

various intersection types and parking 

garages; 

• Providing intelligent route guidance 

capabilities; 

• Comprehensive visualisation system 

(3D).  

• Lacks equilibrium traffic assignment 

and limited options in modelling 

traveller information or guidance; 

• Cannot be able to explicitly numbers of 

control options, i.e. bus signal pre-

emption from mixed-lanes; 

• Cannot model incidents and work 

zones. 

4 

SUMO 

• Open source (free to use); 

• Can handle large road networks; 

• Can read different source formats, 

demand generation and routing 

utilities from various input source; 

• Fast execution speed; 

• Dynamic user assignment; 

• Less user friendly and difficult to use; 

• Limited functions to control sim 

process; 

• Even use a collision-free model, 

teleporting and collisions among 

vehicles occur; 

• 2D with low detail for visualisation (no 

3D) 

5 

VISSIM 

• Covers a wide range networking 

(freeway, interchange configurations, 

merging, weaving movements and 

ramp metering) and traffic situations 

(lane configuration, traffic 

composition, traffic signal and transit 

stops); 

• Dynamic assignment and route choice; 

• Unique interface capability which can 

add traffic and signal data to existing 

base maps of intersections and road 

layouts; 

• Can accurate traffic/transit 

interactions and complex traffic 

operations; 

• Strong graphical enhancements 

(colour for vehicle types, articulated 

vehicle and 3D animation). 

• No assignment algorithms; 

• Not suitable for corridor capacity 

improvement at the regional level; 

• Not suitable for evaluate wide effects 

of traveller information in combined 

freeway and arterial networks; 

• Coding the input data is a time 

consuming. 
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3.2.4 Evaluating and Comparing Microscopic Simulation models  

Several studies were carried out to evaluate the different traffic simulation models 

and their abilities to adequately simulate various test networks and transportation 

systems since the 1990s (Jones et al., 2004). A summary of comparisons of the 

recent studies with their key findings is presented in Table 3.3 below. 

 

Table 3.3: Summary of previous comparison studies of traffic microsimulation 
software 

Year Authors Simulation 

Software 

Compared 

Applied 

Area 

Key Findings 

2000 (Bloomberg 

and Dale 

2000 

) 

VISSIM and 

CORSIM  

A Congested 

Network. 

Compared both models for a congested network.  They 

found that results for both models were generally consistent 

and reasonable. Also both models are user friendly.   

2000 (Boxill and 

Yu 2000) 

CORSIM, 

INTEGRATION

, AIMSUN and 

PARAMICS  

Supporting 

Intelligent 

Transportati

on Systems 

(ITS) 

development

. 

The result shows none of the models fully meets the needs 

of ITS applications such as real time control, traffic 

management operations and interactions on control. 

However, the CORSIM and INTERGRATION seem to have 

the highest probability of success in real world application, 

the AIMSUM and PARAMICS require more calibration and 

validation.  

 

2003 (Bloomberg, 

Swenson 

and Haldors, 

2003) 

CORSIM, 

INTEGRATION

, MITSIMLab, 

PARAMICS, 

VISSIM, and 

WATSIM  

Highway 

Capacity 

Manual 

(signalized 

intersections 

and 

freeway). 

The results indicated that all six models produced 

reasonable and similar results, and there is no particular 

model better or worth than others. The results also suggest 

that the abilities to effectively code, test, calibrate, and 

apply these models are more important than model 

selection. 

2003 (Fang and 

Elefteriadou 

2003) 

AIMSUN, 

CORSIM and 

VISSIM  

Single urban 

point 

interchanges 

and diamond 

interchanges

.  

The results showed the capability of representing geometric 

layout, simulating signal controls, calibration needs and 

accuracy, and performance measure were important 

considerations to identify the appropriate simulation model 

for a specific type of interchange. The study suggest that 

identify the most appropriate model is up to the analyst to 

examine whether a particular characteristic or algorithm is 

present in a specific package.  

 

 

2003 (Kosman, 

Hallmark 

and Poska, 

2003) 

CORSIM and 

VISSIM  

Air quality 

impact of 

traffic signal 

Both models have no systematic biases and may perform 

adequately for estimating average speeds as input to 

project-level emission analysis. Also model coding and 

proper validation are important. 



96 

 

improvemen

ts. 

 

2004 (Cheu, Tan 

and Lee, 

2004) 

PARAMICS and 

AIMSUN  

A Large 

network of 

Intelligent 

Transportati

on Systems 

(ITS). 

The simulation models were compared in six aspects: user 

interface, network modelling capabilities, traffic behaviour, 

statistical output, run-time performance and other 

advanced features. The results showed that AIMSUN has its 

strength in the ease of network coding, modelling bus 

transit systems, and basic functions in freeway traffic 

management system; PARAMICS has advantage in visually 

realistic graphical animation, better integration of the 

different functional modules, and for modelling of advanced 

and emerging ITS functions. 

2004 (Choa et al. 

2004) 

CORSIM, 

PARAMICS and 

VISSIM 

A typical 

freeway 

interchanges

. 

In term of model set-up time, CORSIM has the shortest time 

and both PARAMICS and VISSIM require an additional day 

for model refinement. Both PARAMICS and VISSIM provide 

3D animation and CORSIM with its 2D animation is more 

simplistic. Overall, PARAMICS and VISSIM are better 

matched the applications in this study.  

2004 (Jones et al., 

2004) 

CORSIM, 

SimTraffic and 

AIMSUN 

Highway 

access 

management

, interchange 

configuration

s, facility 

widening. 

Each of the models offers different capabilities and requires 

varying levels of effort to code, debug, and calibrate. Also, 

the results showed all three models providing reasonable 

simulations of traffic operation. SimTraffic was found easy 

to use and more closely reflected observed traffic 

conditions, CORSIM was more suitable for modelling urban 

networks, and AIMSUN was more acceptable well for 

“American networks”.  

2005 (Panwai and 

Dia 2005) 

AIMSUN, 

PARAMICS and 

VISSIM  

Car 

Following 

Behaviour. 

The results indicated that similar error values have been 

found for the psychophysical spacing models used in both 

VISSIM and PARAMICS, and lower error values has been 

found for the Gipps-based models implemented in AIMSUN 

model.  

 

2005 (Xiao et al., 

2005) 

AIMSUN and 

VISSIM  

Freeway 

section 

The results showed the accuracy of both models was similar 

and both AIMSUN and VISSIM are capable of incorporating 

most of the standard features used in traffic modelling. 

 

2009 (Ratrout, 

Rahman and 

Arabia, 

2009) 

AIMSUN, 

CORSIM, 

VISSIM, 

PARAMICS, 

INTEGRATION

, and HUTSIM  

An 

integrated 

system of 

freeways and 

surface 

streets. 

The AIMSUN, PARAMICS, INTEGRATION, and CORSIM have 

been found potentially useful for Intelligent Transportation 

System (ITS). Also AIMSUN, CORSIM, and VISSIM were 

more suitable for congested arterials, freeways, integrated 

networks of freeways, and surface streets. 

2012 (Ronaldo 

and Ismail, 

2012) 

AIMSUN and 

SUMO  

High way 

traffic. 

Both AIMSUN and SUMO models were relatively similar. 

However, AIMSUN has advantages when building a 

network, setting the parameters, and creating animations; 

SUMO was more suitable for academic purpose and deep 
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understanding of the software and microsimulation in 

general. 

 

2013 (Sun, Zhang 

and Chen, 

2013) 

CORSIM and 

VISSIM  

Urban street 

network. 

Models compared the performance based on software 

usability, average control delay, average queuing length, 

and cross-sectional traffic volume. The results showed each 

model has its particular advantage in replicating real traffic 

and suggested that choose appropriate model should base 

on intersection type and level of saturation.  

2015 (Shaabana 

and Kimb, 

2015) 

SimTraffic and 

VISSIM 

Signalised 

intersections 

and 

roundabouts 

This study compares the performance of the two simulation 

tools in modelling dual lane and triple lane roundabouts 

under different scenarios. VISSIM showed higher average 

delays than those from SimTraffic compared to nearly 

identical results in the case of low traffic volumes. 

2016 (Essa and 

Sayed 2016) 

PARAMICS and 

VISSIM  

One 

signalized 

intersections

. 

The study compared both models based on three aspects: 

the car-following model and safety-related parameters; the 

correlation between simulated and field-measured conflicts; 

and the conflict spatial distributions. The results showed 

both PARAMICS and VISSIM do not capture the actual 

conflict occurrence mechanism, also results suggested 

using simulation models should consider a proper 

calibration.  

2016 (Saidallah et 

al., 2016) 

17 simulation  

software  

tools: 

AIMSUM, 

SUMO, 

VISSIM, 

PARAMICS, 

MATSim, 

MITSIMLab, 

TRANSIMS, 

TransModeler 

CORSIM etc. 

A large city 

network. 

This study provides an overview of eleven different traffic 

simulation platforms most used, and a comparison based on 

their different characteristics to provide a map that can be 

used as a decision support tool to select the simulator more 

suited to a need or as a reference for the study and 

development of new traffic simulators. It concluded that the 

open-source simulators do not simulate wireless sensors 

2017 (Pell et al., 

2017) 

17 simulation  

software  

tools: 

AIMSUM, 

SUMO, 

VISSIM, 

PARAMICS, 

FreeSim etc. 

Urban, 

interurban, 

rural 

network. 

A comparison of 17 simulation software tools has been 

conducted by analysing scientific papers and technical 

specifications. The results of the evaluation show, those 

existing simulation systems can estimate current traffic 

situation and predict traffic conditions. And most  of  the  

simulation  tools  are  designed  for  “urban”,  “interurban”  

or  “combined”  road  networks  and  can  deal  with real 

time data. 

2018 (Sangster 

and Haque, 

2018) 

VISSIM and 

Aimsun 

Urban Street 

Network. 

Both the VISSIM and Aimsun microsimulation software 

packages have been modelled based on the field 

observation values of vehicular traffic. VISSIM and Aimsun, 

attempting to accurately reproduce the traffic conditions 

observed.  



98 

 

3.2.5  Model Selection Procedure  

3.2.5.1 Appraisal Criteria 

In order to select a microscopic simulation that is most suitable for this programme 

of research, a list of appraisal selection criteria has been set up. As previously 

noted, the microsimulation adopted in this programme of research will need to 

allow the user to create its own scenarios, techniques, and entities (such as 

vehicles, pedestrian, traffic, and infrastructure). Also, the selected simulation 

model will need to have the abilities to evaluate the broader impacts of these 

scenarios such as safety, congestion, CO2 emission etc. Finally, the simulation 

model will need to be user-friendly. Based on these basic criteria, Xiao et al. (2005) 

provided a set of more detailed appraisal criteria and classified these selection 

criteria into two categories which are qualitative criteria and quantitative criteria. 

Qualitative criteria are used to evaluate various features of a simulation model 

whereas quantitative criteria are trying to evaluate the accuracy and the timing 

for setup a particular scenario. A list of qualitative and quantitative criteria has 

been formed by the following seven items, as described below (Xiao et al., 2005): 

 

Qualitative Criteria: 

 

1. Functional Capabilities (availability and efficiency of the simulator): Such 

as geometrics, demand options, traffic control, transit applications, incident 

management and others. 

 

2. Input, Output Features and indictors (input data and output data): 

 

• Input data may include geometry, demand, and public transportation 

data etc. 

• Output data can be categorised into output file formats, animation of 

results (2D or 3D), traffic-related measures and environment 

measures etc. 

• Indicators can assess and measure the model performance, and also 

for calibration and validation the model efforts. For example, the 

safety indicator could include total conflicts, maximum time to 
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collision (TTC), Potential time to collision (PTTC), maximum post-

encroachment time (PET), Deceleration to safety time (DTS), 

Proportion of stopping Distance (PSD), Time exposed time to collision 

indicator, Time to accident (TTA), and headway distribution (Du et 

al., 2015; Pirdavani et al., 2010; Huguenin et.al., 2005). 

 

3. User-Friendly: Whether it is easy to use or not. Using input efforts, 

software related characteristics and learning curve as criteria. 

 

4. Practical issues: Concerning the cost (commercial or open source), data, 

availability and quality of services provided by the developers or its 

distributors, such as resource materials, training courses and user support. 

 

Quantitative Criteria: 

 

5. Accuracy of Simulators: A number of parameters must be calibrated 

before running the model. Goodness-of-fit statistics (such as correlation 

coefficient, root mean square errors etc.) are good choices to measure the 

accuracy of the model. 

 

6. Completion Efforts: Timing spent on the calibration and testing the 

models can be one of the criteria. If taking less time to calibrate to an 

acceptable level, this simulator can be considered having a better 

performance. 

 

7. Parameters involved: Mainly concerning the number of parameters 

involved in the process. There are usually several model parameters in the 

form of car-following, lane change, gap acceptance, driver behaviour, and 

vehicle parameters. More parameters in a simulator need more time to 

calibrate. 

 

Based on the comparison and appraisal criteria, a weighting method was proposed 

for this programme of research. The weighting method was conducted using the 

results obtained from the studies of Rezaei (2020) and Saidallah et al. (2016) and 
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the criteria adopted based on the need of this programme of research are 

summarised as follows: 

• Availability of the software package (open-source/commercial); 

• Visualisation mode (2D/3D); 

• Ease or difficulty of designing infrastructure elements (junction, roundabout 

etc.); 

• Software flexibility in designing various road types (motorway, urban, etc.); 

• Ability to define new vehicle types (CV, AV, and CAV etc.); 

• Ability to define vehicle dimensions (CV, AV, and CAV etc.). 

Table 3.4 shows the assessment of the proposed five simulation software package 

based on the weighting method. For each simulation software package presented 

in Table 3.4, an evaluation feature and its related weighting values are included.  

Table 3.4: Assessment of the simulation software packages (adapted from Rezaei, 

2020 and Saidallah et al., 2016)  

Feature Weight AIMSUN CORSIM PARAMICS SUMO VISSIM 

 
 
 
Availability of 
the software 
package 

Open-source, 
and available 

Yes 1 0 0 0 1 0 

No 

Commercial Not 
Available 

-1 -1 -1 -1 0 0 

Available 1 0 0 0 0 1 

 
Visualisation mode 

2D 1 1 1 1 1 1 

3D 1 1 1 1 0 1 

 
 
 
 
Infrastructure 
design 

Difficulty in 
designing 
(intersection, 
roundabout, 
etc.) 

Easy 1 -1 0 0 -1 1 

Medium 0 

Difficult -1 

Flexibility in 
designing 
various road 
types 
(freeway, 
urban, etc.) 

Flexible 1 1 -1 1 -1 1 

Limited 0 

Very 
Limited 

-1 

Features for 
creating 
vehicles 

Defining new 
vehicle types 

Yes 1 1 0 0 0 1 

No 0 

Defining 
vehicle 
dimensions 

Yes 1 1 0 0 0 1 

No 0 

Overall score 3 0 2 0 7 

Note: the weighting values could be anything other than -1, 0, and 1. The weights could be defined based on the 
requirements and goals of any specific project 
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The weighting assessment in Table 3.4 shows that the VISSIM software has the 

best performance across all areas of the appraisal criteria. VISSIM will be able to 

provide extensive micro-feature for creating many types of vehicles i.e. AV/CAV 

in any required dimensions which will be an essential element of this programme 

of research. Also, VISSIM allows the most straightforward procedures for 

designing infrastructure elements, and it is the most flexible software in defining 

various road types such as motorway and urban roads (Rezaei, 2020). Such 

features are essential in designing the road sections in this programme of research. 

Therefore, VISSIM is considered to be the most suitable software package for this 

programme of research.    

 Microsimulation Workshop 

3.3.1  Introduction 

The term ‘workshop’ was developed in the early 1960s and refers to an 

arrangement that a group of people learn, perform creative problem-solving, 

acquire new knowledge and innovate in relation to a domain-specific issue 

(Ørngreen and Levinsen, 2017). Workshops provide opportunities to stakeholders 

of different organisations to collaborate with one another in learning about a 

particular topic (Ahmed and Asraf, 2018). In addition, workshops help researchers 

to gather data through the collaboratively shared experience, in cases where a 

researcher needs information-rich data (Creswell and Poth, 2017). Moreover, 

workshops allow for persistent observation and participant observation, where 

persistent observation allows researchers to scrutinise the issues and concerns 

relevant to a particular study in depth (Ahmed and Asraf, 2018; Lincoln and Guba, 

1985); and participant observation provides a way for researchers learning about 

the activities of the people under study in the natural setting through observing 

and participating in those activities (Kawulich, 2005). 

3.3.2 Workshop Motivation  

The main objective of this research is to evaluate and quantify the potential 

impacts of connected, autonomous and connected autonomous vehicle 

technologies based on different scenarios in order to enhance safety, mobility and 
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reduce emission. Many previous studies demonstrated that various 

microsimulation software packages can be used to simulate the impacts of traffic 

operations of CVs, AVs and CAVs. Whilst VISSIM is considered to be the most 

suitable tool by the initial assessment in the above section, there are still some 

unanswered questions and uncertainties to be investigated further as follows: 

 

1. Is VISSIM the most appropriate tool for simulating the impacts of CVs, 

AVs and CAVs technologies for this study? 

2. Can VISSIM simulate the functionality of autonomous systems and 

vehicle-to-infrastructure at a specific system level? 

3. What simulation environment should this study be focused upon? 

4. What technology interactions should be tested in this study? 

5. What are the available data to present the interaction?  

6. What simulation environment do we use to make those changes 

(technology change)? 

 

With the intention to answer the above questions, a microsimulation workshop 

was proposed and conducted on 12th June 2017 as part of this programme of 

research. 

3.3.3  Outline and Objectives  

Workshop Outline: 

 
It is expected that in the future connected and autonomous vehicles will impact 

the way people travel and the way goods are transported across the globe. 

However, there is only a limited understanding of their real effect on traffic and 

what their technological performance will be in regard to safety, capability, and 

the consequences to the environment. This workshop explored how the 

intelligent mobility community is seeking to model autonomous vehicles and 

their impact on a wide range of issues from accessibility to road traffic.  

 

The aim of this workshop was to provide an opportunity for researchers and PhD 

students working on Intelligent Mobility, connected vehicles (CVs), autonomous 

vehicles (AVs), and connected and autonomous vehicles (CAVs) to present their 



103 

 

work, share their experiences and hear about the research work being carried 

out in several other research groups/universities. This is an opportunity to 

discuss modelling and research approaches as well as new ideas for intelligent 

mobility.  

 

Specifically, the objectives of the workshop were to:  

• Explore and compare existing microsimulation models for CVs, AVs 

and CAVs. 

• Discuss how microsimulation models can be further developed to 

support other research.    

3.3.4  Delegate and Topic Selection  

Workshop attendees included people from university lecturers, researchers and 

PhD students, and people from industry such as simulation software suppliers, 

and local authorities. All of whom were invited through the IMPART website. 

IMPART- the East Midland Intelligent Mobility Partnership is a partnership project 

between leading research teams from Loughborough University, De Montfort 

University, Nottingham Trent University and Coventry University; the partnership 

was supported by the Transport Systems Catapult (TSC) (TSC, 2016). 39 people 

registered through Eventbrite. There were 38 delegates on the actual workshop 

day including presenters with 30 participants attending the afternoon group 

discussion session. 

 

Six presenters from the TSC, Loughborough University, Imperial College, Coventry 

University, and the PTV Group presented and shared their findings of projects that 

had used microsimulation to assess the impacts of AVs and CVs. A wide range of 

topics including Autonomous and Connected Transport Systems, modelling the 

impacts of Connected and Autonomous Vehicles, and Autonomous Vehicles risk 

assessment were covered. Participants were divided into three working tables, 

each with up to 10 participants. Each table included a discussion leader, pre-

selected from workshop participants. The role of the discussion leader was to 

moderate the table and ensure that all participants were encouraged to provide 

feedback. The following topics were each discussed by all of the focus groups: 
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Topic 1) Microsimulation model for CVs/AVs/CAVs. 

• Model characteristics; 

• Suitable KPIs (Key Performance Indicates); 

• Advantages/disadvantages; 

• Data needs; 

• Processing needs; 

• Resource needs. 

 

Topic 2) Challenges when simulating the current and future infrastructure 

and autonomous functionalities with CVs, AVs and CAVs. 

• Current capability; 

• Current challenges when modelling automated vehicles; 

• How do we deal with current and future infrastructure; 

• Pedestrian/cycle interaction; 

• Specify functionalities; 

• Evaluating traffic accidents; 

• Data quality/quantity; 

• Accessing data. 

 

It is noted that the ethical approval was granted before the workshop. The 

workshop agenda, participant information sheet and informed consent form are 

presented in Appendix A. 

3.3.5  Qualitative Data Analysis Techniques – Focus Group  

3.3.5.1 Introduction 

The focus group or focus group interview is a way of qualitative technique for data 

collection. A focus group is ‘a group consisted a small number of people, usually 

between 6 and 12 members in number, who are brought together by a moderator 

to explore to perceptions, feelings, attitudes, and ideas about a certain theme or 

topic’ (Greenbaum, 1998; Dilshad and Latif, 2013). Focus group can provide rich 

and detailed information about a range of different idea and feelings between 

groups of individuals (Rabiee, 2004), and help researcher/moderator 
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understanding a specific problem from the viewpoints of participants (Dilshad and 

Latif, 2013).  

 

Many studies have demonstrated the advantages of using focus group interviews. 

One distinct advantage is that a focus group can generate large amounts of data 

in a relatively short time and at a low cost (Leslie, 2015; Farnsworth and Boon, 

2010; Rabiee, 2004). Focus groups can produce rich qualitative data as the 

interactions between the moderate and participants allow the moderator to 

respond questions and probe issues in depth (Dilshad and Latif, 2013; Wong, 

2008; Powell and Single, 1996). Also, focus groups allow the researchers to 

explore the unanticipated aspects of the problem and generate hypotheses (Leung 

and Savithiri; 2009; Breen, 2007). Finally, focus groups allow the participants to 

be flexible and comfortable which may result in high quality of data (Leslie, 2015; 

Breen, 2007).  

 

Like other research methods, focus groups also have their limitations. One 

fundamental problem is that some participants or moderator may dominate the 

discussion and leaves little time or opportunity for other members (Dilshad and 

Latif, 2013; Wong, 2008; Breen, 2007). Another disadvantage is that some 

participants may talk among themselves which often get the group discussion off 

the track (Leslie, 2015). Many researchers believe these limitations can be 

overcome by a good trained moderator (Leslie, 2015; Dilshad and Latif, 2013; 

Wong, 2008). 

3.3.5.2 Workshop Data Analysis Technique 

Normally workshops generate a large amount of data and the production of 

transcriptions is a slow and time-consuming process. Normally an hour of the 

interview could easily take 6-8 hours to transcribe and depending on the number 

of participants and groups (Wong, 2008). In this case, three and half hours of 

recordings were transcribed including one-hour for each of focus groups and 30 

minutes of plenary discussion. 

 

As one of the objectives of this workshop was to provide information on selecting 

the most suitable microsimulation software for this programme of research, the 
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keywords-in-context analysis technique was conducted for the transcription data 

analysis. According to Fielding and Lee (1998), keywords-in-context method can 

assist researchers to determine how words are used in context with other words. 

More specifically, the keywords-in-context analysis represents how participants 

using the language. The major assumption underlying keywords-in-context 

analysis is that people use the same words differently and the contexts within 

words are especially important in focus groups. Thus, each word uttered by a 

participant not only be interpreted as a function of all the other words uttered 

during the focus group, and should be interpreted by all other members of the 

focus groups (Onwuegbuzie et al., 2009). Meanwhile, the process of highlighting 

and sorting out quote were also conducted together. The workshop findings from 

the transcription data analysis are presented in the following section. 

3.3.6 Workshop Findings 

A one-day workshop involving representatives from academia, industry, local 

authorities and simulation software suppliers was successfully held. Discussion in 

focus groups gives the participants the chance to communicate and inspire each 

other, which could generate new perspectives. Highlights of focus group discussion 

are summarised as follows: 

 

• Uncertainty about the accuracy of microsimulation models. There 

were lots of discussions and concerns about how accurate the modelling 

represents the real traffic world. Some of the comments are directly quoted 

including: 

 

‘There’s some uncertainty as to how we're going to make them interact with 

the rest of the world, whether they're all cars or pedestrians or bicycles, 

and how the rest of the world is going to react to them.’ 

   

‘Those simulation systems have worked really, really hard to try and 

understand humans more than vehicles.’ 

 

‘What you think you need to know now might not be the actual case when 

you get the real vehicle in a real situation, and that's going to affect it.’ 
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‘But the problem is, those tests have to be reproducible... no background, 

you've just got the actual test case.  So that is repeatable but is not 

transferable to the real world’. 

 

‘…which poses the challenge of how we simulate drivers or autonomous 

vehicles that have the ability to reroute themselves dynamically, based on 

ubiquitous awareness of all surrounding traffic conditions, never to crash, 

never to depart from the lane, never do anything unexpected.’ 

 

‘In the traffic simulation, you can't put some randomness into it, not all of 

them.  You've got to put some, yeah, random is non-predictable.’ 

 

‘So obviously it's a trade-off in terms of what level of accuracy you'd want 

and what you'd want to cover’. 

 

Based on the highlights of participants of the quotes presented above, a 

few summary remarks might be made concerning the use of traffic 

microsimulation to represent the real traffic world. First, it can be seen that 

there is a challenge in using microsimulation to accurately represent the 

real-world vehicle dynamic. Second, human driving behaviours are difficult 

to simulate, particularly one of the participants pointed out that human 

driving behaviours are general more difficult to simulate than the vehicle 

functions. Finally, the surrounding traffic conditions are different from the 

simulation as there are never crashes in the simulation world. 

• Limited real-world data about CVs/AVs/and CAVs. 

 

‘But with connected autonomous vehicles, we can't have real world data 

yet.’ 

 

‘There's obviously substantial limitations to what data is actually available 

in real time to feed this thing.’  
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‘The problem is that auto-manufacturers are not really going to want to give 

away their information about how their vehicles driving…’ 

 

‘You need that calibration procedure because if the calibrated model has 

said that's accurate, but with connected autonomous vehicles, we can't 

have real world data yet.’ 

 

‘There are not enough data needs as one of these points. What are the data 

needs then for doing an AVs /CAVs in this area’. 

 

‘I think for me is one of the biggest challenges to have the data…’ 

 

Through the quotes above, it can be seen that there is a lack of real-world 

CV, AV, and CAV empirical data. Also, these quotes demonstrated how 

important the availability of the real-world data is for further developing 

microsimulation techniques, particularly in how they are calibrated. Indeed, 

almost every participant mentioned ‘data’ in their workshops. Finally, the 

quotes suggested that, with limited and missing real-world data, calibrating 

traffic model and validating the simulation modelling to get reliable results 

seems to be a challenge. 

 

• Modelling characteristics:  

 

‘There's no accidents or lack of accidents in microscopic simulation, so 

obviously if you need to simulate accidents, then something needs to be 

done about it.’   

 

‘Interactions between cars and bikes doesn't have interactions on other 

types of accidents like pedestrians, cyclists…’ 

 

‘It is very difficult to put into simulation perspective to get this… to identify 

where which locations most likely to give you these sort of accidents.’ 
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‘You should turn off the vehicle following altogether in your simulation and 

go, well, it's going to crash into the vehicle in front unless it receives some 

sort of communication.’ 

 

‘In terms of other characteristics of the model, it's around modality but also 

including the interaction between pedestrians, cyclists and autonomous 

vehicles as well, about modelling successful communication protocols.’  

 

Regarding the modelling characteristics, arguments have been made around 

representing perhaps high-frequency occurrences or accidents, or actually where 

in the network most likely expect to see accidents, and actually having AV/CAV 

simulation in those areas where people think there are safety-critical decisions to 

be made. The above quotes also mentioned that the absence of crashes in 

simulation modelling as being a major limitation, which may lead to inaccurate 

results. 

 

• The challenges of simulating CVs/AVs/CAVs.  

 

‘The biggest challenges are assumptions, some of the assumptions coming 

from some of the sources that until there will be regulations in place…’ 

 

‘The largest challenge, I think, that was identified was the fact that we have 

to make assumptions and what those assumptions are, and sounding out 

how reasonable those assumptions are as well is a large challenge.’   

 

‘I think for me is one of the biggest challenges to have a look whether and 

our assumption is (yes) correct or maybe it's just made for the purpose of 

understanding…’ 

 

‘I mean from the software vendor point of view, the pedestrian cycle 

interaction with AVs is a real challenge…’ 
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‘The autonomous vehicle system might just be the simulated human… those 

simulation systems have worked really, really hard to try and understand 

humans more than vehicles.’ 

 

‘It is very difficult to pick out what parameters you actually need… the only 

parameter you ever need is this… you need to know now might not be the 

actual case when you get the real vehicle in a real situation, and that's going 

to affect it.’ 

 

‘The simulation packages don't simulate the communication.  They simulate 

a reaction to something that's already happened.  And that's not the same 

thing.  That's not what autonomous vehicles are going to do.  So you need 

to change the way microsimulation works.’ 

 

‘One of the things is if you want to run a simulation and then prove that it's 

valid, it's only valid in that particular time for a particular place with a 

particular person.’   

 

‘So many different types of behaviour and just small changes in certain 

areas of models can make big impacts on other areas…’ 

 

Based on the quotes above, it can be seen that studies simulating CV/AV/CAV 

technologies are facing numerous challenges. This includes decision how 

reasonable and accurate those assumptions made for simulating the CV/AV/CAV 

technologies are. Also, there is challenge for the microsimulation software itself, 

whereby the high number of parameters makes it difficult for the modeller to 

decide which ones are the most crucial – which again is due to the lack of much 

CV/AV/CAV real-word data. One other comment was that some of the 

microsimulation software packages have only limited functionality when it comes 

to simulating communication capability.   

 

• Suitable KPIs (Key Performance Indicators) to be considered: 
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‘Traffic flow characteristics and traffic flow performance is probably the 

most important thing’. 

 

‘I think the other thing we can consider with these key performance 

indicators is how reliable and how quick infrastructural changes are 

updated.’ 

 

‘There will be conflicting KPIs and there will be some requirements from the 

people using the autonomous vehicles and the rest of the world.  Then we 

looked at reliability, traffic flow, and travel time’. 

 

Regarding the Key Performance Indicators (KPIs) for traffic efficiency (i.e. 

mobility), the quotes above indicated that the traffic flow and travel time seem to 

be the most important and popular indicators for quantifying the performance of 

the road network mobility. 

 

• The choice of microsimulation software.   

 

 ‘I think PTV VISSIM have both micro and macro, and I would imagine them 

cooperative fairly nicely.’ 

 

‘…’ 

‘The pedestrian cycle interaction with AVs is a real challenge because 

actually in VISSIM the vehicles work with the car following model…’ 

 

‘We had some of that stuff when we had a play with it at the sort of VISSIM 

interface where you have vehicles and you have that extra level.’ 

 

‘You can do it in SUMO, but the models they give you by default aren't the 

best…but I'm pretty sure that, in SUMO, you can model at the city level.’ 

 

‘We’ve been toying with this PreScan, VISSIM interface and the MATLAB, 

that kind of thing whereby, as you're testing out some plausible use cases, 

you're getting the benefits of both worlds.’ 
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‘It’s provided platform either SUMO, VISSIM, AIMSUN, so VISSIM is pretty 

good so far I used it, provided all the capabilities to the modelling things.’ 

 

Finally, and perhaps the most important part of the workshop was to identify the 

most suitable microsimulation software for this programme of research. 

Participants shared their experiences for using different traffic microsimulation 

software. As can be spotted in the above quotes, PTV VISSIM seems the most 

popular tool within the traffic simulation community and has its capability to 

simulate complex traffic conditions. More importantly, PTV VISSIM provides the 

free licence access for academic researchers. 

 

In summary, three focus groups had in-depth discussions on the topics that were 

designed to explore how intelligent transport community should use existing 

microsimulation models to model CVs, AVs, CAVs and their impacts on a wide 

range of issues from accessibility to road safety. The transcripts were analysed by 

using keywords-in-context methods and key points were highlighted and 

summarised. It is noted that one of the objectives of the workshop was to select 

the most suitable microsimulation software for this programme of research. The 

findings of the microsimulation workshop confirmed the selection of the 

microsimulation software - PTV VISSIM would be the most suitable simulation tool 

for this programme of research.  

 Previous Studies by VISSIM Microsimulation 

VISSIM has been widely used in various transportation designs as well as an 

analysis tool in traffic impact studies. In this section, a summary of previous 

studies investigating the broader transport impacts of connected and autonomous 

vehicles that applying VISSIM simulation is presented. 

 

Mobility-related studies 

 

A study by Sukennik et al. (2018) used VISSIM simulation to forecast the impacts 

of autonomous driving in both urban and motorway environments. The results 

showed that based on smaller following headway and Wiedemann 74 following 
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model, the increase of the link capacity was moderate in a low-speed environment 

in the urban area, which means the capacity of intersection in the urban area will 

be decisive for overall traffic performance. In contrast, a huge increase of the 

capacity can be achieved by changing following headway in a motorway or high-

speed environment.   

 

Shi (2018) presented a cooperative CAV lane-changing algorithm programmed in 

VISSIM simulation tool and an entropy-based evaluation method to investigate 

how exclusive CAV lanes and CAV platooning with cooperative lane-changing could 

enhance the roadway performance under different CAV penetration rates. The 

study demonstrated how the cooperative CAV platooning algorithm was 

implemented in VISSIM in a hypothetical roadway network. The result showed 

that capacity could increase as CAV percentage grows, and the peak growths were 

in medium CAV percentage between 40% and 70%. 

 

Songchitruksa et al. (2016) developed a VISSIM-based simulation framework that 

considers CACC platooning to investigate the wireless communication quality and 

dedicated platooning lane on a multilane freeway facility. The study showed that 

lane control policies for directing all connected vehicles in one lane helped in 

increasing the flow rate for that lane. The results also showed that having a 

dedicated lane for connected vehicles would help improve the platoon formation 

and high quality of wireless transmission could help to increase the stability and 

platoon length size of connected vehicles. 

 

Aria et al. (2016) conducted a study to investigate the effects of autonomous 

vehicles on driver’s behaviour and traffic performance. The output of the 

simulation showed that the positive effects of autonomous vehicles on traffic 

performance and especially when the network crowded during the a.m. and p.m. 

peak. In addition, there was an improvement in average travel time and average 

travel speed in the tested scenario. This study also demonstrated that the VISSIM 

microsimulation has the capability to simulate the presence of autonomous 

vehicles within the network to a great extent.  
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Environmental-related studies 

 

A study of Rafael et al. (2019) provided a modelling system composed by a road 

traffic model (VISSIM), a road transport emission model (VSP) and a 

Computational Fluid Dynamics air quality model (CFD) to assess the impact of 

autonomous vehicles on the urban air quality. The results showed that the 

autonomous scenario promoted both increases and decreases of NOx 

concentrations, and the electric autonomous scenario promoted a widespread 

reduction of NOx concentrations. The overall results highlighted autonomous 

vehicles have the potential to improve urban air quality. 

 

A study conducted by Pratama et al. (2019) aimed to analyse the road network 

performance and vehicle exhaust emissions in the city centre. The study 

methodology was based on the combination of traffic modelling (VISSIM) and 

vehicle exhaust emission model (EnViver). The results were compared with direct 

ambient air measurements at the research location, and also to provide alternative 

solutions to the existing condition. Final results showed there was a decrease in 

the total value of vehicle exhaust emissions when applied improving scenarios to 

existing traffic conditions using simulation software. 

 

Stogios (2018) proposed a one-at-a-time (OAT) sensitivity analysis of the driving 

behaviour parameters in the traffic simulation platform PTV VISSIM and combined 

with an emission model (MOVES) to explore the effects of AVs and vehicle 

electrification on greenhouse gas emissions in the urban environment. The study 

provided an understanding of driving characteristics within the range of possible 

automated driving behaviour through VISSIM platform. The results showed that 

automated vehicles can bring positive changes in terms of emission and traffic 

flow performance. 

 

Mihály et al. (2015) proposed a speed design method considering road information 

and detailed the realisation of an algorithm which was implemented in VISSIM 

COM (Component Object Model) interface. The velocity control algorithm can be 

controlled from MATLAB using VISSIM COM interface. The study presented that 

the look-ahead control implemented in MATLAB can be tested in the VISSIM 
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microscopic simulator. The results showed that the vehicle operated with the look-

ahead method required less control effort in every traffic condition and resulting 

in reduced fuel consumption and emission. 

 

Safety-related studies 

 

There are small number of studies that used VISSIM simulation software combined 

with Surrogate Safety Assessment Model (SSAM) to investigate the safety impacts 

of connected and autonomous vehicles in recent years: 

 

A study conducted by Li et al. (2019) used VISSIM simulation and SSAM to 

investigate how autonomous vehicle fleets with various aggressive levels of driving 

would impact traffic flow and safety in motorway environment. Four driving 

behaviours of autonomous vehicles were tested through a VISSIM platform. The 

results showed that overly cautious AVs could pose new risks to traffic efficiency 

and safety.  

 

Virdi et al. (2019) developed a Virdi CAV Control Protocol (VCCP) algorithm for 

CAV behaviour by constructing a calibrated microsimulation environment in 

VISSIM to investigate the safety impacts of CAV penetration on the road network.  

The safety performance was assessed by using SSAM. The contribution of this 

work was using VISSIM developed the custom control algorithm for CAV emulation 

and assessment of CAV safety based on microsimulation testing. 

 

Studies conducted by Morando et al. (2018; 2017) aimed to investigate the safety 

impacts of automated vehicles by using a simulation-based surrogate safety 

measure approach. The VISSIM microsimulation combined with SSAM was used 

to access the safety impact of autonomous vehicles in signalised intersection and 

a roundabout. VISSIM was adopted as the traffic microsimulation platform to 

model behaviours of human-driven vehicles and autonomous vehicle by exploring 

the number of potential conflicts based on time to collision (TTC) and post 

encroachment time (PET). This study provided an important simulation-based 

approach to evaluate the safety impacts of AVs, particularly when there has been 

very limited empirical data on the safety performance of AVs. 
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A study about whether the anticipated implementation of AVs can actually improve 

cyclists’ safety was conducted by Tibljas et al. (2018). The study used VISSIM and 

SSAM to model the behaviour of cyclists in peak hour traffic in the city centre and 

examine the potential benefits of AVs on their safety. The contribution of this work 

was using VISSIM incorporated driving behaviour models for AVs based on field 

data for the first time to simulate cyclists and cars sharing the same lane that was 

quite usual in city centres. 

 Summary and Conclusion 

Based on the concept of traffic simulation, a microscopic simulation model has 

been considered for this programme of research. Five potential modelling tools 

were identified and compared against the modelling tool selection 

procedure/criteria. In order to have a better understanding of how microscopic 

simulation can model the impacts of traffic operations of CVs, AVs and CAVs, a 

microsimulation workshop was conducted. The main findings of the workshop are 

presented and discussed. From modelling selective procedure and the 

microsimulation workshop, the microsimulation software - PTV VISSIM has been 

chosen as the most suitable simulation tool for this programme of research. 

Literature on applying VISSIM simulation to investigate the impacts of connected 

and autonomous vehicles are critically reviewed. 
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4 Methodology 

 Introduction 

This chapter describes the research methodology developed for this programme 

of research to achieve the research aim and the research objectives. Firstly, an 

overview of the research methods employed throughout this programme of 

research is presented in section 4.2. This is followed by the method description of 

data collection (section 4.3) and microsimulation workshop (section 4.4). Finally, 

the microsimulation framework and the scenario development for this programme 

of research are presented. 

 Research Design 

The programme of research aims to investigate the system-level performance of 

vehicle-to-infrastructure (V2I) technologies in terms of transport and broader 

societal goals. To achieve this goal, a number of objectives have been outlined. 

Table 4.1 shows the objectives to be achieved at different stages of this 

programme of research, the methods used to fulfil the objectives and the associate 

chapter in the thesis.  

Table 4.1: Research Design 

Objectives Methods Chapter 

1. To identify the characteristics of operational 
contexts of connected, autonomous and 
connected autonomous vehicle technologies, 
performance and system-level impacts. 

Literature Review Chapter 2 

2. To establish appropriate simulation 
approaches. 

 Literature and microsimulation 
workshop  

Chapter 3 

3. To construct and run scenarios representing 
a range of different operational conditions in 
which connected, autonomous, and connected 
autonomous vehicles are deployed. 

Scenario development based 
on various situations and 
different environments.  

Chapter 5, 
Chapter 6 

4. To evaluate the transport and broader 
societal impacts of connected, autonomous 
and connected autonomous vehicles 
technologies. 

Simulation analysis and 
evaluation based on the series 

of scenarios.  

Chapter 7, 
Chapter 8, and 

Chapter 9 

5. To draw the implications to policy makers 
and practitioners. 

Discussions and finding Chapter 10 
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The following bullet points describe the details of methods which have been 

adopted in this programme of research: 

• In order to achieve Objective 1, a comprehensive literature review on CVs, 

AVs and CAVs related research areas have been carried out in Chapter 2, 

which is focused on automation level for AVs, different types of technologies 

for V2V and V2I, the broader societal impacts of CVs, AVs and CAVs, and 

the implementation of CVs, AVs and CAVs worldwide. 

