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Abstract 

To overcome the existing challenges within the passenger car sector such as improving 

motion safety, reducing traffic congestion and meeting the increasing expectation of 

drive-comfort, the Intelligent Transportation System community have long envisioned 

developing autonomous vehicles capable of driving themselves without the need for 

human intervention. Although the technological progress and drive from the ITS 

community (academia, OEMs, Govt. etc) has manifested in autonomous vehicle 

prototypes accumulating millions of autonomously driven miles, critical technological 

limitations still exist preventing the mass application of the technology on public roads.  

 

One important technological limitation of the existing autonomous systems is the 

inability to successfully negotiate interaction-dependent urban driving scenarios, 

highlighted by the number of reported collisions/ near misses and autonomous vehicle 

disengagements during testing. Therefore, most autonomous vehicle testing has been 

generally restricted to simple road geometries and less dynamic or controlled driving 

scenarios. There is lack of significant evidence of attempts made to demonstrate 

autonomous navigation of complex, ambiguous and interaction-dependent scenarios 

within urban environments, such as non-signalised junctions, shared crossing zones etc. 

While some human drivers do demonstrate the expert ability of negotiating such 

scenarios every day, there is a great degree of inconsistency among the human driving 

populace. This inconsistency with motion behaviour adaptation and decision-making in 

interaction-dependent scenarios, leads to unsafe, inefficient and uncomfortable driving 

experience. Successful autonomous vehicle motion planning in such scenarios therefore 

necessitates inheriting the adaptive behaviour planning with naturalistic manoeuvres 

and tactical decision-making abilities analogous to “expert” human drivers. 

 

This research proposed a novel “human-like” motion planning approach with the 

characteristics of adaptive motion planning through “naturalistic” trajectory generation 

and tactical decision-making, The two foremost contribution of this research are the 

motion planning system framework (HAPS), that enables hybrid forms of decision-

making in autonomous vehicle and an integrated local motion planning system (ATBP), 

which combines the behaviour and trajectory planning system to achieve the desired 

characteristics of expert human driving. With the proposed approach, the autonomous 

vehicle was shown to be superior at negotiating interaction-dependent scenarios by 

outperforming human drivers on the objectives of motion safety (avoid collision and 



iii 
 

near misses), motion efficiency (reduce navigation time) and motion comfort (maintain 

accelerations within acceptable limits) in two simulator studies. Furthermore, the 

application of innovation was demonstrated through the successful implementation and 

testing of the motion planning system on a real vehicle platform. The autonomous 

vehicle demonstrated the expert human-like ability to adapt its motion behaviours to 

firstly negotiate a selected list of highly dynamic driving scenarios in controlled 

environment and then, drove autonomously in un-controlled free flowing traffic in the 

first of its kind autonomous demonstrations in two cities in the UK.  
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Definitions and Terminology 

Actor: Moving Obstacles such as Cars, buses, trucks, motorcyclists, cyclists, pedestrians etc. 

Adaptive: Ability to change over time. 

Autonomous vehicle: A vehicle capable of driving itself without a human driver, exhibiting 

the skills of perception, motion planning and motion control to accomplish the tasks of 

navigating driving scenarios. 

Autonomous Vehicle Disengagement: This implies that the autonomous function had 

to be disabled and manual control was taken over. 

Behaviour: The manoeuvre type that defines the vehicles high-level motion decision to 

navigate a scenario. 

Emergency Scenarios: Scenarios, where the vehicle is about to be in a potential collision, 

requiring drastic or greater actions considering motion safety, is the only concern. 

Expert Driving Behaviour: Behaviours that are consistently safe, efficient and maintain 

acceptable motion comfort. 

Goal: The Intended motion destination location 

Manoeuvre: A high-level characterisation of the motion of the vehicle, regarding the 

position and speed of the vehicle on the road 

Near Miss: Considered as the situation in which the vehicles come very close to each other 

or situation where the actor has to slow down drastically to avoid collision with the subject 

vehicle. 

Path: A series of geographical positions that connects the vehicle current location to its 

intended goal. 

Proactive Planning: The vehicle creating a situation by reasoning the future evolution  

rather than just responding to it after it has happened 

Real-world environment –Is defined as an environment in which agents operate and can 

have different, non-consistent missions and strategies. Some regulations can be defined for 

the environment and agents should follow them; however, it cannot be guaranteed that 

every agent would always act in accordance with the regulations.  

Subject Vehicle: Is the vehicle of Interest. In this report, the subject vehicle is mostly 

referred to the autonomous vehicle. In the human driver experiment, the vehicle driven by 

the participant is also referred to as the subject vehicle.  

Trajectory: The spatiotemporal representation of the vehicle planning system output. 

Waypoints: Geographical points that form the path of the vehicle.
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1. Introduction 

The introductory chapter of the innovation report is organised into five sections. Section 

1.1 gives a brief background on the Autonomous Ground Vehicle (AGV) technology, 

describing the progress made in the area over the years, as seen through the major vehicle 

demonstrations. It also describes the foray of Tata Motors European Technical Centre 

(TMETC), in the area of the AGV technology. Section 1.2 describes the research motivation, 

highlighting why the research study focussed on the area of AGV motion planning. Section 

1.2 lists the research objectives, highlighting what the study aimed to achieve, along with 

the scope of the research. Section 1.4 lists the research contributions and the significant 

results from the study. Finally, section 1.5 outlines the structure of the innovation report. 