• Further literature review about the microscopic simulation modelling has 

been carried out in order to achieve Objective 2. Several current 

microsimulation modelling tools have been compared in order to find the 

appropriate simulation tool for this programme of research. Also in order to 

understand whether current microsimulation tools are capable of modelling 

the impacts of CVs, AVs and CAVs or not, a microsimulation workshop has 

been undertaken. 

• A series of scenarios has been constructed in order to fulfil Objective 3. 

These scenarios have been based on various situation and different 

environments, such as based on different vehicle travel speed, vehicle type, 

vehicle driving behaviours and levels of fleet market penetration.  

• After building the scenarios, a series of modelling and statistical tests has 

been carried out to achieve Objective 4. Simulation analysis and evaluation 

have been focused on the societal impact of mobility, environment and 

safety. Measurements and indicators related to these impacts have been 

reviewed and selected. 

• Finally, major findings and results from the implemented modelling have 

been presented in order to achieve the final objective. 

 Methods of Data Collection  

4.3.1 Introduction 

Real world data would be required in order to build baseline model for this 

programme of research. Currently, there is a lack of open source autonomous 

vehicles data. Therefore, current traffic flow data (without autonomous vehicles) 

has been used to establish the baseline model. 
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4.3.2  Selection of Data  

As the process of finding the appropriate baseline model and data is a crucial step 

for this programme of research, several attempts have been made to obtain the 

data source in the early stage of the programme of research. These attempts 

include submitting collaboration proposal to the Transport System Catapult (TSC), 

requesting data from universities, local authorities, and UTSG (Universities’ 

Transport Study Group). Three potential data sources have been considered for 

this programme of research, i.e. data from TSC, Coventry data from Nottingham 

Trent University, and data from Leicester City Council. This research is set to study 

the interface between a city centre and motorway, which means Leicester City 

Council network meets this criterion with sub-urban characteristics. Also, 

compared to the other two data sources, the data received from Leicester City 

Council was more comprehensive and quality was relatively high. Therefore, the 

Leicester City Council data was chosen for this programme of research. 

4.3.3  Data Description 

The road network included in the Leicester City Council data is located just outside 

of Leicester city centre, beside the main arterial road A6 and A50. This network 

includes four busy junctions where a small section of the A50 between Leicester’s 

outer ring road (A563), the central ring road (A594), and some surrounding 

junctions to the North. This is an area of interface between the highway and city 

centre. The location map is shown in Figure 4.1.  
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Figure 4.1: Location of study area 

 

This area of interest is a critical part of Leicester’s strategic highway network, as 

it is the main gateway into the city for traffic travelling from Junction 22 of the M1 

and the County. Congestion is notable during peak hours, and is centred on the 

junction of Groby Road and Blackbird Road. A contributing factor to this is the 

complexity of the junction, i.e. Blackbird Rd and Fosse Rd North are offset so the 

junction is heavily staggered. This puts right turning traffic from these roads in 

conflict, hence a complex signal system with internal stoplines is required. The 

lanes through the junction, particularly from Blackbird Rd are narrow, and this 

negatively affects the flow of traffic. The complexity of the junction also 

contributes negatively to safety, with many drivers struggling to maintain lane 

discipline and internal stoplines. At the time the data was chosen, the junction 

was the worst junction for accidents in Leicester, with 33 accidents between 

January 2011 and November 2016, causing 38 injuries, three of which were 

serious. 

 

Traffic flows for the junction were collected by the City Council on 15th March 

2016. Signal operation data was provided by Leicester City Council’s Area Traffic 
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Control. The junction is operated by SCOOT, so the stage timings vary each cycle. 

The detail of data description is presented in section 6.2.3 in Chapter 6.  

 Workshop 

A workshop attended by experts from academia, industry, local authorities and 

simulation software suppliers in transportation and urban planning areas was held 

in order to broaden the scope and discuss how to model connected and 

autonomous vehicles and their impact on a wide range of issues from accessibility 

to road traffic. The main objective of this workshop was to provide an opportunity 

for researchers and PhD students working on Intelligent Mobility, autonomous 

vehicles (AV) and connected autonomous vehicles (CAVs) to present their work, 

share their experiences and hear about the research work being carried out in this 

area. Meanwhile, another objective of this workshop was to provide additional 

information on selecting the most suitable microsimulation software for this 

programme of research. 

 

The one-day workshop comprised half-a-day presentations and half-a-day focus 

group discussions. There were 38 delegates including presenters attending the 

presentation session and 30 participants attending the afternoon group discussion 

sessions. In the presentation sessions, six speakers working on intelligent 

mobility, autonomous vehicles (AV) and connected autonomous vehicles (CAVs) 

areas shared their experiences on this topic and they were invited based on the 

working experience on Autonomous Vehicles topic. In the afternoon focus group 

sessions, open discussions were carried out to encourage participants to generate 

new ideas and concept from a wide range of perspectives. Participants were 

divided into three working tables, each with up to 10 participants. Each table 

included a discussion leader, pre-selected from workshop participants. The role of 

the discussion leader was to moderate the table and ensure that all participants 

were encouraged to provide feedback. Three focus groups discussed the same 

topics. Three and half hours of recordings were transcribed, which included one-

hour for each of the workshops and 30 minutes of plenary discussion. The 

keywords-in-context analysis technique was conducted for the transcription data 

analysis. Meanwhile, the process of highlighting and sorting out quotes were also 
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conducted. The details of the workshop organisation are presented in section 3.3 

in Chapter 3 

 Microsimulation Framework 

In order to evaluate and quantify the potential impacts and benefits of connected, 

autonomous and connected-autonomous vehicle based on mixed traffic scenarios 

and different levels of market penetration, a modelling framework based on a 

traffic microscopic simulation using PTV VISSIM (version 11), the Surrogate Safety 

Assessment Model (SSAM), and vehicle exhaust emission model EnViVer has been 

developed. The details of these three models are presented in Chapters 3, 5, and 

6. 

 Development of Scenarios 

In order to assess the potential benefits and impacts of the functionality of 

autonomous vehicles at a system level, a scenario-analysis based method has 

been chosen for this programme of research (e.g. Gruel and Stanford, 2015). 

Rather than to predict the future, scenario analyses aim to describe alternative 

future outcomes and develop more robust, innovative, and future-oriented good 

practices by exploring a range of different futures.  

 

Development of scenarios have been largely based on various situations and 

different environments, such as vehicle types, various AVs market penetrations, 

different speeds and road network context. Each scenario will need to be compared 

with the baseline scenario. The baseline scenario will be based on the existing 

traffic network with the fully manual vehicle without any advanced technology 

functions at Level 0. The Leicester City Council data has all the features that a 

baseline model requires. The details of scenario development are presented in 

Chapter 5. 

 Summary 

A research design has been set out and an overview of the research methods to 

be employed throughout this programme of research has been carried out. The 
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process for obtaining data source and data description has also been introduced. 

The following chapters build on from the methodological propositions made in this 

chapter by employing the proposed microsimulation approaches, scenario 

development and scenario evaluation. Figure 4.2 presents a flowchart for the 

overall methodology of this research. 

 

 
 

Figure 4.2: Thesis methodology flowchart 
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5 Scenario Development and Scenario Evaluation 

 Introduction 

This chapter intends to address the third objective of this programme of research, 

i.e. building and running scenarios to represent a range of different operational 

conditions in which connected and autonomous vehicle are deployed. It discusses 

the approaches selected for evaluating the transport and broader societal impacts 

of connected and autonomous vehicle technologies, e.g. impacts of mobility, 

environment and safety. This chapter is organised as follows: first, the scenarios 

constructed for various situations in different environment or conditions are 

presented; then the measures and indicators considered for the impacts in terms 

of mobility, environment and safety.  

  Scenario Development 

The terminology of ‘scenario’ was first introduced for planning and decision-

making by Herman Kahn in connection with military and strategic studies 

conducted by the Rand Corporation in the 1950s (Chang, 2007). A ‘scenario’ is a 

representation of a potential or supposed situation (Bood and Postma, 1997), it is 

not a prediction, extrapolation, good or bad future, or science fiction. Instead, it 

is a purposeful story about how the contextual environment can be depicted in 

time (Burt et al., 2006). Scenario development can be useful because they present 

a series of pictures of possibility of what might happen to different stakeholders, 

also they focus on the research of complex issues involving long range dynamic 

processes in the critical uncertainties by accommodating and comparing different 

perspectives (Ramirez et al., 2015). 

 

In this programme of research, various scenarios have been developed as an 

attempt to quantify the impacts of these scenarios against mobility, environment 

and safety indicators. It should be noted that all scenarios in this programme of 

research assume zero pedestrians and cyclists using the network. The set of 

scenarios that have been developed and tested for the programme of research are 

as follows: 
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• Baseline scenario; 

• Scenarios based on vehicle speed.  

• Scenarios based on vehicle type; 

• Scenarios based on vehicle driving behaviours; and 

• Scenarios based on fleet market penetration.   

 

The description of each of the above scenarios is presented below: 

 

Baseline scenario: The baseline scenario is based on the existing traffic network 

used by fully manually driven vehicles without any advanced technology functions 

at Level 0 (e.g. traffic flows during the 1990s). In this programme of research the 

baseline scenario utilises the real traffic network data provided by Leicester City 

Council. The area of interest lies in an area which provides an interface between 

the strategic road network (motorways and trunk roads) and the city centre. 

Specifically, it comprises a small section of the A50 between Leicester’s outer ring 

road (A563), the central ring road (A594), and some surrounding junctions to the 

north (see Figure 5.1). It is noted that Heavy Goods Vehicles (HGVs) make up 2% 

of the overall vehicle composition on the network.  

 

 

Figure 5.1: The study area -Leicester Blackbird Road Junction 
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Scenarios based on vehicle speed: According to the guidance for speed limits 

in urban areas from the Parliament Briefing Paper (House of Commons, 2017), 

the speed limits in urban areas are given as follows: 

• 20mph: In streets that are primarily residential and in other town or city 

streets when pedestrian and cyclist movements are high, such as around 

schools, shops, markets, playgrounds and other areas; 

• 30mph: In other built-up areas where motor vehicles movement is deemed 

more important; 

• 40mph: On higher quality suburban roads or those on the outskirts of 

urban areas where there is little development, with few cyclists, pedestrians 

or equestrians; and  

• 50mph: On dual carriageway ring or radial routes or bypasses that have 

become partially built up, with little or no roadside development. 

As the study area is an interface between the motorway and city centre, it is 

assumed that vehicles travel at three different levels of speed, i.e. 20mph, 30mph 

and 40mph. It is noted that the speed limit for the real-world baseline network is 

30mph.  

Scenarios based on vehicle type: It is assumed that scenarios are constructed 

based on four vehicle types, i.e. MVs, CVs, AVs and CAVs. It is noted that the 

composition for each vehicle type includes 2% of heavy goods vehicles (HGVs) 

which is consistent with the baseline scenario, i.e. HGV-CVs, HGV-AVs and HGV-

CAVs.  

• Manual Vehicles (MVs): In this programme of research, manual vehicles 

are considered those that are human-driven, have no automation 

functionalities and no connectivity. 

• Connected Vehicles (CVs): In this programme of research, connected 

vehicles are considered those that are human-driven, have no automation 

functionalities but can be communicated to each other. 

• Autonomous Vehicles (AVs): In this programme of research. 

Autonomous vehicles are considered those that are fully automated vehicles 

without any human intervention and have no connectivity capabilities.  
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• Connected and Autonomous Vehicles (CAVs): In this programme of 

research, connected and autonomous vehicles are considered those that 

are fully automated and have connectivity capabilities. 

• Heavy Goods Vehicles (HGVs): In this programme of research, HGVs are 

considered those that are human-driven, have no automation functionalities 

and no connectivity. 

• Heavy Goods Connected Vehicles (HGV-CVs): In this programme of 

research, HGV-CVs are considered those that are human-driven, have no 

automation functionalities but can be communicated to each other. 

• Heavy Goods Autonomous Vehicles (HGV-AVs): In this programme of 

research. HGV-AVs are considered those that are fully automated vehicles 

without any human intervention and have no connectivity capabilities. 

• Heavy Goods Connected and Autonomous Vehicles (HGV-CAVs): In 

this programme of research, HGV-CAVs are considered those that are fully 

automated and have connectivity capabilities. 

All vehicles with the assumed technologies are summarised in Table 5.1. 

Table 5.1: Functions/technologies for different type of vehicles (Source: Heineke 

et al., 2017; Jadaan et al., 2017; Yang et al., 2016 and Atkins, 2015) 

 

Approaches 

 

Functions/technologies 

MVs 

(HGV) 

CVS 

(HGV-

CV) 

AVs 

(HGV-

AV) 

CAVs 

(HGV-

CAV) 

 
 

Drive control 

Actuation: Steering, braking and acceleration Human Human Vehicle Vehicle 

Decision making  Human Human Vehicle Vehicle 

 
Perception 

Radar, sonar, and cameras No No √ √ 

 
 
 

Localisation and  
Mapping 

Feature mapping (use camera to capture lane 
markings, road and traffic signs, bridges, and 
other objects relatively close to roads) 

No √ √ √ 

HD/GPS mapping (uses on-board sensors or GPS) No √ √ √ 

Navigation systems (4G/5G):  
dynamic route guidance 

No √ √ √ 

  
Communication
/Connectivity  

Wireless network - vehicles send messages to 
each other (V2V) 

No √ No √ 

Wireless network - vehicles send messages to 
infrastructure (V2I) 

No √ No √ 

 
Notes: CVs- send and receive information but trajectory cannot be controlled or modified by vehicle 

 

 



128 

 

Scenarios based on vehicle driving behaviours: Three vehicle driving 

behaviours are considered in this programme of research, namely Cautious, 

Normal and All-knowing driving behaviours. These driving behaviours are selected 

based on the driving logics supported by data from the PTV VISSIM and the 

CoEXist project. 

 

Scenarios based on fleet market penetration:  According to various studies 

(e.g. Fagnant and Kockelman, 2015; Pinjari et al., 2013; Bose and Ioannou, 

2003), the benefit of autonomous vehicles will start to kick in only when the 

penetration of the autonomous vehicles increases beyond 10% market 

penetration. It is therefore considered appropriate to establish scenarios based on 

four different market penetration levels, i.e. 25%, 50%, 75% and 100%. 

 

In total, 108 scenarios were developed and compared with the baseline scenario 

in this programme of research (3 different speed x 3 vehicle type x 3 driving 

behaviours x 4 fleet market penetration =108). The developed scenarios are 

summarised in Table 5.2.  

 

Table 5.2: Proposed scenarios for this programme of research 

Scenarios Vehicle Speed Vehicle Type 
Vehicle Driving 

Behaviour 

Fleet Market 

Penetration 

Baseline 30mph 
Manual vehicle 

(MVs) 
Human driving 100% MV 

Proposed 

scenarios 

20mph/30mph/40mph 

(X 3) 

CVs/AVs/CAVs 

(X 3) 

Cautious 

25% 

50% 

75% 

100% 

Normal 

25% 

50% 

75% 

100% 

All-knowing 

25% 

50% 

75% 

100% 
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 Scenario Evaluation 

5.3.1 Introduction 

This section presents the approaches used to evaluate the transport and broader 

societal impacts of the connected and autonomous vehicle technologies, i.e. the 

impact on mobility, on the environment and on safety. This section is organised 

as follows: first, mobility measurement and relevant indicators are presented; 

then, environmental measures and relevant indicators; and finally background 

information related to Surrogate Safety Measures and relevant indicators are 

presented. The EnViVer emission model and Surrogate Safety Assessment Model 

(SSAM) are also discussed.  

5.3.2  Key Performance Indicators 

European Commission 2001 and 2011 white papers defined the relevant 

application areas for performance measurement in four strategic areas of urban 

traffic management and Intelligent Transport System (ITS), i.e. traffic efficiency, 

traffic safety, pollution reduction, and social inclusion and land use. Figure 5.2 

shows an overview of the developed key performance indicators in four strategic 

areas.  

 

It should be noted that the land use aspect will not be included in this programme 

of research. Instead, this programme of research will only be focused on 

evaluating and quantifying the benefits and potential impacts on mobility, the 

environment and safety. The indicators to be used in these three aspects are 

discussed in the following sections. 
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Figure 5.2: Overview of the key performance indicators framework  

(Kaparias and Bell, 2011)  

5.3.3  Indicators and Measures of the Impact on Mobility 

Mobility is the ability that transport system provides access to job, recreation, 

shopping, intermodal transfer points and other land uses, and acts as an important 

part to quantify the performance of traffic efficiency (Kaparias and Bell, 2011). A 

transportation indicator is a measure of change in the transportation system or in 

its social, economic, environmental and other effects over time (NRC, 2002). 

Indicators of mobility include measures of travel times and costs and also 

incorporate the variability of travel times and costs (NRC, 2002). In order to 

quantify the impacts of network mobility from the different scenarios, five common 

performance indicators reflecting travel times and costs are recommended by 

sources including DfT Modelling Guidelines (2010), PTV Group (2018) and previous 

studies (Dadashzadeh and Ergun, 2019; Das, 2018; Kockelman et al., 2017; 

Calvert et al., 2017; Lin et al, 2013; Mahmod, 2010). The indicators proposed for 

this programme of research are listed below: 
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➢ Number of stops, is the average number of stops per vehicle (without 

stops at PT stops and in parking spaces). Number of stops can be a good 

measure to represent the stop-and-go situation in network performance 

(Dadashzadeh and Ergun, 2019).   

➢ Delay time: is defined as an average delay time (measured in seconds) 

and it is the time loss calculated for all observed vehicles compared to a 

free moving traffic situation without any other vehicles, signal controls or 

other required stops from a starting point to an end point (Lin et al., 2013).  

➢ Queue length: is the average length of a traffic queue (measured in 

metres). Average queue length is the average distance between the traffic 

counter and the vehicle that meets the queue conditions defined (PTV 

VISSIM, 2018).   

➢ Travel time: is the average time (measured in seconds) of all vehicles to 

travel through the network (PTV VISSIM, 2018).  

➢ Network capacity: is measured by counting the maximum number of 

vehicles entering and arriving at their destination within a certain period of 

time (PTV VISSIM, 2018).  

5.3.4 Indicators and Measures for Environmental Impact 

The road transport sector is widely recognised to be a significant and increasing 

source of air pollution and CO2 emissions worldwide (Colvile et al., 2001). The 

problem of air pollution is more severe in urban areas where traffic emissions have 

significantly increased due to the increased number of vehicles and these vehicles 

cannot simply be relocated to a more remote area (Mahmod, 2011). To reduce 

traffic emissions, several air quality components have been used to set 

concentration limit values by EU regulation (EU, 2008). According to EU 

regulations (EU, 2008), the most common air pollutions caused by road traffic are 

Nitrogen Oxides (NOx) and Particulate Matter (PM) emissions. The NOx emission 

typically refers to the sum of nitric oxide (NO) and nitrogen dioxide (NO2). PM 

emissions can be divided into various types according to size, of which two in 

particular are measured, i.e. PM10 (aerodynamic diameter > 10 micrometres) and 

PM2.5 (aerodynamic diameter < 2.5 micrometres) (Mahmod, 2011). As the road 

transport sector is the fastest growing source of greenhouse gas (CO2) emissions 

in the UK, it is also important to consider CO2 in this programme of research. 
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Therefore, CO2 together with NOx and PM10 have been selected as the indicators 

for evaluating the environmental impacts in this programme of research.   

5.3.5  EnViVer – Emission Model 

EnViVer is a software used to calculate real world vehicle emissions and has been 

chosen to be used for this programme of research. EnViVer has been developed 

by TNO (the Netherlands Organisation for Applied Scientific Research), which has 

also developed the emission model Versit+ based on collected emission data from 

more than 20,000 vehicles (Eijk et al., 2014). EnViVer is capable of calculating 

the emissions of Carbon Dioxide (CO2), Nitrogen Dioxide (NOx) and Particulate 

Matter (PM10) based on instantaneous velocities and accelerations for different 

vehicle types (Bohm and Hager, 2015). This makes EnViVer an appropriate tool 

to calculate the impact of traffic changing situations as generated for instance by 

microsimulation models on the total exhaust emissions across a road network (Eijk 

et al., 2014). EnViVer draws on a database that is continuously being updated 

thus generating emission results that incorporate those from the newest vehicles 

entering the market (Eijk et al., 2014). Crucially EnViVer is also compatible with 

PTV VISSIM.  The input of EnViVer can be obtained directly from the *.fzp output 

file from PTV VISSIM. Figure 5.3 shows a flowchart of how EnViVer works when 

calculating emission combined with the PTV VISSIM.  

 

 

Figure 5.3: Flowchart for how emissions are calculated via EnViVer 
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The Versit+ model was developed based on a multiple linear regression approach 

and follows a theoretical and deterministic approach within a fully empirical and 

statistical framework (Smit et al., 2007). Overall, the model draws on evidence 

from more than 12,000 emission tests across a large number of vehicles over 153 

actual speed-time profiles (Mahmod, 2011). There are four main categories which 

are used in Versit+ model as below (Eijk et al., 2014): 

• Light Duty Vehicles (LDV): includes passenger cars and commercial vehicles 

with a mass of up to 3,500 kg; 

• Heavy Duty Medium Vehicles (HDMV): includes smaller trucks and behaves 

more dynamically, more like passenger cars (mass ≥ 3,500 kg and 2 axles);  

• Heavy Duty Heavy Vehicles (HDHV): includes heavy trucks (mass ≥ 20,000 

kg and 3 or more axles). 

• Buses: includes public transport buses and touring coaches. 

It is noted that the total emissions are calculated by aggregating the individual 

emissions of all vehicle types. Figure 5.4 shows a screenshot of the EnViVer model 

interface. 

 

Figure 5.4: EnViVer interface 
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As stated earlier, EnViVer uses traffic data imported from VISSIM (through a *.fzp 

file) to calculate emissions. These data contain information on individual vehicles 

at the end of each simulation time step, including vehicle type, number, name, 

speed, coordinates and road gradient and distance (Eijk et al., 2014). In addition, 

EnViVer uses default emission maps from Versit+ based on a more aggregated 

level to calculate emissions. These maps have been developed from every vehicle 

category which are then inputted into a large dataset of measurements for each 

emission component (Mahmod, 2011). The vehicle emission classes in EnViVer are 

linked to vehicle types defined in VISSIM and the emission class assignments 

match a particular vehicle type to an appropriate set of emission factors 

(Thiyagarajah, 2015). For example, a passenger car in an urban environment in 

2016 would be assigned to the ‘Light_Duty_City_2016’ emission class. Similarly, 

a heavy goods vehicle on a highway in 2016 would be assigned to the 

‘HD_Heavy_Highway_2016’ emission class. Once all vehicle types have been 

assigned to an emission class, EnViVer can then calculate the tailpipe emissions. 

Figure 5.5 shows an example of the emission total value from EnViVer output. 

 

Figure 5.5: Example of EnViVer emission output 
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It is noted that no calibration process will be required for the EnViVer emission 

model because it has already been calibrated and validated for Dutch traffic 

conditions which is considered sufficient (Mahmod, 2011). 

5.3.6  Indicators and Measures for Safety Impact 

5.3.6.1 Surrogate Safety Measures  

The problem of deaths and injuries as a result of road accidents is a global concern 

for every country in the world. According to the World Health Organisation (WHO), 

more than 3,000 people are killed every day by road traffic accidents and road 

traffic crashes are predicted to become the seventh leading cause of death by 

2030 (WHO, 2015). Therefore, road traffic safety improvement has become one 

of the most important aspects and challenges for the transportation engineering 

sector. In theory, road traffic safety can be described in three dimensions: 

exposure, accident risk and injury consequence. The aim of road traffic safety 

engineering is to reduce the risk of road users being killed or seriously injured as 

consequence of a traffic collision (Bossche and Wets, 2012; Wang 2012 ).  

 

Traditional road traffic safety analysis, which usually relies on the use of historical 

collision data, has proved to have several shortcomings including poor collision 

data quality and availability due to the subjective nature of collecting information; 

long collection periods as collisions usually do not occur frequently enough to 

produce a sufficient data set in a short period of time; and the ethical issues that 

are required to be prevented (Ismail et al., 2010; Essa, 2015; Fyfe, 2016). 

Moreover, research conducted by Nicholson (1985) used within traditional road 

traffic safety demonstrated that observed collision information are not always 

valid. Hauer (2006) identified that there is a risk in using reported collisions for 

road traffic safety research as there may be many more less severe collisions that 

have not been reported. Also several researchers outline the issues with the length 

of time required to collect collision data as the collision events in traffic occur rare 

and random (Davis, 2004; Hirst et al., 2004; Bachmann, 2009; Essa, 2015; Fyfe, 

2016).  
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Due to these limitations associated with using historical collision data, alternative 

traffic safety research methods (e.g. surrogate safety measures method) have 

been developed in order to assess the safety of traffic facilities more effectively. 

Surrogate safety measures do not rely on reported collision data (Gettman and 

Head, 2003; Bachmann, 2009; Essa, 2015; Fyfe, 2016). According to Ariza 

(2011), surrogate safety measures are any events that can be correlated with 

crash rates. The measures can help to assess the safety of a given location without 

waiting for statistically significant abnormal or relatively greater number of crash 

to actually occur as these methods use events that occur at a much greater 

frequency than crash rates (Bachmann, 2009; Ariza, 2011). Additionally, these 

measures can be used in microscopic simulations to indicate the level of safety of 

transport systems before they are built or implemented (Barceló et al., 2003; 

Gettman and Head, 2003; Cunto, 2008; Ariza, 2011). 

 

According to the Federal Highway Administration (FHWA, 1981), a number of 

factors have been selected for use as surrogate safety measures, such as speed, 

delay, volume, accepted gaps, headways, shockwaves and deceleration-to-safety 

time. Critical events such as lane merging, speeding and running red light have 

also been considered as potential surrogate safety measures. The most frequently 

used surrogate measure however is traffic conflict, which will be explained further 

in detail in the next section. 

5.3.7 Traffic Conflict Technique (TCT) 

A traffic conflict is defined as ‘an observable situation in which two or more road 

users approach each other in time and space to such an extent that there is risk 

of collision if their movement remains unchanged’ (Amundsen and Hyden, 1977). 

The concept of traffic conflict was first recognised and proposed by researchers at 

General Motors during the late 1950’s and early 1960’s for investigating safety 

problems related to vehicle construction. The researchers found that most drivers 

engaged in an aggressive manoeuvre such as breaking or lane-changing when 

they reacted to potential conflicts (Basyouny, 2003; Ariza, 2011). This 

methodology was later named the ‘traffic conflict technique’ and shortly was 

adapted by researchers around the world to evaluate the potential collisions at 

intersections (Ariza, 2011; Fyfe, 2016). The use of the traffic conflict technique 



137 

 

has many benefits. In particular, as traffic conflicts occur more frequently than 

actual collisions, they can provide more result insights on to the failure 

mechanisms leading to road collisions. They also allow the data collection periods 

to be much shorter than that required for the accident data. The analysis time is 

also less affected by time-dependent factors, and finally the ethical problem 

associated with waiting for collision to occur is effectively solved (Chin and Quek, 

1997; Essa, 2015; Fyfe, 2016).   

 

A wider used definition of a traffic conflict was based on the study conducted by 

Hyden (1975). Hyden (1975) indicated that the Time-to-Collision (TTC) value 

together with the conflicting speed should be used to determine the conflict 

severity. Hyden (1987) first established the ‘theory of severity’ hierarchy of traffic 

events. This proposed a visual representation of the frequency and severity 

hierarchy of traffic events as a three-sided pyramid as shown in Figure 5.6. 

 

 

Figure 5.6: Hyden’s safety pyramid according to the Traffic Conflict Technique 

(source: Hyden, 1987) 

 

Figure 5.6 illustrates the different levels of vehicle to vehicle interactions from 

base of pyramid to the top. The base of the pyramid represents undisturbed 

passage and the top represents actual collisions, while the cross-sectional area 
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represents the frequency of severity level of interaction. The frequency of 

occurrence is reduced when the risk level increases.   

 

A number of studies have related conflict patterns to accident types and use 

conflicts as a surrogate to traffic accidents (Perkins and Harris, 1968; William, 

1972; Spicer, 1973; Hyden, 1975). Perkins and Harris (1968) discovered that 

compared to accident rates, the rate of occurrence of serious conflicts is a more 

useful measure of risk. Spicer (1973) demonstrated a positive correlation between 

serious conflicts and reported injury accidents. Several studies have also 

confirmed that higher rates of traffic conflicts indicate lower levels of safety (Glauz 

et al, 1985; Risser, 1985; Archer, 2000; Gettman et al, 2008).  

 

More recently, many studies have been undertaken to evaluate the ability of 

microscopic traffic simulation models to obtain high-risk vehicle intersection or 

conflicts (Archer, 2000; Gettman and Head, 2003; Cunto, 2008). Darzentas et al 

(1980) conducted a study which used empirical data to develop an event–stepping 

discrete simulation model for a non-urban T-junction. In their study, the model 

predicted the number and severity of conflict is a function of various traffic 

behaviours parameters. In 1994, a study conducted at T-junctions and 4-leg un-

signalised intersections developed a simulation software called ‘TSC-SIM’ to 

simulate traffic conflict (Sayed et al., 1994). The model produced a graphical 

animation which displayed how conflicts occurred and the values of critical 

variables. In 2003, the Federal Highway Administration (FHWA) released a report 

called ‘Surrogate Safety Measures from Traffic Simulation Model’, which 

established a start of a concerted effort to extract surrogate safety measures from 

microsimulation models (Ariza, 2011).  

5.3.8 Traffic Conflict Indicators 

As previously noted, traffic conflict indicators are quantitative measures used to 

represent a conflict between road users (Essa, 2015; Fyfe, 2016). A number of 

traffic conflict indicators can be found in previous studies (Gettman and Head, 

2003; Basyouny, 2003; Cunto, 2008; Ismail, 2010). According to the report 

released by the Federal Highway Administration (FHWA, 2003), the most common 
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indicators are Time-to Collision (TTC), Post-Encroachment Time (PET), 

Deceleration Rate (DR), Maximum Speed (MaxS) and Speed Differential (Deltas). 

Time-to-Collision (TTC) 

Time-to-Collision (TTC) is a time-based surrogate indicator which was first 

suggested by Hayward (1972). Hayward defined the TTC indicator as ‘the time 

required for two vehicles to collide if they continue at their present speeds and on 

the same path’. Meanwhile, Amundsen and Hyden described the TTC indicator as 

‘an observable situation in which two or more road users approach each other in 

space and time to such an extent that there is a risk of collision if their movements 

remained unchanged’. The TTC indicator has been considered as the most widely 

used conflict indicator of traffic safety due to its ability to indicate the severity of 

an accident and its simple computation procedure (Hyden, 1996; Basyouny, 2003; 

Hou et al., 2014).  

To be a useful indicator, the TTC requires that a pair of road users’ trajectories be 

projected into the future, based on information prior to the evasive manoeuvre 

taking place (Fyfe, 2016). This has been done using a probabilistic approach to 

define a vehicle’s future trajectory (Saunier and Sayed, 2008; Saunier et al., 

2010). In this approach, the probabilistic function is based on common motion 

patterns for prediction of a vehicle's future position by using computer vision 

technique to extract vehicle's trajectory probabilistically (Essa, 2015).  

 

To distinguish a conflict between near-miss and undisturbed passage, previous 

studies attempted to estimate the number of conflicts by establishing the 

minimum value of TTC (Hayward, 1972; van der Horst and Brown, 1989; van der 

Horst and Hogema, 1993; Brown, 1994). Van der Horst (1999) identified the 

distinct detection threshold of TTC value of 1.5 second between normal and critical 

encounters. 

 

For vehicles manoeuvring in the same direction, the TTC can be written in the 

following equation: 

 

TTC =
(𝑃𝑖−𝑃𝑖−1 )−𝐿𝑖

𝑉𝑖−1−𝑉𝑖
                                             (5.1) 
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Where, 

P: position of the vehicles (i=leading vehicle; i-1=following vehicle) 

L: vehicle length 

V: velocity 

 

For vehicles crossing with each other, the TTC can be derived by the following 

equation: 

       TTC =
𝐷𝑖,𝑡

𝑉𝑖,𝑡
                                          (5.2) 

Where, 

Di,t: distance between the project collision point and the initial point of vehicle i 

at time t; 

Vit: the speed of vehicle i at time t. 

Hyden (1972) suggested that lower minimum TTC values would indicate higher 

accident severity and a zero TTC value means an accident has occurred. This point 

has been argued by some of the safety assessment researchers (Kruysse, 1991; 

Tiwari et al., 1995). They refute that lower TTC values correspond to a higher 

probability of accident because speed is not included in the measure, and it fails 

to recognise the severity of the accident. There are also some other shortcomings 

about the TTC indicator, such as the TTC indicator may not be a good method for 

determining severity of an accident as several combinations of speeds and 

distance can produce the same TTC value; large amounts of vehicle trajectory 

information need to be gathered to continuous measure the TTC that is time 

consuming and making more difficult to collect and analyse; and it is difficult for 

practitioners to know which variation is the right one to use because the variations 

in the definitions of the different form of TTC are so complicated (Fyfe, 2016). 

Post-Encroachment Time (PET) 

The Post-Encroachment Time (PET) is another common safety indicator. PET is 

defined as the time difference between the departure of the encroaching vehicle 

from the potential collision point and the arrival of the vehicle with the right-of-

way at the potential collision point (Van der Horst and Hogema, 1993). The PET 

can be measured through the observation of vehicle trajectories and does not 

require any projection of road-user positions into the future (Essa, 2015). In 
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addition, PET is less ambiguous than TTC. With the TTC, a lower PET value 

indicates higher severity and the minimum value is the critical value (Ariza, 2011). 

 

However, there are several shortcomings with PET. Firstly, as PET does not require 

any speed and distance measurements, there are many missing cues of conflict 

severity; secondly, PET can be calculated even there is no risk of a collision; finally, 

there is a possibility of a false reading when a vehicle takes an evasive manoeuvre 

to avoid a collision and the following vehicle may never actually encroach on into 

the leading vehicles’ trajectory (Fyfe, 2016; Archer, 2004). 

Deceleration Rate (DR) 

The Deceleration Rate (DR) refers to the rate at which crossing vehicle must 

decelerate to avoid collision (Archer, 2004; Gettman and Head, 2001). Hyden 

(1987) first mentioned the importance of deceleration and indicted it was an 

important aspect to determine the severity of a conflict. Some studies indicated 

that DR should be a primary indicator for severity rather than TTC (Darzentas et 

al., 1980; Cooper and Ferguson, 1976).  

Maximum Speed (MaxS) 

The Maximum Speed (MaxS) indicator is defined as the maximum speed of either 

vehicle throughout the conflict event (Gettman et al., 2008). A shortcoming of 

MaxS is that it is not able to distinguish between the severity of a head-on collision 

and the minor severity of a rear-end collision, as the scalar value speed does not 

allow for the inclusion of direction (Shelby, 2011) 

Speed Differential (Deltas) 

Speed Differential (Deltas) indicator is the difference in vehicle speeds as observed 

at the minimum time to collision (Gettman et al., 2008). Same as the shortcoming 

of MaxS, the Deltas does not represent the direction but rather only the magnitude 

of speed (Fyfe, 2016). 

5.3.9  Surrogate Safety Assessment Model (SSAM) 
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The Surrogate Safety Assessment Model (SSAM) is a software that combines an 

automated conflict analysis and microsimulation. SSAM was developed by 

Siemens ITS and funded by the Federal Highway Administration (FHWA) of the 

United States. SSAM was developed to automate the process of traffic conflicts by 

analysing trajectory data generated from certain traffic microsimulation tools, e.g. 

VISSIM, PARAMICS, TEXAS and AIMSUM (Gettman et al., 2008). SSAM operates 

as a post processor in order to classify conflicts and compute a series of surrogate 

safety measures from a trajectory file (.trj) that is generated from one of the 

above microsimulation software. SSAM analyses the trajectory files with the 

vehicle–to-vehicle interactions to identify conflict situations and provides a 

database of all instances found in the model output (Bachmann, 2009; Fyfe, 

2016). Figure 5.7 shows the concept of SSAM model. 

 

Figure 5.7: SSAM operational concept (adapted from Gettman et al., 2008) 

 

Currently, the SSAM approach has been increasingly used in safety evaluation and 

is recognised as the only feasible methodology for utilising microscopic simulation 

for safety assessment (Essa, 2015; Shahdah et al., 2014; Wang et al., 2014; 

Huang et al., 2013). The algorithm and logic of the SSAM software is based on the 

study conducted by Gettman and Head (2003). Gettman and Head (2003) used 

the crash data reported at 83 four-leg signalised intersections to find the 

relationship between simulation conflicts and crashes, and results showed that 

there was a significant statistical relationship between the observed crashes and 

the simulated conflicts. Gettman et al. (2008) also reported that the conflicts data 

provided by SSAM were significantly correlated with the actual crashes data from 

the field validation study. As there are many, many more conflicts than crashes, 

FHWA developed an equation to represent the relationship between conflicts and 
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crashes. The equation below shows how the number of conflicts per hour can be 

served as a surrogate for the number of crashes per year and this equation could 

be a good estimate for future studies (Kockelman et al., 2016).     

 

                     
Crashes

𝑌𝑒𝑎𝑟
= 0.119 ∗ (

𝐶𝑜𝑛𝑓𝑙𝑖𝑐𝑡𝑠

𝐻𝑜𝑢𝑟
)1.419                                  (5.3) 

A study conducted by Huang et al. (2013) investigated whether VISSIM simulation 

and SSAM model can provide reasonable estimated conflicts at signalised 

intersection. A total of 80 hours traffic data and traffic conflicts data were collected 

at 10 signalised intersections in Nanjing of China. It was found that the models 

provided a reasonable estimate for rear-end and total conflicts.  

 

However, some controversies still remain regarding using simulated conflicts for 

safety assessment. One of the major concerns is that the vehicle trajectory files 

generated by microsimulation models cannot reflect complicated drivers’ 

behaviour in the real world (Huang et al., 2013), and a study from EL-Basyouny 

(2006) indicated that the results obtained from SSAM showing a poor relation 

between actual accidents and predicted conflicts. To address this concern, further 

researches have been carried out to calibrate the simulation models in order to 

reproduce drivers’ behaviour more accurately. Studies conducted by Fan et al. 

(2013), Zhou and Huang (2013) and Zhou et al. (2010) demonstrated that a 

safety evaluation of a signalised intersection can be carried out using VISSIM and 

SSAM, and good estimates of traffic conflicts can be achieved by improving 

calibration of simulation model. 

 

There are two major types of surrogate indicators, i.e. indicators for measuring 

the severity of conflict and indicators for measuring the severity of the potential 

collision. Time-to-Collision (TTC), Post Encroachment Time (PET), and 

Deceleration Rate (DR) are all used as indicators for conflict severity while 

Maximum of the speeds of the two vehicles (MaxS) and Maximum relative speed 

(DeltaS) are indicators for determining severity of potential collision (Gettman et 

al., 2008).  In SSAM, conflicts are identified based on the specific thresholds for 

TTC and PET and the conflict angle. The default value for TTC and PET are 1.5 and 

5.0 seconds which suggested by previous research studies (Gettman et al., 2008; 
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Gettman and Head 2003). Small vehicle of TTC and PET indicate high severity 

levels of expected crashes (Habtemichael and Santos, 2014). If TTC=0 and/or PET 

=0, then SSAM mark the event as a crash; if 0<TTC≤1.5s, and 0<PET≤5s, then 

SSAM identifies this event as a conflict.  Based on the conflict angle, conflicts are 

classified into four manoeuver types: rear-end, lane-change, crossing conflicts and 

unclassified. Figures 5.8 and 5.9 show the angle variation of these conflict types 

from SSAM user manual and screenshot of conflict severity by TTC value in 

coloured.  

 

 

Figure 5.8: Conflict types by angle (Pu and Joshi, 2008) 

 

Figure 5.9: Screenshot of conflict severity in SSAM interface 
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Fique 5.10 presents the workflow of using VISSIM simulation software and the 

SSAM conflict analysis tool in this programme of research. 

 

 

Figure 5.10: Workflow of integration platform of VISSIM and SSAM 

5.3.10 Vehicle Speed 

In general, higher vehicle speeds result in a reduction of the travel time; however, 

higher vehicle speeds lead to more accident (European Commission, 2019). 

Therefore, vehicle speed has been identified as a crucial factor in road safety. It 

affects the risk of crash involvement and the severity of crashes, and subsequent 

injuries (DPTI, 2019; WHO, 2008). Many researchers conducted in the last few 

decades show that vehicle travel speed has a very strong positive relationship with 

road crash frequency and severity (e.g. Bornioli et al., 2020; IRTAD, 2018; Wang 

et al., 2015; Alhajyaseen, 2014). In other words, the higher the vehicle speed is, 

the higher the crash risk and more severe the accident consequences are 

(European Commission, 2018a). According to WHO (2008), an increase in average 

speed of 1 km/h could result in an increase of 3% for crashes that involving injury, 

and an increase of 4–5% for crashes that could result in fatalities.  WHO (2008) 

also indicated that the likelihood of death is 20 times higher when a car crash with 

an impact speed of 80 km/h compared to an impact speed of 30 km/h. 
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Several studies also indicted that vehicle emissions could be sensitive to vehicle 

speed (e.g. Stogios, 2018; Ramadan and Rashwan, 2016; Boulter and Webster, 

1997). A study from Xue et al. (2013) found out that with the increase of vehicle 

speed, the vehicle emission of hydrocarbons (HC) deceased, the carbon monoxide 

(CO) gradually decreases, and the nitrogen oxides (NOx) decreased at first but 

then increased gradually. Transport for London (TfL, 2018) indicated that vehicle 

travelling at lower speeds do not always emit more emission in cities, where 

vehicle cruise speeds are rarely maintained due to the road layout. The study also 

indicated that vehicles travelling over the speed limit tend to increase the emission 

compared to the vehicles travelling under the speed limit. 

 

It is noted that the vehicle speed adopted in the programme of research is the 

average vehicle speed in the road network. 

  Summary and Conclusion 

This chapter presents the approaches used to evaluate and quantify the impacts 

of mobility, environment and safety. A total of 108 scenarios have been developed 

based on different vehicle speed, type, driving behaviours and fleet market 

penetration. A range of indicators and measures for mobility impacts have been 

introduced, i.e. number of stops, delay time, queue length, travel time and 

network capacity. The indicator of CO2, NOx and PM10 have been selected for 

evaluating the environmental impacts. Surrogate Safety Measures and the 

approach of Traffic Conflict Technique have been reviewed. A number of surrogate 

indicators proposed to determine the severity of the potential accident have also 

been introduced, i.e. TTC, PET, DR, MaxS and DeltaS. Background information for 

EnViVer emission model and Surrogate Safety Assessment Model (SSAM) have 

also been discussed. The SSAM model has been recognised as the most suitable 

methodology for safety assessment. However, there has been a concern about the 

accuracy of driver’s behaviours in the modelling and it has been suggested that 

the issue may be overcome by improving the calibration of simulation model. 

Finally, the influence of the vehicle speed on safety and emission has been 

discussed. Figure 5.11 summarises the integration platform combined with 

VISSIM, SSAM and EnViVer for this programme of research.  
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Figure 5.11: Integration platform of VISSIM, SSAM and EnViVer 
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6 Baseline Model Evaluation and Model 

Development 

 Introduction 

This chapter presents the approach used for calibrating and validating the baseline 

model for this programme of research. It also describes the process of 

implementing the base model and developing a VISSIM model for various 

scenarios. 

 Baseline Model Calibration and Validation 

6.2.1 Purpose of Calibration and Validation  

Microscopic traffic simulation models are amongst the most detailed methods used 

to replicate real-world traffic network dynamics, and work by treating vehicles as 

independent agents to simulate vehicle movements at the individual vehicle level 

(Siddharth and Ramadurai, 2013). Generally, these models operate according to 

some fundamental logics to guide vehicles within the traffic stream. The main 

component of microscopic traffic simulation models is the driver behaviour model 

and this defines how drivers are making decisions on car-following, lane-changing 

and lateral movement (Lu et al., 2016; Habtemichael and Santos, 2012). In order 

for a traffic model to accurately represent real-world traffic condition such as day-

to-day operations, a proper calibration and validation must be done before the 

model can be useful (Ge and Menendez, 2012).  

 

Figure 6.1 illustrates the process of the iterative relationship between calibration 

and validation for a traffic modelling exercise. The following sections discuss the 

enhancements made for calibration and validation procedure for using multiple 

performance measures. It should be noted that in this programme of research, 

the processes of calibration and validation were undertaken for the base model 

network (conventional vehicles) as there is no available data for Connected Vehicle 

(CV), Autonomous Vehicle (AV), or Connected Autonomous Vehicle (CAV). Once 

CV, AV and CAV data become available, then a CV, AV and CAV calibration and 
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validation could of course be conducted. It is also noted that the PTV VISIIM 

version 11 has been used for calibration and validation. 

 

Figure 6.1: Traffic Model Calibration and Validation Process (source: FHWA, 2018) 

6.2.2 Random Seeds and Number of Simulation Runs 

Random Seeds 

 

According to TfL (2010) Traffic Modelling Guidelines, ‘the stochastic 

microsimulation traffic model in VISSIM attempts to replicate this day-to-day 

random variability by altering individual driver decisions based on random 

numbers’. At the start of a simulation run, a set of random numbers is generated 

from an initial ‘seed’ value and a single seed value represents one potential 

outcome. Therefore, it is necessary to run each model multiple times with different 

random number seeds to produce different values of driver/s-vehicle 

characteristics in order to allow stochastic variations of vehicle arrivals in the 

network (FHWA, 2004). In VISSIM the range of random seed values is between 1 

and 231 − 1 (2,147,483,647) (Skružný, 2017) and a minimum of five seed values 

was recommended for calibration, validation and scenario modelling (TfL, 2010; 
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FHWA, 2004). In this study, five random seed values were chosen between the 

recommended ranges. 

Number of Simulation Runs 

 

In a traffic simulation model, multiple repetitions of the same model are usually 

required as simulation results vary according to the random number seed used in 

each run. The random number seed is used to select a sequence of random 

numbers that are used to make numerous decisions throughout the simulation run 

under circumstances such as ‘should a vehicle be loaded on the network now or 

later’?; ‘should the driver be aggressive or timid’?; ‘which vehicle type should it 

be’?; and ‘will the driver choose the shortest path or a slightly longer one instead’? 

(FHWA, 2004). Multiple runs with different seed values allow the analyst to have 

a better sense for whether the model results accurately reflect the traffic condition 

in the real world (FHWA, 2018). However, the simulation model results can vary 

by 25% between runs and each run is different from the other (FHWA, 2004). 

Therefore, it is important to know how many model runs will be needed to 

satisfactorily determine a mean (or any other statistical value). The required 

minimum number of model repetitions is computed using the following equation 

(6.1) recommended by FHWA traffic microsimulation guidelines (2004): 

                                                                      (6.1) 

Where: 

CI (1-α) % = (1-α) % confidence interval for the true average value, where alpha 

equals the probability of the true average value not lying within the confidence 

interval. 

 

t(1-α/2), N-1 = Student’s t-statistic for the probability of a two-sided error 

summing to alpha with N-1 degrees of freedom, where N is the required number 

of repetitions. 

 

S = Standard deviation of the model results can be integrated from Eg.6.2 

 

                              𝑠2 =
∑(x−x̅)2

N−1
                                                        (6.2) 

Where: 
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s = standard deviation 

x = variable (such as delay) for which the sample variance is desired mi/h 

x̅ = average value of the variable produced by the model runs 

N = number of model runs 

 

The solutions for equation 6.1 in terms of the minimum number of repetitions for 

various desired confidence intervals and desired degrees of confidence is shown 

in Table 6.1. 

 

Table 6.1: Minimum number of repetitions needed to obtain the desired confidence 

interval (adapted from FHWA, 2004) 

Desired Range (CI/S) Desired Confidence Minimum Repetitions 

0.5 

0.5 

0.5 

99% 

95% 

90% 

130 

83 

64 

1.0 

1.0 

1.0 

99% 

           95% 

90% 

36 

23 

18 

1.5 

1.5 

1.5 

99% 

95% 

90% 

18 

12 

9 

2.0 

2.0 

2.0 

99% 

95% 

90% 

12 

8 

6 

Notes: 

1. Desired Range = desired confidence interval (CI) divided by standard deviation (S) 

2. For example, if the standard deviation in the delay is 1.5 s and the desired confidence interval is 3.0 

s at a 95-percent confidence level, then it will take eight repetitions to estimate the mean delay to 

within ± 1.5 s. 

 

Table 6.1 shows that minimum 8 repetitions will be needed to estimate the mean 

delay to be within ± 1.5 s at 95% confidence level. Generally, 10 runs using a 

different seed each time is recommended by various references (Dong et al., 

2015; Habtemichael and Santos, 2012; Cunto, 2008; Crowe, 2007; Ahmed, 2005) 
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and national guidance (FHWA, 2018; TfL, 2010). Therefore, 10 runs for each 

random seed value was used for this study.   

6.2.3  Field Data collection 

In order to properly calibrate and validate the VISSIM simulation model for this 

study, field data collection was conducted under local traffic conditions. Figure 6.2 

shows the area of data collection. The field data such as traffic volume, speed, 

and vehicle travel time within the study area of the chosen road along with 

geometric data were collected by driving a vehicle equipped with a dashboard 

camera. It should be noted that the speed limit for most of the study area is 30 

mph per hour, except the Blackbird Road from the Junction A to B is 40 mph per 

hour (as shown in Figure 6.3). Three typical weekdays were selected i.e. 

10/07/2018 (Tuesday), 11/07/2018 (Wednesday) and 12/07/2018 (Thursday) for 

data collection. For each of these days, a minimum of one hour and 30 minutes of 

data was obtained during the rush hour period in the morning (7:45am-9:15am). 

The vehicle travel time data was collected driving clockwise (start from junction A 

to B then C and D, finally back to junction A) (Figures B-1 to B-4 in Appendix B) 

both Tuesday and Wednesday and anti-clockwise (start from junction D to C then 

B and A, finally back to junction D) on Thursday (Figure 6.3). The traffic volume 

data was also collected by a surveyor standing and counting the vehicles at each 

of the junctions on each of the surveying dates. 

                     (a) (b) 

Figure 6.2: Background of study area in PTV VISSIM (Bing map aerial view) (a) 

VS Details of data collection area (b) 
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Data were collected using the ‘floating car’ method which is based on the 

frequency of citation and it is considered as the most commonly used method for 

conducting private travel time studies (Altintasi et al., 2017; Bekhor et al., 2013; 

TfL, 2010; SEMCOG, 2008; Brockfeld et al., 2007). In the floating car technique, 

the survey car driving along prescribed routes within the study area and recording 

travel times between pre-defined points at the average speed of traffic, while 

attempt to balance the number of vehicles overtaking with those being overtaken 

(TfL, 2010). In order to derive a reliable estimate of average travel time 

statistically and to show an accuracy at 95% confidence level, at least six repeated 

observations are recommended by TfL Modelling Guidelines (2010). In this study, 

approximately 15 repeat travel time observations were collected for each route 

during rush hours. The vehicle travel time and traffic volume data are presented 

in Figures B-5 to B-8 in Appendix B. 

 

 

 

Figure 6.3: View of junction A, B, C and D from the in-vehicle cameras  
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6.2.4  Baseline Model Calibration 

The process where the modeller adjusts selected input parameters that the traffic 

model is able to accurately replicate observed traffic condition such on-street 

measurements and signal timings in the field is known as model calibration 

(FWHA, 2014d; Siddharth and Ramadurai, 2013; Ge and Menendez, 2012; 

Habtemichael and Santos, 2012). Microsimulation models contain multiple 

parameters that the modeller can modify to reflect varying degrees of roadway 

condition, vehicle characteristics and driver behaviours (FHWA, 2018). In VISSIM, 

various parameters can be calibrated, the most important of which are the driving 

behaviour parameters (Lu et al., 2016; Otkovic et al., 2015; Siddharth and 

Ramadurai, 2013). The following sections describe the base model calibration that 

was conducted in two stages.  

6.2.4.1  First-Stage Calibration – System Calibration Parameters 

The first stage of the calibration is system calibration. Woody (2006) described 

the system calibration parameters to be the high-level parameters that are related 

to the assumptions of the model study area geometry, time periods, traffic 

demand, vehicle routing, and network inputs. The study area geometry includes 

road characteristics and vehicle type characteristics. The study time periods need 

to ensure that operations are being accurately modelled, otherwise the time period 

may need to be re-investigated. The field traffic demand needs to be compared 

with the results from the simulation model, and if the model shows that traffic 

volumes are too high or low, then the traffic demand may need further 

investigation. In addition, the traffic composition (i.e., % cars, HGV, buses) in the 

VISSIM model should be compared to the field data, as in some cases heavy 

vehicles can have a large impact on the overall operations which might then in 

turn impact on the outputs of the simulation model (Woody, 2006). Furthermore, 

the vehicle routing choice should be investigated if the vehicle volumes on parallel 

roads are higher or lower than expected in the model. Therefore, an Origin-

Destination (OD) Matrix estimation was calculated manually based on the traffic 

volumes through each junction (see Figure 6.4 to Figure 6.7). The OD matrix 

estimation shown in Table 6.2. 

  



155 

 

     

Figure 6.4: Traffic Volume in Junction A 

 

Figure 6.5: Traffic Volume in Junction B 
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Figure 6.6: Traffic Volume in Junction C 

 

 

 

 Figure 6.7: Traffic Volume in Junction D 
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Table 6.2: Original-Destination (OD) Matrix for Leicester model 

 

 

Overall, there were 7607 trips made in the study area in the AM peak time (07:00-

08:00am) in a day. Most of the trips were made on Groby Road (A50), Blackbird 

Road and Ravensbridge Drive. It is also noted that most of the trips were made 

along two routes (one starting from Groby Road and finishing at Ravensbridge 

Drive via Blackbird Road, and the other finishing at Woodgate). Therefore, these 

two routes were included in the next step validation. 

  

No Origin Destination O 

Woodg

ate-

Groby 

Road 

(Link 

62) 

Frosse 

Road 

North 

(Link 

21) 

Groby 

A50 

(Link 

24) 

Anstey 

Lane 

(Link 

42) 

Blackbi

rd 

Road 

ne 

(Link 

39) 

A6 ib 

(Link 

48) 

A6 ob 

(Link 

49) 

Buck 

(Link 

72) 

Link 73  

1 Woodgate

-Groby 

Road 

(Link 62) 

0 102 441 2 27 7 8 99 24 710 

2 Fosse 

Road 

North 

(Link 21) 

113 0 110 32 381 9 111 143 15 914 

3 Groby 

A50 (Link 

24) 

608 268 0 14 172 33 51 18 79 1243 

4 Anstey 

Lane 

(Link 42) 

27 101 29 0 152 533 14 0 3 859 

5 Blackbird 

Road ne 

(Link 39) 

131 499 142 178 0 184 5 0 17 1156 

6 A6 ib 

(Link 48) 

0 0 0 0 0 0 1071 0 0 1071 

7 A6 ob 

(Link 49) 

22 54 15 268 41 563 0 0 2 965 

8 Buck 

(Link 72) 

0 0 0 9 107 24 9 0 0 149 

D  

901  

 

1024 

 

737 

 

503 

 

880 

 

1353 

 

1269 

 

260 

 

140 

7067 

7067 
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6.2.4.2  Second-Stage Calibration – Operational Calibration 

Parameters 

Operational calibration parameters in VISSIM are the parameters associated with 

driver behaviour characteristics of individual vehicles. In VISSIM, the driving 

behaviour is defined through models looking at the car following behaviour, lane 

change behaviour, lateral behaviour and signal control.  

Car-Following Behaviour Parameters 

The car following model in VISSIM is based on the extensive research work by 

Wiedemann in 1974 and 1991 (Wiedemann, 1991; Wiedemann, 1974). The 

principle of the Wiedemann model is based on the assumption of that the drivers 

can be in one of following four driving modes (PTV VISSIM, 2018; Panwai and Dia, 

2005; Fellendorf and Vortisch, 2001): 

 

• Free driving model, where each driver seeks to reach and maintain his or 

her desired speed. In reality, the speed in free driving cannot be kept 

constant and will vary due to imperfect throttle control.  

• Approaching model, where the driver adapts his or her speed to the lower 

speed of the preceding vehicle. While approaching, a driver decelerates so 

that there is no difference in the moment he or she reaches the desired 

safety distance.    

• Following model, where the driver follows the preceding car without any 

conscious acceleration or deceleration. He or she keeps the safety distance 

more or less constant.  

• Brake model, where the driver applies medium to high deceleration rates if 

the distance falls below the desired safety distance. This can happen if the 

driver of the preceding vehicle changes speed abruptly or if a third vehicle 

changes lane in front of the observed driver. 

 

For each of the four driving modes, the acceleration is described as being a result 

of the current speed, speed difference, distance and the individual characteristics 

of driver and vehicle. Drivers switch from one mode to another as soon as they 

reach a certain threshold that can be described as a combination of speed 
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difference and distance. In VISSIM, four acceleration and deceleration parameters 

functions are defined as follows (PTV VISSIM, 2018): 

• Maximum acceleration is used to keep the acceleration on slopes when 

stronger acceleration is required. 

• Desired acceleration is used in all situations, in which maximum acceleration 

is not required. 

• Maximum deceleration is automatically adjusted for up and down gradients 

of the link and connector. 

• Desired deceleration is used as the upper bound of deceleration in the case 

of non-emergency. Therefore, the desired deceleration should not exceed 

the maximum deceleration. 

VISSIM simulation contains two psycho-physical perception car-following models: 

Wiedemann 99 and Wiedemann 74 (PTV VISSIM, 2018). Wiedemann 99 is more 

commonly used to model traffic on motorways while Wiedemann 74 is more 

suitable for modelling traffic in urban areas (Lu et al., 2016; Siddharth and 

Ramadurai, 2013; Ahmed, 2005). As this programme of research is mainly 

focused on the urban environment (though not in the city centre), the car following 

model that appears in this programme of research refers to the Wiededemann74 

model. Figure 6.8 shows a typical car following model of a vehicle based on 

Wiedemann 74.  

 

Figure 6.8: Wiedemann 74 Car Following Model (Wiedemann, 1974)  
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The car following model showed in Figure 6.8 are determined by the six thresholds 

as follow (Aghabayk et al., 2013): 

 

• AX – the desired distance between two stationary vehicles; 

• BX – the minimum following distance which is considered as safe 

• CLDV – the points at short distances where drivers perceive their speeds 

are higher than their lead vehicle speeds; 

• SDV – threshold of speed difference at long distances; 

• SDX – threshold of increasing distance in the following process; 

• OPDV – threshold for identifying small speed differences at short declining 

distances. 

 

 

Figure 6.9: Parameters of Widemann74 Car-Following model in VISSIM 
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Figure 6.9 is a snapshot of the VISSIM interface presenting the parameters defined 

with the Wiedemann 74 car-following model. The parameter descriptions are 

presented below (PTV VISSIM, 2018; Aghabayk, 2013): 

 

• ‘Look ahead distance’ defines the minimum and maximum distances that 

the driver of a vehicle can see forward within the same link in order to react 

to other vehicles either in front or to the side of it. 

• ‘Look back distance’ defines the minimum and maximum distances that a 

driver can see backwards within the same link in order to react to other 

vehicles behind. 

• ‘Temporary lack of attention’ (‘sleep’ parameter) defines the probability and 

time duration of when the vehicle may not react to the lead vehicle (except 

for emergency braking). 

• ‘Smooth close-up behaviour’ defines how (or if) a driver slows down when 

approaching a stationary obstacle. 

• ‘Standstill distance for static obstacles’ defines the distance that drivers 

keep while standing upstream of all static obstacles. 

• ‘Average standstill distance’ defines the average desired distance between 

two cars.  

• ‘Additive part of desired safety distance’ and ‘Multiplicative part of desired 

safety distance’ are the values for the computation of the desired safety 

distance. These are the main parameters that affect the capacity flow. 

Lane-Changing Behavioural Parameters 

Two types of lane changing models have been used in VISSIM, namely necessary 

lane change and free lane change. For necessary lane change, it considers the 

situation that a vehicle has to change its lane in order to reach the next connector 

of a route. The driving behaviour parameters in this type contain the maximum 

acceptable deceleration for the lane change vehicle and its trailing vehicle on the 

new lane. For the free lane change type, there is consideration of whether more 

space and/or a higher speed is required. The lane change behaviour will take place 

if the desired safety distance in the target lane is satisfied. The desired safety 

distance depends on the speeds of the lane changing vehicle and the trailing 

vehicle in the target lane. A snapshot of the VISSIM interface showing the 
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parameters associate with lane changing is presented in Figure 6.10. The 

parameters are briefly described below (PTV VISSIM, 2018; Aghabayk, 2013): 

 

 

Figure 6.10: Lane Change Behaviour Parameters in VISSIM 

 

• ‘General behaviour’ defines the way vehicles overtake on each lane and 

contains two options: ‘free lane selection’ and ‘slow lane rule’. Free lane 

selection has been chosen in this programme of research. 

• ‘Necessary lane change (route)’ is defined by deceleration thresholds for 

the lane changing vehicle (own) and its following vehicle in the target lane 

(trailing vehicle). There are six parameters can be modified under the 

‘necessary lane change (route)’ section.  

• ‘Waiting time before diffusion’ describes the maximum time that a vehicle 

can wait at the emergency stop distance for a necessary change of lanes. 
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• ‘Minimum Headway (front/rear)’ determines the minimum distance 

between two vehicles that should be available for a lane change in standstill 

condition. 

• ‘Safety distance reduction factor’ considers the safety distances associated 

with vehicles involved in the lane changing manoeuvre. 

• ‘Maximum deceleration for cooperative braking’ determines to what extent 

the trailing vehicle is braking cooperatively that is helping the preceding 

vehicle to change lanes onto its own lane. 

• ‘Overtake reduced speed areas’ is unselected by default. If selected, an 

upstream of a reduced speed area may perform a free lane change 

immediately. 

• ‘Advanced merging’ is selected by default and considers for any necessary 

lane change towards the next connector along the route. 

• ‘Cooperative lane change’ is selected by default, and assumes that the 

trailing vehicle will move to the other side in order to make more room for 

the lane changing vehicle in the target lane. 

• ‘Lateral correction of rear end position’ is unselected by default and this 

causes the vehicle to be aligned to the middle of the lane at the end of the 

lane change, instead of at an angle in the original lane. 

Lateral Driving Behavioural Parameters 

In VISSIM a vehicle uses the entire width of the lane by default. However, 

modellers can determine the driving behaviour and lateral behaviour, e.g., 

whether the vehicles stay to the left of a lane left, in the middle or to the right of 

the lane without specifying a lateral orientation. The parameters can be modified 

for lateral driving behaviour and are shown in Figure 6.11 and parameters 

descriptions are also given below (PTV VISSIM, 2018): 
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Figure 6.11: Lateral Behaviour Parameters in VISSIM 

 

• ‘Desired position at free flow’ defines the lateral orientation of a vehicle 

within its lane while it is in free traffic flow.  

• ‘Observe vehicles on next lane(s)’. If this option is selected, the vehicles 

consider the lateral position of other vehicles that are travelling on adjacent 

lanes. 

• ‘Collision time gain’. The default value for collision time gain is two seconds 

and collision time is calculated based on the desired speed of the vehicle. 

• ‘Overtake on same lane’ is applied for all vehicle classes that are allowed to 

be overtaken within the same lane by any vehicle on the left side, right side 

or on both sides. 

• ‘Minimal Lateral Distance’ defines the minimum distances for vehicles 

passing each other within the same lane. The distance is defined for 

standstill at 0 km/h as well as for driving at 50 km/h. 
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• ‘Exceptions for overtaking vehicles of the following vehicle classes’ defines 

the behaviour for specific vehicle classes that deviates from the default 

behaviour when overtaking vehicles on the same lane. 

 

Table 6.3: Default parameters of Wiedemann 74 model used in VISSIM (source: 

PTV VISSIM 11 User Manual) 

Type of 

Parameter 

Parameter 

Name 
Default Setting 

Recommended 

Parameter 

Range 

Parameter description 

Typical 

Parameters 

Adjusted 

during 

Calibration  

Car-

following 

behaviour 

Look ahead 

distance [m] 
0.00 m–250.00 m 

Typically not 

modified 

Minimum and maximum distance that 

a vehicle can see forward in order to 

react to other vehicles either in front or 

to the side of it (within the same link). 

No 

Look back 

distance [m] 
0.00 m–150.00 m 

Typically not 

modified 

The minimum and maximum distance 

that a vehicle can see backwards in 

order to react to other vehicles behind 

(within the same link). 

No 

Look ahead 

distance. 

Observed 

vehicles 

Arterial: 4 4 

The number of observed vehicles or 

number of certain network objects 

affects how well vehicles in the link 

can predict other vehicles' movements 

and react accordingly. 

Yes 

Smooth 

close-up 

behaviour 

Unselected 
Typically not 

modified 

If this option is checked, vehicles 

slow down more evenly when 

approaching a stationary obstacle. 

No 

Average 

standstill 

distance [m] 

2.00 m 1 to 3m 

The average desired distance between 

two cars. Higher value means larger 

standstill distance and lower capacity 

Yes 

Additive 

part of 

desired 

safety 

distance 

2.00 0.3 to 1.15m 

Value used for the computation of the 

desired safety distance. Higher value 

means larger standstill distance and 

lower capacity 

Yes 

Multiple part 

of desired 
3.00 0.6 to 1.5m 

Value used for the computation of the 

desired safety distance. Greater value 

equals greater distribution (standard 

Yes 
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safety 

distance 

deviation) of safety distance. Higher 

value means larger standstill distance 

and lower capacity. 

Lane 

Changing 

behaviour 

 Own 

Traili

ng 

Vehic

le 

   

Maximum 

Deceleration 

[m/s2] 

-4.00 

m/s2 

-3.00 

m/s2 

-4.5 to -

3.7m/s2 

(Own); 

-3.7 to -2.5 

m/s2 

(Trailing) 

 

Upper bound of deceleration for own 

vehicle. Higher absolute value means 

more aggressive lane changing 

behaviours. 

Yes 

Accepted 

Deceleration 

[m/s2] 

-1.00 

m/s2 

-1.00 

m/s2 

-0.46 to -

1.22m/s2 

(Own); 

-0.46 to -

0.76m/s2 

(Trailing) 

Lower bound of deceleration for own 

vehicle for a lane change 
No 

Waiting time 

before 

diffusion  

60s 
60.00 to 

200.00 

The maximum amount of time a 

vehicle can wait at the emergency stop 

distance for a necessary change of 

lanes 

Yes 

Minimum 

Headway 

[m] 

0.5 0.3 to 1.8 

The minimum distance between two 

vehicles that must be available after a 

lane change, so that the change can 

take place. 

No 

Safety 

distance 

reduction 

factor 

0.6 0 to 1 

During the lane change, VISSIM 

reduces the safety distance to the value 

that results from the following 

multiplication: Original safety 

distance * safety distance reduction 

factor. 

No 

Max. 

Deceleration 

for 

Cooperative 

-3 -5 to -1 
Specifies to what extent the trailing 

vehicle is braking cooperatively. 
No 
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Braking 

[m/s2] 

Advanced 

merging 
Selected 

Adjust to 

match field 

conditions 

If this option is selected, more 

vehicles can change lanes earlier, 

therefore capacity increases. 

Yes 

Cooperative 

lane change 
Unselected  

Adjust to 

match field 

conditions 

If this option is selected, trailing 

vehicles will make necessary lane 

change to facilitate the lane change of 

a leading vehicle. 

Yes 

General 

behaviour 

Free lane 

selection 

Free lane 

selection or 

Slow lane rule 

Free lane selection: vehicles may 

overtake on each lane 
No 

Lateral 

behaviour 

Desired 

position at 

free flow 

Middle of lane 
Typically not 

modified 

Lateral orientation of a vehicle within 

its lane while it is in free traffic flow. 
No 

Keep lateral 

distance to 

vehicles on 

next lane [s] 

Unselected 
Typically not 

modified 

If this option is selected, the vehicles 

consider the position and therefore 

the lateral orientation of vehicles on 

adjacent lanes and keep the Lateral 

min. distance. 

No 

Minimum 

lateral 

distance 

standing [m] 

0.2m 
Typically not 

modified 

Minimum distance between vehicles 

when overtaking within the lane and 

keeping the distance to vehicles in the 

adjacent lanes. 

No 

Minimum 

longitudinal 

speed [km/h] 

3.60 km/h 
Typically not 

modified 

Minimum longitudinal speed which 

still allows for lateral movements. 
No 

Overtake on 

same lane 
Unselected 

Typically not 

modified 

When modelling traffic that is not 

lane-bound, you can allow vehicles to 

overtake within a lane. Left: vehicles 

are allowed to overtake on a lane to the 

left; 

Right: vehicles are allowed to No 

overtake on a lane to the right. 

No 

 

Table 6.3 summarises all three driving behaviour parameters in this programme 

of research, including the value of default parameters and recommended range 

by PTV VISSIM (PTV VISSIM, 2018). It is noted that the typical parameters which 
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need to be adjusted (as recommended by PTV VISSIM) during the calibration are 

below:  

• Look ahead distance for observed vehicles, average standstill distance, 

additive part of desired safety distance, and multiple part of desired safety 

distance in the car following model; 

• Maximum deceleration, waiting time before diffusion, advanced merging, 

and cooperative lane change in the lane change model; 

• |There are no parameters are recommended to adjust in the lateral 

behavioural model. 

 

These typical parameters will need to be tested to find out which parameter(s) 

would have the greatest impact to the model. The detail of this process will be 

presented in the next section. 

6.2.4.3  Sensitivity Analysis 

VISSIM uses a large number of parameters. According to Ge and Menendez (2012), 

there are total of 192 parameters which would affect driving behaviour and 

calibrating all of these parameters will be unrealistic and time consuming. Only a 

limited number of parameters will need to be calibrated due to time and resource 

limitations. Therefore, it is crucial to find out which key parameters would be 

affecting the model in a significant way. This process is called sensitivity analysis. 

The sensitivity analysis aims to explore the relationship between the outcome and 

parameter assumptions, and a proper sensitivity analysis can be very valuable for 

the subsequent calibration process and may reduce the total efforts needed during 

the model calibration (Ge and Menendez, 2012). 

  

However, there is no formal procedure for selecting parameters which would have 

a significant effect on the model results. A few authors have conducted and 

presented the sensitivity analysis in VISSIM calibration. Woody (2016) conducted 

a sensitivity analysis on driving behaviour parameters of VISSIM and attempted 

to identify the impact of car-following parameters and lane-changing parameters 

on capacity. However, this work was focused on a motorway environment which 

means that the Wiedemann 99 car-following model was chosen rather than the 

Wiedemann 74 model. Ge and Menendez (2012) conducted a sensitivity analysis 
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by using the technique of quasi-Optimized Trajectory approach based Elementary 

Effects (quasi-OTEE) to identify the parameters that are most influential a large-

scale road network in Zurich. Next, Siddharth (2013) carried out a sensitivity 

analysis by using ANOVA and Elementary Effects methods to find the sensitivity 

parameters during VISSIM calibration. A study by Cunto and Saccomanno (2008) 

undertook a variance-based sensitivity analysis approach to identify the 

parameters that most influential safety performance during the VISSIM calibration. 

Another safety related study conducted by Habtemichael and Santos (2012) 

carried out sensitivity analysis combined with SSAM (Surrogate Safety 

Assessment Model) to detect the most influential parameters for safety impact. 

 

For this programme of research then, based on previous similar research 

experience from the literature (Lu et al., 2016; Otkovic et al., 2015; Siddharth, 

2013; Ge and Menendez, 2012; Habtemichael and Santos, 2012) and 

recommendations from PTV VISSIM, 11 driving behaviour parameters have been 

chosen for sensitivity analysis and shown in Table 6.4.  

Table 6.4: The proposed parameters for the sensitivity analysis 

No Parameters Default Range 

1 Average standstill distance (m) 2 [1, 3] 

2 Additive part of desired safety distance 2 [0, 4] 

3 Multiple part of desired safety distance 3 [1, 5] 

4 Max Deceleration (Own) (m/s2) -4 [-6, -2] 

5 Max Deceleration (Trailing) (m/s2) -3 [-5, -1] 

6 Accepted Deceleration (Own) (m/s2) -1 [-1.5, -0.5] 

7 Accepted Deceleration (Trailing) (m/s2) -1 [-1.5, -0.5] 

8 Minimum Headway (m) 0.5 [0.3, 1.0] 

9 Waiting time before diffusion (s) 60 [10, 200] 

10 Safety Distance Reduction Factor 0.6 [0, 1] 

11 Max. Deceleration for Cooperative Braking 

(m/s2) 

-3 [-5, -1] 
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VISSIM has the ability to produce several numerical measures of effectiveness 

(MOEs) as outputs, such as travel time, number of stops, queue lengths, emissions 

as well as vehicle conflicts for SSAM. As one of the objectives for this programme 

of research is to evaluate the safety impact, the sensitivity analysis was conducted 

by using vehicle conflicts as the MOEs to determine which parameters have the 

greatest influence on vehicle conflicts. And this aspect of the work was based on 

the approach proposed by Habtemichael and Santos (2012). 

6.2.4.4  Sensitivity Analysis Results 

The sensitivity analysis for proposed parameters was conducted by setting the 

maximum and minimum values for each parameter with intermediate values in 

between the maximum/minimum and the default values based on the previous 

study and the PTV’s recommendation.  

 

The sensitivity analysis was conducted based on the principle of ‘one at a time’ 

where only one value of parameter was changed while the remaining parameters 

were kept at their default values. Each simulation has been run for 10 times with 

5 different random seed numbers which allows replicating the stochastic nature of 

traffic flow. All simulation runs were conducted at the finest simulation resolution 

of 0.1 second which is 10 simulation steps per second. In total, 2,250 simulation 

runs were conducted for sensitivity analysis in this study (10x5 base models + 

10x5x3x4 car-following parameters + 10x5x8x4 lane-changing parameters). 

 

Summary of sensitivity analysis of proposed parameters on safety of simulated 

vehicles and the average travel time are presented in Table 6.5 and Table 6.6. 

The increase and decrease in the number of simulated vehicle conflicts compared 

with the respective baseline models is presented categorically in term of total 

conflicts and travel time. Student’s t-test was conducted to test if there is a 

significant change in the number of total simulated vehicle conflicts at 95% 

confidence level. 
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Table 6.5: Summary of sensitivity analysis on VISSIM car-following parameters 

(t – critical of 1.676) 

Car-following 

Parameters 

Values Total 

Vehicle 

conflicts 

% change 

compare 

to base 

mode 

t-test 

value 

Significan

ce 

Average 

Travel 

time (Sec) 

% change 

in travel 

time 

Base-model Default 2590 _ _ _ 178.11 _ 

 

Average standstill 

distance (m) 

(Default: 2) 

1.0 3185 25% 8.99 Yes 156.12 -12.34% 

1.5 2807 8.41% 3.36 Yes 164.16 -7.83% 

2.5 2524 -2.21% -0.56 No 211.59 18.80% 

3.0 2338 -9.73% -2.53 Yes 219.42 23.19% 

 

Additive part of desired 

safety distance 

(Default: 2) 

1.0 2557 -1.26% -0.48 No 161.01 -9.60% 

1.5 2545 -1.72% -0.65 No 172.52 -3.14% 

3.0 2645 2.15% 0.55 No 198.02 11.18% 

4.0 2762 6.65% 1.39 No 225.42 26.56% 

 

Multiple part of desired 

safety distance 

(Default: 3) 

1.0 2578 -0.45% -0.16 No 166.12 -6.73% 

2.0 2560 -1.12% -0.40 No 170.10 -4.50% 

4.0 2630 1.55% 0.33 No 195.50 9.76% 

5.0 2719 4.99% 1.26 No 209.73 17.75% 

 

In Wiedemann 74, safety distance of simulated vehicle is calculated from the 

equation below (PTV VISSIM, 2018): 

𝑑 = 𝑎𝑥 + 𝑏𝑥 (6.3) 

Where: 

𝑎𝑥: average desired standstill distance between two cars 

𝑏𝑥 = (𝑏𝑥𝑎𝑑𝑑 + 𝑏𝑥𝑚𝑢𝑙𝑡 ∗ 𝑧) ∗  √𝑣 (6.4) 

𝑏𝑥: the additional desired distance for moving vehicles 

𝑣: vehicle speed [m/s] 



172 

 

𝑧: is a value of range (0.1), which is normally distributed around 0.5 with a standard 

deviation of 0.15. 

 

Table 6.5 summarises the sensitivity analysis of VISSIM’s car-following 

parameters on safety impacts in the number of simulated vehicle conflicts and 

average travel time. It can be observed that the parameter of ‘Average standstill 

distance’ has the greatest influence on safety of simulated vehicles and average 

travel time. For safety aspect, smaller value of ‘Average standstill distance’ has 

the highest impact as the safety distance is substantially decreased. For example, 

for value of 1.0m, an increase of 25% in simulated vehicle conflicts was observed. 

For travel time indicators, higher values of the variable ‘Average standstill distance’ 

results in larger standstill distance and lower capacity, which means more travel 

time is needed. An increase of 19% and 23% for travel time was noted for values 

of 2.5m and 3.0m respectively.  

 

The remaining two parameters, ‘Additive part of desired safety distance’ and 

‘Multiple part of desired safety distance’ are found to have insignificant impact on 

safety of simulated vehicles. However, these two parameters have significant 

impact on change in average traffic time by as much as 27%. Same as the 

parameter of the ‘Average standstill distance’, high values for both ‘Additive part 

of desired safety distance’ and ‘Multiple part of desired safety distance’ have larger 

standstill distance and lower capacity, therefore more travel time is needed. An 

increase of 11%, 27% and 10%, 18% for travel time was noted for values of 3.0, 

4.0 and 4.0, 5.0 for ‘Additive part of desired safety distance’ and ‘Multiple part of 

desired safety distance’ respectively. This is in line with the findings of previous 

research where ‘Additive part of desired safety distance’ and ‘Multiple part of 

desired safety distance’ with ‘Average standstill distance’ were identified as the 

most critical parameters for change in travel time and capacity in urban roadway 

(Muhan et al, 2013; Siddharth and Ramadurai, 2013; Ge and Menendez, 2012). 
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Table 6.6: Summary of sensitivity analysis on VISSIM lane-changing parameters 

(t – critical of 1.676) 

Car-following 

Parameters 

Values Total Vehicle 

conflicts 

% change 

compare to 

base mode 

t-test 

value 

Signifi

cance 

Average 

Travel 

time 

(Sec) 

% 

change 

in travel 

time 

Base-model Default 2590 - - - 178.11 - 

 

Maximum Deceleration –

Own (m/s2) 

(Default: -4) 

-6.00 2577 -0.49% -0.15 No 178.46 0.20% 

-5.00 2561 -1.10% -0.35 No 178.22 0.06% 

-3.00 2652 2.39% 0.75 No 184.76 3.73% 

-2.00 2752 6.25% 1.82 Yes 182.46 2.44% 

 

Accepted Deceleration - 

Own (m/s2) 

(Default: -1) 

-1.50 2590 0.00% 0 No 178.11 0% 

-1.25 2590 0.00% 0 No 178.11 0% 

-0.75 2590 0.00% 0 No 178.11 0% 

-0.50 2590 0.00% 0 No 178.11 0% 

 

Maximum Deceleration -

Trailing (m/s2) (Default: -

3) 

-5.00 2615 0.96% 0.27 No 183.97 3.29% 

-4.00 2613 0.92% 0.32 No 180.43 1.30% 

-2.00 2631 1.58% 0.43 No 179.56 3.49% 

-1.00 2635 1.74% 0.59 No 185.24 0.81% 

 

Accepted Deceleration -

Trailing (m/s2) (Default: -

1) 

-1.50 2584 -0.23% -0.08 No 179.16 0.59% 

-1.25 2588 -0.07% -0.02 No 178.31 0.11% 

-0.75 2590 0.00% 0 No 178.11 0% 

-0.50 2590 0.00% 0 No 178.11 0% 

 

Minimum Headway front-

rear (m) 

(Default: 0.5) 

0.30 2591 0.21% 0.06 No 179.43 0.74% 

0.40 2570 -0.76% -0.22 No 181.48 1.89% 

0.70 2574 -0.59% -0.21 No 181.24 1.76% 

1.00 2597 0.27% 0.08 No 182.04 2.21% 

 

Waiting time before 

diffusion (s) 

(Default: 60) 

10 2536 -2.05% -0.63 No 183.10 2.80% 

100 2569 -0.81% -0.27 No 177.27 -0.47% 

150 2559 -1.19% -0.38 No 177.27 -0.47% 

200 2568 -0.83% -0.27 No 177.27 -0.47% 

Safety Distance Reduction 

Factor (Default: 0.6) 

(Default: 0.6) 

0.10 2550 -1.51% -0.49 No 176.30 -1.02% 

0.35 2495 -3.65% -1.14 No 179.28 0.66% 

0.80 2719 4.98% 1.43 No 183.52 3.04% 

1.00 2741 5.83% 1.86 Yes 182.93 2.71% 

 

Max. Deceleration for 

Cooperative Braking 

(m/s2) (Default: -3) 

-5.00 2582 -0.30% -0.10 No 178.38 0.15% 

-4.00 2572 -0.70% -0.23 No 175.86 -0.13% 

-2.00 2697 4.14% 1.23 No 183.05 2.77% 

-1.00 2880 11.23% 3.51 Yes 181.85 2.10% 
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Table 6.6 shows the summary of sensitivity analysis of VISSIM’s lane-changing 

parameters on safety impacts in the number of simulated vehicle conflicts and 

average travel time. It can be seen that the most influential parameters related 

to lane-changing for safety of simulated vehicles are the ‘Maximum Deceleration 

– Own’, ‘Safety Distance Reduction Factor’ and ‘Max. Deceleration for Cooperative 

Braking’. As expected, smaller the value of the parameter ‘Maximum Deceleration 

– Own’ is, more aggressive the vehicles are. The rest of the parameters were 

found to have no significant impacts on safety of simulated vehicles. For travel 

time aspect, all of the parameters were found to have no significant influence on 

the change in travel time of the network. 

 

The results from Table 6.5 and 6.6 show that parameters of ‘Average standstill 

distance’, ‘Additive part of desired safety distance’ and ‘Multiple part of desired 

safety distance’ for car-following behaviour and parameters of ‘Maximum 

Deceleration - Own’, ‘Safety Distance Reduction Factor’ and ‘Max. Deceleration for 

Cooperative Braking’ for lane-changing behaviour have higher impact for safety 

on simulated vehicles than the other parameters (see Table 6.7).  