 

1.1. Autonomous Ground Vehicles 

Automation technology is increasingly becoming an integral part of everyday life, acting 

as an able substitute for human effort either to overcome existing limitations or to 

improve the general quality of human life. The potential capabilities of automation 

technology to perform sophisticated everyday human tasks has significantly increased 

the focus and interest in making it work in every engineering application domain. One 

such application domain that has managed to grab significant public attention in the last 

few decades is the transportation sector. Encouraged by the rapid advancements in 

digital and computing technology capabilities the last few decades, there has been 

sustained efforts to continuously improve the existing state-of-art AGV systems, through 

academia, research institutions, automotive OEMs and government funding.  

 

The word “autonomous” as described in the Cambridge dictionary [1] means being “self-

sufficient” i.e. possessing the freedom to make own decisions and the power of self-

governance. The idea of automation in the AGV, however, is not new, and the earliest 

description of the automation technology application within AGV can be traced back to 

the 1939 World’s Fair in New York, which showcased the General Motors Futurama 

exhibit of radio-guided cars [2]. The technology, however, made little progress in the 

ensuing decades, with a handful of attempts geared at automated highway driving [3]–

[6]. However, instead of self-governance and having the ability to make own decisions 

about its motion, these vehicle prototypes relied heavily on artificial guidance such as 

through remote signals or magnetic strips embedded in the roads. All the historical 

autonomy projects until the 1980s were in fact only partly automated and this limited 

progress meant the true technological capabilities of an AGV remained unexploited. The 
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first attempts of demonstrating self-sufficient AGV’s were seen in the 1980s, with 

Carnegie Mellon University’s Navlab vehicles operating in structured environments [7], 

the University of the Bundeswehr Munich’s high-speed motorway driving [8] and the 

EUREKA project “PROMETHEUS” trials [9]. The next major and the most promising 

attempts (at the time), were seen in the two DARPA challenges: the DGC-2005 [10] and 

the DUC-2007[11], where fully autonomous vehicles were tasked with navigating a set 

of predefined driving challenges. The relative success of these demonstrations was then 

followed by other major OEMs and research organisations developing working AGV 

prototypes to test on public roads [12]. Despite these great efforts, and millions of 

autonomously driven miles [13], some critical real-world application challenges still 

remain unsolved, preventing the mass application of the technology on public roads. 

While some of the challenges concern the legal framework that is currently investigated 

(e.g. in the US[14], UK [15] etc.), and the societal acceptance barrier (Garter survey [16], 

IEEE survey [17]), the technology itself remains limited in its capability to fully replace 

a human driver. One of the technical limitations is the inability of the existing 

autonomous vehicle motion planning systems to navigate complex, ambiguous and 

highly dynamic interaction-dependent urban scenarios (such as intersections and 

roundabouts), safely, efficiently and with acceptable motion comfort. This has been 

highlighted through the significant number of reported autonomous vehicle 

disengagements [18] and recorded collisions reports [19]–[21] during testing of the 

technology. The aforementioned incidences suggest that the existing autonomous 

technology is not yet mature to be truly self-sufficient and therefore not ready to 

completely dispense with the requirement of human supervision or intervention. 

 

The need for human supervision and or intervention comes in scenarios of high 

complexity, decision-making ambiguity and highly dynamic driving conditions, such as 

those at non-signalised roundabouts, pedestrian crossings etc. Although many human 

drivers successfully navigate all types of real-world scenarios on a daily basis, some 

drivers demonstrate superior driving ability and consistent performance in ensuring 

motion safety, driving efficiency and acceptable motion comfort even in complex 

ambiguous and dynamically changing interaction-dependent scenarios. Such drivers 

with the ability to handle all types of real-world scenarios, safely (no collisions or near 

misses), efficiently (travel time, travel distance) and maintaining motion comfort on a 

consistent basis are referred to as “expert” human drivers in this report. Autonomous 

vehicles can be highly consistent, unlike human drivers, as they do not suffer from 

tiredness, fatigue, emotions, illness etc., which are some of the main reasons of human 
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driving inconsistency. Therefore, by matching the skill level of an “expert” human driver 

in negotiating highly complex, dynamic and ambiguous real-world scenarios, an 

autonomous system can overcome the current limitations of technology. This research, 

therefore, focused on designing an expert human-like navigation ability in the 

autonomous ground vehicle, through a design of a planning system solution that could 

be validated in different scenarios of urban driving environments in simulation, and then 

on proving ground and finally on public roads. 

 

1.1.1. TMETC Autonomous Vehicle Application 

This Engineering Doctorate research at WMG was supported by the Tata Motors 

European Technical Centre (TMETC), which started the R&D work in the area of 

autonomous and connected vehicle technology in the year 2014. TMETC was a member 

of the UK Autodrive consortia project, that won the bid to demonstrate the connected 

and autonomous vehicle technology on UK roads as part of a multi-million government-

funded project [22]. The UK Autodrive project, which started in November 2015, 

required the demonstration of autonomously driving vehicles in uncontrolled urban 

environments on the cities of Coventry and Milton Keynes. As part of the technology 

development, TMETC developed two different vehicle platforms which include a Tata 

ACE electric vehicle shown in Figure 1.1(a) and two identical Tata Hexa SUV vehicle 

shown in Figure 1.1(b). The details of the vehicle specification and the autonomous 

hardware are described in Appendix A1. With the Engineering Doctorate research of 

designing the autonomous planning system running in parallel to the UK Autodrive 

project, the two vehicles were used as the real-world validation platforms to evaluate 

the planning system solution in real-world environments. To ensure that the planning 

system developed in this research can be tested on the vehicle platforms, appropriate 

design considerations were needed to allow easy integration with the other associated 

systems (perception and Motion Control) developed at TMETC. These specific 

considerations at various stages of the testing are described in this innovation report. 

 

Figure 1.1. Photograph of the (a) Tata ACE (b) Tata Hexa vehicle platforms 
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1.2. Research Motivations 

The increasing number of vehicles on the road is presenting several technical problem 

areas, challenging the ITS community to come up with intelligent solutions to overcome 

them. This section describes the three broader aims/challenges undertaken by the 

research described in this innovation report on autonomous ground vehicle technology: 

1. Motion Safety: Despite massive technology strides in improving the passenger 

safety, the number of deaths on the world’s roads remains unacceptably high, with 

WHO estimating approximately 1.35 million people dying each year[23]. While there 

are several factors such as inappropriate road design, poor signage etc, every major 

statics highlight that human error is a major factor in almost 90% of road 

crashes[24]. The focus of this study is therefore establishing how autonomous 

vehicle system can improve the decision-making in scenarios with motion conflicts 

to improve motion safety by reducing collision and near miss possibilities. 

2. Traffic Congestion: Traffic Congestion can simply be defined as the demand for road-

space that is exceeding supply. Recent statistics in major cities around the world 

show that drivers waste significant amount of time a year (114hours in New York, 

154 hours in Berlin, 227 hours in London, 237 hours in Paris, 210 hours in Moscow, 

254 hours in Rome etc.) in traffic [25]. Every city has unique set of problems/factors 

that combine to result in traffic congestion or gridlock and unfortunately there is no 

single solution capable of fixing all the worlds traffic congestion. The Intelligent 

transportation community have looked at the various causes such as design of road 

infrastructure for better traffic flow[26]. The focus of this study is to evaluate how 

autonomous vehicle system can make the vehicle motion time efficient by reducing 

“time-delays” (that potentially lead to traffic congestion) especially at junctions.  

3. Motion Comfort: This area of automotive industry has seen a major shift in the last 

decade, where motion comfort has evolved from being considered a luxury to now a 

necessity. While driving discomfort have many contributory factors such as non-

ergonomic driving seat, the length of journey time etc, the primary focus of this study 

is in eliminating the driving discomfort caused due to driving style. This study looks 

at how the autonomous vehicle can maintain driving comfort (by controlling 

reducing accelerations/deceleration) while trying to optimise the objectives of 

motion safety and efficiency. 

 

Employing automation technology to overcome the limitation of human driving is not 

new and the intelligent transportation research community (Academia, OEMs, Tier-1 

suppliers etc.) have been designing and testing autonomous technology solutions since 
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early 1900’s. However, a successful autonomous ground vehicle system solution that can 

effectively replace expert human driving ability in urban driving environment is still a 

work in progress. Some of the primary causes of why autonomous vehicle has found the 

urban driving environment challenging are: 

a. Complex Scenarios: The urban driving environment consists of many different 

and connected parts, including irregular road shapes and different type of 

junctions which makes the traditional autonomous vehicle approach of “follow 

the centerline unsafe (as it does not always follow the expected human-driving 

line), inefficient (frequent stop-start motion) and uncomfortable driving 

(increased lateral accelerations). Expert human drivers exhibit an ability to 

adapt to all complexity of driving scenarios, through path and motion behavior 

adaptation. 

b. Ambiguous Dynamics: Decision-making in urban driving environments are 

significantly more challenging as compared to highway driving due to factors 

such increased number of actors in proximity, actor occlusions, the frequency of 

changes in actors motion decisions etc. This creates a motion planning challenge 

especially at junctions where motion conflicts exist with one or more actors. 

Without direct vehicle to vehicle communication, the decisions made by 

individual actors and their correctness in the existing scenario are open to more 

than one interpretation. This has been the bottleneck of traditional rule-based 

autonomous systems which hits that limit, with the combinatorial possibilities 

making the problem intractable. The autonomous vehicles with traditional 

approaches are also sometime unable to make decisions with either incomplete 

information or when environmental dynamics do not evolve as expected. Expert 

human drivers have shown the ability to make decisions and adapt in such 

scenarios albeit with a varying degree of consistency.  

c. Interaction-dependent – Morden-day urban driving environments are filled with 

scenarios, where-in the actor’s paths have motion conflicts, where traditional 

autonomous motion planning approaches are generally found to be defensive or 

non-time-efficient. This is primarily because most traditional motion planning 

approaches have focussed on reactive decision-making, where the decision is a 

result of the cues identified within the scenario. Many expert human drivers 

demonstrate time-efficient driving in such scenarios through their ability to 

dynamically contextualise the scenario cues to understand the interaction with 

other actors enabling them to sometime pass without stopping at junctions. 
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1.3. Research Objective and Scope 

To fulfil the motivation/the broader research aims (i.e. motion safety, congestion, and 

motion comfort) and considering the limitations of existing motion planning approaches 

described above the research objective for this study is defined as:  

 

To design an “expert human-like”, autonomous vehicle motion planning system solution 

for real-time application, capable of planning “safe”, “time-efficient” and “comfortable” 

driving manoeuvres in “complex”, “ambiguous” and “interaction-dependent” urban 

driving environments. 