 

Table 6.7: Summary of the most influential parameters 

Parameter Name Defaults Value Range 

Average standstill distance (m) 2 [1, 3] 

Additive part of desired safety distance 2 [1, 4] 

Multiple part of desired safety distance 3 [1, 5] 

Maximum Deceleration –Own (m/s2) -4 [-6, -2] 

Safety Distance Reduction Factor 0.6 [0, 1] 

Max. Deceleration for Cooperative Braking (m/s2) -3 [-5, -1] 
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6.2.5 Baseline model Validation 

Validation is a process of comparing model output with field counts to determine 

how closely the simulation model replicates the real-world field condition (Woody, 

2006). According to TfL (2010) and FWHA (2004), the purpose of validation is to 

verify that a simulation model has been correctly calibrated and capable for 

producing valid predictions for next stage proposed scenarios.  

6.2.5.1  Selection of Measures of Effectiveness (MOEs) 

FHWA (2004) defined the Measure of Effectiveness (MOEs) are ‘the system 

performance statistics that best characterize the degree to which a particular 

alternative meets the project objectives’. Therefore, during validation choosing 

appropriate MOEs for comparing simulated value and filed value is crucial. The 

type and number of MOEs chosen is dependent on the size of a model, the scope 

of project, traffic control, roadway congestion level, the availability and quality of 

data, and the capability of the microsimulation software (FHWA, 2018). Typical 

validation MOEs including vehicle travel time, vehicle speeds, vehicle acceleration 

rates, delay time and queue lengths etc. In VISSIM the available MOEs are vehicle 

travel time, speed, number of stops, intersection delay, queue lengths, emissions, 

trajectory data for SSAM, and signal control statistics. According to FHWA (2018) 

traffic modelling guidelines, the MOEs have primary or secondary designation. The 

primary MOEs include travel times, spot speeds, segment speeds and intersection 

queue lengths. The secondary MOEs include intersection queue lengths, delay, 

lane utilisation and other MOE that a project need to approval based on available 

data. Table 6.8 presents both primary and secondary MOE designations from 

FHWA modelling guidelines.   
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Table 6.8: Summary of MOEs for Model Validation (adapt from FWHA, 2018) 

Metric (MOE) MOE Designation 

Summary of MOEs 

for Model Validation 

 

• 3 to 4 Primary 

• 2 to 3 

Secondary 
 

Link and/or Turning Movement 

Volumes 
Required for all projects 

Segment Speeds Primary 

Spot Speeds Primary 

Travel Times Primary 

Intersection Queues Primary or Secondary 

Lane Utilization Secondary 

Weaving Volumes Secondary 

Density Secondary Upon Approval 

Intersection Delay Secondary Upon Approval 

Bottleneck Locations Secondary Upon Approval 

Throughput Secondary Upon Approval 

Capacity Secondary Upon Approval 

Routing Secondary Upon Approval 

Others Secondary Upon Approval 

 

Based on the guidance provided by TfL (2010), FHWA (2018) and the previous 

research works (Dong et al., 2016; Essa, 2008), the MOEs chosen for this study 

are traffic volume (traffic flow) and average travel times (journey time). 

6.2.5.2  Traffic flow and Journey time Validation  

FHWA (2018) indicated that traffic volume validation on the roadway link level 

and/or the turning-movement level for each microsimulation model is crucial. The 

validation for this study was based on the method recommended in the Design 
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Manual for Roads and Bridges, Volume 12.2.1 (DMRB, 1996). It provides the 

validation criteria and statistical performance indicators for the following:  

• Assigned and counted flows on individual links; 

• Assigned and counted flows making turning movements at key junctions 

(Junction A, B, C and D); and 

• Modelled and observed journey time along routes. 

 

The validation criteria and acceptability guidelines for link flows, turning 

movements and journey time are presented in Table 6.9. 

 

Table 6.9: DMRB Validation Criteria (DMRB, 1996; TfL, 2010) 

Criteria and Measures Acceptability Guideline 

 

Hourly Flows*, Model Versus Observed 

 

1. Individual flows within 15%, for 700 vph < flow < 2700 vph 

2. Individual flows within 100 vph, for flow < 700 vph 

3. Individual flows within 400 vph, for flow > 2700 vph 

 

4. Total screenline flows (normally > 5 links) to be within 5% 

 

  
5. GEH statistic **: 

• individual flows: GEH < 5 

• screenline totals: GEH < 4 
 

Notes: 

* links and turning movements (see paragraph 4.4.37 in DMRB 12.2.1) 

** See paragraph 4.4.2 in DMRB 12.2.1 

 

 

 

> 85% of cases 

> 85% of cases 

> 85% of cases 

 

All (or nearly all) screenlines 

 

 

 

> 85% of cases 

All (or nearly all) screenlines 

 

 

Modelled journey times compared with observed times 

 

6. Journey times within 15% (or 1 minute, if higher) 

 

 

 

> 85% of routes 

 

The Geoff Havers (GEH) statistic is a standard measure of the ‘goodness of fit’ 

between observed flows and modelled flows. The GEH statistic is calculated as 

follows (TfL, 2010):  

𝐺𝐸𝐻 = √
2(𝑀−𝐶)2

𝑀+𝐶
 (6.5) 

Where: 
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M is the traffic volume from the traffic model (vehicles per hour) 

C is the real-world traffic count (vehicles per hour) 

 

There: 

GEH <5.0: Considered a good match between the modelled and observed traffic 

volumes; 

5.0<GEH <10: The traffic flow may require further investigation; 

GEH>10: There is a high probability that there is a problem with either the travel 

demand model or the data, and traffic flow cannot be considered a good fit. 

Traffic Flow Validation Results 

VISSIM has a useful feature called the ‘node evaluation’ and all critical junctions 

can be defined as nodes, ‘node evaluation’ can assist with traffic flow validation 

(TfL, 2010). The traffic flows for four junctions i.e. A, B C and D have been 

validated within the morning peak time (08:00-09:00). The results are 

summarised in Table 6.10 to Table 6.13. 

 

Table 6.10: Base Model Entry Flow Validation for Junction A – AM Peak (No of 

Vehicles) 

AM Peak (08:00-09:00) 

Zone Location Observed Modelled Difference GEH Flow Criteria 

 

 

 

Junction A 

Groby Road 742 723 -19 0.70 Pass 

Buckminster 

Road 

260 248 -12 0.75 Pass 

Blackbird Road 951 939 -12 0.39 Pass 

Woodgate 1059 1075 16 0.49 Pass 

Fosse Road North 1042 1041 -1 0.03 Pass 
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Table 6.11: Base Model Entry Flow Validation for Junction B– AM Peak (No of 

Vehicles) 

AM Peak (08:00-09:00) 

Zone Location Observed Modelled Difference GEH Flow Criteria 

Junction B 

Anstey Lane 497 532 35 1.54 Pass 

Blackbird Road ne 815 895 80 2.74 Pass 

Blackbird Road sw 1043 1049 6 0.19 Pass 

Ravensbridge 

Drive 
912 918 6 0.20 Pass 

 

Table 6.12: Base Model Entry Flow Validation for Junction C– AM Peak (No of 

Vehicles) 

AM Peak (08:00-09:00) 

Zone Location Observed Modelled Difference GEH Flow Criteria 

Junction C 

Abbey Gate 160 171 11 0.86 Pass 

St Margaret ’ s 

Way 
777 806 29 1.03 Pass 

Ravensbridge 

Drive 
462 451 -11 0.63 Pass 

 

Table 6.13: Base Model Entry Flow Validation for Junction D– AM Peak (No of 

Vehicles) 

AM Peak (08:00-09:00) 

Zone Location Observed Modelled Difference GEH Flow Criteria 

Junction D 

Abbey Gate 113 109 -4 0.38 Pass 

Woodgate 662 690 28 1.08 Pass 

Frog Island 1135 1070 -65 1.96 Pass 
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Journey Times Validation Results 

Journey time validation was surveyed by using the floating car method and the 

routes were chosen for validation in both clockwise and anticlockwise direction as 

showed in Figure 6.12.  

 

 

Figure 6.12: Journey Time Validation Routes 

 

The journey times routes used in the validation were identified by using OD Matrix 

estimation and four routes have been chosen for validation. Two routes are 

clockwise and the other two are anticlockwise and described as below: 

 

• Route 1 (A-B-C-D): Starts from Blackbird Road in junction A and finishes at 

Abbey Gate at junction D via junction B and junction C; 

• Route 2 (C-D-A): Starts from Abbey Gate at junction C and finishes at Groby 

Road at junction A via junction D; 

• Route 3 (C-B-A): Starts from Ravensbridge Drive at junction C and finishes 

at Blackbird Road at junction A via junction B; 

• Route 4 (B-A-D): Starts from Blackbird Road at junction B and finishes at 

Groby Road at junction D via junction A. 
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The observed average journey time for those four routes have been compared to 

the simulation modelled average journey time in accordance with the criteria 

outlined in Table 6.14. 

 

Table 6.14: Base Model Journey Time Validation – AM Peak 

AM Peak (08:00-09:00) 

Direction Route Observed 

Travel 

Time (Sec) 

Modelled 

Travel 

Time (Sec) 

Difference 

(Sec) 

% 

Difference 

Criteria Distance 

(m) 

 

Clockwise 

Route 1 (A-B-C-

D) 

206 215.88 9.88 4.80% Pass 1037 

Route 2 (C-D-A)  113 116.72 3.72 3.29% Pass 568 

 

Anticlockwise 

Route 3 (C-B-A) 107 114.90 7.90 7.38% Pass 751 

Route 4 (B-A-D) 114 116.77 2.77 2.43% Pass 690 

 

Table 6.14 shows that the journey time for modelled and observed for all four 

routes are similar. 

 

 

Figure 6.13: Four Routes Journey Time Plot - AM  
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Figure 6.13 shows all four routes’ journey time to be within the 15% difference 

and meet the DMRB guideline criteria.  

 

The whole procedure for calibration and validation is shown in Figure 6.14. 

 

 

 

 

Figure 6.14: Base Model Calibration and Validation Flowchart 

6.2.6  Summary  

In summary, the base model has been successfully calibrated and validated for 

the AM peak periods. First, field traffic data survey was conducted in order to have 
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a proper calibration and validation for the base model. Then, the most influential 

parameters were identified using sensitivity analysis. Finally, the validation 

process was carried out by checking the traffic flow and vehicle journey time. The 

traffic flow has met the DMRB requirement of validating for flows in less than a 5 

GEH statistic value during the AM peak time. The vehicle journey time also met 

the required 85% DMRB criteria, with 100% of the routes being within 15% of the 

observed journey time and 100% of the routes being within 60 seconds. This 

demonstrates that the ‘floating car ‘methods is a robust and efficient method for 

the required travel time data collection. As a result, the base model for this study 

is considered to realistically represent the real-world conditions and can be used 

for further scenarios development and evaluation. 

 Model Development 

This section describes what was implemented based on calibrated and validated 

base model in order to develop various scenarios such as simulation parameters, 

vehicle type/class, driving behaviour, vehicle composition and vehicle functions. 

6.3.1 Modelling Approach in PTV VISSIM 

As discussed in the previous chapter, in order to evaluate the impacts of 

CV/AV/CAV in urban environment, a total of 108 scenarios have been developed 

in this study.  This sub-section describes how to set parameters, vehicle function 

and driving behaviours in PTV VISSIM.  

6.3.1.1 Input Parameters 

PTV VISSIM Version 11 has been used for these simulations. As discussed in 

previous section, the base model has been calibrated and validated using the real 

data collected during the morning peak hour (08:00-09:00), therefore, the 

duration of simulation run was set as one hour (i.e. 3,600 seconds). A 15 min 

(900 seconds) warm-up time and 30 min (i.e. 1,800 seconds) cool-down time 

were added in the simulation run which allows the vehicles to have extra time to 

enter the network and leave the network. The total simulation time is therefore 

calculated as 900+3600+1800=6300 s. The start time for simulation is set at 
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07:45 am (Figure 7.15). It is noted that the 900 seconds warm-up time and 1,800 

seconds cool-down time were excluded from the results. The simulation resolution 

was a parameter that affects the vehicle behaviour and how they interact in the 

network. The default value is 10 time-steps per simulation second which allows 

vehicle move smoothly (PTV VISSIM, 2018).  

 

 

Figure 6.15: Simulation Parameters in PTV VISSIM 

 

In order to eliminate stochastic discrepancy (TfL, 2010; FHWA, 2004), each 

scenario was designed to run 10 independent runs with 5 different numbers of 

seeds to allow replicating the stochastic nature of traffic flow in the simulation, as 

shown in Table 6.15. The 5 random seeds were chosen by conducting the Python 

programme through the VISSIM scrips function from the range between 1 and 

231 − 1 (2,147,483,647). The 5 random seeds are presented in Table 6.15.    
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Table 6.15: The setting of random seed for simulation run  

Random 

seed No 

Random seeds Number of 

runs 

Start Time Finish Time Simulation 

Period (sec) 

1 42 10 07:45:00 09:30:00 6300 

2 238800836 10 07:45:00 09:30:00 6300 

3 765124801 10 07:45:00 09:30:00 6300 

4 1137022829 10 07:45:00 09:30:00 6300 

5 143868344 10 07:45:00 09:30:00 6300 

 

As there were 108 scenarios, in total, 5,450 simulation runs were conducted and 

2,200 hours of computing runtime were spent on this study (10x5x1 base models 

+ 10x5x108 scenarios). In order to limit the simulation time, a Python script was 

written and the ‘QuickMode’ was also activated, as shown in Figure 6.16.    

 

 

Figure 6.16: Python script for simulation run  
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6.3.1.2  Vehicle Type and Class 

In PTV VISSIM, there is a function that allow users to define their own type of 

vehicle and then classify these vehicles in the vehicle class. In this study, eight 

types of vehicles have been defined as follows (Figure 6.17): 

 

 

• Manual vehicle (MV); 

• Connected vehicle (CV); 

• Autonomous vehicle (AV); 

• Connected and autonomous vehicle (CAV); 

• Heavy good vehicle (HGV); 

• Heavy good vehicle for connected vehicle (HGV-CV); 

• Heavy good vehicle for autonomous vehicle (HGV-AV); 

• Heavy good vehicle for connected and autonomous vehicle (HGV-CAV); 

 

Each type of vehicles was defined by specifying its own technical features such as 

desired speed/acceleration/deceleration and maximum 

speed/acceleration/deceleration.  The details of these technical features are 

presented in next section. An example of AV type and class are shown in Figures 

6.18 and 6.19.  
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Figure 6.17: Vehicle Type/Vehicle class for simulation model 

 

Figure 6.18: Example of AV type  
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Figure 6.19: Example of vehicle function of AV type  

6.3.2 Vehicle Acceleration and Deceleration Functions 

In VISSIM, there are four types of functions as follows: 

• Maximum acceleration; 

• Maximum deceleration; 

• Desired acceleration; and 

• Desired deceleration.  

The detailed explanation for each of the functions has already been presented in 

the previous section. These functions are used to represent the range of driver 

behaviours and can be modified by a user for their purpose (Figure 6.20).  
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Figure 6.20: Screenshot of vehicle function in PTV VISSIM  

Each of the functions consists three curves representing the minimum, mean and 

maximum values of its rates. The function of a manual vehicle involves a range of 

stochastic values of acceleration and deceleration which is replicated through a 

distribution curve as shown in Figure 6.21. The horizontal scale represents vehicle 

speeds and the vertical scale represents the acceleration value, the middle curve 

is for median values where the two boundary curves define the bandwidth values 

(Appiah et al., 2012; PTV VISSIM, 2018; Hamad, 2019). It should be noted that 

the CV was created based on the function of manual vehicle. The only difference 

is that a CV is able to communicate with each other and the function of connectivity 

is presented in following section.  

As autonomous vehicles are expected to have a consistent function automatically, 

an assumption has been made that there is not any necessary distribution for AV 

and CAV (also HGV-AV and HGV-CAV). Therefore, the two stochastic boundary 

curves were deleted. This means that AV/CAV and HGV-AV/HGV-CAV are assumed 

to have consistent value for each function (as demonstrated in Figures 6.21 to 

6.24).  The detailed functions with exact values for each of the vehicle types are 

provided in Appendix C.   
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Figure 6.21: Example of max acceleration for MV/CV and AV/CAV in VISSIM  

 

 

Figure 6.22: Example of desired acceleration for HGV/HGV-CV and HGV-

AV/HGV-CAV in VISSIM 
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Figure 6.23: Example of max acceleration for MV/CV and AV/CAV in VISSIM 

-

 

Figure 6.24: Example of desired deceleration for MV/CV and AV/CAV in VISSIM 

6.3.3 Vehicle Desired Speed Distribution 

Desired speed is a speed that is chosen by a vehicle if not hindered by other 

vehicles or traffic control devices and it is represented by a cumulative distribution 

curve to show its stochastic nature (Essa, 2015). The desired speed distribution is 

a critical parameter in VISSIM as it can affect the road capacity and travel times 

significantly (PTV VISSIM, 2018). It can be assumed that the variation of the 

desired speed distribution for a human driver would be much larger than an AV or 

CAV due to the functionality of AVs/CAVs having much more precise throttle 
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control (Morando et al., 2018). To define a desired speed distribution, at least two 

intermediate points are needed to add to the curve to achieve an S-shaped 

distribution (PTV VISSIM, 2018). Figure 6.25 shows an example of the desired 

speed distribution function at 30 mph for manual vehicle/connected vehicle 

(MV/CV) and autonomous vehicle/connected and autonomous vehicle (AV/CAV). 

The horizontal axis presents the desired speed and the vertical axis presents the 

proportional value from the total vehicle count (PTV VISSIM, 2018). Figure 6.26 

shows the desired speed distribution for HGV/HGV-CV and HGV-AV/HGV-CAV at 

40mph. 

 

Figure 6.25: Example of desired speed distribution for MV/CV and AV/CAV at 

30mph in VISSIM 

 

Figure 6.26: Example of desired speed distribution HGV/HGV-CV and HGV-

AV/HGV-CAV at 40mph in VISSIM 
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The speed distribution profiles (i.e. 20/30/40mph) used in the study for manual 

vehicles have been extracted from the Department for Transport National vehicle 

free flow speed on built-up roads statistics data (DfT, 2017) (more detail see 

Appendix D). As AV and CAV are expected to travel at a more constant speed in 

a free flow condition than human drivers, the assumption was made that AV and 

CAV travel in a steady speed. More Figures with desired speed distribution for each 

vehicle type are provided in Appendix C. 

6.3.4   Driving Behaviours and Link Behaviour Type  

The driving behaviours for manual vehicle have been discussed in baseline model 

calibration and validation section. This section presents the driving behaviours for 

CV/AV/CAV which are developed based on the driving logics supported by data 

from the PTV VISSIM and the CoEXist project. CoEXist is an ongoing European 

project which aims at preparing the transition phase during which automated and 

conventional vehicles will co-exist on urban roads. There are four cities involved 

in this projects, i.e. Helmond (NL), Milton Keynes (UK), Gothenburg (SE) and 

Stuttgart (DE) (CoEXist, 2019). 

 

In CoExist project, four different driving logics for autonomous vehicles (AVs) have 

been defined as follows (Dahl et al., 2018; PTV VISSIM, 2018): 

 

• The rail safe driving logic describes the behaviour of a train on track. 

The vehicle keeps enough safety distance to be able to brake without 

causing accidents at any time, it is called the brick wall stop distance. Such 

behaviour is more adapted to closed or low speed environments (such as 

harbours, factories and urban areas). 

• The cautious driving logic describes the behaviour that the vehicle 

respected the road-code and always adopts a safety distances that leading 

to bigger gaps than an average human driver would use. Unlike the rail safe 

driving logic, the vehicle takes into account only what is happening on its 

path and not the whole surrounding environment. 

• The Normal driving logic describes behaviour that is very similar to a 

human driver with the additional capacity of measuring distances and 
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speeds of the surrounding vehicles which leads to a higher road safety than 

with human drivers. 

• The All-knowing driving logic describes the behaviour with perfect 

perception and prediction to achieve the best possible performances such 

as keeping much smaller but safe gaps for all manoeuvres and a 

cooperative-like behaviour. 

 

Cautious, Normal and All-knowing driving logics are considered applicable for this 

study and therefore selected. Figures 6.27 to 6.29 show the screenshots of driving 

behaviour categories and an example of AV driving behaviour page in VISSIM 

interface for this study.  

 

Figure 6.27: A screenshot of driving behaviours used in this study 
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Figure 6.28: A screenshot of AV all-knowing car following driving behaviour  

 

Figure 6.29: A screenshot of AV all-knowing lane change driving behaviour 
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It should be noted that each vehicle class is assigned with a driving behaviour, 

and the vehicle class is linked to the driving behaviour via the link behaviour type 

which is shown on Figure 6.30. 

 

Figure 6.30: Link behaviour type/driving behaviours by vehicle class 

 

Each of the driving behaviours has its own parameters, e.g., lane changing 

parameters and lateral movement parameters. There have been a number of 

publications of empirical data on the parameters suitable for AV and CAVs. The 

parameters selected for this study are primarily based on the study of PTV Group’s, 

CoEXist project and Atkins project (Dahl et al., 2018; PTV VISSIM, 2018; DfT, 

2016). The CV, AV and CAV features and driving behaviour parameters such as 

following behaviour, lane changing behaviour, lateral behaviour and connectivity 

parameters for this study are presented in following section.   
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6.3.4.1 Car Following Parameters 

As discussed in Section 6.2.4.2, the car following model in VISSIM is based on 

extensive research work by Wiedemann in 1974 and 1991 (Wiedemann, 1974; 

Wiedemann, 1991). Since this programme of research is mainly focused on urban 

environment, Wiedemann 74 model is considered more applicable and therefore 

selected for this programme of research. The car following data collected from 

CoEXist project for Cautious, Normal and All-knowing driving logic in PTV VISSIM 

11 software are presented in Table 6.16. 

 

Table 6.16: Car following parameters in PTV VISSIM (Sukennik, 2018) 

W74 Car Following Model 

 
Parameters 

 
Default  
(Manual 
vehicle) 

Driving Logic 

Cautious  
(CoEXist) 

Normal 
(CoEXist) 

All-knowing 
(CoEXist) 

Average Standstill Distance (m) 2 2 2 1 

Additive Part of Safety Distance  2 2 2 1.5 

Multiplicative Part of Safety Distance 3 3 3 2 

 

As discussed in section 6.2.4, the parameters of ‘Average standstill distance’, 

‘Additive part of desired safety distance’ and ‘Multiple part of desired safety 

distance’ are the dominating parameters for the car following model embedded in 

the simulation platform (PTV VISSIM, 2018). The lower value of these parameters 

gives a closer spacing between vehicles which represents a more aggressive 

driving behaviour. As seen in Table 6.16, Cautious driving behaviour is associated 

with a higher value of these parameters whilst All-knowing behaviour is associated 

with a lower value. 
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The desired distance (safety distance) of the simulated vehicle in Wiedemann 74 

is calculated from the equations presented in Section 6.2.4.4 and repeated as 

follows: 

𝑑 = 𝑎𝑥 + 𝑏𝑥 (6.6) 

And: 

𝑏𝑥 = (𝑏𝑥𝑎𝑑𝑑 + 𝑏𝑥𝑚𝑢𝑙𝑡 ∗ 𝑧) ∗  √𝑣 (6.7) 

𝑎𝑥 : Average desired standstill distance between two cars. The tolerance lies 

between -1.0 m and +1.0 m which is normally distributed at around 0.0 m, with 

a standard deviation of 0.3 m. 

𝑏𝑥: The additional desired distance for moving vehicles; 

𝑏𝑥𝑎𝑑𝑑: Additive part of safety distance. The value used for the computation of the 

desired safety distance d, which allows adjusting the time requirement values. 

𝑏𝑥𝑚𝑢𝑙𝑡 : Multiplicative part of safety distance. The value used for the computation 

of the desired safety distance d, which allows adjusting the time requirement 

values. Greater value = greater distribution (standard deviation) of safety distance. 

𝑣 : Vehicle speed [m/s], here assuming vehicle travel speed is 30mph, then 

v=12.5m/s; 

𝑧: is a value of range (0.1), which is normally distributed around 0.5 with a 

standard deviation of 0.15. 

Therefore the desired distance (safety distance) for Cautious, Normal and All-

knowing behaviours from Table 6.16 can be calculated as below: 

 𝑑 = 𝑎𝑥 + 𝑏𝑥 = 𝑎𝑥 + (𝑏𝑥𝑎𝑑𝑑 + 𝑏𝑥𝑚𝑢𝑙𝑡 ∗ 𝑧) ∗  √𝑣 

• Cautious driving behaviour desired distance:  𝑑 = 2 + 𝑏𝑥 = 2 + (2 + 3 ∗

0.5) ∗  √12.5 = 14.37 𝑚 

• Normal driving behaviour desired distance: 𝑑 = 2 + 𝑏𝑥 = 2 + (2 + 3 ∗ 0.5) ∗

 √12.5 = 14.37 𝑚 

• All-knowing driving behaviour desired distance:  𝑑 = 1 + 𝑏𝑥 = 1 + (1.5 + 2 ∗

0.5) ∗  √12.5 = 9.84 𝑚 
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It is reasonable to assume that AV and CAV require shorter safety distances than 

manual vehicles. Therefore, the value of parameters for AV and CAV in Table 6.16 

are smaller than the default values set for manual vehicles. It is noted that higher 

values represent greater distance between stopped cars. It is also noted that the 

parameters selected for CV are similar to manual vehicles.  

6.3.4.2 Lane Changing Parameters 

There are two types of lane change in VISSIM, i.e. necessary lane change to reach 

the next connector of a route, and free lane change for more space and higher 

speed. The parameters for lane changing for Cautious, Normal and All-knowing 

driving logic suggested by PTV VISSIM are shown in Table 6.17. 

 

Table 6.17: Lane changing parameters suggested by PTV VISSIM (Sukennik, 

2018a; Sukennik, 2018b; Sukennik, 2018c) 

Parameter for 
necessary lane 
change 

Default 
(Manual vehicle) 

Driving Logic 

Cautious* 
(CoEXist) 

Normal 
(CoEXist) 

All-knowing 
(CoEXist) 

 
own trailing 

vehicle*** 
own trailing 

vehicle 
own trailing 

vehicle 
own trailing 

vehicle 
maximum 
deceleration 

-4 -3 smaller/def smaller/def def smaller/def def higher/def 

- 1 m/s per distance 100 100 smaller/def smaller/def def def def smaller/def 
accepted 
deceleration 

-1 -1 smaller/def smaller/def def def def higher/def 

Advanced merging on on**/off on** on 
Cooperative lane 
change 

off on**/off on** on 

Safety distance 
reduction factor 

0.6 higher+EABD def/smaller def/smaller 

min. headway 
(front/rear) 

0.5 higher def def 

max. deceleration 
for cooperative 
braking 

0.3 smaller** smaller**/def def 

* EABD (enforce absolute breaking distance) must be on 
** If the AV cannot detect that the other vehicle wants to change lanes, the value should be off/zero 
***Trailing vehicle is a vehicle that follows the leading vehicle  
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It is reasonable to assume that AV and CAV will be able to change lanes in a 

quicker and safer than manual vehicles. Therefore, the safety reduction factor, 

minimum headway and maximum cooperative deceleration for these vehicles are 

smaller than those of manual vehicles. In addition, cooperative lane change has 

also been enabled for AV and CAV while it is not enabled for manual vehicles.  

6.3.4.3 Lateral Parameters 

In VISSIM, a vehicle uses the entire width of the lane as a default. The lateral 

parameters are used to control whether overtaking occurs to the lane. It is 

reasonable to assume that AV and CAV will require less distance for lateral 

movement and therefore these parameters are reduced slightly from manual 

vehicles. 

6.3.4.4 Connectivity 

There is no explicit representation of vehicle-to-vehicle (V2V) or vehicle-to-

infrastructure (V2I) communication within standard microsimulation modelling. 

Connectivity in this instance can be conceptualised as having better information 

with which to make decisions concerning longitudinal and lateral behaviour. Driver 

behaviour parameters which may be varied to proxy connectivity are shown in 

Table 6.18. 

Table 6.18: Parameters to proxy connectivity 

Parameter Description   Expectation 

Number of interaction 
objects  

Refers to vehicles and internal objects 
(reduced speed areas, stop signs, priority 
rules, red signal heads), 

Potentially higher in CV/CAV 

Number of interaction 
vehicles 

Defines an upper limit for the observed 
leading vehicles 

Potentially higher in CV/CAV 

Look ahead distance 
Observed vehicles 

The distances that a vehicle can see 
forward within the same link in order to 
react to other vehicles either in front or to 
the side of it. 

Potentially higher in CV/CAV 

Look back distance The distances that a driver can see 
backwards within the same link in order to 
react to other vehicles behind 

Potentially higher in CV/CAV 
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As shown in Table 6.18, the number of interaction objects represents the number 

of observed vehicles and the number of certain network objects that affect how 

well vehicles in the link can predict other vehicles' movements and reaction 

accordingly (PTV VISSIM, 2018). Therefore, an assumption has been made 

accordingly: a connected vehicle (CV) or connected autonomous vehicle (CAV) can 

see the signals ahead but only one (or two, three…) vehicle(s) in front of itself 

because the sensors cannot see through the leading vehicle. Figure 6.31 shows 

an example of the number of interaction objects and vehicles. In this example, a 

CV/CAV can see up to four objects ahead and can see two vehicles in the range of 

look ahead distance. 

 

 

Figure 6.31: Example of number of interaction vehicle and objects 

6.3.4.5 Driving Behaviour Parameters for Signal Control  

The driving behaviour parameters at signal control reflect the following four 

aspects (PTV VISSIM, 2018):  

 
• How vehicles respond to amber signal; 

• How vehicles respond to red-amber signal; 

• A reduced safety distance before stop lines; and  

• A time distribution for the response time. 
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The driving behaviour parameters at signal control for Cautious, Normal and All-

knowing driving logic suggested by PTV VISSIM are shown in Table 6.19. 

 

Table 6.19: Parameters at signal control suggested by PTV VISSIM (Sukennik, 

2018a; Sukennik, 2018b; Sukennik, 2018c) 

Parameters for control the reactions on 
signals 

Default 
(Manual 
vehicle) 

Driving Logic 

Cautious 
(CoEXist) 

Normal 
(CoEXist) 

All-knowing 
(CoEXist) 

Behaviour at amber signal continuous 
check 

continuous 
check 

one decision one decision 

Behaviour at red/amber signal go stop stop stop 

Reaction time distribution - - - - 

Reduced safety distance factor 0.6 1 1 1 

Reduced safety start upstream of stop line 100 100 100 100 

Reduced safety end upstream of stop line 100 100 100 100 

 

As shown in Table 6.19, the decision model has two behaviours when vehicles 

approach an amber light, i.e. continues check and one decision. Continues check 

means that the driver of the vehicle making decision whether to diving and stop 

based on the speed at that moment, and the vehicle assumes that the amber light 

will be visible for another two second. In terms of one decision, the vehicle will 

make a decision when it cross the stop line (PTV VISSIM, 2018).  

 

It is noted that the V2I safety applications displayed in Tables 2.2 to 2.4 in 

Section 2.6.1 have not been considered in this programme of research due to the 

limitation of the PTV VISSIM software. It would be useful to include all these 

applications in the simulation model, however in order to achieve this need some 

extra efforts such as involving another simulation software, the  API (application 

programming interface) or comprehensive coding skills, unfortunately as a PhD 

student this seems unrealistic and impossible to include all the applications. 

6.3.5 Comparison of Parameters 
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A comparative table of VISSIM default driving behaviour parameters for manual 

vehicles (MV) along with those specially adopted for CV/AV/CAV in this programme 

of research are presented in Table 6.20 below. It is noted that the parameters 

from the CoEXist project have been calibrated by using the real-world data 

collected from a public test tack (Sukennik, 2018a; Sukennik, 2018b; Sukennik, 

2018c; PTV VISSIM, 2018).  
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Table 6.20: Comparison of Parameters (MV vs CV, AV and CAV) 

Parameter 

Manual 
Vehicles 

(MV) 

Cautious Normal All-knowing 

CV AV CAV CV AV CAV CV AV CAV 

Car 

Following 

Parameters 

Enforce absolute braking 

distance 
Off On On On Off Off Off Off Off Off 

Use implicit stochastic ON Off Off Off Off Off Off Off Off Off 

Number of interaction 

objects 
4 10 2 10 10 2 10 10 2 10 

Number of interaction 

vehicles 
99 8 1 8 8 1 8 8 1 8 

Maximum Look ahead 

distance (m) 
250 500 250 500 500 250 500 500 250 500 

Maximum Look back 

distance (m) 
150 300 150 300 300 150 300 300 150 300 

Average Standstill Distance 
(m) 

2 2 2 2 2 2 2 1 1 1 

Additive Part of Safety 

Distance  
2 3 3 3 2 2 2 1 1 1 

Multiplicative Part of 
Safety Distance 

3 4 4 4 3 3 3 1.5 1.5 1.5 

Lane 

Change 

Parameters 

Maximum Deceleration - 

Own (m/s2) 
-4 -3.5 -3.5 -3.5 -4 -4 -4 -4 -4 -4 

Maximum Deceleration – 

Trailing vehicle(m/s2) 
-3 -2.5 -2.5 -2.5 -3 -4 -3 -4 -4 -4 

-1 m/s per distance - Own 

(m) 
100 80 80 80 100 100 100 100 100 100 

-1 m/s per distance - 

Trailing vehicle (m) 
100 80 80 80 100 100 100 80 80 80 

Accepted Deceleration - 
Own (m/s2) 

-1 -0.8 -0.8 -0.8 -1 -1 -1 -1 -1 -1 

Accepted Deceleration -

Trailing (m/s2) 
-1 -0.8 -0.8 -0.8 -1 -1 -1 -1.5 -1.5 -1.5 

Safety Distance Reduction 

Factor 
0.6 1.0 1.0 1.0 0.6 0.6 0.6 0.45 0.45 0.45 

Minimum Headway - 

Front/Rear (m) 
0.5 1.0 1.0 1.0 0.5 0.5 0.5 0.375 0.375 0.375 

Maximum Deceleration for 
Cooperative Braking 

(m/s2) 
-3 -2.5 -2.5 -2.5 -3 -3 -3 -6 -6 -6 

Cooperative Lane Change - 

Maximum Speed Difference 

(km/h) 

Not 
Checked 

10.8 10.8 10.8 10.8 10.8 10.8 10.8 10.8 10.8 

Cooperative Lane Change - 

Maximum Collision Time 
(sec) 

Not 

Checked 
10 10 10 10 10 10 10 10 10 

Lateral 

Parameters 

Overtake Same Lane 

Vehicle - Minimum Lateral 

Distance standing (m) 
0.2 0.25 0.25 0.25 0.2 0.2 0.2 0.15 0.15 0.15 

Overtake Same Lane 

Vehicle - Minimum Lateral 

Distance Driving (m) 
1 1.25 1.25 1.25 1 1 1 0.75 0.75 0.75 

Signal 

Control 

Behaviour at amber signal 
Continuous 
check 

Continuo
us check 

Continuo
us check 

Continuo
us check 

One 
decision 

One 
decision 

One 
decision 

One 
decision 

One 
decision 

One 
decision 

Behaviour at red/amber 

signal 
Go stop stop stop stop stop stop stop stop stop 

Reduced safety distance 

factor 
0.6 1.0 1 1.0 0.6 0.6 0.6 0.5 0.5 0.5 

Reduced safety start 
upstream of stop line 

100 80 80 80 100 100 100 120 120 120 

Reduced safety end 

upstream of stop line 
100 80 80 80 100 100 100 120 120 120 
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 Summary and Conclusion 

The first part of this chapter describes how the baseline model was calibrated and 

validated. A field traffic data survey was conducted to enable a successful 

calibration and validation of the base traffic flow elements of the model. In order 

to increase the confidence of correlation between the simulation and field data, a 

two- stage calibration procedure of VISSIM model was conducted. In the first 

calibration stage, the system parameters were calibrated to ensure the study area 

geometry, time periods, traffic demand, vehicle routing, and network inputs match 

the simulation accurately. Then, in the second calibration stage, the operational 

parameters such as the driving behaviour parameters were calibrated. In this 

stage, a sensitivity analysis was carried out to identify the most influential 

parameters in the model. Finally, the validation process was carried out by 

checking against the traffic flow and vehicle journey time. The results of validation 

show that the traffic flow and vehicle journey time generally meet the DMRB 

requirement. Therefore, the base model for this study is considered to be a 

realistic representation of the real-world conditions and can be used for next stage 

scenarios development and evaluation. 

 

In the second part of this chapter, a VISSIM model for this programme of research 

has been developed based on the studies of PTV group’s and CoEXist project. This 

section describes all necessary details of the establishment of essential input 

parameters, vehicle type/class, driving behaviour, vehicle composition and vehicle 

functions. Three autonomous vehicle driving behaviours have been proposed 

based on CoEXist i.e. Cautious, Normal and All-knowing driving behaviours. The 

simulation results of these three behaviours are presented in next chapter.   
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7 Transport Network Efficiency-Mobility related 

Impacts 

 Introduction 

This chapter presents the mobility-related impact results of the modelling work 

undertaken by employing the methodology and microscopic simulation approach 

discussed in Chapters 3 and 4. The main objective of this part of the modelling 

work is to measure the impact of mobility on chosen indicators. In total, 108 

scenarios have been developed based on the following four categories: 

 

• Three different vehicle types, i.e. CV, AV and CAVs; 

• Three different driving behaviours based on the classification of the CoEXist 

project, i.e. Cautious, Normal and All-knowing driving behaviours;  

• Five different levels of autonomous vehicles market penetration, i.e. 0%, 

25%, 50%, 75% and 100%; and 

• Three different speeds, i.e. 20 mph, 30 mph and 40 mph. 

 

All scenarios have been modelled to quantify the impacts during the morning peak 

time period (i.e. 08:00-09:00). Each of the scenarios is replicated 10 times using 

5 different seed values to account for the stochastic nature of the release of 

vehicles into the network in accordance with the approach presented in Chapters 

5 and 6. It is noted that all scenarios in this programme of research assume zero 

pedestrians and cyclists in the network.  

 

The results for the following five mobility indicators are presented here, namely:  

 

• Average number of stops;  

• Average delay time;  

• Average queue length;  

• Average travel time; and  

• Network capacity with the baseline scenario. 

 

In general, more vehicle stops lead to the increase vehicle delay time and queue 

length which finally result in increasing the travel time (Ghanbarikarekani et al., 
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2018). Therefore, the results for average vehicle stops are first presented. Then 

the results for average vehicle delay time, average queue length, average travel 

time and network capacity are presented in order. 

 Average number of Stops 

This section presents the simulation results of the average number of stops per 

vehicle without stops at PT stops and in parking spaces. The detailed results with 

absolute numerical values for average vehicle stop are presented in Table 7.1 and 

the change of percentage compared with the base scenario is presented in Figures 

7.1 and 7.2. 

 

Average number of stops is an appropriate performance measurement to 

represent the stop-and-go situation in the network during the simulation 

(Dadashzadeh and Ergun, 2019). A smaller value for the number of average stops 

represents improved network performance. Table 7.1 shows that the average 

number of vehicle stops generally depends on the speed, vehicle type, driving 

behaviour and the fleet market penetration rate. It can be seen that the highest 

value of the average number of stops occurs is identified for CV vehicle type with 

Cautious driving behaviours and 100% of market penetration level at speed of 

20mph. The lowest number is identified for the scenario of 100% of both AV and 

CAV market penetration with All-knowing driving behaviour at speed of 40mph.  