 

a. expert human-like, implies that the autonomous vehicle capable of successfully 

negotiating real-world driving scenarios with real-time behaviour adaptation, 

through exhibiting “hybrid forms” of decision-making, “naturalistic” motion 

transitions and capability to execute “emergency manoeuvres” to achieve the desired 

motion planning objectives. 

b. real-time implies that the planning system must guarantee to produce a motion plan 

within a fixed deadline. 

c. safe, implies the vehicle can avoid collisions with other moving actors or the 

surrounding environment furniture. It also implies avoiding any near misses or 

dangerous motion events. 

d. Time-efficient, implies that the vehicle always looks to reduce the “time” spent within 

a scenario, by avoiding unnecessary stops at junctions and always looking at travel 

at the maximum speed possible within the motion safety, motion comfort and the 

system manoeuvrability constraints. 

e. comfortable implies the vehicle can maintain its lateral and longitudinal 

accelerations within acceptable comfort levels as well as eliminating motion jerks. 

 

1.4. Research Contributions 

The contributions of this research aided the successful public road demonstrations of 

two autonomous vehicles in two UK cities by Tata Motors European Technical Centre 

Plc. The area marked in blue in Figure 1.2 shows the scope of contribution of this 

research within the full autonomous system. 
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Figure 1.2. Autonomous Vehicle Software System Architecture. 

 

The main contributions of this research described in this innovation report include: 

a. A Hybrid Autonomous 25Planning System (HAPS) framework: A generic modular 

planning system framework was proposed and designed through this research, 

which facilitates through its design a human-like motion planning and decision-

making for an autonomous vehicle. The planning system framework integrates a 

probabilistic perception system and a deterministic motion control system. Chapter 

4 describes the design concepts and implementation of the HAPS framework. 

b. Adaptive Tactical Behaviour Planner (ATBP): An integrated behaviour planning and 

trajectory planning approach was proposed and designed to address the 

requirement of human-like decision-making and manoeuvre planning in an 

autonomous vehicle. Compared to existing work, the proposed behaviour planner is 

adaptive, robust and progressive, and therefore can work in both co-operative and 

competitive environments. Chapter 5 and chapter 6 describes the design concepts 

and implementation of ATBP system. 

c. Human-in-Loop driving experiment: A unique experimental method was designed 

and implemented to record and evaluate the human driving behaviours at 

intersection scenarios. It is difficult and dangerous to carry out a repeatable 

experiment that involves a potential collision with actors in the real world, due to 

the potential risk of collisions and the cost of the damage to the participants, the 

vehicle and environment in the event of a collision. The human-in-loop experimental 

set-up provided a simple, repeatable and cost-effective alternative to understand the 

temporal behaviour planning of human drivers, which is critical to motion safety, 

motion efficiency and the motion comfort at interaction-dependent scenarios. 

Chapter 6 describes the set-up and its use through the human driving studies.  

d. Real world application: This study demonstrated how the autonomous planning 

system and algorithms developed in the simulation could be adopted and validated 
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for real-world use. The implementation and testing of the developed algorithms are 

described in chapter 4, chapter 5 and chapter 7 

 

1.4.1. Results and Impact 

Through the present Engineering Doctorates research, there were both academic results 

(through peer-reviewed journal article and peer-reviewed conference papers) and 

application impacts (through public demonstration of the autonomous technology). This 

section cites the most important ones. 

 

1.4.1.1. Academic Impact 

a. Journal article: Title: Autonomous Navigation in Interaction-Based Environments-A 

Case of Non-Signalized Roundabouts. Journal: IEEE, Transactions on Intelligent 

Vehicles, Volume: 3, Issue 4, Pages: 425 - 438, Year: 2018. 

b. Conference Paper 3: Title: Adaptive behaviour selection for an autonomous vehicle 

through naturalistic speed planning. Proceedings: 2017 IEEE 20th International 

Conference on Intelligent Transportation Systems (ITSC), Place: Yokohama, Japan 

Date: Oct 2017. 

c. Conference Paper 2: Title: Developing and testing of control software framework for 

autonomous ground vehicle. Proceedings: 2017 IEEE International Conference on 

Autonomous Robot Systems and Competitions (ICARSC), Place: Coimbra, Portugal 

Date: April 2017. 

d. Conference Paper 1: Title: adaptive tactical behaviour planner for autonomous 

ground vehicle. Proceedings: IEEE, 2016 UKACC 11th International Conference on 

Control (CONTROL), Place: Belfast, United Kingdom Date: August 2016. 

 

1.4.1.2. Application Impacts 

a. Live public AGV demonstration-1: UK Autodrive autonomous vehicle trials on city 

roads of Coventry, UK, in free-flowing traffic Date: November 2017 

b. Live public AGV demonstration-2: UK Autodrive autonomous vehicle driving on 

city roads of Milton Keynes, UK, in free-flowing traffic Date: October 2018 

c. Live TV AGV Showcase: BBC Show “Tomorrows World Tomorrow’s World Live- For 

One Night Only, broadcasted on the” 22nd November 2018, Broadcast time: 9-10 

pm. Place: Glasgow, UK.  

d. Demo of autonomous vehicle for a TV programme on AI : “how safe is 

autonomous driving ” for ServusTV, a TV station based in Wals-Siezenheim in the 

Austrian state of Salzburg [27]  
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1.5. Structure of the Innovation Report 

After the introductory chapter, the rest of the innovation report is organised as shown 

in Figure 1.3. 

 

Figure 1.3. Structure of the Innovation Report describing the major highlights 

 

The main flowchart describes the innovation report structure, with the different start 

highlighting links of the internal progress reports submissions, the technical article and 

conference publication and research impact to this innovation report.   
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2. Review of AGV Motion Planning Systems 

The main objective of this research was to design an autonomous planning system solution 

capable of navigating interaction-dependent urban road scenarios, satisfying a set of 

desired planning objectives. In order to establish whether the existing autonomous vehicle 

planning system approaches suffice, or if a research-gap exists, it was necessary to conduct 

a critical review of the current state-of-art motion planning methods. This chapter is 

organised in three parts: section 2.1 describes the autonomous vehicle software system 

including the planning system and its objectives, section 2.2 shows a systematic review of 

the existing motion planning state-of-art and finally, section 2.3 contains the concluding 

discussions describing the research gaps and the reasons for the selected approaches to the 

proposed planning system. 