 

In terms of vehicle type, the AVs and CAVs are shown to have a better 

performance compared with the CV type as one would expect. For example, in the 

Normal driving behaviour scenario at a speed of 30mph, the average number of 

stops for a 100% CV fleet reduces from 4.3 to 1.9 for AV and 2.4 for CAV, 

respectively. It is noted that the functions of CV are all kept the same as the 

manual vehicle type except for the added connectivity capability. It is also noted 

that the results of different driving behaviours and different speeds appear to be 

quite similar. 
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Table 7.1: Results of average number of stops for all scenarios 
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30mph Baseline 0% 4.2 1.5 - 4.2 1.5 - 4.2 1.5 - 

20mph 

Cautious 

25% 5.6 1.4 34% 5.1 1.3 22% 5.5 1.5 31% 

50% 6.9 1.5 65% 5.8 1.8 39% 6.2 1.5 48% 

75% 7.9 1.9 89% 6.2 1.7 48% 6.2 1.6 48% 

100% 9.2 2.4 119% 6.8 2.5 63% 6.2 2.4 47% 

Normal 

25% 4.9 1.1 17% 4.0 1.3 -4% 4.4 1.4 6% 

50% 5.4 1.2 28% 3.9 1.2 -6% 4.4 1.3 4% 

75% 5.8 1.4 38% 3.6 1.3 -14% 4.1 1.4 -1% 

100% 6.2 1.4 48% 3.3 1.2 -22% 3.4 1.5 -19% 

All-
knowing 

25% 4.4 1.1 4% 3.2 0.9 -23% 3.5 1.0 -16% 

50% 3.9 1.4 -8% 2.6 0.8 -39% 2.6 0.8 -39% 

75% 3.3 0.9 -21% 1.7 0.4 -58% 1.9 0.5 -56% 

100% 3.0 0.8 -28% 1.3 0.2 -68% 1.5 0.4 -65% 

30mph 

Cautious 

25% 5.2 1.6 25% 4.6 1.4 11% 4.6 1.3 11% 

50% 6.0 1.5 43% 5.7 1.7 36% 5.7 1.7 36% 

75% 7.2 1.8 73% 6.5 2.0 56% 6.4 1.8 52% 

100% 7.2 1.9 72% 7.2 2.2 73% 7.2 2.3 72% 

Normal 

25% 4.1 1.2 -3% 3.4 1.1 -19% 3.4 -0.2 -19% 

50% 4.3 1.4 2% 2.8 1.0 -33% 3.3 -0.2 -22% 

75% 4.7 1.2 12% 2.3 0.5 -45% 3.1 -0.3 -27% 

100% 4.3 1.5 2% 1.9 0.6 -55% 2.4 -0.4 -43% 

All-
knowing 

25% 2.9 0.8 -30% 2.3 0.6 -44% 2.3 -0.5 -45% 

50% 2.3 0.6 -44% 1.6 0.3 -62% 1.8 -0.6 -57% 

75% 1.8 0.5 -58% 1.3 0.2 -69% 1.4 -0.7 -67% 

100% 1.6 0.4 -62% 1.2 0.2 -71% 1.2 -0.7 -71% 

40mph 

Cautious 

25% 5.0 1.2 20% 4.4 1.4 6% 4.7 1.4 12% 

50% 6.0 1.5 43% 5.1 1.5 22% 5.2 1.7 24% 

75% 6.9 1.7 64% 5.4 1.9 30% 5.7 1.9 35% 

100% 7.4 2.2 78% 5.7 1.6 35% 5.9 1.6 41% 

Normal 

25% 3.8 1.2 -8% 3.0 1.0 -28% 3.4 1.4 -19% 

50% 3.9 1.1 -7% 2.4 0.8 -43% 2.7 1.7 -35% 

75% 4.1 1.2 -2% 1.9 0.6 -54% 2.1 1.9 -49% 

100% 3.6 1.3 -15% 1.4 0.3 -68% 1.5 1.6 -64% 

All-
knowing 

25% 2.8 0.9 -34% 2.3 0.6 -46% 2.3 0.6 -44% 

50% 2.0 0.5 -52% 1.6 0.3 -62% 1.5 0.3 -63% 

75% 1.7 0.4 -60% 1.3 0.2 -70% 1.3 0.2 -70% 

100% 1.5 0.4 -64% 1.1 0.1 -75% 1.1 0.1 -75% 
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For driving behaviour, All-knowing driving behaviour demonstrates a more 

advanced performance compared with the Cautious and Normal driving behaviours. 

For the fleet market penetration rate, the value of average stops decreases as the 

AV and CAV market penetration level increases. It is noted that this only applies 

to Normal and All-knowing driving behaviour scenarios but not the Cautious 

driving behaviours. In contrast, the number of average stops for CVs more than 

doubled (increasing by 119%) as the fleet market penetration level reaches 100% 

for the Cautious driving behaviour scenario at a speed of 20mph. 

 

Considering travel speed, the number of average stops value decreases when the 

speed increases. For instance, based on the Normal driving behaviour scenario, 

the average stops for AV for the 100% penetration reduces from 3.3 for a speed 

of 20mph to 1.9 for 30mph and to 1.4 for 40mph respectively. 
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Figure 7.1: Average number of stops based on vehicle type, driving behaviours, fleet market penetration and different 

speeds. 
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 Figure 7.2: Percentage change for average vehicle stops based on vehicle type, driving behaviours, fleet market 

penetration and different speed
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Figures 7.1 and 7.2 compare the average stops based on vehicle type, driving 

behaviours, fleet market penetration level and different speeds and show the 

percentage change across the various scenarios. The results show that the All-

knowing driving behaviour scenarios demonstrate the best performance whilst 

Cautious driving behaviour scenarios demonstrate the worst performance across 

every scenario. This is largely to be expected as the All-knowing driving behaviour 

represents an omniscient capability to achieve the best performance compared 

with the Normal and Cautious driving behaviours as discussed in previous chapters. 

Also vehicles with Cautious driving behaviour tend to stop more frequently in order 

to ensure sufficient safety distance between two vehicles which is always kept the 

same even when the leading vehicle stops instantly.  

 

From the results it is also evident that with the gradual increase in the market 

penetration rate of the AVs and CAVs, the average number of stops becomes less 

than that of the base scenario. This may be caused by AVs and CAVs both having 

better performance in terms of vehicle functionality. It is also noticed that the 

increase of speed is more likely to reduce the number of average vehicle stops.  

 Average Delay Times 

This section presents the simulation results of the average delay time (measured 

in seconds) of all vehicles in the network. For a delay measurement, the average 

delay time is the time loss calculated for all observed vehicles compared to a free 

moving traffic situation without any other vehicles, signal controls or other 

required stops from a starting point to an end point (PTV VISSIM, 2018). The 

detailed results with absolute numerical values for the average delay time are 

presented in Table 7.2 and the change of percentage compared with the base 

scenario is presented in Figures 7.3 and 7.4. 
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Table 7.2: Average delay time results for all scenarios 
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30mph Baseline 0% 113.3 69.0 - 113.3 69.0 - 113.3 69.0 - 

20mph 

Cautious 25% 157.5 31.4 39% 142.1 30.1 25% 146.7 32.1 29% 

50% 190.0 35.1 68% 150.7 42.3 33% 160.2 36.2 41% 

75% 222.7 43.5 96% 154.0 39.4 36% 152.2 36.0 34% 

100% 267.6 66.8 136% 165.6 62.9 46% 155.5 60.1 37% 

Normal 25% 141.1 28.1 25% 117.8 27.5 4% 126.9 30.8 12% 

50% 150.4 26.8 33% 106.4 22.9 -6% 117.6 26.8 4% 

75% 159.4 34.0 41% 92.4 28.0 -19% 106.9 31.8 -6% 

100% 167.5 32.1 48% 79.8 23.2 -30% 83.5 27.3 -26% 

All-
knowing 

25% 133.7 24.6 18% 102.3 21.5 -10% 107.2 23.3 -5% 

50% 122.6 30.4 8% 82.9 20.0 -27% 84.2 19.5 -26% 

75% 106.7 20.2 -6% 56.5 10.2 -50% 61.7 10.6 -46% 

100% 100.7 17.8 -11% 44.5 6.6 -61% 49.2 9.4 -57% 

30mph 

Cautious 25% 142.6 37.8 26% 125.9 30.5 11% 126.4 34.5 12% 

50% 160.6 35.5 42% 151.2 41.2 33% 153.7 41.5 36% 

75% 201.9 54.5 78% 172.3 46.7 52% 168.6 45.2 49% 

100% 217.7 56.6 92% 202.1 57.5 78% 203.7 61.7 80% 

Normal 25% 116.3 27.3 3% 98.5 24.8 -13% 97.6 25.1 -14% 

50% 120.7 32.0 6% 83.1 20.7 -27% 92.6 24.3 -18% 

75% 129.3 26.0 14% 69.4 12.1 -39% 86.5 22.4 -24% 

100% 118.2 33.5 4% 59.6 11.5 -47% 69.4 16.5 -39% 

All-
knowing 

25% 90.9 20.7 -20% 74.9 13.7 -34% 75.7 15.9 -33% 

50% 78.2 13.6 -31% 58.7 7.5 -48% 62.7 9.5 -45% 

75% 67.9 12.0 -40% 51.6 5.7 -54% 53.6 6.2 -53% 

100% 63.5 12.8 -44% 46.9 5.0 -59% 46.1 5.4 -59% 

40mph 

Cautious 25% 139.0 30.8 23% 125.3 33.9 11% 131.1 34.5 16% 

50% 167.3 37.5 48% 143.0 36.2 26% 146.9 41.5 30% 

75% 199.7 47.1 76% 155.5 44.6 37% 164.5 45.2 45% 

100% 233.0 69.7 106% 166.7 43.9 47% 183.1 61.7 62% 

Normal 25% 110.1 26.6 -3% 96.2 23.1 -15% 101.5 21.7 -10% 

50% 112.7 29.4 -1% 83.2 18.4 -27% 89.4 17.1 -21% 

75% 121.3 28.5 7% 71.8 12.2 -37% 77.0 16.8 -32% 

100% 110.4 31.0 -3% 56.8 6.6 -50% 61.3 10.1 -46% 

All-
knowing 

25% 88.2 21.3 -22% 76.7 12.9 -15% 81.4 15.3 -28% 

50% 73.6 12.1 -35% 65.6 7.5 -27% 65.7 7.4 -42% 

75% 68.4 9.3 -40% 59.1 5.5 -37% 60.9 5.5 -46% 

100% 65.4 11.2 -42% 52.1 4.4 -50% 52.1 5.1 -54% 
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Similar to the average number of stops, a smaller value of average delay time 

represents better network performance. As seen in Table 7.2, the highest value of 

average delay time corresponds to the scenario where CVs operate at the 100% 

penetration level and where a Cautious driving behaviour at a speed of 20mph is 

in place. This is consistent with the results of the average number of stops. The 

smallest average delay time is obtained from the scenario with 100% AV market 

penetration with All-knowing driving behaviour at a speed of 20mph. It can also 

be seen in Table 7.2 that the values of average delay time for Cautious driving 

behaviour are normally greater than the Normal and All-knowing driving 

behaviours based on the same vehicle type, fleet market penetration and travel 

speed. For instance, for AV vehicle type at 100% market penetration level the 

average delay time increased by 47% at speed of 20mph, 52% at 30mph and 

47% at 40mph, respectively. 

In terms of vehicle type, CVs once again appear to perform much worse than AVs 

and CAVs. For example, based on the Normal driving behaviour scenario at a 

speed of 40mph, the average delay times for 100% penetration of the fleet are 

110.4s for CV, 56.8s for AV and 61.3s for CAV, respectively. This is consistent 

with the results of the average stops mainly due to AVs and CAVs having better 

performance in terms of vehicle functionality.  

In terms of fleet market penetration rate, the value of average delay time 

decreases as the AV and CAV market penetration level increases for the scenarios 

of Normal and All-knowing driving behaviours. For example, based on Normal 

driving behaviour at 30mph, the average delay time for AVs reduces from 98.5s 

at 25% to 59.6s at 100% market penetration level, which gives a nearly 40% 

reduction. In contrast, as the fleet market pentation level increases the average 

delay time instead increases for CVs. For instance, for the scenario of Cautious 

driving behaviour at 20mph, the average delay time significantly increases from 

157.5s at 25% to 267.6s at 100% market penetration, which is a 75% increase.  

With respect to travel speed, the value of average delay time decreases when the 

speed increases. For instance, for Normal driving behaviour scenarios, the average 

delay time for AVs at a 100% market penetration level reduces from 79.8s for 20 

mph speed to 59.6s for 30mph speed, and then decreases to 56.8s for 40mph 

speed respectively.
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Figure 7.3: Average delay time based on vehicle type, driving behaviours, fleet market penetration and different speeds. 
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Figure 7.4: Percentage change for average delay time based on vehicle type, driving behaviours, fleet market penetration 

and different speeds.
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Figures 7.3 and 7.4 compare the average delay time based on vehicle type, driving 

behaviours, and different speeds by market penetration level and show the 

percentage change between various scenarios. As discussed in Section 7.1, more 

stops can be expected to lead to an increase in vehicle delays, and this has been 

reflected here, where Figures 7.3 and 7.4 show the expected trend in terms of 

average stops. In terms of driving behaviour, All-knowing driving behaviour 

scenarios show the best performance whilst Cautious driving behaviour represents 

the worst performance in all scenarios. This is to be expected as the Cautious 

driving behaviour represents the logic whereby each of the vehicle types modelled 

tend to leave greater safety gaps than a human driver would. In contrast, All-

knowing driving behaviour represents a logic that the vehicle has perfect 

perception and prediction which allows much smaller gaps for all manoeuvres and 

so achieves the best performance on the network. It is also noted that the value 

of standard deviation for Cautious behaviour is greater than Normal and All-

knowing behaviours. This might be caused by a function of Cautious behaviour, 

i.e. enforce absolute braking distance, which has been applied during the 

simulation run. When the function of enforce absolute braking distance is applied, 

all vehicles can stop at any time even if the leading vehicle stops instantly which 

means that there may be many unpredictable stops which could result in longer 

delay time.   

With respect to vehicle type, fleet market penetration rate and travel speed, the 

scenarios demonstrate results consistent with the number of stops discussed in 

Section 7.2.  As AV and CAV market penetration rates increase, the delay time 

decreases for both the Normal and All-knowing related scenarios. The increase of 

speed also generally reduces the delay time which means that the network 

performance has been improved for both Normal and All-knowing related 

scenarios. 

 Average Queue Length 

This section presents the simulation results of average queue length (measured 

in metres) measured from upstream of the specific queue counter up to the last 

vehicle that has entered the queue conditions until the queue condition is no longer 

met by any of the vehicles (PTV VISSIM, 2018). The detailed results with absolute 
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numerical value for average queue length are presented in Table 7.3 and the 

change of percentage compared with the base scenario is presented in Figures 7.5 

and 7.6. 

As with the average number of stops and delay time, queue length is another 

important indicator to measure the network mobility performance (Al-Ghandour, 

2011). A small value of queue length means better network performance. As 

shown in Table 7.3, the highest value of average queue length occurs in the 

scenarios with Cautious driving behaviour characteristics and 100% of market 

penetration level at a speed of 20mph, which is increased significantly from the 

base scenario by 329% for each vehicle type. It is noted that all Cautious related 

scenarios show high values of queue length. For example, queue length is 

increased by 326% for AVs at 30mph speed and 323% for CAVs at 40mph speed, 

respectively. In contrast, the smallest queue length appears for both AVs and 

CAVs at 100% of market penetration with All-knowing driving behaviour on speed 

of 40mph. It is also noted that the value of queue length can be reduced 

significantly if the driving behaviour changes to Normal and All-knowing. For 

instance, for AVs with 100% market penetration at a speed of 30mph the queue 

length reduces dramatically from 211.9m to 54.2m with Normal driving behaviour 

and again to only 11.9m with All-knowing driving behaviour.  

In terms of vehicle type, there is not much difference between the three types of 

vehicle for the results of the scenarios using Cautious driving behaviour. However, 

when the driving behaviour is changed to Normal and All-knowing, both AVs and 

CAVs perform much better than CVs. For example, for Normal driving behaviour 

scenario at speed of 30mph, the average queue length for 100% of the fleet are 

133.6m for CVs, 48.8m for AVs and 68.9m for CAVs, respectively. This can be 

attributed to the more advanced capability and functionality of AVs and CAVs.  

With respect to fleet market penetration rate, the average queue length decreases 

as the CV, AV and CAV market penetration level increases for the results of All-

knowing driving behaviours at speed of 30mph and 40mph scenarios. For example, 

for All-knowing driving behaviour at 40mph speed, the CV average queue length 

reduces from 32.5m at 25% market penetration to 19.3m at 100% market 

penetration level. In terms of travel speed, the value of average queue length 

decreases when the speed increases whilst the performance improvement appears 

to be limited.  
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Table 7.3: Average queue length results for all scenarios 
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30mph Baseline 0% 50.0 20.4 - 50.0 20.4 - 50.0 20.4 - 

20mph 

Cautious 25% 203.2 14.0 306% 197.7 13.1 295% 199.5 13.9 299% 

50% 211.2 2.5 322% 210.8 2.1 321% 210.5 3.7 321% 

75% 213.4 2.0 326% 213.1 1.5 326% 213.3 2.7 326% 

100% 214.9 0.8 329% 214.6 1.0 329% 214.6 6.6 329% 

Normal 25% 174.1 30.1 248% 144.0 44.4 188% 153.1 39.9 206% 

50% 193.4 19.8 287% 149.6 42.4 199% 164.3 35.5 228% 

75% 195.9 16.8 291% 162.9 40.8 226% 174.0 36.8 248% 

100% 203.8 11.4 307% 173.3 33.8 246% 187.0 27.0 274% 

All-
knowing 

25% 135.7 49.3 171% 98.5 50.2 97% 102.7 42.8 105% 

50% 137.3 42.3 174% 52.6 31.1 5% 55.6 26.6 11% 

75% 118.0 46.7 136% 29.5 13.8 -41% 35.0 18.9 -30% 

100% 122.8 47.6 145% 19.9 7.9 -60% 28.7 17.3 -43% 

30mph 

Cautious 25% 165.2 37.5 230% 158.6 33.6 217% 153.6 36.9 207% 

50% 205.1 13.1 310% 200.4 10.4 300% 196.9 15.3 294% 

75% 210.5 5.6 321% 209.0 2.3 318% 208.7 6.1 317% 

100% 213.0 2.0 326% 211.9 2.5 323% 211.9 3.7 323% 

Normal 25% 63.7 20.6 27% 45.4 30.4 -9% 47.5 26.9 -5% 

50% 85.7 21.3 71% 44.5 37.3 -11% 40.5 22.6 -19% 

75% 92.9 35.0 86% 54.2 48.3 8% 42.6 18.9 -15% 

100% 133.6 29.9 167% 48.8 46.6 -3% 68.9 41.7 38% 

All-
knowing 

25% 39.7 8.7 -21% 28.6 19.7 -43% 29.9 13.4 -40% 

50% 28.8 4.0 -42% 20.3 12.0 -59% 19.1 2.5 -62% 

75% 26.4 1.5 -47% 15.7 10.0 -69% 15.8 1.5 -68% 

100% 23.5 1.6 -53% 11.9 6.1 -76% 13.5 2.1 -73% 

40mph 

Cautious 25% 152.5 40.9 205% 145.7 46.7 191% 144.8 38.4 189% 

50% 202.6 12.0 305% 199.0 18.5 298% 196.1 17.0 292% 

75% 210.0 3.2 320% 209.4 4.8 319% 206.1 9.0 312% 

100% 212.9 2.1 325% 211.3 4.0 322% 213.1 3.1 326% 

Normal 25% 45.1 20.7 -10% 36.6 12.2 -27% 36.6 17.8 -27% 

50% 55.3 27.0 10% 32.1 12.5 -36% 33.4 16.0 -33% 

75% 70.7 35.1 41% 26.3 5.3 -47% 29.4 13.6 -41% 

100% 83.8 38.8 67% 26.1 8.8 -48% 24.1 7.1 -52% 

All-
knowing 

25% 32.5 10.8 -35% 24.6 5.2 -51% 24.2 8.2 -52% 

50% 24.2 6.4 -52% 17.5 2.4 -65% 18.4 2.8 -63% 

75% 20.6 3.7 -59% 14.0 1.4 -72% 13.9 1.3 -72% 

100% 19.3 3.8 -61% 10.1 1.5 -80% 10.3 1.5 -79% 
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Figure 7.5: Average queue length based on vehicle type, driving behaviours, fleet market penetration and different speeds. 
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Figure 7.6: Percentage change for average queue length based on vehicle type, driving behaviours, fleet market penetration 

and different speeds. 
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Figures 7.5 and 7.6 show similar trends for the results of average stops and 

average delay time. In terms of driving behaviours, both figures show that All-

knowing driving behaviour related scenarios give much lower queue length 

compared with that of the scenarios related to Normal and Cautious driving 

behaviours. This is considered to the outcome of vehicles with All-knowing driving 

behaviour having more advanced functionality and are able to utilise their 

capability to achieve the best performance. Moreover, the logic of the All-knowing 

behaviour to keep the safety gap as small as possible between vehicles may have 

also contributed to these findings. Figure 7.6 shows consistent evidence of 

enhanced performance for AVs and CAVs with Normal compared to Cautious 

driving behaviour.  

 

In terms of vehicle type and fleet market penetration rate, Figure 7.6 shows that 

AVs and CAVs both have a better performance for vehicle function than CVs. For 

vehicles with All-knowing behaviour, as market penetration rate increases, the 

queue length decreases for all three vehicle types. These findings are consistent 

with the results of number of stops and delay time presented in Section 7.2 and 

7.3. 

 

For travel speed, queue length is likely to reduce when the travel speed increases. 

It is noted that Figure 7.6 shows a similar level of reduction in queue length for 

scenarios using 30mph and 40mph speeds.     

 Average Travel Time 

This section presents the simulation results of average travel (journey) time 

(measured in seconds) of vehicles on defined travel time segments in the network. 

Travel time is used as a measure of driving efficiency. In this programme of 

research travel time has been measured from the most congested route as 

discussed in Chapter 6. The detailed results with absolute numerical value for 

average travel time are presented in Table 7.4 and the change of percentage 

compared with the base scenario is presented in Figures 7.7 and 7.8. 
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Table 7.4: Average Travel Time results for all scenarios 
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30mph Baseline 0% 196.2 29.6 - 196.2 29.6 - 196.2 29.6 - 

20mph 

Cautious 25% 251.8 31.7 28% 239.5 30.2 22% 243.4 32.3 24% 

50% 290.7 35.5 48% 258.3 41.6 32% 266.6 36.6 36% 

75% 331.1 43.3 69% 270.3 38.5 38% 269.5 36.4 37% 

100% 381.2 64.9 94% 290.5 62.8 48% 281.0 59.7 43% 

Normal 25% 236.7 28.3 21% 215.3 27.2 10% 224.3 31.8 14% 

50% 236.7 28.3 21% 213.1 22.9 9% 225.1 27.6 15% 

75% 266.8 34.7 36% 208.7 27.7 6% 223.4 30.9 14% 

100% 282.3 30.84 44% 205.8 24.8 5% 209.7 27.2 7% 

All-
knowing 

25% 228.2 24.0 16% 200.4 21.3 2% 204.8 24.2 4% 

50% 223.6 30.0 14% 188.7 20.2 -4% 191.3 19.3 -2% 

75% 216.1 21.2 10% 173.0 10.2 -12% 179.5 10.4 -9% 

100% 215.1 26.5 10% 167.0 6.7 -13% 176.1 9.3 -10% 

30mph 

Cautious 25% 229.4 37.1 17% 213.4 30.5 9% 213.9 34.7 9% 

50% 250.9 34.3 28% 240.3 41.0 23% 243.2 41.3 24% 

75% 294.9 54.2 50% 263.6 47.1 34% 260.1 45.7 33% 

100% 312.3 55.8 59% 295.4 57.6 51% 297.3 61.6 52% 

Normal 25% 204.9 27.5 4% 186.2 24.5 -5% 185.7 24.9 -5% 

50% 211.4 31.7 8% 172.2 20.4 -12% 182.4 24.1 -7% 

75% 222.3 26.7 13% 161.1 11.9 -18% 178.7 22.2 -9% 

100% 213.3 33.9 9% 153.4 11.6 -22% 163.5 16.4 -17% 

All-
knowing 

25% 178.7 20.6 -9% 162.3 13.7 -17% 163.7 15.5 -17% 

50% 168.9 12.9 -14% 148.6 6.8 -24% 152.8 9.7 -22% 

75% 161.1 11.3 -18% 143.4 5.2 -27% 146.0 5.8 -26% 

100% 158.9 12.6 -19% 140.8 5.0 -28% 140.6 5.4 -28% 

40mph 

Cautious 25% 221.0 30.3 13% 202.9 33.0 3% 208.8 31.51 6% 

50% 248.4 36.9 27% 215.5 36.2 10% 219.6 40.93 12% 

75% 280.4 46.5 43% 222.3 44.7 13% 231.6 53.13 18% 

100% 312.5 70.4 59% 229.0 43.8 17% 245.5 49.26 25% 

Normal 25% 192.6 26.0 -2% 173.9 22.7 -11% 179.3 22.01 -9% 

50% 193.8 29.5 -1% 155.9 19.1 -21% 161.5 17.28 -18% 

75% 202.0 27.8 3% 139.4 11.9 -29% 145.1 16.57 -26% 

100% 189.1 31.0 -4% 119.3 6.6 -39% 124.0 10.1 -37% 

All-
knowing 

25% 171.2 21.7 -13% 154.7 13.2 -21% 159.6 14.88 -19% 

50% 154.5 11.5 -21% 138.0 8.2 -30% 138.1 7.92 -30% 

75% 148.6 9.7 -24% 126.3 5.9 -36% 128.5 6.05 -34% 

100% 143.7 10.8 -27% 114.6 4.4 -42% 115.0 5.12 -41% 
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Average travel time is the most common indicator to measure the network 

mobility performance and efficiency in transport study (Rao and Rao, 2015). 

Smaller values of travel time represent better network performance. As shown in 

Table 7.4, the highest value of average travel time is obtained for the scenario of 

100% of CV market penetration level with Cautious driving behaviour at a speed 

of 20mph, which gives an increase almost double that of the baseline scenario 

(94%). In contrast, the lowest travel time is obtained for the scenarios of both 

AVs and CAVs at 100% of market penetration with All-knowing driving behaviour 

at a speed of 40mph. This is not surprising as low speeds generally lead to higher 

journey times and vice versa. It is noted that the travel speed for the baseline 

scenario is set at 30mph. Therefore, this section is mainly focused on the scenarios 

with a speed of 30mph to ensure consistency while comparing. As shown in the 

results of 30mph speed in Table 7.4, the vehicle travel time reduces when driving 

behaviour is changed from Cautious to Normal and to All-knowing. For example, 

the AV travel time is reduced by 22% with Normal driving behaviour and 28% 

with All-knowing driving behaviours, respectively.  

 

In terms of vehicle type, both AVs and CAVs give better performance than CVs. 

For example, for the Normal driving behaviour scenario, the travel time where 

100% of the fleet are of the new vehicle type, are 213.3s for CVs, 153.4s for AVs 

and 163.5s for CAVs, respectively.  

 

In terms of fleet market penetration rate, the value of travel time reduces as the 

CV, AV and CAV market penetration level increases for the scenarios using Normal 

and All-knowing driving behaviours. For example, for All-knowing driving 

behaviour, the AV travel time reduces from 162.3s at 25% market penetration to 

140.8s at 100% market penetration level, i.e. by between 17% and 28% 

respectively when compared with the baseline scenario.
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 Figure 7.7: Average travel time based on vehicle type, driving behaviours, fleet market penetration and different speeds. 
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 Figure 7.8: Percentage change for average travel time based on vehicle type, driving behaviours, fleet market 

penetration and different speeds.
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Figures 7.7 and 7.8 compare the average delay time based on vehicle type, driving 

behaviours, fleet market penetration, and different speeds and show the 

percentage change between various scenarios. Both figures show that vehicles 

with All-knowing driving behaviour related scenarios appear to show the best 

performance whilst Cautious behaviour related scenarios showing the worst 

performance. As discussed in previous sections, vehicles with All-knowing driving 

behaviour have advanced capabilities and are expected to achieve the best 

performance. In contrast, Cautious driving behaviours are designed to keep a 

much greater safety gap than a human driver which would generally lead to a 

longer travel time.  

 

In terms of vehicle type and fleet market penetration rate, Figure 7.8 shows that 

the results of AVs and CAVs both lead to a better performance for vehicle function 

than CVs. This should be benefited from the more advanced capability and function 

of AVs and CAVs which allows AVs and CAVs to follow shorter headways in 

accordance with Elefteriadou et al. (2017).  

 

In terms of fleet market penetration level, Figure 7.8 shows that the travel time 

reduces as AV and CAV market penetration levels are increased for Normal and 

All-knowing travel behaviours. Figures 7.9 presents the average travel time of AV 

type for every 15-minutes interval from 8:00am to 9:00am. As shown in the figure, 

there appears to be a reduction in average travel time for every interval. It is 

noted that the average travel time reduces as the AV market penetration level 

increases. In other words, less travel time is required for higher AV market 

penetration levels. 
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Figure 7.9: Average travel time for AV type from 08:00 to 09:00am based on 

market penetration level. 

 Network Capacity 

This section presents the simulation results of network capacity based on various 

scenarios of vehicle type, driving behaviour, fleet market penetration rate and 

travel speed. It is noted that in this programme of research, network capacity is 

defined as the maximum potential capacity that the network is allowed to have. 

The detailed results with absolute numerical value for average travel time are 

presented in Table 7.5 and the change of percentage compared with the base 

scenario is presented in Figures 7.10 and 7.11. 
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Table 7.5: Network capacity results for all scenarios 
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30mph Baseline 0% 6458 201 - 6458 201 - 6458 201 - 

20mph 

Cautious 25% 5451 264 -16% 5637 324 -13% 5460 736 -15% 

50% 4988 251 -23% 5238 535 -19% 5296 287 -18% 

75% 4613 184 -29% 4994 415 -23% 4890 559 -24% 

100% 4194 396 -35% 4755 517 -26% 4651 453 -28% 

Normal 25% 5907 111 -9% 6103 99 -5% 6052 105 -6% 

50% 5781 92 -10% 6208 112 -4% 6140 96 -5% 

75% 5692 97 -12% 6328 95 -2% 6244 101 -3% 

100% 5581 79 -14% 6484 78 0% 6341 83 -2% 

All-
knowing 

25% 6190 115 -4% 6383 124 -1% 6360 115 -2% 

50% 6298 132 -2% 6860 134 6% 6806 107 5% 

75% 6490 129 0% 7291 89 13% 7191 98 11% 

100% 6639 112 3% 7563 92 17% 7358 101 14% 

30mph 

Cautious 25% 5955 554 -8% 6149 395 -5% 6224 151 -4% 

50% 5372 656 -17% 5764 202 -11% 5701 500 -12% 

75% 4945 556 -23% 5304 617 -18% 5225 618 -19% 

100% 4362 804 -32% 4978 408 -23% 4982 804 -23% 

Normal 25% 6555 402 2% 6738 112 4% 6724 126 4% 

50% 6538 118 1% 6801 124 5% 6788 111 5% 

75% 6433 117 0% 6874 102 6% 6838 105 6% 

100% 6315 125 -2% 6883 102 7% 6790 113 5% 

All-
knowing 

25% 6844 124 6% 6996 120 8% 6956 126 8% 

50% 7033 130 9% 7335 134 14% 7297 125 13% 

75% 7251 99 12% 7660 87 19% 7603 102 18% 

100% 7388 99 14% 7918 88 23% 7780 75 20% 

40mph 

Cautious 25% 5968 535 -8% 6231 426 -4% 6164 558 -5% 

50% 5483 554 -15% 5718 455 -11% 5667 717 -12% 

75% 4959 555 -23% 5176 904 -20% 5126 967 -21% 

100% 4599 454 -29% 4718 848 -27% 4810 859 -26% 

Normal 25% 6683 113 3% 6813 131 5% 6795 127 5% 

50% 6625 135 3% 6900 139 7% 6885 155 7% 

75% 6555 126 2% 7011 109 9% 6960 126 8% 

100% 6447 110 0% 7128 140 10% 7045 116 9% 

All-
knowing 

25% 6906 147 7% 7045 152 9% 7038 119 9% 

50% 7101 140 10% 7441 119 15% 7395 116 15% 

75% 7347 101 14% 7802 149 21% 7750 104 20% 

100% 7473 112 16% 8192 86 27% 8079 84 25% 
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Network capacity is measured by counting the maximum number of vehicles 

entering and arriving at their destination in a certain period of time. Therefore, a 

lower network capacity value represents worse outcome than a higher value and 

hence lower traffic flow capacity. As shown in Table 7.5, once again the poorest 

performance is obtained for the scenario of 100% of CV market penetration level 

with Cautious driving behaviour at speed of 20mph, which gives a reduction of 

35% compared with the baseline scenario. In contrast, the highest network 

capacity is obtained for the scenario using AV type at 100% of market penetration 

with All-knowing driving behaviour at speed of 40mph, which gives an increase of 

27%.   

Once again, as with previous indicators, AV and CAV vehicle types generally 

perform better than CVs. For example, for All-knowing driving behaviour scenario, 

the network capacity for 100% penetration levels of the fleet are 7,388 for CVs, 

7,918 for AVs and 7,780 for CAVs, which represent increases of 14%, 23% and 

20%, respectively. 

For fleet market penetration rate, as the CV, AV and CAV market penetration level 

increases the network capacity also increases for both Normal and All-knowing 

driving behaviours. For example, for All-knowing driving behaviour at speed of 

40mph, the CAV network capacity increases from 7,038 at 25% market 

penetration level to 8,079 at 100% market penetration level, which gives 

increases of 9% and 25% compared with the baseline scenario. It has been argued 

that increasing the roadway capacity can cause substantial increases in aggregate 

traffic volumes, which could lead to more demand of travel by vehicles (Litman, 

2019; Anderson et al., 2016). These travel demands would result in more vehicle 

emissions (Wadud et al., 2016). It should be noted that the potential influence 

over each other between capacity and emission was not consider in this 

programme of research. 

In terms of speed, the model shows that network capacity generally increases with 

the increase of travel speed. For example, based on the results of Normal driving 

behaviour, the network capacity for AV on 100% penetration increases from 6,484 

from 20mph speed to 6,883 for 30mph speed and 7,128 for 40mph speed, 

respectively. 
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Figure 7.10: Network capacity based on vehicle type, driving behaviours, fleet market penetration and different speeds. 



232 

 

 

Figure 7.11: Percentage change of network capacity based on vehicle type, driving behaviours, fleet market penetration and 

different speeds. 
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Figures 7.10 and 7.11 compare the network capacity based on vehicle type, driving 

behaviour, fleet market penetration and different speeds. As established earlier, 

different driving behaviours have a significant impact on the network capacity and 

scenarios with Cautious driving behaviour appears to show the worst performance. 

It is noted that even for scenarios with AV and CAV functionality at speeds of 40mph, 

the network capacity still falls by nearly 30% compared to the baseline scenario. This 

is considered to be a result of the logic of the Cautious driving behaviour that vehicles 

are designed to leave a greater safety gap than a human driver would use. The 

function of enforce absolute braking distance has also been applied for Cautious 

driving behaviour, resulting in the vehicle leaving even more space between itself 

and the other vehicles. In contrast, All-knowing driving behaviour results in the best 

performance, even at the speed of 20mph, the network capacity still increases by 

17% for AVs and 14% for CAVs, respectively.  

For each vehicle type, Figure 7.11 shows that AVs and CAVs both have better 

performances compared to CVs. For fleet market penetration rate, as market 

penetration rate increases the network capacity also increases for Normal and All-

knowing behaviour. 

Travel speed is considered to be an important factor in influencing network capacity. 

Lower speeds generally leads to greater travel time (European Commission, 2018a) 

and results in less vehicles travelling throughout the network in a certain period of 

time, and vice versa. Figure 7.11 shows a general trend of an improved network 

capacity for a higher travel speed whilst it is noticed that the increase in network 

capacity by increasing the travel speed from 30mph to 40mph is not as significant as 

that from 20mph to 30mph. 

 Summary and Conclusion 

In summary, the results for average stops, average delay time, average queue length, 

average travel time and network capacity based on different types of vehicle, driving 

behaviours, fleet market penetration level and travel speed have been presented and 

discussed. The results indicate that the driving behaviours, vehicle types, fleet 
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penetration level and travel speed influence the results in different ways. The driving 

behaviours and vehicle type particularly appear to be more influential than the others. 

Vehicles with All-knowing driving behaviour perform much better than those with 

Normal and much better than those with Cautious behaviours. This is largely to be 

expected as the All-knowing driving behaviour represents an omniscient capability 

such as keeping consistent speed to reduce the stop-and-go situations, and allowing 

vehicles to accept much shorter gaps to achieve the best performance. In contrast, 

vehicles with Cautious driving behaviour perform the worst, especially CVs which 

have the worst performance for every indicator compared to the other scenarios. It 

is recognised that Cautious behaviour vehicles tend to keep much greater gaps than 

a human driver would use between vehicles, which preventing vehicles from entering 

the network and thus leading delay and queue, and causing congestion build up in 

the network.  Additionally, the function of enforce absolute breaking distance allows 

vehicles to stop safety at any time even if the leading vehicle stops instantly which 

leads to more stop-and-go situations.  

 

In terms of vehicle types, AVs and CAVs generally perform much better than CVs. 

One of the main reasons contributing to this is that AVs and CAVs have the ability to 

follow a shorter headway (when not in a Cautious mode anyway), because they are 

ultimately more likely to respond more quickly to an event than a human could. In 

addition, AVs and CAVs are expected to travel with a consistent desire speed in the 

traffic stream. Another potential reason is that in this programme of research CV 

functionality is configured to be largely the same as a manual vehicle, with the only 

difference being the addition of the connectivity capability. Moreover, the function of 

connectivity is achieved by setting longer look-ahead and look-back distances, and 

this may result in maintaining more distance between vehicles. This situation also 

applies to CAVs. This could be reason that in this programme of research AVs perform 

slightly better than CAVs, and why CVs have the worst performance in terms of 

vehicle type.  

 

In conclusion, based on the simulation results of all scenarios, AVs and CAVs with All-

knowing driving behaviour have shown the best performance across all selected 
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indicators, i.e. reducing delay time, queue length, journey time, and finally improving 

the efficiency of road network, which could bring significant benefits such as reduce 

congestion and improve the traffic efficiency for urban or sub-urban environment.    



 

 236 

8 Environment-related Emission Impacts 

  Introduction 

This chapter presents the results of environment-related impacts obtained from the 

EnViVer emission model. As discussed in Chapter 5, three emission indicators have 

been chosen to evaluate the environmental impacts, they are Carbon Dioxide (CO2), 

Nitrogen Dioxide (NOx) and Particulate Matter (PM10). This chapter presents these 

emission results obtained from all 108 scenarios, which have been developed based 

on different vehicle types, driving behaviours, travel speeds and fleet penetrations.   

 Influence of Vehicle Type, Driving Behaviour and Fleet 
Market Penetration  

It has been generally recognised that the vehicle emissions produced by a particular 

vehicle depend on various factors, and these factors can be divided into the following 

broad categories (Huboyo et al, 2013; Boulter and Webster, 1997; Abbott et al., 

1995): 

 

• Technical factors that relate to the design and engineering of the vehicle i.e. 

vehicle weight, engine type, exhaust after-treatment, aerodynamic properties; 

and  

• Operational factors that relate to the way in which the vehicle is used i.e. road 

gradient, rate of acceleration and its speed.  

 

The technical factors will not be included in this programme of research as it is beyond 

the scope of the investigation, and this programme of research will be focused on the 

vehicle operational factors only. 

 

This section presents the emission results of CO2, NOX and PM10 obtained from 

different vehicle types, driving behaviours and fleet market penetration levels. It is 

noted that the composition for each of vehicle type includes 2% of heavy goods 

vehicle (HGV) which is consistent with the baseline scenario. In addition, the age of 
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the vehicles is converted to model year 2016 for all MV, CVs, AVs, and CAVs. Model 

year 2016 was selected to acknowledge the fact that in this year AVs have been 

introduced (Stogios, 2018). It should be noted that the changes in emissions are 

marginal compared with differences in emissions between different vehicle types (e.g. 

SUVs versus small cars).The detailed results with absolute numerical values for the 

three emission types from EnViVer output are presented in Table 8.1. The change of 

percentage compared with the baseline scenario is shown in Figures 8.1, 8.2, 8.3 and 

8.4. 

 

It should be noted that the emission results for different vehicle types, driving 

behaviours and fleet market penetrations are all based on a travel speed of 30mph 

which is in line with the baseline scenario. The results obtained for different vehicle 

travel speeds are presented in later section. 

 

Table 8.1 presents the results of the CO2, NOx, and PM10 emissions for each of the 

scenarios with a travel speed of 30mph within the study area during the morning 

rush hour (8:00 to 9:00am). As can be seen in the table, the total emissions of CO2, 

NOx, and PM10 pollutants obtained from the base scenario are 1,465.4kg, 2,140g, 

and 184.4g, respectively. The highest concentration of CO2 and NOx both occur in 

the scenarios when AVs operate at 75% penetration level with Cautious driving 

behaviour, when the emissions are increased very slightly from the base scenario by 

5% and 6% respectively. The highest concentration of PM10 is obtained for the 

scenario of 100% of CV market penetration level with Cautious driving behaviour, 

representing only a 2% increase. By contrast, the lowest concentrations of CO2, NOx 

and PM10 are identified for the scenario of 100% of AV market penetration with All-

knowing driving behaviour, which see fairly significant reductions of 20%, 21% and 

18%, respectively.   
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Table 8.1: The results of CO2, NOx and PM10 emissions based on 30mph scenarios 
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CO2 (kg/h) 

Baseline 0% 

1465.4 - 1465.4 - 1465.4 - 

NOx (g/h) 2140.0 - 2140.0 - 2140.0 - 

PM10(g/h) 184.4 - 184.4 - 184.4 - 

CO2 (kg/h) 
 

Cautious 

25% 1512.8 3% 1510.1 3% 1507.1 3% 

50% 1512.0 3% 1524.9 4% 1530.5 4% 

75% 1501.8 3% 1533.6 5% 1524.4 4% 

100% 1481.5 1% 1522.6 4% 1513.8 3% 

Normal 

25% 1446.1 -1% 1409.3 -4% 1409.7 -4% 

50% 1456.2 -1% 1372.3 -6% 1374.0 -6% 

75% 1452.8 -1% 1348.3 -8% 1360.1 -7% 

100% 1434.9 -2% 1301.0 -11% 1349.6 -8% 

All-knowing 

25% 1392.4 -5% 1351.2 -8% 1349.7 -8% 

50% 1340.3 -9% 1271.9 -13% 1272.5 -13% 

75% 1315.9 -10% 1216.9 -17% 1224.8 -16% 

100% 1317.5 -10% 1169.0 -20% 1195.7 -18% 

NOx (g/h) 

Cautious 

25% 2238.4 5% 2230.7 4% 2226.4 4% 

50% 2249.1 5% 2264.3 6% 2270.8 6% 

75% 2241.5 5% 2278.3 6% 2266.3 6% 

100% 2216.2 4% 2267.0 6% 2257.3 5% 

Normal 

25% 2123.5 -1% 2062.4 -4% 2063.9 -4% 

50% 2144.2 0% 2004.7 -6% 2008.5 -6% 

75% 2143.9 0% 1970.0 -8% 1990.3 -7% 

100% 2123.8 -1% 1901.5 -11% 1989.1 -7% 

All-knowing 

25% 2063.8 -5% 1970.6 -8% 1969.4 -8% 

50% 1956.3 -9% 1849.8 -14% 1852.5 -13% 

75% 1920.9 -10% 1767.9 -17% 1782.9 -17% 

100% 1928.7 -10% 1698.5 -21% 1744.5 -18% 

PM10(g/h) 

Cautious 

25% 187.8 2% 185.5 1% 185.4 1% 

50% 186.6 1% 184.7 1% 185.4 1% 

75% 184.0 0% 182.3 -1% 181.9 -1% 

100% 180.3 -2% 178.8 -3% 178.6 -3% 

Normal 

25% 182.3 -1% 176.0 -4% 176.2 -4% 

50% 184.7 0% 171.4 -7% 171.8 -7% 

75% 185.5 1% 168.0 -9% 169.5 -8% 

100% 184.4 0% 162.4 -12% 168.8 -8% 

All-knowing 

25% 177.0 -4% 170.3 -7% 170.7 -7% 

50% 173.2 -6% 162.2 -12% 162.6 -12% 

75% 172.3 -6% 156.0 -15% 157.4 -14% 

100% 174.1 -5% 150.6 -18% 154.1 -16% 
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Influence of Vehicle Type 

The results indicate that the AVs and CAVs with Normal and All-knowing driving 

behaviours have a noticeably better performance than CVs in terms of reducing CO2, 

NOx and PM10 pollutants. For example, for the Normal driving behaviour scenario at 

100% penetration of the fleet, the CO2 emissions are 1,434.9kg/h for CV, 1,301kg/h 

for AV and 1,346.9kg/h for CAV; the NOx emissions are 2,123.8g/h for CV, 

1,901.5g/h for AV and 1,989.1g/h for CAV; and the PM10 emissions are 184.4g/h for 

CV, 162.4g/h for AV and 168.8g/h for CAV respectively. This is consistent with the 

results of the mobility impacts in Chapter 7 mainly because AVs and CAVs have better 

performance in terms of vehicle functionalities, e.g. being able to keep consistent 

speed and eliminate the stop-and-go situations to improve the traffic condition which 

would result in reduction of emissions from vehicles.  

 

Influence of Driving Behaviour 

The results show that All-knowing driving behaviour demonstrates a more advanced 

performance compared with the Cautious and Normal driving behaviours. This is also 

consistent with the results presented in Chapter 7. For instance, for CAV vehicle type 

at 100% market penetration level, the total emission of CO2 reduces by 18% with 

All-knowing driving behaviour, and 8% with Normal driving behaviour but increases 

by 3% with Cautious driving behaviour; the total emissions of NOx reduces by 18% 

with All-knowing driving behaviour, and 7% with Normal driving behaviour but 

increases by 5% with Cautious driving behaviour; and the total PM10 emissions fall 

by 16% with All-knowing driving behaviour, 8% with Normal driving behaviour and 

only 3% with Cautious driving behaviour.  

 

Influence of Fleet Market Penetration Level 

With respect to fleet market penetration rate, the value of the total emissions of CO2, 

NOx and PM10 decrease as the CV, AV and CAV market penetration levels increase 

for all three driving behaviours scenarios. For example, for the AVs with All-knowing 

driving behaviour, the total emissions of CO2, NOx and PM10 steadily fall when the 

market penetration level increases from 25% to 100%. The emission percentage 

reductions are 20%, 21% and 18% for CO2, NOx and PM10, respectively. 
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Figure 8.1: Comparison of CO2, NOx and PM10 emissions for different vehicle type based on  

Cautious driving scenario 
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Figure 8.2: Comparison of CO2, NOx and PM10 emissions for different vehicle type based on  

Normal driving scenario 
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Figure 8.3: Comparison of CO2, NOx and PM10 emissions for different vehicle type based on  

All-knowing driving scenario 
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Figure 8.4: Comparison of CO2, NOx and PM10 emissions based on different vehicle driving behaviours
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Figures 8.1 to 8.4 compare the total emission of CO2, NOx and PM10 based on vehicle 

type, driving behaviours and fleet market penetration level and show the percentage 

change between the various scenarios. The Figures demonstrate a similar trend for 

all three emission indicators. The results suggest that vehicle driving behaviour is the 

most significant impact factor amongst all influence factors.  

 

Specifically, as can be seen in Figures 8.1, 8.2 and 8.3, the All-knowing driving 

behaviour scenarios demonstrate the best performance whilst Cautious driving 

behaviour represents the worst performance. For example, the total emissions of CO2, 

NOx and PM10 for AVs with All-knowing driving behaviour were significantly reduced 

(by 20%, 21% and 18%) from the levels of the base scenario, respectively. For AVs 

with Cautious driving behaviour on the other hand, the total emissions of CO2 and 

NOx have increased by 4% and 6% respectively, and decreased slightly (by 3%) for 

PM10 emissions. This is considered to be consistent with the results on mobility 

presented in Chapter 7, as vehicles with All-knowing driving behaviour have the 

omniscient capability such as keeping consistent speed to reduce the stop-and–go 

behaviour and congestion, while vehicle with Cautious driving behaviour tend to have 

more stop-and-go situation as vehicles applied ‘enforce absolute breaking distance’ 

function and this may cause many unpredictable stops, and eventually increase 

particle emissions, i.e. CO2, NOx and PM10 emissions.  

 

Figure 8.4 provides an overview of the total emissions of CO2, NOx and PM10 based 

on different driving behaviours. These plots demonstrate again that vehicle with All-

knowing driving behaviour tend to drive more aggressively and show the advanced 

performance with much smaller time gaps and safety distances between vehicles, 

resulting less stop-and-go situation and less time spent in the network, which in turn 

reduce the traffic emissions. In contrast, vehicles with Cautious driving behaviour 

tend to leave larger safety distance with greater time gaps, resulting in more 

congestion and increase of the emissions.   

 

With respect to vehicle type, AVs and CAVs appear to have greater potential to reduce 

the total emission of CO2, NOx and PM10 than CVs, especially with Normal and All-
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knowing driving behaviours. For example, based on the Normal driving behaviour 

scenario at the 100% fleet market penetration shown in Figure 8.2, the total CO2 

emission for CVs, AVs and CAVs have reduced by 2%, 11% and 8%, respectively. 

This is considered to be consistent with the expectation as the AVs and CAVs have 

the ability to follow a much shorter headway than humans do to reduce the air 

resistance (Milakis et al., 2017). However, it should be noted that the decreased air 

resistance due to the shorter headway may occur at higher speeds and so are unlikely 

to have a significant effect on urban roads. In addition, the AVs and CAVs should 

benefit from the advanced capabilities and functionalities of smooth driving and 

gradual acceleration and deceleration, which has the potential to reduce vehicle 

emissions and the associated air pollution (Stogios, 2018; Williams, 2013). For 

example, in order to achieve smaller gap and safety distance, the deceleration 

process can be much smoother as there is no need for suddenly breaking to achieve 

the bigger spacing, which translates to lower emissions. On the other hand, the CVs 

are programmed to operate with greater gaps and safety distance, and more delay 

and number of stops, which would lead to greater emissions in the network. In 

addition, the CVs with delay and queue situation can create more emissions due to 

the idling (Stogios, 2018) which would also contribute to greater emission.   

 

In terms of fleet market penetration rate, as the introduction of CV, AV and CAV is 

progressively increased from low penetration rates to 100% market penetration, the 

total emissions of CO2, NOx and PM10 have gradually reduced for both Normal and 

All-knowing driving behaviours. For example, for AVs with All-knowing driving 

behaviour, the reductions of total emissions of CO2, NOx and PM10 have increased 

from 8%, 8% and 7% at 25% market penetration levels of 25%, 50%, 75% and 

100% to 20%, 21% and 18% at 100% market penetration level compared with the 

baseline scenario. However, with Cautious driving behaviour scenarios in Figure 8.1, 

there appear to be no added benefits in reducing total emissions of CO2 and NOx 

from the introduction of CVs, AVs and CAVs operations. This is considered to be a 

result of the logic of the Cautious driving behaviour that vehicles are programmed to 

leave a greater gap and safety distance than a human driver would use in a similar 

situation, which has been discussed in previous sections.   
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  Influence of Vehicle Speed 

Many previous studies show that vehicle emissions could be sensitive to the vehicle 

speed (Stogios, 2018; Ramadan and Rashwan, 2016; Xue, et al, 2013; Boulter and 

Webster, 1997). As described in Chapter 5, three different vehicle speed limits have 

been selected according to the guidance for UK speed limits in urban areas from the 

Parliament Briefing Paper (House of Commons, 2017). These speed limits are 20mph 

(low speed), 30mph (medium speed) and 40mph (high speed).  It is noted that the 

actual speed limit in the real-world baseline network is 30mph. 

 

The detailed results with absolute numerical values for total emissions of CO2, NOx 

and PM10 for all scenarios at three vehicle speeds from EnViVer output are presented 

in Tables 8.2, 8.3 and 8.4. The percentage changes when compared with the baseline 

scenario is shown in Figures 8.5, 8.6, and 8.7. 

 

Tables 8.1, 8.2 and 8.4 provide an overview of the emission results for all scenarios 

with different speed limits of 20mph, 30mph and 40mph. As can be seen from the 

tables above, the highest concentrations of CO2 and NOx are both identified in the 

scenarios with 100% of AV and CAV market penetrations with Cautious driving 

behaviour at a speed limit of 40mph, which represent significant increases of 24% 

and 21% respectively, compared to the base scenario. This appears to be consistent 

with some of the previous studies indicating that the higher the velocity used, the 

greater the amount of air pollution released (Stogios, 2018; Lutfie et al., 2017; Xue, 

et al, 2013; Boulter and Webster, 1997). It has been argued that, at high speed, 

emissions tend to increase due to the operation of an engine to deliver the power 

needed to travel (Boulter and Webster, 1997). Lutfie et al (2017) presented a linear 

relationship between CO2 and NOx emissions with vehicle speed, as the vehicle speed 

increases the concentration of CO2 and NOx becomes greater. In addition, vehicles 

with Cautious driving behaviour vehicles tend to leave large safety distance with 

greater time gaps, leading to more congestion and more emissions. 
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Table 8.2: The results of total emissions of CO2 for all scenarios 
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30mph Baseline 0% 1465.4 - 1465.4 - 1465.4 - 

20mph 

Cautious 

25% 1511.8 3% 1502.5 3% 1499.8 2% 

50% 1488.1 2% 1466.1 0% 1463.2 0% 

75% 1488.4 2% 1426.0 -3% 1414.8 -3% 

100% 1516.4 4% 1381.9 -6% 1362.0 -7% 

Normal 

25% 1436.0 3% 1478.6 1% 1480.0 1% 

50% 1507.7 3% 1452.6 -1% 1453.5 -1% 

75% 1503.8 2% 1425.7 -3% 1422.8 -3% 

100% 1487.6 1% 1383.6 -6% 1327.3 -9% 

All-
knowing 

25% 1436.0 3% 1464.0 0% 1453.3 -1% 

50% 1508.1 3% 1378.6 -6% 1381.3 -6% 

75% 1502.1 2% 1264.1 -14% 1275.0 -13% 

100% 1492.6 1% 1168.6 -20% 1210.1 -17% 

30mph 

Cautious 

25% 1512.8 3% 1510.1 3% 1507.1 3% 

50% 1512.0 3% 1524.9 4% 1530.5 4% 

75% 1501.8 3% 1533.6 5% 1524.4 4% 

100% 1481.5 1% 1522.6 4% 1513.8 3% 

Normal 

25% 1446.1 -1% 1409.3 -4% 1409.7 -4% 

50% 1456.2 -1% 1372.3 -6% 1374.0 -6% 

75% 1452.8 -1% 1348.3 -8% 1360.1 -7% 

100% 1434.9 -2% 1301.0 -11% 1349.6 -8% 

All-
knowing 

25% 1392.4 -5% 1351.2 -8% 1349.7 -8% 

50% 1340.3 -9% 1271.9 -13% 1272.5 -13% 

75% 1315.9 -10% 1216.9 -17% 1224.8 -16% 

100% 1317.5 -10% 1169.0 -20% 1195.7 -18% 

40mph  

Cautious 

25% 1611.6 10% 1666.6 14% 1681.7 15% 

50% 1637.1 12% 1746.9 19% 1763.3 20% 

75% 1628.0 11% 1787.0 22% 1792.9 22% 

100% 1593.0 9% 1815.3 24% 1809.3 24% 

Normal 

25% 1534.9 5% 1560.1 6% 1566.1 7% 

50% 1546.2 6% 1582.5 8% 1599.9 9% 

75% 1562.1 7% 1612.8 10% 1634.7 12% 

100% 1529.2 4% 1638.1 12% 1676.4 14% 

All-
knowing 

25% 1484.6 1% 1505.4 3% 1502.9 3% 

50% 1439.5 -2% 1500.6 2% 1507.1 3% 

75% 1420.1 -3% 1523.6 4% 1538.3 5% 

100% 1429.4 -5% 1547.1 6% 1575.4 8% 
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Table 8.3: The results of total emissions of NOx for all scenarios 
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30mph Baseline 0% 2140.0 - 2140.0 - 2140.0 - 

20mph 

Cautious 

25% 2225.7 4% 2213.0 3% 2209.4 3% 

50% 2201.7 3% 2175.4 2% 2173.1 2% 

75% 2211.8 3% 2128.4 -1% 2111.2 -1% 

100% 2266.1 6% 2072.3 -3% 2042.9 -5% 

Normal 

25% 2208.9 3% 2165.3 1% 2169.5 1% 

50% 2208.8 3% 2134.1 0% 2138.4 0% 

75% 2188.8 2% 2103.3 -2% 2103.8 -2% 

100% 2170.9 1% 2050.5 -4% 1976.5 -8% 

All-
knowing 

25% 2204.2 3% 2136.9 0% 2125.9 -1% 

50% 2196.8 3% 2007.5 -6% 2013.3 -6% 

75% 2181.7 2% 1840.2 -14% 1857.5 -13% 

100% 2161.5 1% 1707.4 -20% 1775.7 -17% 

30mph 

Cautious 

25% 2238.4 5% 2230.7 4% 2226.4 4% 

50% 2249.1 5% 2264.3 6% 2270.8 6% 

75% 2241.5 5% 2278.3 6% 2266.3 6% 

100% 2216.2 4% 2267.0 6% 2257.3 5% 

Normal 

25% 2123.5 -1% 2062.4 -4% 2063.9 -4% 

50% 2144.2 0% 2004.7 -6% 2008.5 -6% 

75% 2143.9 0% 1970.0 -8% 1990.3 -7% 

100% 2123.8 -1% 1901.5 -11% 1989.1 -7% 

All-
knowing 

25% 2063.8 -5% 1970.6 -8% 1969.4 -8% 

50% 1956.3 -9% 1849.8 -14% 1852.5 -13% 

75% 1920.9 -10% 1767.9 -17% 1782.9 -17% 

100% 1928.7 -10% 1698.5 -21% 1744.5 -18% 

40mph  

Cautious 

25% 2374.2 13% 2436.4 14% 2459.7 15% 

50% 2424.3 16% 2548.2 19% 2576.6 20% 

75% 2419.7 15% 2586.8 21% 2607.1 22% 

100% 2381.7 14% 2600.0 21% 2615.0 22% 

Normal 

25% 2237.9 7% 2253.0 5% 2265.8 6% 

50% 2258.7 8% 2255.1 5% 2291.2 7% 

75% 2288.6 9% 2251.5 5% 2304.2 8% 

100% 2243.9 7% 2213.5 3% 2308.4 8% 

All-
knowing 

25% 2155.9 3% 2163.9 1% 2163.6 1% 

50% 2084.9 -1% 2119.6 -1% 2140.0 0% 

75% 2055.1 -2% 2097.2 -2% 2138.8 0% 

100% 2070.8 -1% 2046.0 -4% 2120.7 -1% 
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Table 8.4: The results of total emissions of PM10 for all scenarios 
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30mph Baseline 0% 184.4 - 184.4 - 184.4 - 

20mph 

Cautious 

25% 205.2 12% 204.1 11% 205.2 12% 

50% 201.2 9% 199.5 8% 201.2 9% 

75% 199.3 8% 194.3 6% 194.0 5% 

100% 199.9 9% 188.4 2% 199.9 2% 

Normal 

25% 208.2 13% 204.4 11% 205.4 12% 

50% 210.1 14% 203.5 11% 205.2 12% 

75% 209.8 14% 202.0 10% 203.5 11% 

100% 208.8 13% 198.5 8% 192.8 5% 

All-
knowing 

25% 209.4 14% 203.7 11% 203.5 11% 

50% 212.3 15% 196.4 7% 198.7 8% 

75% 213.8 16% 185.9 1% 189.4 3% 

100% 213.3 16% 178.0 -3% 184.7 0% 

30mph 

Cautious 

25% 187.8 2% 185.5 1% 185.4 1% 

50% 186.6 1% 184.7 1% 185.4 1% 

75% 184.0 0% 182.3 -1% 181.9 -1% 

100% 180.3 -2% 178.8 -3% 178.6 -3% 

Normal 

25% 182.3 -1% 176.0 -4% 176.2 -4% 

50% 184.7 0% 171.4 -7% 171.8 -7% 

75% 185.5 1% 168.0 -9% 169.5 -8% 

100% 184.4 0% 162.4 -12% 168.8 -8% 

All-
knowing 

25% 177.0 -4% 170.3 -7% 170.7 -7% 

50% 173.2 -6% 162.2 -12% 162.6 -12% 

75% 172.3 -6% 156.0 -15% 157.4 -14% 

100% 174.1 -5% 150.6 -18% 154.1 -16% 

40mph  

Cautious 

25% 187.9 2% 188.8 3% 190.1 3% 

50% 188.9 3% 191.7 4% 193.0 5% 

75% 186.7 1% 190.7 4% 190.9 4% 

100% 181.5 -1% 189.2 3% 188.9 3% 

Normal 

25% 180.6 -2% 178.6 -3% 179.1 -3% 

50% 182.5 -1% 177.2 -4% 178.4 -3% 

75% 184.7 0% 176.5 -4% 177.8 -3% 

100% 181.9 -1% 175.7 -5% 178.9 -3% 

All-
knowing 

25% 175.9 -4% 173.7 -6% 173.4 -6% 

50% 172.2 -6% 170.2 -7% 170.5 -7% 

75% 170.9 -7% 169.3 -8% 170.0 -8% 

100% 172.9 -6% 169.0 -8% 170.6 -7% 
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It is interesting to note that the greatest concentration of PM10 occurs at a speed of 

20mph, for the scenario with both 75% and 100% of CV market penetration level 

with All-knowing driving behaviour, with the level of increase from the base scenario 

being 16%. This is consistent with the findings of previous studies and may be 

explained by that low speed journeys are characterised with frequent stop-and-go 

actions, accelerations, and decelerations in response to traffic congestion and other 

disruptions to a vehicle’s operation, with these operations resulting in inefficient fuel 

usage and combustion and eventually increased emissions (Park, 2005; Boulter and 

Webster, 1997; Abbott et al., 1995).  

 

By contrast, the lowest concentrations of CO2, NOx and PM10 occurs in the scenario 

of 100% of AV market penetration with All-knowing driving behaviour at of a speed 

of 30mph. This is considered to be consistent with the expectation given that AVs 

have the functionalities that allowing the vehicles travel with consistent speed and 

minimal the stop-and-go situations to reduce the emission rates and fuel 

consumption which would also in turn lead to emission reduction.   

 

Figures 8.5, 8.6 and 8.7 show a comparison of CO2, NOx and PM10 for various 

scenarios based on the different speed limits. It can be seen that the greatest 

reduction for CO2, NOx and PM10 occurs at the speed limit of 30mph for 100% of AV 

market penetration rate with All-knowing driving behaviour, which represents 

significant reductions of 20%, 21% and 18%, respectively, compared to the baseline 

scenario.  It is noted that based on similar conditions (i.e. speeds, driving behaviour, 

and market penetration level), AVs and CAVs generally show positive improvements 

in the emissions of all three pollutants with the level of improvement varying between 

different pollutants.
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Figure 8.5: Percentage change of total CO2 emissions based on vehicle type, driving behaviours, fleet market 

penetration and different speeds. 
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Figure 8.6: Percentage change of total NOx emissions based on vehicle type, driving behaviours, fleet market 

penetration and different speeds. 
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Figure 8.7: Percentage change of total PM10 emissions based on vehicle type, driving behaviours, fleet market 

penetration and different speeds. 
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  Summary and Conclusion 

In this chapter the results of the emission impacts from the EnViVer emissions model 

for Carbon Dioxide (CO2), Nitrogen Dioxide (NOx) and Particulate Matter (PM10) 

have been presented and discussed. The first part of the chapter presents the results 

based on different types of vehicle, driving behaviours, and fleet market penetration 

level. Similar to the mobility results, the results of the emission impacts are shown 

to be influenced by various factors including vehicle types, vehicle driving behaviours 

and vehicle travel speeds. The results show that AVs and CAVs appear to have greater 

potential to reduce the total emissions of CO2, NOx and PM10 than CVs, particularly 

those scenarios with All-knowing driving behaviour. This is considered to be the 

outcome of the capabilities and functionalities of AVs and CAVs, such as keeping 

consistent speeds for smooth driving as well as gradual acceleration and deceleration 

profiles, which thus reduces vehicle emissions and the associated air pollution. In 

addition, the All-knowing driving behaviour represents an omniscient capability to 

reduce the stop-and-go situations, and allows vehicles to accept much shorter gaps, 

which would result in less time spent on the network and being inconvenienced by 

congestion, and eventually reduce the CO2, NOx and PM10 emissions. By contrast, 

CVs with Cautious driving behaviour show the worst performance in reducing the 

emissions, as vehicles with Cautious behaviour tend to operate large gaps and safety 

distance between vehicles, leading to more stop-and-go situations and more delays, 

which would in turn increase traffic emissions. 

 

In the second part of this chapter, the results of the emission impacts based on 

vehicle travel speeds have been discussed. The results indicated that the vehicle 

travel speed limit can be a crucial factor for generating vehicle emissions. Vehicles 

travelling at low speeds (20mph) and high speeds (40mph) appear to show a worse 

performance in reducing emissions than those at 30mph. This is in line with some of 

the previous studies whereby vehicles tend to produce more emissions at high speeds 

as the engine needs to deliver more power to travel (Boulter and Webster, 1997; 

Lutfie et al., 2017), whilst vehicles travelling at low speeds could also add emissions 

due to the frequent stop-and-go actions, accelerations, and decelerations (Park, 2005; 
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Boulter and Webster, 1997; Abbott et al., 1995). The medium speed limit 30mph 

appears to be the optimum speed for reducing the emissions for the road network 

considered in the model. 

 

In conclusion, AVs and CAVs with All-knowing driving behaviour have shown the best 

performance in reducing emissions and so could bring significant benefits to the 

transport system in urban or sub-urban environments, whilst the worst performance 

is obtained from CVs with Cautious driving behaviour. This is considered to be 

consistent with the results of the mobility impacts presented in Chapter 7. 
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9 Safety-related Impacts 

 Introduction 

This chapter presents the results of safety-related impacts obtained from the 

Surrogate Safety Assessment Model (SSAM) model. As described in Chapter 5, the 

SSAM analyses trajectory data (.trj file) and identifies conflicts from the VISSIM 

simulation software. This chapter is organised as follows: first, the types of conflicts 

results for all 108 scenarios are presented; then the conflicts based on different Time-

to-Collision (TTC) threshold i.e. 1.5 seconds, 1.25 seconds, 1.0 seconds and 0.75 

seconds are presented; lastly, the conflicts influenced by different vehicle speeds are 

also presented. 

  Conflict Type  

A conflict is judged to have occurred if TTC or PET are below certain thresholds and 

that the conflict is characterised by the angle of approach. The default threshold 

values for TTC and PET are 1.5 seconds and 5.0 seconds respectively. Based on the 

relative direction of the vehicles, the SSAM classifies the conflicts into four types, 

namely rear-end (conflict angle < 30°), lane-change (30°≤conflict angle ≤85°), 

crossing conflicts (conflict angle > 85°) and unclassified as shown in Figure 9.1 below.  

 

 

Figure 9.1: Conflict types classified by angle (Pu and Joshi, 2008) 
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The rear-end conflict is defined as a potential collision during car following and lane 

changing (Virdi et al., 2019). The lane-change conflict often happens at a lane change 

event when a vehicle is changing its lane and there is a trajectory cross-point with 

another fast approaching vehicle (Li et al.; 2017). The crossing conflict is used to 

define the potential collision in head-on scenarios (Virdi et al., 2019). The rear-end 

angle and crossing angle are set as default value recommended by SSAM, which are 

30° and 80° respectively. All TTC, PET and values for conflicts types have been 

recommended and calibrated by the United States Federal Highway Administration 

(FHWA) (Gettman et al., 2008) and have been used in a number of previous studies 

(Tibljas et al., 2018; Wu et al., 2017; Olia, 2016; Argade, 2014; Huang et al., 2013; 

Ariza, 2011). Table 9.1 shows the results of average conflicts disaggregated by type 

for all 108 scenarios from the SSAM output. Figures 9.1 through 9.3 present the plots 

of different conflict types compared with the base scenario.  

 

Table 9.1 summarises the results of total, crossing, rear-end, and lane change 

conflicts predicted by SSAM using the VISSIM vehicle trajectory files, and their 

respective trends for every conflict type are shown on Figures 9.2, 9.3 and 9.4.  Table 

9.1 shows that the dominant type of conflicts is rear-end across all scenarios i.e. 

vehicle type, driving behaviour, vehicle driving speed and fleet market penetration 

level. This also applies to the baseline scenario (see Figure 9.5). The rear-end 

conflicts contribute nearly 80% of total conflicts in the baseline scenario. Previous 

studies identified that rear-end was the most frequent type of collision for manual 

vehicles, especially in urban networks (Stylianou and Dimitriou, 2018; Xue et al., 

2018; NHTSA, 2007). Favarò et al. (2017) also showed that the most cases of 

collisions were front bumper to rear-end for manual vehicles. 
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Table 9.1: Results of average conflicts by type for all scenarios 
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30mph Baseline 0% 36 3211 859 4105 36 3211 859 4105 36 3211 859 4105 

20mph 

Cautious 

25% 54 4775 1277 6106 47 4597 1326 5970 47 4514 1297 5858 

50% 53 5221 1427 6701 49 4880 1517 6445 48 4719 1454 6220 

75% 53 5524 1487 7064 45 4826 1663 6534 49 4631 1605 6143 

100% 56 5782 1570 7408 43 4683 1800 6526 52 4224 1601 5877 

Normal 

25% 50 4415 1202 5668 44 4107 1181 5332 46 4087 1191 5324 

50% 53 4796 1284 6133 43 4246 1252 5542 50 4166 1240 5456 

75% 58 5032 1306 6395 45 4288 1284 5618 51 4125 1268 5444 

100% 65 5302 1335 6701 53 4335 1314 5703 72 3999 1300 5370 

All-
knowing 

25% 52 4889 1244 6185 43 4406 1179 5628 44 4272 1150 5465 

50% 51 5725 1342 7119 38 4561 1158 5758 39 4233 1115 5388 

75% 53 6653 1440 8145 34 4405 1076 5514 36 3995 992 5023 

100% 58 7930 1558 9546 30 4096 879 5005 39 4003 917 4960 

30mph 

Cautious 

25% 41 3821 1159 5021 39 3734 1208 4980 37 3584 1151 4771 

50% 40 4081 1277 5398 37 4110 1371 5518 39 3870 1291 5200 

75% 41 4295 1374 5709 36 4260 1491 5787 36 3947 1390 5373 

100% 41 4254 1416 5712 30 4319 1580 5929 42 3874 1431 5346 

Normal 

25% 40 3326 1005 4371 33 3072 969 4074 32 2997 942 3971 

50% 38 3527 1069 4634 29 3097 990 4116 30 2863 914 3808 

75% 40 3724 1078 4806 28 3140 1011 4179 30 2864 922 3817 

100% 42 3840 1089 4971 25 3177 1008 4210 46 3075 1016 4137 

All-
knowing 

25% 33 3348 970 4350 29 3144 948 4121 29 2997 919 3946 

50% 29 3560 955 4544 25 3243 942 4211 24 2888 875 3787 

75% 28 3963 996 4987 23 3345 924 4292 23 2971 853 3826 

100% 32 4703 1072 5807 22 3453 893 4367 26 3229 886 4141 

40mph 

Cautious 

25% 40 3720 1095 4856 37 3681 1121 4839 38 3605 1065 4707 

50% 42 4111 1231 5384 33 3884 1177 5094 34 3829 1154 5017 

75% 40 4173 1287 5501 32 4143 1257 5433 32 3832 1215 5079 

100% 40 4203 1324 5566 27 4001 1240 5268 34 3629 1305 4968 

Normal 

25% 36 3140 945 4121 31 2965 924 3920 32 2891 891 3814 

50% 34 3322 984 4341 27 2901 927 3855 27 2726 901 3655 

75% 37 3522 1029 4587 22 2769 903 3694 25 2512 857 3394 

100% 38 3615 1042 4695 15 2570 854 3439 23 2401 897 3321 

All-
knowing 

25% 30 3314 937 4281 28 3160 915 4102 28 2954 868 3850 

50% 26 3441 919 4386 24 3308 897 4230 21 2966 821 3807 

75% 26 3817 954 4796 21 3427 863 4311 18 2964 759 3741 

100% 28 4605 1020 5652 13 3300 764 4078 13 2952 688 3653 
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Figure 9.2: Comparison of different type of conflicts at 20mph 
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Figure 9.3: Comparison of different type of conflicts at 30mph 
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Figure 9.4: Comparison of different type of conflicts at 40mph 
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Figure 9.5: Type of conflicts for the Baseline scenario  

As seen from Figures 9.2 to 9.4, the overall trend is consistent in that the crossing 

conflict takes up the minimum portion, and rear-end conflict contributes to the 

majority of the conflicts for all scenarios. This is in line with the findings of some 

previous studies showing that the rear-end conflicts happen more often with 

autonomous vehicles in a simulation package (Petrović et al., 2020; Papadoulis et 

al., 2019; Tibljaš et al., 2018; Favarò et al., 2017). Petrović et al. (2020) also 

suggested that autonomous vehicles are more likely to be involved in rear-end 

conflicts in the real world. A study conducted by Favarò et al. (2017) to examine the 

accident types involving autonomous vehicles found that rear-end conflicts are the 

most frequent type of conflict for autonomous vehicles especially with an AV 

positioning in front of a manual vehicle in a mixed traffic situation. Another potential 

reason for rear-end conflicts dominating the conflicts type could be due to the 

geometric characteristics of the study area. The study area has four signalised 

intersections and the distances between each of the intersections are not especially 

long, which may lead to a higher proportion of rear-end conflicts due to vehicles being 

unable to stop quickly enough (Ariza, 2011), and/or some vehicles trying to make a 

turn into junctions or mid-block wanting to make a left/right turn at the junctions 

(Argade, 2014). 
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 Conflict Severity based on TTC Values 

As described in Chapter 5, TTC values are highly related to conflicts severity level, 

i.e. conflicts with smaller TTC values are more likely to cause more severe crashes 

(Li et al., 2018; Ariza, 2011). The vast majority of the literature considered a TTC 

equal or less than 1.5 seconds in urban area would reflect an unsafe situation (e.g. 

Dijkstra et al., 2018; Morando et al., 2018; Fyfe, 2016; Truong et al., 2015; Dijkstra 

et al., 2010; Gettman et al., 2008, Pu and Joshi, 2008; Archer, 2005; Sayed et al., 

1994).  This is mainly because the average human reaction time is approximately 1.5 

seconds (Triggs and Harris, 1982). However, the threshold of the TTC value may vary 

because different drivers have different response times and it also depends upon the 

vehicle’s performance, prevailing traffic condition and visibility etc. (Khondaker, 

2016). For example, a time interval of 1.5s may be sufficient for an extreme driver 

to react in order to avoid a crash; however, an interval of 0.5s may be too small to 

allow a driver to respond to a conflict (Shahdah, 2014). A study conducted by Sayed 

and Zein (1999) suggested that the TTC values associated with the risk of collision: 

low risk when TTC values are between 1.6s and 2.0s; moderate risk when TTC values 

are between 1.0s and 1.5s; and high risk when TTC values are less than 1.0s. 

Following the introduction of automated vehicles into traffic simulation exercises, 

some researchers suggested that the TTC threshold for conflicts should be less than 

1.5 seconds if automated vehicles are involved because of their ability to react to a 

situation faster than a human driver (Penttinen et al., 2019; Ukkusuri et al., 2019; 

Das, 2018; Morando et al., 2017;2018). Therefore, four thresholds of TTC, i.e. 1.5, 

1.25, 1.0 and 0.75 seconds have been chosen for this study (Penttinen et al., 2019; 

Das, 2018; Morando et al., 2017 and 2018; Gettman et al., 2008; Pu and Joshi, 2008) 

to differentiate the severity levels for all 108 scenarios. It is noted that the thresholds 

for PET remained at the default value (5.0 seconds).  

 

The variations in conflicts for the 30mph scenarios with different TTC thresholds are 

presented in Table 9.2. The percentage change compared with the baseline scenario 

for distributions of TTC values is shown in Figures 9.6 through to 9.9. The results 

obtained for different vehicle travel speeds are presented in a later section.  
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Table 9.2: Average conflicts with different TTC thresholds for scenarios based on 
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30mph Baseline 0% 4105 - - - - - - - 

CVs 
(30mph) 

Cautious 

25% 5021 22% 3522 -14% 2956 -28% 2784 -32% 

50% 5398 32% 3817 -7% 3197 -22% 3030 -26% 

75% 5709 39% 4017 -2% 3354 -18% 3199 -22% 

100% 5712 39% 3958 -4% 3259 -21% 3127 -24% 

Normal 

25% 4371 6% 3111 -24% 2679 -35% 2543 -38% 

50% 4634 13% 3308 -19% 2833 -31% 2699 -34% 

75% 4806 17% 3396 -17% 2887 -30% 2755 -33% 

100% 4971 21% 3425 -17% 2848 -31% 2713 -34% 

All-
knowing 

25% 4350 6% 3131 -24% 2690 -34% 2397 -42% 

50% 4544 11% 3322 -19% 2832 -31% 2376 -42% 

75% 4987 21% 3707 -10% 3121 -24% 2434 -41% 

100% 5807 41% 4357 6% 3613 -12% 2522 -39% 

AVs 
(30mph) 

Cautious 

25% 4980 21% 3472 -15% 2887 -30% 2702 -34% 

50% 5518 34% 3835 -7% 3146 -23% 2944 -28% 

75% 5787 41% 4021 -2% 3269 -20% 3062 -25% 

100% 5929 44% 4110 0% 3299 -20% 3100 -24% 

Normal 

25% 4074 -1% 2891 -30% 2491 -39% 2352 -43% 

50% 4116 0% 2922 -29% 2527 -38% 2384 -42% 

75% 4179 2% 2959 -28% 2534 -38% 2378 -42% 

100% 4210 3% 3002 -27% 2573 -37% 2401 -42% 

All-
knowing 

25% 4121 0% 2965 -28% 2544 -38% 2279 -44% 

50% 4211 3% 3078 -25% 2604 -37% 2237 -46% 

75% 4292 5% 3164 -23% 2638 -36% 2176 -47% 

100% 4367 6% 3260 -21% 2685 -35% 2142 -48% 

CAVs 
(30mph) 

Cautious 

25% 4771 16% 3346 -18% 2808 -32% 2645 -36% 

50% 5200 27% 3655 -11% 3044 -26% 2881 -30% 

75% 5373 31% 3769 -8% 3114 -24% 2962 -28% 

100% 5346 30% 3730 -9% 3025 -26% 2889 -30% 

Normal 

25% 3971 -3% 2831 -31% 2453 -40% 2333 -43% 

50% 3808 -7% 2730 -33% 2366 -42% 2257 -45% 

75% 3817 -7% 2716 -34% 2334 -43% 2230 -46% 

100% 4137 1% 2902 -29% 2391 -42% 2266 -45% 

All-
knowing 

25% 3946 -4% 2826 -31% 2433 -41% 2197 -46% 

50% 3787 -8% 2733 -33% 2327 -43% 2006 -51% 

75% 3826 -7% 2780 -32% 2313 -44% 1875 -54% 

100% 4141 1% 3083 -25% 2509 -39% 1814 -56% 
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 Figure 9.6: Percentage change for average conflicts based on TTC=1.5s 
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Figure 9.7: Percentage change for average conflicts based on TTC=1.25s 
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Figure 9.8: Percentage change for average conflicts based on TTC=1.0s 
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 Figure 9.9: Percentage change for average conflicts based on TTC=0.75s 
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As seen in Table 9.2, the fleet with Cautious AVs have the most potential conflicts 

when a threshold TTC of 1.5 seconds is applied. The scenario has 5,929 conflicts for 

a fully autonomous vehicle fleet (100%), which represents a significant increase of 

44% compared to baseline scenario. The lowest number of conflicts (3,787) occurs 

in the scenario of 75% of CAV market penetration with All-knowing driving behaviour, 

which represents a slight drop of 8%.  

 

Figure 9.6 compares the number of conflicts based on vehicle type, driving behaviour 

and fleet market penetration level. The CVs, AVs and CAVs with Cautious behaviour 

show a similar performance in terms of number of conflicts, which represent 

significant increases of 39%, 44% and 30% from the baseline scenario, respectively 

This is to be expected as vehicles with Cautious driving behaviour represent the over-

conservative driving behaviour and vehicles tend to leave greater safety gaps than a 

human driver would, which will take much longer to pass through the network. For 

example, when two Cautious vehicles come close to each other during the lane 

merging, the function of enforce absolute braking distance allows vehicles to stop 

safely at any time and avoid the other car. This process is likely to increase the 

potential of rear-end conflicts and result in the increase of the total number of 

conflicts (Li et al., 2019).  

 

The AVs and CAVs with Normal and All-knowing driving behaviour appear to result in 

much smaller number of conflicts than CVs. For example, based on the All-knowing 

driving behaviour, the number of conflicts for 100% penetration of the fleet are 5,807 

for CV, 4,367 for AV and 4,141 for CAVs, respectively. It is noted that the fleets with 

Cautious AVs have more conflicts, and the number of conflicts increased with more 

AVs in the fleet. This also applies to Normal AVs and All-knowing AVs where the 

number of conflicts increases with the penetration rate. A similar finding determined 

by Li et al. (2020) in the highway environment indicates that with the increase in the 

share of AVs with Cautious, Normal and All-knowing driving behaviours in the traffic 

flow, the number of conflicts also increases. This may be caused by the fact that an 

AV is more likely to have a conflict with another AV due to shorter headways (Morando 
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et al., 2017; 2018), which is confirmed by the observation that the majority of 

conflicts were of the rear-end type.   

 

Figures 9.7, 9.8 and 9.9 show the variations of conflicts of different severity levels 

based on TTC values i.e. 1.25s, 1.0s and 0.75s. It is evident that the number of 

conflicts reduces with the decrease of TTC values compared to the baseline scenario. 

At lower TTC thresholds, the reduction is greater. For example, for AV type with 

Normal driving behaviour at the 100% penetration rate, the number of conflicts 

reduces by 27% at a TTC threshold of 1.25s, 37% at a TTC threshold of 1.0s and 

42% at a TTC threshold of 0.75s. With regard to the TTC threshold of 1.25s, the 

results show that the reduction of number of conflicts is between 2% and 34% for 

AVs and CAVs for all three driving behaviours, respectively. For a TTC threshold of 

1.0s, the AVs and CAVs provide safety benefits by reducing the conflicts between 

20% and 44%, respectively. With a TTC threshold of 0.75s, the results for AVs and 

CAVs with Normal and All-knowing driving behaviour show a consistent decline in the 

number of conflicts as the penetration rate increases to 100%, ranging between 24% 

and 56%.  

 

In addition to the TTC thresholds, safety benefits are also dependent on vehicle types, 

driving behaviours and fleet penetration rates. Figure 9.10 shows a comparison 

between the numbers of conflicts for CVs, AVs and CAVs based on driving behaviour. 

The plot shows a notable trend that the number of conflicts decreases as the driving 

behaviour changes from Cautious to Normal and All-knowing driving behaviour. In 

addition, the All-knowing driving behaviour generally demonstrates the greatest 

safety benefits compared to Normal and Cautious behaviours. It is worth noting that 

the number of conflicts for CVs with All-knowing driving behaviour increased as the 

penetration rate increases. The same trend is also found for TTC thresholds of 1.5s, 

1.25s, 1.0s and 0.75s, which can be seen in Figure 9.10. A potential explanation for 

this is that, in this programme of research, the CV functionality is configured to be 

largely the same as a manual vehicle with additional connectivity capability, and this 

functionality with All-knowing driving behaviour may result in more conflicts as a 
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human driver with aggressive driving behaviour is more likely to be involved in 

crashes in the real world (Shinar, 2017).  