 

2.1. Autonomous Ground Vehicle Software System Overview 

The autonomous systems ability that replaces the human ability to “perceive” the sensed 

environment, “plan” its motion and “generate” the motion actuation comes from the 

integration of three major software systems that include the “perception system”, the 

“motion planning system”, and the “motion control system”. Figure 2.1 shows a generic 

abstraction of an Autonomous Vehicle Control System Architecture (AVCSA) that 

combines the aforementioned systems, based on the implementations in Ferguson et al 

[28], Thrun et al [29], Urmson et al [30], Broggi et al [31] and Ziegler et al [32]. 

 

 

Figure 2.1: Generic Autonomous Vehicle Control System Architecture. 

 

Each of the three systems has specific roles within the AVCSA. The perception system 

aided by the sensor suite on the vehicle is required to firstly, establish where the vehicle 
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is within the world (localisation), and secondly, process and understand the vehicle’s 

navigation scenario from its surrounding. The planning systems aided by the 

information provided by the perception system is required to demonstrate three 

interconnected capabilities. Firstly, it is required to have the capability to find a global 

path that connects the vehicle current location to the desired destination. Secondly, to 

travel the global path, it needs to have the capability to plan appropriate manoeuvres 

with the knowledge of the interactions with other actors in the dynamic environment. 

Finally, it is required to have the capability to generate manoeuvrable trajectories that 

define the planned spatial and temporal motion of the autonomous vehicle to follow the 

desired behaviours. The motion control system then takes the planning system output 

and is required to have the capability to compute the necessary throttle, brake and 

steering commands to execute the motion trajectory. 

 

2.1.1. Autonomous Ground Vehicle Planning System 

The autonomous vehicle motion planning that meets the desired set of application-

specific objectives is a continuously researched field. Many different motion planning 

solutions have been attempted in applications such as Indoor Robotics [33], [34], 

Industrial Robots [35], [36], Computer Gaming Technology [37]–[39], Unmanned 

Aerospace Vehicle’s (UAVs) [40], [41], Unmanned Underwater Vehicles’s (UUVs) [42], 

[43], and Automated Ground Vehicle’s (AGVs)[44]–[47]. These research efforts have 

resulted in multiple different planning system solutions that have incrementally solved 

various challenges posed by different navigation environments. The type of motion 

planning techniques suitable for an autonomous vehicle depends greatly on the intended 

application and the type of challenges the application environment presents.  

 

In most AGV planning system literature, the problem of motion planning is divided into 

“global level planning” and “local-level planning”. Many of the early real-world AGV 

applications involved a goal-oriented global path planner and local obstacle avoiding 

trajectory planner, as was commonly seen at the DGC 2005 [10]. The urban driving 

environments, however, presents additional challenges, such as requiring the 

autonomous vehicle to follow traffic rules, negotiate interaction-dependent scenarios 

(such as intersections, roundabouts, pedestrian crossings) etc., which requires decision-

making on the vehicle behaviours according to the driving scenario. In order to cater to 

such decision-making requirements of urban environments, many of the teams 

competing at the DUC 2007 designed a three level of planning system framework of 

“global path planning”, “behaviour planning”, and “trajectory planning” [11]. In such 
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implementation, the global path planning was responsible for searching for an optimal 

(shortest travel time/least travel distance) path, on a predefined map of the road 

network to arrive at the desired destination. The behaviour planning was responsible 

for decomposing the global path into a sequence of motion behaviours, accounting for 

the interaction with other road users in the dynamic environment. The trajectory 

planning was responsible for generating dynamically feasible, safe and optimal 

trajectories to achieve the necessary motion demanded by the behaviour planning. In 

the context of on-road planning, the three planning functions for an AGV are illustrated 

in Figure 2.2. 

 

 

Figure 2.2: (a) Global path planning, (b) behaviour planning (c) trajectory planning 

 

2.1.2. AGV Planning System Objectives 

At the onset of the review of the autonomous vehicle motion planning state-of-art, it was 

necessary to identify the salient measures to be used for evaluating the “expert” human-

like motion planning capability. The list provided below gives the measures /planning 

system objectives, identified as pertinent to the success of such a motion planning 
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system approach which were identified through the literature review of the motion 

planning system challenges in urban environments [28], [48]–[50]. Their description 

and importance to the successful autonomous motion planning system in the context of 

on-road driving is also discussed here: 

Obj. 1. Feasibility: The feasibility objective focuses on the existence of either a 

path/behaviour/trajectory, without consideration of the solution quality [49]. 

For the global path planning problem, the existence of a feasible path implies that 

there is a traversable path, which connects the vehicle current location to the 

desired destination, and does not pass through static environment features such 

as buildings, roadblocks, side barriers etc. In behaviour planning problem, the 

type of behaviours available to the vehicle depends on the driving scenario, and 

the existence of a feasible behaviour implies that there exists at least one 

behaviour type capable of enabling the autonomous vehicle to successfully 

negotiate the particular dynamic scenario. For the trajectory planning problem, 

the existence of a feasible trajectory implies that there is a manoeuvrable spatio-

temporal motion plan that does not pass through static obstacles or actors. 