 

Figure 9.10: Number of conflicts based on driving behaviour at 30mph 

 Influence of Vehicle Speed 

In this programme of research, three different speeds have been chosen based on 

the guidance of speed limits in urban areas from the Parliament Briefing Paper, i.e. 

20mph, 30mph and 40mph (House of Commons, 2017). It is noted that the speed 

limit for the real-world baseline scenario is 30mph. The detailed results of absolute 

numerical values for number of conflicts with four severity levels of TTC values for 

CVs, AVs and CAVs based at three vehicle speeds from SSAM output are presented 

in Table 9.3, 9.4 and 9.5. The percentage changes compared with the baseline 

scenario are shown in Figure 9.11, 9.12, 9.13, and 9.14. 
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Table 9.3: Average conflicts for CVs with different TTC thresholds for all scenarios 
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30mph Baseline 0% 4105 - - - - - - - 

20mph 

Cautious 

25% 6106 49% 4201 2% 3319 -19% 3098 -25% 

50% 6701 63% 4628 13% 3593 -12% 3382 -18% 

75% 7064 72% 4901 19% 3678 -10% 3489 -15% 

100% 7408 80% 5029 23% 3668 -11% 3507 -15% 

Normal 

25% 5668 38% 3932 -4% 3177 -23% 2973 -28% 

50% 6133 49% 4276 4% 3432 -16% 3231 -21% 

75% 6395 56% 4445 8% 3535 -14% 3349 -18% 

100% 6701 63% 4614 12% 3604 -12% 3426 -17% 

All-
knowing 

25% 6185 51% 4350 6% 3563 -13% 3054 -26% 

50% 7119 73% 5101 24% 4189 2%    3310 -19% 

75% 8145 98% 5913 44% 4883 19% 3551 -14% 

100% 9546 133% 6969 70% 5735 40% 3785 -8% 

30mph 

Cautious 

25% 5021 22% 3522 -14% 2956 -28% 2784 -32% 

50% 5398 32% 3817 -7% 3197 -22% 3030 -26% 

75% 5709 39% 4017 -2% 3354 -18% 3199 -22% 

100% 5712 39% 3958 -4% 3259 -21% 3127 -24% 

Normal 

25% 4371 6% 3111 -24% 2679 -35% 2543 -38% 

50% 4634 13% 3308 -19% 2833 -31% 2699 -34% 

75% 4806 17% 3396 -17% 2887 -30% 2755 -33% 

100% 4971 21% 3425 -17% 2848 -31% 2713 -34% 

All-
knowing 

25% 4350 6% 3131 -24% 2690 -34% 2397 -42% 

50% 4544 11% 3322 -19% 2832 -31% 2376 -42% 

75% 4987 21% 3707 -10% 3121 -24% 2434 -41% 

100% 5807 41% 4357 6% 3613 -12% 2522 -39% 

40mph 

Cautious 

25% 4856 18% 3394 -17% 2847 -31% 2683 -35% 

50% 5384 31% 3784 -8% 3174 -23% 3006 -27% 

75% 5501 34% 3845 -6% 3225 -21% 3078 -25% 

100% 5566 36% 3838 -7% 3180 -23% 3056 -26% 

Normal 

25% 4121 0% 2917 -29% 2509 -39% 2379 -42% 

50% 4341 6% 3067 -25% 2629 -36% 2499 -39% 

75% 4587 12% 3198 -22% 2716 -34% 2595 -37% 

100% 4695 14% 3188 -22% 2667 -35% 2546 -38% 

All-
knowing 

25% 4281 4% 3059 -25% 2612 -36% 2298 -44% 

50% 4386 7% 3196 -22% 2715 -34% 2217 -46% 

75% 4796 17% 3545 -14% 2981 -27% 2224 -46% 

100% 5652 38% 4265 4% 3552 -13% 2339 -43% 
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Table 9.4: Average conflicts for AVs with different TTC thresholds for all scenarios 
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30mph Baseline 0% 4105 - - - - - - - 

20mph 

Cautious 

25% 5970 45% 4069 -1% 3214 -22% 2987 -27% 

50% 6445 57% 4404 7% 3450 -16% 3224 -21% 

75% 6534 59% 4485 9% 3498 -15% 3291 -20% 

100% 6526 59% 4447 8% 3484 -15% 3294 -20% 

Normal 

25% 5332 30% 3674 -11% 2991 -27% 2799 -32% 

50% 5542 35% 3836 -7% 3134 -24% 2949 -28% 

75% 5618 37% 3888 -5% 3185 -22% 3002 -27% 

100% 5703 39% 3947 -4% 3240 -21% 3046 -26% 

All-
knowing 

25% 5628 37% 3990 -3% 3277 -20% 2860 -30% 

50% 5758 40% 4201 -2% 3479 -15% 2906 -29% 

75% 5514 34% 4096 -0% 3398 -17% 2767 -33% 

100% 5005 22% 3800 -7% 3155 -23% 2528 -38% 

30mph 

Cautious 

25% 4980 21% 3472 -15% 2887 -30% 2702 -34% 

50% 5518 34% 3835 -7% 3146 -23% 2944 -28% 

75% 5787 41% 4021 -2% 3269 -20% 3062 -25% 

100% 5929 44% 4110 0% 3299 -20% 3100 -24% 

Normal 

25% 4074 -1% 2891 -30% 2491 -39% 2352 -43% 

50% 4116 0% 2922 -29% 2527 -38% 2384 -42% 

75% 4179 2% 2959 -28% 2534 -38% 2378 -42% 

100% 4210 3% 3002 -27% 2573 -37% 2401 -42% 

All-
knowing 

25% 4121 0% 2965 -28% 2544 -38% 2279 -44% 

50% 4211 3% 3078 -25% 2604 -37% 2237 -46% 

75% 4292 5% 3164 -23% 2638 -36% 2176 -47% 

100% 4367 6% 3260 -21% 2685 -35% 2142 -48% 

40mph 

Cautious 

25% 4839 18% 3386 -18% 2828 -31% 2644 -36% 

50% 5094 24% 3570 -13% 2951 -28% 2760 -33% 

75% 5433 32% 3845 -6% 3156 -23% 2970 -28% 

100% 5268 28% 3807 -7% 3086 -25% 2929 -29% 

Normal 

25% 3920 -5% 2769 -33% 2379 -42% 2245 -45% 

50% 3855 -6% 2762 -33% 2389 -42% 2253 -45% 

75% 3694 -10% 2668 -35% 2315 -44% 2182 -47% 

100% 3439 -16% 2554 -38% 2244 -45% 2106 -49% 

All-
knowing 

25% 4102 0% 2946 -28% 2524 -39% 2187 -47% 

50% 4230 3% 3061 -25% 2620 -36% 2149 -48% 

75% 4311 5% 3120 -24% 2660 -35% 2108 -49% 

100% 4078 -1% 2926 -29% 2491 -39% 1928 -53% 
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Table 9.5: Average conflicts for CAVs with different TTC thresholds for all scenarios 
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30mph Baseline 0% 4105 - - - - - - - 

20mph 

Cautious 

25% 5858 43% 4053 -1% 3223 -21% 3014 -27% 

50% 6220 52% 4438 8% 3532 -14% 3329 -19% 

75% 6143 50% 4287 4% 3430 -16% 3252 -21% 

100% 5877 43% 4133 1% 3318 -19% 3157 -23% 

Normal 

25% 5324 30% 3727 -9% 3047 -26% 2860 -30% 

50% 5456 33% 3880 -5% 3200 -22% 3027 -26% 

75% 5444 33% 3906 -5% 3232 -21% 3075 -25% 

100% 5370 31% 3958 -4% 3231 -21% 3059 -25% 

All-
knowing 

25% 5465 33% 3879 -6% 3225 -21% 2830 -31% 

50% 5388 31% 3900 -5% 3292 -20% 2794 -32% 

75% 5023 22% 3690 -10% 3127 -24% 2575 -37% 

100% 4960 21% 3713 -10% 3102 -24% 2374 -42% 

30mph 

Cautious 

25% 4771 16% 3346 -18% 2808 -32% 2645 -36% 

50% 5200 27% 3655 -11% 3044 -26% 2881 -30% 

75% 5373 31% 3769 -8% 3114 -24% 2962 -28% 

100% 5346 30% 3730 -9% 3025 -26% 2889 -30% 

Normal 

25% 3971 -3% 2831 -31% 2453 -40% 2333 -43% 

50% 3808 -7% 2730 -33% 2366 -42% 2257 -45% 

75% 3817 -7% 2716 -34% 2334 -43% 2230 -46% 

100% 4137 1% 2902 -29% 2391 -42% 2266 -45% 

All-
knowing 

25% 3946 -4% 2826 -31% 2433 -41% 2197 -46% 

50% 3787 -8% 2733 -33% 2327 -43% 2006 -51% 

75% 3826 -7% 2780 -32% 2313 -44% 1875 -54% 

100% 4141 1% 3083 -25% 2509 -39% 1814 -56% 

40mph 

Cautious 

25% 4707 15% 3286 -20% 2763 -33% 2601 -37% 

50% 5017 22% 3526 -14% 2948 -28% 2793 -32% 

75% 5079 24% 3582 -13% 2981 -27% 2843 -31% 

100% 4968 21% 3438 -16% 2815 -31% 2683 -35% 

Normal 

25% 3814 -7% 2698 -34% 2320 -43% 2198 -46% 

50% 3655 -11% 2611 -36% 2257 -45% 2150 -48% 

75% 3394 -17% 2425 -41% 2095 -49% 2002 -51% 

100% 3321 -19% 2347 -43% 1965 -52% 1869 -54% 

All-
knowing 

25% 3850 -6% 2742 -33% 2355 -43% 2049 -50% 

50% 3807 -7% 2729 -34% 2337 -43% 1907 -54% 

75% 3741 -9% 2676 -35% 2266 -45% 1721 -58% 

100% 3653 -11% 2629 -36% 2190 -47% 1489 -64% 
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Table 9.3, 9.4 and 9.5 provide an overview of the number of conflicts with four 

severity levels of TTC values for all scenarios with different speed limits of 20mph, 

30mph and 40mph. As shown from the tables above, the highest potential conflicts 

for CVs, AVs and CAVs all occur at a speed of 20mph with a TTC value of 1.5s. The 

number of conflicts for CVs at 100% market penetration with All-knowing driving 

behaviour increases from 4105 to 9546, which represents a significant increase of 

133% compared to the baseline scenario. This could be caused by the effects of the 

function of CVs and logic of All-knowing behaviour which have been discussed in the 

previous section. The CV’s function is configured as a manual vehicle with additional 

connectivity capability, and this functionality with an aggressive driving behaviour 

may result in more conflicts. The number of conflicts for full fleets of AVs and CAVs 

with Cautious driving behaviour increases to 6526 and 5877, which represent 

increases of 59% and 43%, respectively. In contrast, the lowest number of conflicts 

for CVs, AVs and CAVs all occur in All-knowing driving behaviour at 40mph with a 

TTC value of 0.75s. These numbers are 2217, 1928 and 1489, which represent 

reductions of 46%, 53%, and 64%, respectively. This is somewhat to be expected as 

the lower TTC threshold value should result in lower conflicts.   

 

Figures 9.11 through to 9.14 show a comparison of the number of conflicts for 

different vehicle speeds. It can be noticed that the potential number of conflicts 

reduces with the increase of vehicle speed. This trend applies to all vehicle types and 

three driving behaviours across the full spectrum of all scenarios. For example, the 

number of conflicts for CVs at 100% market penetration with Normal driving 

behaviour is obtained as 6701 at 20mph, reducing to 4971 at 30mph and 4695 at 

40mph, respectively. This trend is different to those identified in the previous studies 

that vehicle speed shows a positive relationship with road crash frequency and 

severity (Bornioli et al., 2020; IRTAD, 2018; Alhajyaseen, 2014). One explanation 

for this might be that a vehicle travelling with a very low speed vehicle in the front 

may increase the probability of rear-end conflicts, and head-on conflicts when 

overtaking a slower car (ITF, 2018). There could be another piece of evidence that 

the majority of the conflicts are rear-end conflicts across all scenarios for this 

programme of research as discussed in the previous section. It is also noted that the 
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variation in the number of conflicts is shown to be greater from 20mph to 30mph 

than those from 30mph to 40mph across all scenarios. For example, the number of 

conflicts for AVs at 100% market penetration with All-knowing driving behaviour at 

20mph, 30mph and 40mph were 5005, 4367 and 4078. The reduction from 20mph 

to 30mph is 13% whilst it is only 7% from 30mph to 40mph. This may be caused by 

the characteristics of the layout of the network, where it is a ring road with four busy 

junctions. The distance between each of the junctions is relatively short which could 

mean that the vehicles are unable to reach the desired speed before they need to 

slow down and stop at the next junction. As a result, the potential of conflict reduction 

at a higher speed may have not shown up in the VISSIM modelling.
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Figure 9.11: Percentage change of average conflicts based on different speeds with TTC thresholds of 1.5s 
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Figure 9.12: Percentage change of average conflicts based on different speeds with TTC thresholds of 1.25s 

 

 



 

 279 

 

 

Figure 9.13: Percentage change of average conflicts based on different speeds with TTC thresholds of 1.0s 
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Figure 9.14: Percentage change of average conflicts based on different speeds with TTC thresholds of 0.75s



281 

 

 Summary and Conclusion 

In summary, the results of safety-related impacts i.e. the number of conflicts obtained 

from the SSAM based on vehicle type, driving behaviours, fleet market penetration and 

different speeds have been presented and discussed in this chapter. Firstly, the results 

of conflict type are presented. The results indicate that rear-end type conflicts dominate 

all scenarios, this is in line with the findings from some previous studies which show 

that rear-end conflicts happen more often with autonomous vehicles in both real-world 

and the simulation package experiments (Petrović et al., 2020; Papadoulis et al., 2019; 

Tibljaš et al., 2018; Favarò et al., 2017). The potential reasons for this are then 

discussed. It is considered that both manual and autonomous vehicles tend to involve 

rear-end conflicts in simulation packages and this finding was consistent with previous 

studies. Another potential reason related the geometric characteristic of the study area 

is also discussed.  

Secondly, the results of conflicts with different severity levels of TTC threshold i.e. 1.5s, 

1.25s, 1.0s and 0.75s based on 30mph are presented. The results show that an AV is 

more likely to have conflicts with another AV due to shorter headways, which suggests 

that the TTC threshold for AVs should be less than 1.5s that set for human driven 

vehicles. This may lead to potential significant reductions of 48% and 56% of total 

conflicts for AVs and CAVs, respectively.   

Finally, the results of how the number of conflicts are influenced by different speed 

limits are presented and discussed. The results show that the potential number of 

conflicts reduces with the increase of vehicle speed. This is rather different to the 

findings of previous studies that suggest that higher speeds lead to a higher risk of 

crashes. The reason could be that a ‘too slow’ speed vehicle in front may increase the 

probability of rear-end conflicts, and head-on conflicts when overtaking a slower car. In 

addition, the characteristics of the layout of the road network could also contribute to 

this. 

In conclusion, the safety benefits are influenced by vehicle type, speeds, driving 

behaviour and fleet market penetration level. Based on a speed limit of 30mph 

compared with the existing network, there is a great potential for improving road safety 
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when CVs, AVs and CAVs with All-knowing driving behaviour are introduced into the 

system. This is consistent with the findings presented in Chapter 7 and Chapter 8. 

  



 

283 

 

10 Discussion, Summary of Results and Conclusions  

This chapter presents a summary of the research conducted along with the findings and 

a synthesised result in relation to existing research and the contributions to the state 

of the art. This chapter contains six parts. First, a discussion for the programme of 

research is presented. Then, an overall review of the thesis is provided including a 

summary of the results presented in Chapters 7, 8 and 9, followed by the conclusions 

on each of the research objectives are presented. After that, the contributions to the 

knowledge are summarised. Finally, the limitations of the current programme of 

research and recommendations for future research are presented.  

 Addressing Research Questions 

This programme of research has been designed to evaluate and quantify the impacts of 

connected, autonomous and connected autonomous vehicles in sub-urban areas. In 

order to achieve the overall aim of the programme of research, the impacts and benefits 

of CVs, AVs and CAVs have been studied by reviewing previous studies in this context 

and the gaps have been identified in the current knowledge (Chapter 2). The primary 

knowledge gaps are identified as 1) a lack of research concerning the transition phase 

from manual vehicles to connected and autonomous vehicles with mixed traffic 

conditions; 2) at the interface between the city centre and motorway. In addition, a 

critical review of the literature shows that 3) only a limited number of studies had been 

conducted for multi-link/multi-junction networks using the microsimulation method. 

Finally, there is a need for studies that 4) consider societal impacts in the areas such 

as mobility, environmental and safety at the same time. An integrated simulation 

approach was therefore proposed and conducted. The findings and results in this 

programme of research are discussed around the research question in following 

subsections: 

 

RO1 To what extent are CVs, AVs and CAVs beneficial to the traffic system in 

the urban/sub-urban environment? 
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The literature review conducted in Chapter 2 highlights the main benefits of connected, 

autonomous and connected autonomous vehicles, i.e. improving traffic mobility, 

reducing vehicle emission and also improving traffic safety. The results of the 

microsimulation study (presented in Chapters 7, 8 and 9) demonstrate that the benefits 

of CVs, AVs and CAVs are influenced by vehicle type, speeds, driving behaviour and 

even fleet market penetration level. The All-knowing driving behaviour AVs and CAVs 

have shown the best performance in improving the efficiency of traffic network, 

reducing vehicle emission and improving road safety. In contrast, Cautious driving 

behaviour vehicles have shown the worst performance. In other words, Cautious 

vehicles have the potential to affect the network capacity and the network performance 

in a negative manner.  

 

Sub-RQ 2a) Specifically, how beneficial are they in terms of mobility-related 

indicators?  

 

As for the mobility-related benefits, the programme of research has investigated and 

quantified the five mobility indicators i.e. average stops, average delay time, average 

queue length, average travel time and network capacity recommenced from DfT 

Modelling Guidelines (2010), PTV Group (2018) and previous studies from the literature 

(Dadashzadeh and Ergun, 2019; Das, 2018; Kockelman et al., 2017; Calvert et al., 

2017; Lin et al, 2013; Mahmod, 2010). Each of the indicators has been analysed based 

on vehicle driving behaviours, vehicle types, fleet market penetration level and vehicle 

travel speed. The results of the microsimulation study show these factors influence the 

results in different ways. The driving behaviours and vehicle types particularly appear 

to be more influential than the others. Vehicles with All-knowing driving behaviour 

perform much better than those with Normal and much better than those with Cautious 

behaviours. This is largely to be expected as the All-knowing driving behaviour 

represents an omniscient capability such as keeping consistent speed in the traffic 

stream to reduce the stop-and-go situations. In addition, AVs and CAVs have the ability 

to follow a much shorter headway and less lane width than human-driven vehicles to 

achieve the best performance, also they are ultimately more likely to respond more 

quickly to an event than a human could. In contrast, vehicles with Cautious driving 
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behaviour perform the worst, especially CVs with Cautious behaviour vehicles tend to 

keep much greater gaps than a human driver would use between vehicles, which 

preventing vehicles from entering the network and thus leading delay, queue, more 

stop-and-go situations, causing congestion build up and result in a breakdown of the 

network. On the other hand, some scholars have argued that the increased capacity 

due to less headway distance may create another type of problems for the comfort and 

safety of pedestrians and cyclists, especially in the mixed traffic conditions (Gavanas, 

2019; Parkin et al., 2018). In addition, some studies indicated that in the early 

transition period, the impact on congestion is expected to be higher in the mixed traffic 

condition such as CVs, AVs, CAVs with human-driven vehicles, pedestrians, bicycles, e-

scooters and other ‘light mobility’ modes in a dense urban environment (Gavanas, 2019, 

Soteropoulos et al., 2019). 

 

In conclusion, AVs and CAVs with All-knowing driving behaviour have shown the best 

performance in reducing the number of stops, delay time, queue length, journey time, 

and increasing the capacity. In other words, when AVs and CAVS were sufficiently 

capable and appropriately applying the All-knowing driving behaviour, such fleets could 

finally significantly improve the traffic efficiency in the urban/sub-urban road network. 

This trend is in line with the results obtained from similar studies by Almobayedh (2019), 

Li et al. (2019), Stogios et al. (2019) and Stogios (2018). 

  

Sub-RQ2a) How beneficial are they in terms of local air quality and carbon 

emissions? 

 

In terms of the environmental-related benefits, the results of the microsimulation study 

indicate that vehicles with All-knowing driving behaviours tend to drive more 

aggressively and show advanced performance with much smaller time gaps and safety 

distances between vehicles, resulting in less stop-and-go situations and less time spent 

in the network, which in turn reduced traffic emissions. This is benefited from the 

advanced capabilities and functionalities of smooth driving and gradual acceleration and 

deceleration, which has the potential to reduce vehicle emissions and the associated air 

pollution (Stogios et al., 2019; Stogios, 2018; Williams, 2013). In contrast, CVs with 
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Cautious driving behaviour would worsen traffic conditions with an increased prevalence 

of stop-and-go situations which in turn would lead to more stops and delays, and hence 

higher traffic emissions. This trend is in line with the findings of studies by Stogios et 

al. (2019) and Stogios (2018).  

 

In addition, the results of the microsimulation study show that the vehicle travel speed 

limit can be a crucial factor for generating vehicle emissions. Vehicle travelling at a 

higher speed tend to produce more emissions as the engine needs to deliver more power 

to travel whilst vehicle travelling at low speeds could also add the emissions due to the 

frequent stop-and-go actions, accelerations, and decelerations, with these operations 

resulting in inefficient fuel usage and combustion, and other disruptions to a vehicle’s 

operation, eventually adding to traffic congestion levels and causing increased 

emissions This observation is consistent with the findings of most of the previous studies 

(Stogios et al., 2019; Stogios, 2018; Lutfie et al., 2017; Xue, et al., 2013; Park, 2005; 

Boulter and Webster, 1997; Abbott et al., 1995).  

 

As discussed in the previous section, some arguments about increased capacity may 

cause substantial increases in aggregate traffic volumes, which could lead to higher 

traffic densities and more demand for travel by vehicles, and more vehicle emissions 

(Litman, 2019; Anderson et al., 2016; Wadud et al., 2016). 

 

In conclusion, AVs and CAVs with All-knowing driving behaviour have shown the best 

performance in reducing emission impacts whilst the worst performance is obtained 

from CVs with Cautious driving behaviour. This suggests that the benefits and impacts 

on emission for AVs and CAVs with All-knowing driving behaviour are noticeable in the 

urban/sub-urban road network.  

 

Sub-RQ2c) How beneficial are they in terms of traffic safety?  

 

As for the safety-related benefits, the results of the microsimulation study indicate that 

autonomous vehicles tend to involve rear-end conflicts. This trend is in line with the 

theoretical and simulation results obtained from most of the previous studies (Petrović 
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et al., 2020; Papadoulis et al., 2019; Tibljaš et al., 2018; Favarò et al., 2017). In 

addition, the results suggest that Cautious AVs give the highest number of potential 

conflicts. This could be caused by the attribute of ‘enforce absolute breaking distance’ 

adopted in the microsimulation method. When the function of ‘enforce absolute breaking 

distance’ is applied, vehicles always make sure that they will brake to avoid a collision 

which means that vehicles can stop at any time even if the leading vehicle stops 

instantly. This could lead to more unpredictable stops. Such a process is likely to 

increase the potential of rear-end conflicts and this finding is in line with the 

observations by other researchers, e.g. Li et al. (2019). Another potential explanation 

is the distinctive feature of the study area. The distances between each of the 

intersections are not particularly long, which may lead to a higher proportion of rear-

end conflicts due to vehicles being unable to stop quickly enough.  This observation is 

in line with the findings of some previous studies, e.g. Argade (2014) and Ariza (2011).  

Moreover, the results of the study suggest that the TTC threshold of 0.75s could 

significantly reduce the number of potential conflicts, and this trend is in line with the 

findings of many previous studies, e.g. Penttinen et al. (2019), Das (2018) and Morando 

et al. (2017; 2018). Nevertheless, unlike the results of other studies (e.g. Bornioli et 

al., 2020; IRTAD, 2018; Alhajyaseen, 2014) which indicated that the road crash 

frequency and severity increase with vehicle speed, the results of this study show that 

the number of potential conflicts actually reduces with the increase of vehicle speed. 

The reason for this might be that a vehicle travelling with a low-speed vehicle in the 

front may increase the probability of rear-end conflicts, and a head-on conflict when 

overtaking a slower car (ITF, 2018).    

 

As demonstrated by the microsimulation study, the rear-end conflicts are the most 

frequent type of conflict for AVs and CAVs. This means there is a potential to reduce 

the total conflicts by reducing the number of rear-end conflicts. Li et al. (2017) indicated 

that, compared with the human-driving vehicles, the CACC platooning system has 

significant safety benefits on reducing rear-end collision risk from both the theoretical 

and simulation experiments. Results of Li et al. (2017) also showed that the additional 

proportion of traffic flow could increase when the desired time headway declined to 

some extent. It is noted that such experiments were conducted based on motorway 
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environment, and the feasibility of using CACC platooning system on urban/sub-urban 

area is still unknown. In recent years, studies on the subject of CACC platooning system 

or V2V platooning were mostly carried out in a non-urban environment (e.g. Gong et 

al., 2019; Jehanfo et al., 2019; Zhang et al., 2018; Kamali et al., 2017; Uri and Varada, 

2017; Deng, 2016; Harwood and Reed, 2014) with a limited number of studies were 

conducted in the urban area (e.g. Khalifa et al., 2018; Faraj, Lioris et al., 2017; Sancar 

and Fidan, 2017). Admittedly, features of urban/sub-urban are very different from 

motorway environment. These features include roundabouts, intersections and 

pedestrian crossings. This means that urban platooning would need to be much more 

dynamic and flexible (Schindler et al., 2018), and rather difficult to keep a formation 

compared to platooning on motorway environment, because of the existence of these 

features. For example, a roundabout, traffic lights, a conventional vehicle and even an 

urgent reaction to vulnerable road users can easily breakdown/split the platoon into 

several small groups. Therefore the effectiveness of using the CACC platooning system 

in an urban/sub-urban area to reduce the rear-end conflicts is highly dependent on how 

platooning is deployed and therefore can be a very complex subject which will require 

research in the future. 

 

In conclusion, fleets of AVs and CAVs with All-knowing driving behaviour have 

demonstrated greater improvement in terms of mobility, emission and safety, i.e. 

improving the efficiency of the road network with decreased delays, number of stops, 

journey time and increased roadwork capacity; reducing vehicle emissions and 

improving the road traffic safety even at a relatively small market penetration rate.  

This finding is in line with what has been reported in the literature (Li et al., 2019; 

Stogios et al., 2019; Stogios, 2018). In addition, this finding is somewhat to be expected 

as AVs and CAVs with All-knowing driving behaviour represent an omniscient capability 

such as being able to keep consistent speeds to reduce the stop-and-go situations which 

allows vehicles to accept much shorter gaps to achieve the best performance. In 

contrast, CVs with Cautious behaviour show poorer performance than the scenarios with 

all manual vehicles under the current situation. This is thought to be caused by 

cautiously programmed CVs keeping much greater gaps than a human driver who would 

utilise the space between vehicles. This over-conservative driving behaviour of CVs with 
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Cautious behaviour potentially poses another set of problems to traffic, such as 

preventing vehicles from entering the network and thus leading to delays and queues, 

causing congestion build up in the network, and eventually leading to greater vehicle 

emissions. 

 

RQ2.  How can the utilisation of CVs, AVs and CAVs be optimised in the 

urban/sub-urban environment? 

 

Connected and autonomous vehicles are expected to bring transformative change in 

our daily life by providing enhanced accessibility, availability and quality of transport 

services, yet these changes will depend on how utilisation of CVs, AVs, and CAVs can 

be optimised in urban/sub-urban environment (Gavanas, 2019).  

 

The microsimulation results presented in Chapters 7, 8 and 9 show that AV and CAV 

vehicle type generally perform better than a CVs in terms of improving traffic 

performance, reducing vehicle emission and improving road safety. It is also interesting 

to note that in this programme of research, the AV vehicle type performs slightly better 

than the CAV vehicle type. Numerous studies had been conducted to assess the impacts 

of connected and autonomous vehicles (CAVs). The majority of the previous studies 

suggested that the CAVs could achieve greater improvements in safety, congestion and 

environment protection without reducing mobility (e.g. Arena and Pau, 2019; Rahman, 

2019; Atkis, 2016; Baker et al., 2016; Fyfe, 2016; Murray-Tuite et al., 2016; Olia, 2016; 

Minelli et al., 2015). However, the advantage of the connectivity capability has not been 

sufficiently proven by the microsimulation results presented in previous chapters. One 

of the potential explanations for this could be the parameter setting of the 

microsimulation model. In this programme of research, the function of connectivity is 

achieved by setting longer look-ahead/look-back distances, a greater number of 

interaction objectives and a greater number of interaction vehicles. This may have 

resulted in maintaining greater spacing between vehicles than normal conditions which 

could potentially lead to the poorer performance of the road network. Another potential 

explanation is that the parameters for CAVs are based on the CoEXist project and the 

data were collected from test-track equipped with specific sensors. According to the 
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reports from the CoEXist project (i.e. Sukennik, 2020; Peter et al., 2018), these values 

were validated based on the car following model Wiedemann 99 simulating the 

motorway environment. It is noted that the current programme of research uses 

Wiedemann 74 because it suits more for an urban environment. The CoEXist reports 

indicated that compared to Wiedemann 74, Wiedemann 99 was more suitable for 

simulating automated vehicles. These constraints indicate that the values adopted from 

CoEXist project for CAVs could be too sensitive to be used in an urban situation, which 

could potentially lead to the advantage of connectivity capability not being recognised 

by the microsimulation results presented in this study. The final potential explanation 

could be the geometric characteristics of the study area in which the distance between 

each of the intersections is relatively short. The algorithm for CAVs is not speed-

dependent which could underestimate the capability of CAVs and eventually lead to 

poorer performance. These areas will require further research in the future.  

 

RQ3. What will urban/sub-urban transport systems ultimately look like in the 

future based on the prediction of the microscopic simulation modelling? 

 

It has been suggested that connected and autonomous vehicles are not expected to be 

ready until the next decade, with a widespread adoption seeming likely sometime 

between 2029 at the earliest and by 2050 at the latest (Regulation UK, 2020).  This 

may bring transformative changes in the mobility and accessibility in the urban area, 

such as the existing infrastructure should be replaced and upgraded to accommodate 

and support CVs, AVs, and CAVs. For example, a study of Gonzalez et al (2017) provides 

a path planning method for autonomous vehicles driving at roundabouts. Several 

scholars proposed a setting dedicated lanes for CAVs under various CAV penetration 

rates and demand levels (Litman, 2020; Ye and Yamamoto, 2018; Zhong et al., 2017; 

Anderson et al., 2016; Hussain et al., 2016). It should be noted that there will be a 

transition phase when many human-driven vehicles are likely to still remain on the 

roadways especially in the urban areas for some decades to come (Hancock et al., 2019).  

 

Figure 10.1 below illustrates the predicted market penetrations of CVs, AVs and CAVs 

for the next 30 years based on the modelling results of the current programme of 
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research. From this it seems that the three autonomous driving behaviours vehicles i.e. 

AV/CAV Cautious, AV/CAV Normal and AV/CAV All-knowing are going to converge 

between 2020 and 2050. According to DfT & Atkins (2016), it is plausible that the 

emerging AV/CAV vehicle fleet will be more cautious than vehicles currently in operation 

due to technical challenges, user preference and public perceptions.  There probably 

will be Cautious AVs/CAVs first being introduced to the market for the first 10 years 

before 2030, then the Normal AVs/CAVs before 2040, and finally the All-knowing 

AVs/CAVs when the technology is mature enough to be suitable for the widespread use 

and full public acceptance. However, the introduction of Cautious AVs/CAVs probably 

poses another set of risks to traffic. As seen from Figure 10.1, the Cautious AVs/CAVs 

reduce the network capacity by 37% and 28% compared to Normal AVs/CAVs and All-

knowing AVs/CAVs. This suggests that the potential ability of AVs/CAVs to improve 

safety and traffic performance is likely to be conditional, at least upon some external 

factors including AV/CAV capability and driving behaviour styles. In other words, 

Cautious AVs/CAVs provide safety benefits but significantly decrease network 

performance whilst All-knowing AVs/CAVs lead to more efficient traffic flow and result 

in better network performance but with higher safety risks. Vice versa, is the argument 

that increasing urban roadway capacity can cause substantial increases in aggregate 

traffic volumes, which could lead to more demand of travel by vehicles and hence more 

environmental impacts and road safety concerns (Litman, 2019; Anderson et al., 2016; 

Wadud et al., 2016). Therefore, researchers, policy makers and practitioners must begin 

to consider the impacts of the advent of autonomy on future travel and mitigate these 

effects, whilst policy makers and practitioners will need to make some tough decisions 

in the future as to how they implement these new technologies. Fundamentally, it seems 

that there will be a choice between 1) an approach with low-risk from a safety 

perspective, but with high risk politically because it significantly decreases network 

performance; or 2) an approach that will give better network performance, but will 

potentially lead to acceptance issues if safety is perceived to be compromised as a result. 
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Figure 10.1: Autonomous driving market forecasts for the next 30 years based on the 

AVs market penetration level 

 Summary of Results 

This thesis investigates and quantifies the potential mobility, environmental and safety 

related impacts and benefits of connected, autonomous and connected-autonomous 

vehicle based on mixed traffic scenarios. An overall review of the methodology of 

implementing a modelling framework based on a traffic microscopic simulation using 

PTV VISSIM, the Surrogate Safety Assessment Model (SSAM), and EnViVer was 

proposed. A typical sub-urban network with several signalised intersections located in 

the city of Leicester was selected for simulation. This network was selected mainly due 

to the quality and completeness of the data which was made available for this 

programme of research. A field traffic data survey was conducted to enable a successful 

calibration and validation of the base model. A sensitivity analysis was carried out to 

identify the most influential parameters in the model during the calibration stage. A 

total of 108 scenarios was developed and tested for the investigation based on different 

vehicle types (i.e. CV, AV and CAV), driving behaviours (i.e. Cautious, Normal and All-
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knowing), fleet market penetrations (i.e. 25%, 50% 75% and 100%) and speeds (i.e. 

20, 30 and 40 mph). Each scenario was designed to run 10 independent runs with 5 

different numbers of seeds to allow replicating the stochastic nature of traffic flow in 

the simulation, in total, 5,450 simulation runs were conducted and 2,200 hours of 

computing runtime were spent on this study (10x5x1 base models + 10x5x108 

scenarios). The following conclusions can be drawn based on the results presented from 

Chapters 7, 8 and 9: 

 

Mobility-related 

 

• The results show that the AVs and CAVs with All-knowing driving behaviour can 

reduce average stops by 71% for both, average delay time by 59% for both, 

average queue length by 76% and 73%, and average travel time by 28% for 

both; and the network capacity can be increased by 23% and 20%, respectively;  

 

• AVs and CAVs generally perform much better than CVs across all selected 

indicators as the AVs and CAVs have the ability to follow a shorter headway, and 

are expected to travel with a consistent desirable speed in the traffic stream; 

 

• CVs have the worst performance in all vehicle types as the CV functionality is 

configured to be largely the same as a manual vehicle in the simulation, and the 

function of ‘enforce absolute breaking distance’ allows vehicles to stop safely at 

any time even if the leading vehicle stops instantly which leads to more stop-

and-go situations; 

 

• Vehicles with All-knowing driving behaviour perform better than those with 

Normal driving behaviour and much better than those with Cautious behaviour 

across all selected indicators. This is largely to be expected as the All-knowing 

driving behaviour represents an omniscient capability such as keeping consistent 

speed to reduce the stop-and-go situations, and allowing vehicles to accept much 

shorter gaps to achieve the best performance; and 
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• AVs and CAVs with All-knowing driving behaviour have shown the best 

performance across all selected indicators, i.e. reducing delay time, queue length, 

journey time, and finally improving the efficiency of the road network. 

 

Environment-related 

 

• The results show that AVs and CAVs with All-knowing behaviour appear to have 

greater potential to reduce the total emissions of CO2 by 20% and 18%, NOx by 

21% and 18%, and PM10 by 18% and 16%; 

 

• AVs and CAVs perform much better than CVs as the AVs and CAVs have the 

capabilities to keep consistent speeds for smooth driving as well as gradually 

acceleration and deceleration profiles, thus reduces vehicle emissions and 

associated air pollutions; 

 

• CVs with Cautious driving behaviour show the worst performance in reducing the 

emissions. This is because vehicles with Cautious behaviour tend to operate large 

gaps and safety distance between vehicles, which leads to more number of stop-

and-go situations and more delays, which would in turn increase the traffic 

emissions; and 

 

• The results also show that the vehicle travel speed limit can be a crucial factor 

for generating vehicle emissions. Vehicles travelling at  high speed (e.g. 40mph) 

could produce more emission as the engine needs to deliver more power to travel, 

whist vehicles travelling at low speed (e.g. 20mph) could also add to emissions 

due to frequent stop-and-go actions, accelerations, and decelerations. The 

medium speed limit of 30 mph appears to be the optimum speed for limiting the 

emissions for the road network considered in this model. 

 

 Safety-related 

• The results show that both manual and autonomous vehicles tend to involve rear-

end conflicts for all scenarios in simulation packages. The geometric characteristic 
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of the study area could be one of the potential reasons. The study area has four 

signalised intersections and the distances between each of the intersections are 

not particularly long, which may lead to a higher proportion of rear-end conflicts 

due to vehicles being unable to stop quickly enough, and/or some vehicles trying 

to make a turn into junctions or mid-block wanting to make a left/right turn at 

the junctions; 

 

• Four different severity levels of TTC threshold i.e. 1.5s, 1.25s, 1.0s and 0.75s 

have been compared and presented. The results show that an AV is more likely 

to have conflicts with another AV due to a shorter headway, which suggests that 

the TTC threshold for AVs should be less than 1.5s which is the value set for 

human-driven vehicles; 

 

• CVs with All-knowing driving behaviours show the poorest safety benefits 

because the CV functionality is configured to be largely the same as a manual 

vehicle with additional connectivity capability, and this functionality with All-

knowing driving behaviour may result in more conflicts as this is equivalent to a 

real-world scenario that a human driver with aggressive driving behaviour is more 

likely to be involved in crashes; 

 

• The results show that AVs and CAVs with All-knowing driving behaviour with a 

TTC value of 0.75s could significantly reduce potential conflicts by 48% and 56%; 

and 

 

• The results also show that the potential number of conflicts reduces with the 

increase of vehicle speed. One of the reasons could be that a too slow speed 

vehicle in front may increase the probability of rear-end conflicts, and head-on 

conflicts when overtaking a slower car. In addition, the characteristic of the road 

network layout could also contribute to this as the distance between each of the 

junctions is relatively short. Some of the vehicles are unable to reach the desired 

speed before they need to slow down and stop at the next junction. As a result, 
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the potential of conflict reduction at a higher speed may have not shown up in 

the VISSIM modelling.   

 

In conclusion, AVs and CAVs with All-knowing driving behaviour have shown the best 

performance across all tested scenarios, i.e. improving the efficiency of the road 

network, reducing vehicle emissions and conflicts (approximately 30% in journey time, 

20% in emission and 56% in conflicts), with a significant performance improvement 

being achieved even at a relatively small market penetration rate for AVs and CAVs with 

All-knowing behaviour. This trend is consistent with the expectations for AVs and CAVs 

with All-knowing driving behaviour representing an omniscient capability such as 

keeping consistent speed to reduce the stop-and-go situations, and allowing vehicles to 

accept much shorter gaps to achieve the best performance. In contrast, CVs with 

Cautious behaviour show poorer performance across all scenarios, even poorer than the 

scenarios with all manual vehicles under the current situation. The Cautious CVs reduce 

the performance of the road network with increased delays, number of stops, and 

journey time, which leads to further congestion and breakdown of the network, which 

eventually results in a reduction in capacity and an increase of the intensity of the 

emissions. Thus, CVs with Cautious driving behaviour would see a 60% increase in 

journey time, 6% increase in emissions and 40% increase in conflicts. This is thought 

to be because cautiously programmed CVs tend to keep much greater gaps than a 

human driver would use between vehicles which could contribute to the observed poorer 

performance. Additionally, the function of ‘enforce absolute braking distance’ allows 

vehicles to stop at any time even if the leading vehicle stops instantly which may lead 

to many more stop-and-go situations.  

 Conclusions 

This programme of research aims to develop a modelling framework that simulates 

connected, autonomous and connected autonomous vehicles in the area of interface 

between the city centre and motorway, and evaluates the broader societal impacts 

based on mixed traffic scenarios. The programme of research has set out five objectives 
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as shown in Chapter 1. The conclusions of the programme of research linking with these 

objectives are described as follows: 

    

Objective 1 ‘To identify the characteristics of operational contexts of connected, 

autonomous and connected autonomous vehicle technologies, performance and 

system-level impacts. 