Depending on the driving scenario, there can be multiple feasible global paths, 

multiple feasible behaviours and multiple feasible trajectories for the 

autonomous vehicle to select during runtime. However, if no feasible 

path/behaviour/trajectory exists, the autonomous vehicle must either adapt its 

motion planning constraints and re-plan or come to a stop resulting in the 

objective of navigation to the desired destination remaining unachieved.  

Obj. 2. Safety: A safe path/trajectory implies that the vehicle acting on the 

path/trajectory does not collide with the static obstacles or actors in the scene. 

It also implies that while navigating on the planned path/trajectory, the vehicle 

maintains a “safe-distance”/“safe-gap” between itself the surrounding obstacles 

and actors in the scene [51]. The ability to navigate safety is paramount to the 

acceptance of autonomous vehicle within roads inhabited by other autonomous 

and/or human-driven vehicles, and the planning system should ensure the safety 

of both the autonomous vehicle and its surroundings. The motion safety 

capability of driving in this research is measured through number of collision 

and near misses with the expectation that autonomous vehicle should have no 

collisions and near misses. 

Obj. 3. Optimality: Optimality in the context of the motion planning system refers to the 

problem of finding a path and trajectory from a given set of feasible paths and 

trajectories respectively, that optimises some quality criterion and subject to a 
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given set of constraints [49]. The quality criterion can include all or some of 

“shortest travel-time”, “shortest travel-distance”, “best fuel economy”, “least 

emission” etc. 

Obj. 4. Motion Comfort: Motion comfort in the context of the planning system implies 

that the vehicle navigating the planned trajectory does not cause the passengers 

to experience high levels of discomfort. Motion comfort is very important for a 

vehicle that carries humans or is driven by human drivers; however, its 

acceptance levels are very subjective. Most motion comfort studies evaluating 

motion comfort have focused on the acceptable level of acceleration (both lateral 

and longitudinal) to maintain the desired motion comfort levels for the human 

driver/passenger [52]. In this research the target is to maintain the longitudinal 

and lateral acceleration within the normal driving zones unless exceptions are 

listed for particular study. 

 

Figure 2.3: Typical acceleration and jerk criteria for public transportation [53] 

 

Obj. 5. Adaptive: The real-world driving environments can be complex, ambiguous and 

dynamic, requiring the vehicle to have the capability to adapt the motion plans 

as new world information becomes available. In the context of global path 

planning, it has to have the ability to evaluate the currently selected path and re-

plan if the new information (such as road closures, gridlocks traffic congestion 

etc.) about the world makes the selected path non-feasible/non-optimal/not-

safe. In the context of local planning, the system must have the ability to re-plan 

new behaviours and trajectories such that they are safe, optimal and comfortable 

as the scenario evolves over time. 

Obj. 6. Scalability: In recent years computing power available on real-time embedded 

hardware have been improving rapidly with the performance increase in 

operations per second per dollar [54] has been primarily attributed to the 

increasing parallelism. With this trend set to continue in the ensuing future, 

motion planning systems that are ready to translate the increasing 
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computational capability into greater planning system quality will be better 

placed to address the increasing complexity presented within the real-world 

driving environments. 

 

It is important to know that not all the above objectives are complementary, i.e. 

optimising one objective can compromise the optimal realisation of others. Therefore, 

during the implementation of a planning system, appropriate priorities need to be 

assigned to weigh the objectives according to their importance.  

 

As one of the inherent aim of this research aim was to demonstrate application of 

knowledge through a real-world platform, in addition to the above objectives (identified 

as relevant to human-like motion planning ability), a list of necessary application-

specific requirements and implementation specific criteria were also shortlisted. While 

the application specific requirements were considered necessary for the success of the 

motion planning system, the implementation specific criteria were only necessary to 

break the ties, in case of two or more approaches had the same level of objective 

achieving capability. These application-specific requirements and implementation 

specific criteria include:  

a. Real-time planning (requirement): The requirement pertained to the planning 

guarantee to generate a motion plan within fixed deadlines despite the probabilistic 

and non-deterministic nature of the perception information. The real-time 

guarantee gives the motion control system a deterministic, tractable motion plan to 

generate the necessary actuation commands critical to the safety, efficiency and 

motion comfort of the vehicle. Depending on the scenario dynamics and computation 

capability of the system, appropriate fixed real-time execution needs to be set 

capture the scenario dynamics and ensure that the plans generated are still valid for 

the existing scenario. The ability of real-time motion planning also ensures that the 

autonomous vehicle can successfully execute emergency manoeuvers to avoid 

collisions with other actors [55]. 

b. Robust (requirement): This criterion indicates the algorithms ability to cope with 

errors or incomplete information that could arise due to either sensor malfunction, 

processing issues/bottlenecks or simply occlusions in the surrounding caused by 

environment features (e.g. buildings trees etc.) or other actors. 

c. Ease of implementation (implementation criteria): This criterion indicates how 

easily a method within an approach can be implemented, either starting from scratch 

or from freely available planning system libraries.  
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d. Tested methods (implementation criteria): For approaches that were not expected 

to be extensively tested as part of this study, it was essential that there were 

examples of their successful usage within literature, to give the necessary confidence 

that the approaches can be successfully used. 

 

It is crucial to note that the above list is not exhaustive and there exist several other 

objectives, specific to the application which are not considered within the above list such 

as the ability to “Adhering to Road Rules”, planning within the Kinodynamic and non-

holonomic constraints etc.,  which this study assumes to be basic expectations for any 

solutions developed for on-road application on a 4-wheeler car.  To evaluate the various 

known motion planning solution within literature, it was necessary to segregate and 

map the specific objective and application-specific system requirements to the 

individual planning subsystems, depending on the primary function of the individual 

subsystems with the motion planning system. The mapping of these objectives within 

this study are shown in Figure 2.4. 

 

Figure 2.4. Planning system objectives mapped to individual motion planning subsystems 

 

The next section covers the exploratory review of the available approaches and methods 

in the autonomous systems motion planning literature within the context of the 

categories of the planning subsystem. 

 

2.2. Review of Motion Planning State-of-Art 

Surveying the autonomous motion planning system literature, the various approaches 

to solving the problems of global path planning, behaviour planning and trajectory 

planning were reviewed. Depending on the various methods implemented and tested 
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each approach within the motion planning category was evaluated against the objectives 

and were given a subjective scoring of −2 to 2 , (with-2 representing “poor” capability 

of the approach to achieve the said objective and 2 representing “very good” capability 

of achieving the desired objectives). Same subjective scoring was used for the 

application consideration identified for the motion planning categories. The suitability 

of the approach to the design of the proposed human-like autonomous planning system 

was then evaluated. The application consideration score was meant to break a tie if there 

existed multiple approaches with same scores. This form of scoring also enabled the 

identification of the pertinent research gaps within the existing literature. 

 

2.2.1. Global Path Planning Approaches 

The global path planning methods of finding a feasible, safe and optimal spatial path 

from the vehicle’s current location to the desired goal position have evolved significantly 

since earliest path planning methods [56]–[59] designed for small (indoor/constrained) 

and simple (less-cluttered and/or static) navigation environments. The unique 

challenges to path finding exist in the context of on-road AGV applications, which include  

journeys extending 100’s of miles where the goal position and the potential future 

roadblocks are often not visible/known prior to the start of the journey from the vehicles 

start position. Secondly the driving environment for on-road application and the 

resulting scenarios are highly complex and not consistent in shape size and in the 

features, with terrain changes (hills, valleys, bridges etc.) environment furniture 

variations (gates, tunnels, side kerbs, buildings etc.) and different road shapes. The 

above challenge necessaciates the the global path planing approaches to for on-road AGV 

application to make certain assumptions, which may not necessarily be “true”, but are 

necessary to successfully find feasible global path. The two main assumptions made for 

generating global planning solution for on-road AGV application are: 

a. A global map is available/ can be constructed: This implies the availability of ‘global 

map’ is a pre-requisite to finding a global path and should contain within it the 

destination position to which the autonomous vehicle intends to travel. 

b. The world is devoid of any moving actors: This assumption implies a static world, 

devoid of moving actors for global path planning. As moving actors are not part of 

the static environment furniture they are not considered as permanent roadblocks 

and ignored in the map used to find the global path. Considering moving actors as 

roadblocks would result in the global path planner failing to find a feasible path most 

of the time, especially in urban scenarios, which have a high density of moving actors. 

Although the global path planner does not consider moving actors individually, 
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information about the collective such as traffic density can be used to strategically 

select the optimal global path planning. 

 

For on-road driving application the free spaces for navigation are bounded by the road/ 

lane boundaries, and therefore the knowledge of the road networks, the number of lanes, 

the regulation information and any existing roadblocks/dead-ends,etc., are useful 

information that can be embedded into a static map of the world used for find feasible  

paths to the goal. The various path planning methods found in the literature were 

categorised based on the process used to find the path to the goal. The following 

taxonomy was used to classify the different global path planning methods: The ‘Graph-

search’ approach, the ‘Sampling-based’ approach and the “Physics-based” approach. 

Figure 2.5, lists the various methods within the three categories. 

 

Figure 2.5. Global path planning methods. 
 

2.2.1.1. The Graph-search Approach 

The graph-search global path planning approach is essentially a two-step process. Firstly 

it entails building a “world map”/”graph” through techniques of world decomposition 

such as visibility graphs [60], [61], Voronoi diagrams[62], Delaunay triangulation[63] 

etc. Secondly, it involves searching for a path within the created map that connects the 

vehicle current location and the desired goal location. The success of this approach is 

dependent on both, creating a good map of the world and having the appropriate search 

method to find feasible paths to the goal location. The graph-search approach found in 
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literature can be categorised into two families of methods which include the Dijkstra’s 

search methods [64] and its variants [65],[66] and A-star search methods and its 

variants which include ARA* [67], Anytime dynamic A* [68], A-r-Star [69], Field D* [70], 

Focussed D* [70], Theta* [71], Incremental A* [72], Incremental Phi* [73]. M Otto [74] 

provided a review of the aforementioned graph-search methods, describing the search 

mechanism and the implementation pseudocode. The graph-search methods are 

generally not time-efficient in environments that change frequently, due to the dual 

process of building a map and searching for feasible paths every time the environment 

changes. However, for on-road AGV application, the global path is generally searched for 

in a static world map with defined road networks. Therefore, by not having to spend time 

building the map from scratch makes these techniques time-efficient for the on-road 

application. 

 

2.2.1.2. The Sampling-based Approach 

This approach consists of randomly sampling the configuration space or state space, to 

find connectivity between the vehicle’s current location and the desired goal position. 