 

This has been addressed by Chapter 2 (i.e. literature review). The literature review 

begins with a review of the history of connected and autonomous vehicles. Four versions 

of the automation level, and the technologies involved in each level of automation have 

been introduced and compared. The current technologies especially the V2V and V2I 

and implementations of CVs, AVs and CAVs have been reviewed and categorised. The 

literature review suggests that the V2V and V2I technologies are likely to be slowly 

deployed. One of the most important potential reasons for the delay is that the 

technology for autonomous vehicles is currently still in development and still needs to 

go through several more stages to become widely commercially available, reliable and 

affordable. In addition, the existing infrastructure systems will need incrementally 

replaced and upgraded. With these aspects in mind, the widespread adoption of these 

new types of vehicle may still be a decade or so away at the earliest. 

 

The impacts and benefits of introducing the connected and autonomous vehicles have 

been presented in terms of congestion, environment, safety, and social four aspects. 

Although there are many benefits of introducing the connected and autonomous 

vehicles, some barriers and challenges limiting the speed of large-scale deployments, 

such as cost barrier, public acceptance and adoption, government regulations, security 

and privacy regulations, and insurance adjustments, especially the technology 

development remain the major challenges.  

 

The final part of Chapter 2 addresses Objective 1 by identifying the following research 

gaps:  

1) ensuring the different levels of market penetration with mixed vehicle condition 

of manual vehicles and connected autonomous vehicles in the transition phase;  



 

298 

 

2) focusing on the area of interface between the city centre and motorway;  

3) evaluating the broad impacts of mobility, environmental and safety in order to 

inform the decision making process where trade-offs may need to be made 

between policy goals; and  

4) exploring the scope of incorporating a ‘Microscopic Approach’ at a larger scale 

than has typically been used up-to-now, by focusing on multi-link/multi-junction 

road networks.  

 

Therefore, evaluating and quantifying the impacts and benefits of connected and 

autonomous vehicles based on mixed traffic scenarios in the area of interface between 

the city centre and motorway is considered as an important research topic and therefore 

forms a critical part of the programme of research. 

 

Objective 2 ‘To establish appropriate simulation approaches. 

 

This has been addressed in Chapters 4, 5 and 6. Chapter 4 begins with the description 

of traffic simulation analysis and current microsimulation models. Microsimulation 

models replicate a real-world traffic network dynamic by simulating vehicles movement 

on an individual level (Siddharth and Ramadurai, 2013). Five microscopic simulation 

tools have been studied and compared. A critical appraisal has been carried out in order 

to select the most suitable model for this research.  In order to have a better 

understanding of how to use microscopic simulation method to model the impacts of 

traffic operations of CVs, AVs and CAVs, a microsimulation workshop was organised and 

conducted. 38 delegates attended the microsimulation workshop.  The attendees 

included university lecturers, researchers and PhD students, as well as people from the 

industry such as simulation software suppliers, consultants and local authorities. The 

one-day workshop comprised half-day of presentation from academic, industry and 

simulation software suppliers, and half-day focus group discussions on a variety of 

selected topics. The workshop gave the insights of the most popular existing 

microsimulation modelling tools for connected and autonomous vehicles, and the 

current challenges from modelling perspective. It was concluded that the 

microsimulation software - PTV VISSIM should have most of the modelling capabilities 
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required by this programme of research, especially it was shown to have the most 

advanced facilities, various driving behaviours, user-friendly interface, and it provides 

the free licence access for academic researchers. PTV VISSIM was therefore selected as 

the main modelling tool for this programme of research. 

 

Section 5.3 of Chapter 5 presents an overview of the key performance indicators in 

terms of impacts of mobility, environment and safety. The number of stops, delay time, 

queue length, travel time and network capacity have been considered as the key 

mobility indicators; the emissions of Carbon Dioxide (CO2), Nitrogen Dioxide (NOx) and 

Particulate Matter (PM10) have been identified as the key environment indicators; and 

surrogate measures including Time-to-Collision (TTC), Post Encroachment Time (PET), 

Deceleration Rate (DR), Maximum speeds (MaxS) and Speed Differential (DeltaS) have 

been considered as the key safety indicator in this programme of research. The EnViVer 

emission model and Surrogate Safety Assessment Model (SSAM) have been reviewed 

and discussed. It is noted that the SSAM model has been recognised as the only feasible 

methodology for safety assessment (Fyfe, 2016; Essa, 2015; Shahdah et al., 2014; 

Wang et al., 2014; Huang et al., 2013). The modelling framework (Figure 5.8) has been 

developed for this programme of research. 

 

Chapter 6 presents the calibration and validation of the VISSIM model based on real-

traffic data to ensure the base model represents the real-world conditions and can be 

further used for next stage scenarios development and evaluation. A field traffic data 

survey was conducted to enable a successful calibration and validation of the base 

model. A two-stage calibration procedure of the VISSIM model has been conducted and 

a sensitivity analysis has been carried out to identify the most influential parameters in 

the model.  

 

Objective 3 ‘To construct and run scenarios representing a range of different operational 

conditions in which connected, autonomous, and connected autonomous vehicles are 

deployed. 
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This is addressed in Chapter 5 and Section 6.3 of Chapter 6. A comprehensive series of 

scenarios (Table 5.1) has been developed as an attempt to quantify the impacts of these 

scenarios against mobility, environment and safety indicators. In total, 108 scenarios 

have been developed based on four categories: vehicle type, driving behaviours, fleet 

market penetration and travel speed. Three different vehicle types, i.e. CV/HGV-CV, 

AV/HGV-AV and CAVs/HGV-CAV have been constructed with manual vehicle (MV/HGV) 

to represent the mix traffic condition. Three different driving behaviours based on the 

studies of PTV Group’s and CoEXist project have been developed, i.e. Cautious driving 

behaviour describes the behaviour that the vehicle always adopts a large safety distance; 

Normal driving behaviour is very similar to a human driver; and All-knowing driving 

behaviour describes the aggressive behaviour with perfect perception and prediction to 

keep much smaller but safe gaps. In order to investigate the impacts of connected and 

autonomous vehicles in the transition phase, five levels of market penetration have 

been constructed i.e. 0%, 25%, 50%, 75% and 100%. Three travel speeds, i.e. 20 mph, 

30 mph and 40 mph have been chosen to represent the comment speed limit in the 

urban area.  

 

Section 6.3 of Chapter 6 presents the development of the VISSIM model and evaluation 

of the 108 scenarios. It presents all necessary details of how to construct these 

scenarios from the VISSIM model, such as the essential input parameters, vehicle 

type/class, driving behaviour, vehicle composition and vehicle functions. The 

parameters for proxy connectivity and how to achieve the connectivity functionality in 

VISSIM model have also been presented and discussed. It is noted that AVs and CVAs 

are expected to travel at a more constant speed and have a consistent 

acceleration/deceleration function. Table 7-20 presents a summary of the driving 

behaviour parameters set for this programme of research, where details of how to 

establish essential input parameters for MV/CV/AV/CAV is described.  

 

Objective 4 ‘To evaluate the transport and broader societal impacts of connected, 

autonomous and connected autonomous vehicles technologies.  
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This is addressed in Chapters 7, 8, and 9, and the results are summarised in Section 

10.2. 

 

Objective 5 ‘To draw the implications to policy makers and practitioners.’ 

 

As the connected and autonomous vehicles are expected to bring transformative 

changes in the mobility and accessibility in our daily life, these changes will 

fundamentally affect the features of urban/sub-urban development. Specifically, the 

next five to ten years will be extremely important as the large-scale implementation of 

CVs/AVs/CAVs will have significant impacts on how people choose to move, locations 

choices of households and firms, the availability of public space, and accessibility of 

areas with poor roadway characteristic (Gavanas, 2019).  In addition, new opportunities 

are expected to innovate the design of urban infrastructure by replacing and upgrading 

to accommodate and support CVs, AVs, and CAVs. Therefore new criteria should be 

taken into consideration by policy makers and urban planners in order to ensure the 

traffic safety and the efficiency of the road network in changing conditions with the 

introduction of CVs, AVs and CAVs in the everyday traffic environment. The implications 

of this programme of research for policy makers and practitioners are summarised as 

follows:  

 

• According to industry estimates, four out of every ten vehicles on the road will 

be autonomous by 2040 (Porter, 2018) and this could bring transformative 

change to our daily life. Therefore, policy makers and practitioners should begin 

to educate themselves about connected and autonomous vehicles in order to be 

better prepared for the upcoming changes.  

 

• Policy makers will need to fully recognise the potential challenges that could 

accompany the benefits of connected and autonomous vehicles. This programme 

of research demonstrated that connected and autonomous vehicles could bring 

significant benefits such as improving the efficiency of traffic network, reducing 

vehicle emission and improving road safety. However, there are challenges and 

risks. For instance, any increase in capacity generated by connected and 
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autonomous vehicles coupled with the improved convenience, comfort and 

productivity afforded may in turn stimulate more demand for travel and cause 

increases in overall traffic volumes, vehicle emissions and road safety concerns 

and ultimately more dispersed land use patterns. Therefore, policy makers and 

practitioners must begin to consider these challenges and impacts on future 

travel and mitigate these effects. Planners should bring a valuable spatial 

perspective based on how different people and places might be impacted by 

connected and autonomous vehicles, to  help steer their deployment in a way 

that solves existing problems rather than creating new challenges (Porter, 2018). 

 

• The large-scale adoption of connected and autonomous vehicles has the potential 

to reduce the urban space requirements for roads and parking, which could result 

in changing the urban spatial structure. The first change will likely involve a drop 

in demand for city car parking which will free up valuable land and allow more 

diverse land development, such as high quality public green spaces, pick-

up/drop-off areas, playgrounds, parks, open market or sporting areas where 

leisure, cultural, new economic and community activities could be developed. 

Therefore, policy makers and urban planners should begin to consider urban 

development and land-use plans by taking into account the impacts of the 

connected and autonomous vehicles on the existing infrastructure and land use. 

This could be done by promoting mixed land uses, establishing urban quality 

standards, restricting parking, providing pick-up/drop-off zones for both 

automated public and private vehicles, and  re-thinking traffic patterns over the 

course of the day, for instance, estimations differ as to the number of vehicles 

that will be used during peak times (Feigenbaum, 2018). 

 

• In order to accommodate and implement the connected and autonomous vehicles, 

existing infrastructure systems will need to be incrementally replaced and 

upgraded. Therefore, policy makers and urban planners should provide updates 

to planning and guidance documents that are necessary to establish the nature 

of infrastructure requirements that might be helpful in this process. In addition, 

policy makers should consider updating the local traffic network – e.g. by making 
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modifications to speed limits, traffic priorities, road markings, safe harbour areas, 

service station layouts and parking policies. More fundamentally, new roads and 

junctions will need to be connected to electricity and fibreoptic/copper cable 

networks where practicable to take advantage of state-of-the-art 

communications and other V2I applications (TSC, 2017). 

 

• In the next five to ten years, policy makers and urban planners should focus on 

the intermediate effects, especially the transition phase that including a world in 

which autonomous and non-autonomous vehicles share the roadways. To ensure 

a safe and quick implementation of connected and autonomous vehicles in the 

transition phase, policy makers and urban planners may need to consider the 

extent to which they should encourage the adoption of autonomous vehicles, e.g. 

through smart road infrastructure or dedicated lanes that would allow numerous 

vehicles driving close together at relatively consistent speeds. Meanwhile, adding 

dedicated lanes mean roads in the city centre will become segregated from 

pedestrians and cyclists to enable connected and autonomous vehicles to move 

without disruption (Porter, 2018). Therefore, policy makers need to consider how 

to regulate these operations in order to maximise the total benefits. In addition, 

the appropriate land-use plans and investments in infrastructure (e.g. reduced 

traffic signals and lane widths) should also be taken into account. 

 

• Policy makers and practitioners should consider creating and setting up more 

testbeds to collect the connected and autonomous vehicle data in order to better 

understand the impacts at sites that are cut off from major arterials and 

motorways to better allow low-speed connected and autonomous vehicle 

operations to be monitored (Feigenbaum, 2018). 

 Contribution to Knowledge 

In this programme of research, a microsimulation framework has been implemented 

and modelled to evaluate the broad impacts of mobility, environmental and safety of 

CVs, AVs and CAVs with manual vehicles in a realistic sub-urban transport network to 



 

304 

 

address. A total of 108 different scenarios has been tested to account for the impact of 

various traffic conditions. This research has produced new methodological quantitative 

outcomes and provided several practical knowledge and contributions that improve the 

understanding of the implication and performance of CVs, AVs, and CAVs mixed with 

manual vehicles. The main contribution to the knowledge of this research are 

summarised as follows: 

 

• Compared to some of the existing microsimulation-only approach, the 

innovation of this proposed integrated microsimulation framework is that an 

emission model and a surrogate safety assessment model are integrated with 

a microsimulation-based traffic model;    

 

• Constructed and tested a comprehensive series of scenarios originated from a 

baseline benchmarking scenario to account for the impacts of various mixtures 

of traffic conditions with manually driven vehicles in a sub-urban environment. 

In total, 5,450 simulation runs have been conducted in this programme of 

research, which represents a large and comprehensive secondary database for 

researchers to access and explore in further research; 

 

• Presented a method of sensitive analysis by combining with SSAM to identify 

the most influential parameters in VISSIM. This method has been conducted 

by using vehicle conflicts as the measures of effectiveness (MOEs) to determine 

which parameters have the greatest influence on vehicle conflicts; 

 

• Implemented a practical approach to simulate CVs, AVs and CAVs in the area 

of interface between the city centre and motorway, and provided a reference 

on the impacts of CVs, AVs and CAVs in the sub-urban area; and 

 

• Provided a broader view on a full range of social, economic, environmental and 

mobility indicators, in order to provide guidance to decision makers on where 

trade-offs may need to be made between policy goals and pointed out the 

useful implications from the perspectives of policy makers and practitioners.   
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 Limitations 

This research has mainly undertaken works based on simulation scenarios as attempts 

to model the real-world situations, which means there will be limitations like any other 

simulation studies. The notable limitations lie in the following two aspects: 

 

 Data limitations: 

 

• Currently there is a lack of real-world CVs, AVs and CAVs empirical data and 

how these vehicles behaving and performing within a traffic network are 

unknown, e.g. how is a CAV achieving the connectivity with another CAV or 

infrastructure in a real traffic network? How is an AV or CAV keeping a short 

headway and acceleration/deceleration? Therefore, the interaction between 

CVs, AVs, CAVs and manual vehicles are largely unknown; 

 

• With very limited or missing real-world data, calibrating traffic model and 

validating the simulation modelling to get reliable results have proved to be a 

major challenge; 

 

• There is a limitation with the existing network regarding the characteristics of 

the layout of the network. This road network is based on a main arterial road 

with four busy junctions and the distance between each of the junctions is 

relatively short. Precautions are therefore required when applying the 

modelling results to different types of road network layouts; and 

 

• There is a lack of data for pedestrians and cyclists in an urban context, and on 

how AV/CV/CAV technologies may interact with pedestrians and cyclists. 

 

Simulation software limitations 

 

• There are limitations on the ability of the driving behaviour models in VISSIM 

to represent the complicated traffic situations and driver behaviour. This is 
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mainly because the human behaviour is extremely complex in terms of 

decision-making, action process and interaction with other road users. How to 

realistically simulate human driving behaviours in the driving model is still a 

very challenging task;    

 

• Simulation models are the perfect world for zero-crash. In other words, a 

simulation model is designed to follow the specific rules in order to produce 

safe traffic movements by avoiding a single crash between simulation vehicles.  

These safe-moving processes may lead to inaccurate results as inevitably there 

will be near-misses that have not been included in the simulation; 

 

• AVs and CAVs are simulated based on the assumption of full automation, which 

might not be necessarily true in the real-world conditions; 

 

• Modelling of specific technologies of AV/CAV in VISSIM, such as connectivity 

for CAVs technology, V2I technology and vehicle platooning, is limited;  

 

• The ability of modelling pedestrians and cyclists in an urban context is currently 

absent in most of the simulation tools; 

 

• There is a lack of ability and stability for its map display function and conflicts 

selection on the map in SSAM software;  

 

• SSAM does not have a built-in function to identify conflicts by vehicle types 

such as MV-AV, HV-CAV, and CV-HV. However, it provides the vehicles’ ID 

involved in a conflict which can be extracted from VISSIM. This approach works 

with a small scale simulation which involves a relatively small number of 

conflicts whilst will have difficulties in dealing with a large scale simulation with 

thousands of conflicts; 

 

• There is a lack of calibration and validation of the SSAM model using real-world 

data to estimate realistic frequency values. The calibration and validation are 
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generally carried out using a traffic observation in the field by videotapes 

recording which can lead to inaccuracy; and   

 

• Unfortunately, the VISSIM licence run out before it was possible to make a 

quantitative judgement on how the capacity indicator on mobility, emissions 

and safety related to one another.  

 Recommendations for Future Research 

While this research contributes to the literature on evaluating and quantifying the broad 

impacts of CVs, AVs, and CAVs in a number of ways, several gaps also emerged that 

require further investigation and can be considered as topics for future research: 

 

• Once the CV/AV/CAV field data become available, a calibration for the 

parameters of driving behaviours should be considered in future research; 

 

• To expand the model from V2V and V2I to V2X, where pedestrians and cyclists 

can be included in the model; 

 

• To consider varying level of automation with mixed traffic; 

 

• In this research, only vehicle to vehicle conflicts have been considered. It is 

recommended that other types of conflicts such as vehicle to cyclists, and 

vehicle to pedestrians should be considered in the future;   

 

• A VISSIM-COM (Component Object Model) interface or a Dynamic Linked 

Library (DLL) is recommended to extend the capability of microsimulation. 

Which including modifying the driving behaviours; defining a communication 

algorithm between the vehicles and signal controllers; and creating the 

algorithm for V2V or connected vehicles platooning; and     
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• A large road network with sub-urban features such as interchanges, un-

signalised intersections, roundabouts, pedestrian crossings should be 

considered in future research. 

 Overall Summary 

In this research, an integrated microsimulation framework has been developed to 

evaluate and quantify mobility, environmental and safety related impacts and benefits 

based on comprehensive scenarios to represent the various traffic conditions. The work 

presented in this thesis shows that the driving behaviours, vehicle types, fleet 

penetration level and travel speed influence the outcome in different ways. AVs and 

CAVs with All-knowing driving behaviour have shown the best performance across all 

tested scenarios, i.e. improving the efficiency of the road network, reducing vehicle 

emissions and conflicts. The Cautious CVs reduce the performance of road network with 

increased delays, number of stops and journey time, leading to a further increase in the 

intensity of emission and vehicle conflicts. The outcomes of this research provide a new 

reference for quantifying the impacts of connected and autonomous vehicles in a sub-

urban area, and could be a piece of useful knowledge for policy makers and practitioners 

to use as a basis to create new or update the existing policy when connected and 

autonomous vehicles are ready for road users. 
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Appendix A: Microsimulation Workshop 

 

A-1: Microsimulation for Connected and Autonomous Vehicles  
Room LDS 0.17, Design School, Loughborough University, LE11 3TU 

Monday 12 June 2017 
    

Workshop Programme 

 

9:30 Coffee and Registration 

10:00 Welcome from IMPART and introduction to the workshop - Dr Evtim Peytchev, 

Nottingham Trent University  

10:05-11:05 Workshop Presentations: Impacts of automated mobility – Chair Dr Evtim Peytchev, 

Nottingham Trent University 

• 10:05 “What is the transport planner likely to need in their microsim toolkit as C/AV 

behaviours begin to affect traffic impact assessments?” - Richard Tusting, Transport 

System Catapult 

• 10:25 “Modelling the impact of vehicle automation on emissions and ride comfort” - 

Simon Hu, Imperia College 

• 10:45 “Modelling and simulation of the impacts on traffic of electronic emergency 

brake lights” - Oluwaleke Agbaje, Coventry University  

11:05-11:30 Coffee Break and Networking  

11:30-12:30 Workshop Presentations: Traffic simulation and CAVs–Chair Professor Mohammed 

Quddus, Loughborough University 

• 11:30 “Review of system identification and control algorithms used for smart 

motorways applications” - Olivier Haas, Coventry University 

• 11:50 “Simulating Autonomous Vehicles on our transport networks” - Alastair 

Evanston, PTV Group  

• 12:10 “The use of traffic microsimulation within an enhanced AV risk assessment 

module” – Christos Katrakazas, Loughborough University 

12:30-13:30 Networking Lunch 

13:30 – 15:00 Group Discussion – Chair Professor Marcus Enoch, Loughborough University 

13:30 – 14:30 Part A: Working Group Discussions (Grab a coffee and choose a group) 
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Participants will be divided into working tables, each with up to 10 participants. Each table will 

include a discussion leader, pre-selected from workshop participants. The role of the discussion 

leader will be to moderate the table, and ensure that all participants are encouraged to provide 

feedback. 

During the breakout session each table will be tasked with identifying:  

• Group 1: Led by Richard Tusting; 

• Group 2: Led by Olivier Hass; 

• Group 3: Led by Alastair Evanston. 

Topic 1) Microsimulation model for CVs/AVs/CAVs (30 minutes) 

• Model characteristics; 

• Suitable KPIs (Key Performance Indicates); 

• Advantages/disadvantages; 

• Data needs; 

• Processing needs; 

• Resource needs. 

Topic 2) Challenges when simulating the current and future infrastructure and autonomous 

functionalities with CVs, AVs and CAVs (30 minutes). 

• Current capability; 

• Current challenges when modelling automated vehicle; 

• How do we deal with current and future infrastructure; 

• Pedestrian/cycle interaction; 

• Specify functionalities; 

• Evaluating traffic accidents; 

• Data quality/quantity; 

• Accessing data. 

14:30 – 15:00 Part B: Group presentations 

15:00 – 15:30 Wrap up, followed by coffee and networking – Professor Marcus Enoch, 

Loughborough University 
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Contact Details 

Hua Sha  h.sha@lboro.ac.uk 

Prof Pete Thomas  P.D.Thomas@lboro.ac.uk 

Prof Marcus Enoch  M.P.Enoch@lboro.ac.uk 

Participant Information Sheet and Informed Consent Form 

Mini-Centre for Doctoral Training (mini-CDT) in Automatic Transport Systems, Loughborough University, 

Leicestershire, LE11 3TU, Tel: 01509 223596 

 

Thank you for your interest in our research. This Participant Information Sheet explains what the study is about 

and what your part in it would be. Please take the time to read and understand this information, ask any 

questions you may have, and consider whether you would like to take part. The last page is an Informed 

Consent Form which you can then complete, sign, and return to the investigators. 

 

What is the purpose of this workshop? 

It is expected that in the future connected and autonomous vehicles will impact the way people travel and the 

way goods are transported across the globe. However, there is only limited understanding about their real effect 

on traffic and what their technological performance will be in regards to safety, capability, and the 

consequences to the environment. This workshop will explore how the intelligent mobility community is 

seeking to model autonomous vehicles and their impact on a wide range of issues from accessibility to road 

traffic. 

 

The aim of this workshop is to provide an opportunity for researchers and PhD students working on Intelligent 

Mobility, autonomous vehicles (AV) and connected autonomous vehicles (CAVs) to present their work, share 

their experiences and hear about the research work being carried out in several other research 

groups/universities. 

 

What will I be asked to do? 

Participants will have group discussion that will focus on current microsimulation model for AVs and CAVs. 

In particular, we want to understand the challenges when simulation the current and future infrastructure with 

AVs and CAVs, and how to simulation the autonomous functionalities of AVs and CAVs. We will ask you 

questions around your current experiences using microsimulation model – how to model AVs and CAVs, the 

current challenges when modelling automated vehicles, reasons why the model does not work, and your 

aspirations about how microsimulation model for AVs and CAVs should work in future. 

 

Microsimulation for Connected 

and Autonomous Vehicles 

Workshop 

A-2: Information Sheet and Informed Consent Form 
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How long will it take? 

Approximately 45-60 minutes. 

 

Who is doing this research? 

This workshop is part of a PhD research project by Hua Sha supported by the mini-Centre for Doctoral Training 

(mini-CDT) in Automatic Transport Systems at Loughborough University. It is supervised by Professor Pete 

Thomas and Professor Marcus Enoch, and funded by a Loughborough University studentship.    

 

Are there any inclusion criteria? 

You should have experience working in or researching transport modelling. 

 

Once I take part, can I change my mind? 

Yes. If at any time before, during, or after the group discussion you wish to withdraw from the study please 

contact the main investigator.  You will not be asked any questions about why you no longer want to take part. 

Unfortunately, once the results of the study are published it will not be possible to remove your individual data 

from the results. 

 

What personal information will be required from me? 

Basic biographical data in relation to your job, role and responsibilities. 

 

Will my data be kept confidential? 

All the information you provide will be treated in strict confidence and will be anonymous unless, under the 

statutory obligations of the agencies which the researchers are working with, it is judged that confidentiality 

will have to be breached for the safety of the participant or others. 

 

In compliance with the Data Protection Act 1998 and Loughborough University’s ethics best practise guidance, 

all personal information relating to individuals or organisations will be anonymised. Audio recordings and 

interview transcripts will be kept in their original form for 10 years and stored in a locked cabinet at 

Loughborough University. They will be destroyed after this time.   

 

What will happen to the results of the study? 

The transcribed will be analysed to identify any recurring themes. This data will then be used as the basis for 

a year-long case study of a transport modelling project to see how these themes develop over time.  

 

What do I get for participating? 



 

359 

 

A summary report of the findings will be produced, a copy of which can be obtained by contacting the 

investigators.  

 

I have some more questions. Who should I contact? 

If you have any questions about the research at any stage, please do not hesitate to contact the main investigator, 

Hua Sha (h.sha@lboro.ac.uk). 

 

What if I am not happy with how the research was conducted? 

If you are not happy with how the research was conducted, please contact Ms Jackie Green, the Secretary for 

the University’s Ethics Approvals (Human Participants) Sub-Committee: 
 

Ms J Green 

Research Office, Hazlerigg Building, Loughborough University, Epinal Way, Loughborough, LE11 3TU   

Tel: 01509 222423 

Email: j.a.green@lboro.ac.uk 

 

The University also has a policy relating to Research Misconduct and Whistle Blowing which is available 

online at: 
 

http://www.lboro.ac.uk/committees/ethics-approvals-human-participants/additionalinformation/codesofpractice/ 
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Contact Details 

Hua Sha          h.sha@lboro.ac.uk 

Prof Pete Thomas      P.D.Thomas@lboro.ac.uk 

Prof Marcus Enoch      M.P.Enoch@lboro.ac.uk 

Informed Consent Form 

 

To be completed after Participant Information Sheet has been read 

 

I have read and understood the Participant Information Sheet provided 

 

Yes  No  

I have had an opportunity to ask questions about my participation 

 

Yes  No  

The purpose and details of this study have been explained to me  

 

Yes  No  

I understand that taking part in the study will include being 

interviewed and audio recorded 

 

Yes  No  

I understand that I am under no obligation to take part in the study 

 

Yes  No  

I understand that my words may be quoted in publications, reports, and other 

research outputs but my name will not be used 

 

Yes  No  

I understand that all the information I provide will be anonymous and confidential 

to the researchers, unless it is judged that confidentiality will have to be breached 

for the safety of the participant or others  

 

Yes  No  

I understand that I can withdraw from the study at any time and I will 

not be asked any questions about why I no longer want to take part 

Yes  No  

   

I have had enough time to consider my decision and I agree to 

participate in this study 

Yes  No  

Microsimulation for Connected 

and Autonomous Vehicles 

Workshop 
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Your Name 

 
 

________________________________ 

Your Signature 
 

________________________________ 

 

Signature of Investigator 
 

 

________________________________ 

 

Date 

 

________________________________ 

 

 

Once complete, please return this page to the investigators 

 

 

 

 

 

 

 

 

 

 

 

 

PARTICIPANT ID NUMBER  

   

(Investigators’ use only) 
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Appendix B: Field Data Collection 

 

Figure B-1: Junction A (Blackbird Rd/Woodgate/Fosse Rd N/Groby Rd)  

 

 

Figure B-2: Junction B (Blackbird Rd/Ravensbridge Dr/Anstey Lane)  
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Figure B-3: Junction C (A6 St Margaret's Way/Ravensbridge Drive) 

 

 

Figure B-4: Junction D (Abbey Gate/Frog Island/Woodgate)



 

364 

 

B-5: Vehicle Travel Time Record (Clockwise) 

 

 

Date of Record: 10/07/2018                                                                                                                                                                                                                        Leicester City Model 
Recorded By: Hua Sha 

Loop 
No. 

Junction A 
(Blackbird/Fosse/Groby ) 

Junction B (Ravensbridge/Anstey/Blackbird) 
Junction C 

(Abbey/Ravensbridge) 
Junction D (Woodgate/Abbey)  

Arrival time Leave time Arrival time Leave time Arrival time Leave time Arrival time Leave time 

1     07:37:08 07:38:26 07:39:36 07:39:36 07:40:02 07:40:26 

2 07:40:16 07:42:49 07:43:28 07:44:50 07:46:43 07:46:43 07:47:09 07:47:32 

3 07:48:17 07:49:39 07:50:19 07:50:19 07:52:14 07:52:35 07:53:02 07:53:16 

4 07:53:53 07:54:42 07:55:24 07:56:39 07:58:00 07:58:00 07:58:28 07:59:12 

5 07:59:50 07:59:50 08:00:24 08:01:40 08:02:17 08:02:22 08:02:47 08:03:47 

6 08:04:21 08:04:28 08:05:03 08:06:00 08:06:40 08:07:07 08:07:35 08:09:10 

7 08:09:41 08:10:51 08:11:28 08:12:42 08:14:52 08:15:11 08:15:40 08:16:38 

8 
08:17:06 08:17:56 08:18:30 

08:24:54 ( waited 3 red 
lights because the traffic in 
Ravensbridge Drive ) 08:28:20 08:28:20 08:28:50 08:29:35 

9 08:30:23 08:31:33 08:32:28 08:33:56 08:36:00 08:36:00 08:36:23 08:37:16 

10 08:38:06 08:38:39 08:39:19 08:40:40 (drop off) 08:43:34 08:43:34 08:43:58 08:44:27 

11 08:44:55 08:45:36 08:46:10 08:46:10 08:47:33 08:47:33 08:47:56 08:48:02 

12 08:48:35 08:49:04 08:49:39 08:49:39 08:50:47 08:50:55 08:51:16 08:54:10 

13 08:54:49 08:55:57 08:56:26 08:58:13 Finish       
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B-6: Vehicle Travel Time Record (Clockwise) 

Date of Record: 11/07/2018                                                                                                                                                                                                                                           Leicester City Model 
Recorded By: Hua Sha 

Loop 
No. 

Junction A (Blackbird/Fosse/Groby ) 
Junction B 

(Ravensbridge/Anstey/Blackbird) 
Junction C (Abbey/Ravensbridge) Junction D (Woodgate/Abbey)  

Arrival time Leave time Arrival time Leave time Arrival time Leave time Arrival time Leave time 

1 
    07:46:25 07:47:21 07:48:37 07:48:37 07:49:00 07:49:15 

2 
07:50:00 07:50:10 07:50:44 07:52:01 07:52:46 07:52:46 07:53:10 07:43:20 

3 
07:53:49 07:54:30 07:55:05 07:55:57 07:56:42 07:56:42 07:57:05 07:57:10 

4 
07:57:41 07:58:37 07:59:14 07:59:57 08:00:56 08:01:03 08:01:30 08:01:48 

5 
08:02:23 08:03:14 08:04:10 08:05:08 08:06:50 08:06:50 08:07:13 08:08:04 

6 
08:09:05 08:10:20 08:10:55 08:12:13 08:13:14 08:13:14 08:13:42 08:13:50 

7 
08:14:30 08:15:50 08:16:05 08:17:33 08:18:26 08:18:26 08:18:56 08:19:13 

8 
08:19:45 08:20:38 08:21:15 08:21:15 08:22:38 08:22:38 08:23:30 08:23:50 

9 
08:24:32 08:25:45 08:26:30 08:26:30 08:28:33 08:28:33 08:28:58 08:29:40 

10 
08:30:12 08:31:05 08:31:40 08:33:07 08:35:07 08:35:07 08:35:33 08:36:28 

11 
08:37:35 08:38:05 08:38:50 08:39:46 08:41:14 08:41:14 08:42:05 08:42:30 

12 
08:43:14 08:43:48 08:44:22 08:45:14 08:46:56 08:46:56 08:48:00 08:48:06 

13 
08:48:47 08:49:14 08:49:50 08:50:53 08:51:56 08:52:28 08:52:55 08:54:00 

14 
08:54:45 08:55:42 08:56:18 08:57:10 08:57:46 08:57:46 08:58:16 Finish 
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B-3: Vehicle Travel Time Record (Anticlockwise) 

Date of Record: 12/07/2018                                                                                                                                                                                                                                                              Leicester City Model 
Recorded By: Hua Sha 

Loop 
No. 

Junction D (Woodgate/Abbey)   Junction C (Abbey/Ravensbridge) 
Junction B 

(Ravensbridge/Anstey/Blackbird) 
Junction A (Blackbird/Fosse/Groby ) 

Arrival time Leave time Arrival time Leave time Arrival time Leave time Arrival time Leave time 

1     07:47:00 07:47:18 07:47:52 07:48:38 07:49:14 07:49:14 

2 07:49:43 07:49:43 07:50:10 07:50:10 07:50:42 07:50:42 07:51:20 07:52:10 

3 07:52:41 07:52:41 07:53:08 07:53:16 07:54:01 07:54:01 07:54:36 07:55:27 

4 07:56:32 07:56:32 07:57:00 07:57:00 07:57:37 07:57:37 07:58:14 07:59:00 

5 07:59:48 07:59:48 08:00:12 08:00:37 08:01:17 08:01:17 08:01:52 08:02:20 

6 
08:02:48 

08:02:48  08:02:54 
(pick up) 08:03:53 08:03:53 08:04:33 08:04:33 

08:05:26 (red lights, 5th 
car, drop off) 08:06:13 

7 08:06:38 08:06:38 08:07:06 08:07:49 08:08:29 08:09:20 08:09:58 08:09:58 

8 08:10:24 08:10:24 08:10:50 08:11:38 08:12:18 08:13:06 08:13:44 08:14:33 

9 08:15:22 08:15:22 08:15:48 08:16:40 08:17:16 08:17:51 08:18:29 08:19:28 

10 
08:20:15 08:20:15 08:20:42 08:20:42 08:21:20 08:21:20 

                             
08:22:02 08:22:47 

11 
08:23:17 08:23:17 08:23:42 08:23:51 08:24:27 08:24:27 

08:25:57 (pick up) 
08:25:57 (red lights, 1st 
car) 08:25:46 

12 08:26:14 08:26:14 08:26:44 08:26:44 (drop off) 08:27:35 08:28:37 08:29:16 08:29:16 

13 08:29:43 08:29:43 08:30:10 08:30:10 08:30:58 08:32:04 08:32:45 08:34:06 

14 08:34:42 08:34:42 08:35:09 08:35:59 08:36:34 08:37:08 08:37:46 08:37:53 

15 08:38:29 08:38:29 08:38:54 08:38:58 08:39:34 08:40:14 08:41:12 08:41:42 

16 
08:42:23 08:42:23 08:42:50 

08:42:50 (pick up 
and drop off) 08:44:17 08:44:17 08:44:50 08:45:40 

17 08:46:09 08:46:09 08:46:35 08:46:35 08:47:11 08:47:11 08:47:48 08:48:33 

18 08:49:20 08:49:20 08:49:44 08:50:17 08:51:00 08:51:30 08:52:06 08:53:04 

19 08:53:37 08:53:37 08:54:02 08:54:25 08:55:12 08:55:31 08:56:07 08:56:56 

20 08:57:23 08:57:23 08:57:53 08:57:53 Finish       
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B-4: Leicester Model Traffic Flow Site Survey Records (Number of vehicles) 

 

 

 

Date and Time Junction A 

(Blackbird Road) 

Junction B 

(Ravensbridge Drive) 

Junction C 

(Ravensbridge Drive) 

Junction D 

(Woodgate) 

Comments 

 

10/07/2018 

 

 

08:43 – 08:48 (15 

mins) 

 

238x4=952 

   

 

 

11/07/2018 

07:46 – 07:56 (10 

mins) 

 

140x6=840 

08:07 – 08:22 (15 

mins) 

 

205x4=820 

08:24 – 08:39 (15 

mins) 

 

99x4=396 

08:50 – 09:00 (10 

mins) 

 

107x6=642 

 

12/07/2018 08:08 – 08:23 (15 

mins) 

 

238x4=952 

08:46 – 09:01 (15 

mins) 

 

180x4=720 

07:50 – 08:15 (15 

mins) 

 

108x4=432 

07:50 – 08:15 (15 

mins) 

 

174x4=696 
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Appendix C: Model Development by PTV VISSIM  

 

 

Figure C-1: Desired Speed Distribution for MV at 20mph 

 

Figure C-2: Desired Speed Distribution for MV at 30mph 
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Figure C-3: Desired Speed Distribution for MV at 40mph 

 

 

Figure C-4: Desired Speed Distribution for CV at 20mph 
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Figure C-5: Desired Speed Distribution for CV at 30mph 

 

 

Figure C-6: Desired Speed Distribution for CV at 40mph 
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Figure C-7: Desired Speed Distribution for AV/CAV at 20mph 

 

 

Figure C-8: Desired Speed Distribution for AV/CAV at 30mph 



 

 

 

 

372 

 

Figure C-9: Desired Speed Distribution for AV/CAV at 40mph 

 

 

Figure C-10: Maximum Acceleration for MV  
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Figure C-11: Maximum Acceleration for CV  

 

 

Figure C-12: Maximum Acceleration for AV/CAV 
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Figure C-13: Maximum Acceleration for HGV 

 

 

Figure C-14: Maximum Acceleration for HGV-CV 
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Figure C-15: Maximum Acceleration for HGV-AV/CAV 

 

 

Figure C-16: Desired Acceleration for MV 
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Figure C-17: Desired Acceleration for CV 

 

 

Figure C-18: Desired Acceleration for AV/CAV 
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Figure C-19: Desired Acceleration for HGV 

 

 

Figure C-20: Desired Acceleration for HGV-CV 
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Figure C-21: Desired Acceleration for HGV-AV/CAV 

 

 

Figure C-22: Maximum Deceleration for MV 
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Figure C-23: Maximum Deceleration for CV 

 

 

Figure C-24: Maximum Deceleration for AV/CAV 
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Figure C-25: Maximum Deceleration for HGV 

 

 

Figure C-26: Maximum Deceleration for HGV-CV 
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Figure C-27: Maximum Deceleration for HGV-AV/CAV 

 

 

Figure C-28: Desired Deceleration for MV 
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Figure C-29: Desired Deceleration for CV 

 

Figure C-30: Desired Deceleration for AV/CAV 
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Figure C-31: Desired Deceleration for HGV 

 

 

Figure C-32: Desired Deceleration for HGV-CV 
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Figure C-33: Desired Deceleration for HGV-AV/CAV 

 

 

 

Figure C-34: Example – the vehicle composition for 25% CAV market penetration at 

20mph scenario 
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Figure C-35: Example – the vehicle composition for 100% CV market penetration at 

30mph scenario 

 

 

 

Figure C-36: Example – the vehicle composition for 75% AV market penetration at 

40mph scenario 
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Figure C-37: VISSIM simulation run with background image  
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Figure C-38: Example – Baseline scenario 

 

 

 

Figure C-39: Example – 25% AV market penetration scenario 
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Figure C-40: Example – 75% CV market penetration scenario 

 

 

 

Figure C-41: Example – 100% CAV market penetration scenario 
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Appendix D: Free flow vehicle speeds on built-up 

roads by speed limit and vehicle type in Great 

Britain 

20 mph speed Car&LGV HGV Average (mph) Average (kph) 

Under 10 mph   1% 5 mph 8 kph 

10-14 mph 2% 5% 12 mph 19.2 kph 

15-19 mph 16% 21% 17 mph 27.2 kph 

20-24 mph 52% 56% 22 mph 35.2 kph 

25-29 mph 83% 85% 27 mph 43.2 kph 

30-39 mph 98% 98% 35 mph 56 kph  

40 mph and over 99% 99% 45 mph 72 kph 

 

 

Figure D-1: Free flow vehicle speeds at speed limit of 20mph  
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30 mph speed Car&LGV HGV Average (mph) Average (kph) 

Under 20 mph 4% 7% 14.5 mph 23.20 kph 

20-29 mph 53% 55% 14.5 mph 39.20 kph 

30-34 mph 84% 84% 32 mph 51.20 kph 

35-39 mph 96% 95% 37 mph 59.20 kph 

40-44 mph 99% 98% 42 mph 67.20 kph 

45-49 mph 100% 99% 46.9 mph 75.2 kph 

50 mph and over 100% 100% 54.5 mph 87.20 kph 

 

 

 

Figure D-2: Free flow vehicle speeds at speed limit of 30mph  
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40 mph speed Car&LGV HGV Average (mph) Average (kph) 

Under 20 mph 3% 4% 14.5 mph 23.20 kph 

20-29 mph 22% 23% 14.5 mph 39.20 kph 

30-34 mph 47% 48% 32 mph 51.20 kph 

35-39 mph 78% 81% 37 mph 59.20 kph 

40-44 mph 93% 94% 42 mph 67.20 kph 

45-49 mph 98% 98% 46.9 mph 75.20 kph 

50-59 mph 100% 100% 54. 5mph 87.20 kph 

60 mph and over 100% 100% 64.4 mph 103.20 kph 

 

 

 

Figure D-3: Free flow vehicle speeds at speed limit of 40mph 
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