Unlike the graph-search approach, which requires prior world modelling before 

searching for the path, the sampling-based methods can start the path search without 

the full knowledge of the world, which enables the autonomous vehicle to start its 

journey faster. The sampling-based methods can also quickly adapt to changes in the 

world as compared to the graph-search methods, which require re-creating a world 

model when new world information becomes available. There are two families of 

sampling-based methods found in path planning literature, which includes the Rapidly-

exploring Random Trees (RRTs) and its variants [75]–[79] and the Probabilistic Road 

Maps (PRMs) and its variants [80]–[83]. M Elbanhawi [84] provided a review of the 

aforementioned sampling-based methods, describing the pathfinding mechanism. The 

Although he sampling-based approach methods are effective in finding a feasible path if 

one exists, sometimes take a long time trying to search for the optimal path. However, 

due to the re-planning capability, they are preferred over graph-search approach 

methods in unstructured environments. 

 

2.2.1.3. Physics-based Methods 

Another global path planning approach found in the literature is the Artificial Potential 

Field (APF) methods, which finds the path to the goal based on the laws of physics. Built 

on the rules of attraction and repulsive forces, the destination position has the advantage 

of attracting a vehicle towards itself, while obstacles in the environment including static 
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walls and roadblocks have the repulsive forces keeping the vehicle away from them. 

These approaches have been found to work well in less cluttered and small 

environments and suffer in tight-spaces generating unstable and oscillatory paths near 

obstacles [85]. These algorithms require less computational efforts then the graph-

search and sampling-based methods, however, in large and complex shaped 

environments they can suffer from local minima, resulting in the failure to reach its goal 

[86]. Different variants of the APF methods exist within the global path planning 

literature [87],[88]. 

 

2.2.1.4. Discussion 

The desired output of the global path planning system for on-road driving is a series of 

waypoints, which when connected represents a feasible, safe and efficient path to the 

desired goal. The density of these points varies, based on the type of driveable area (i.e. 

if the section of the global path is a straight road/lane, the number of waypoints are 

expected to be less dense, to if the paths involve high curvature such as those found at 

junctions). Table 2-1 gives the comparison of the three approached discussed above 

against the planning system objectives, system requirements and implementation 

criteria. 

Table 2-1: Comparison of global path planning approaches 

 

 

From the comparison table, it can be established that both the graph-search approach 

and sampling-based approach would equally suffice to meet the objective of successful 

global path planning. However, both have unique advantages, which can be exploited 

depending on the type of driving environment for the specific autonomous application. 

If the objective is to find a path in a structured driving environment (with well-defined 
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road networks) and its information is available prior to the journey, the preferred option 

would be the graph-search approach. As with the world already built prior to travel, it 

makes them time-efficient at finding the global path. However, if the requirement is to 

find a path in an unstructured driving environment, with no prior information of the 

world the preferred global path planning approach would be the sampling–based as they 

allow the vehicle to start the journey without having to wait for the information to 

become available to build the world. The Physics-based approach was considered the 

least suitable option due to its performance against key objectives of path planning. 

 

2.2.2. Behaviour Planning Approaches 

Driving autonomously on public roads especially in urban scenarios requires more than 

just the global path planning and local trajectory planning, as such environments involve 

challenges such as continuously changing drivable-space and interactions with other 

moving actors etc. The limitations of existing behaviour planning approaches in 

overcoming the challenges were first highlighted at the DUC-2007, where analysis of the 

participant's performances showed several issues resulting from the planning systems 

lack of scene interpretation and decision-making in the presence of other moving actors 

[11]. The primary role of a successful behaviour planner within the autonomous 

planning system is two-fold, firstly to decompose the high-level global path into local 

drivable motion behaviours that satisfy the identified motion objectives in the prevailing 

scenario and secondly to enable the autonomous vehicle to have non-interrupted motion 

by reducing the number of stop-starts. The behaviour planning approach firstly, 

evaluates if the vehicle is capable of successfully driving the selected global path based 

on the sensed local information and the knowledge of vehicle motion capability to inform 

the global planner to re-plan if necessary. Secondly, by selecting the behaviour 

manoeuvre, it narrows the drivable space for generating the motion trajectories, thus 

reducing its real-time computational effort. The different types of behaviour planning 

methods found in the literature were categorised under the following taxonomy of 

behaviour planning approaches as shown in Figure 2.6 and described below 

 

 

Figure 2.6: Behaviour planning approaches. 
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2.2.2.1. The Rule-Based Approach  

The rule-based behaviour planning was one of the earliest and the most seen approach 

in the early autonomous ground vehicles. In this approach, the selection of a particular 

motion behaviour for the vehicle is based on satisfying a set of pre-defined rules that are 

based on specific driving scenario cues, which help distinguish one scenario from 

another. In the rule-based approach, the behaviour planner is only responsible for the 

high-level decisions about the manoeuvre type and does not consider the behaviour of 

individual actors. Every real-world scenario is significantly different in shape, size and 

ensuing dynamic features, making it difficult to design rules for every variation of the 

real-world scenarios. This makes the approach in-efficient and sometimes un-safe in 

scenarios for which the rules were not specifically designed. Examples of rule-based 

behaviour planners include Navlab-related work [89], Finite State Machine (FSM) based 

behaviour planning in Sanford University “Junior” vehicle [90], “Team AnnieWAY” [91] 

at DUC 2017 etc.. Another form of rule-based behaviour planning approach that 

overcomes the limitation of the standard rules-based approaches is the fuzzy logic-based 

behaviour planning, where the combination of behaviours are used to enable handling a 

greater number of driving scenarios. Fuzzy Decision Tree Language(FDTL) is an example 

of such an approach implemented by Christos Voudouris [92]. 

 

2.2.2.2. Fusion-based Approach 

The fusion-based behaviour planning approach is an improvement on the rule-based 

approach, where unlike the rule-based approach, it evaluates more than a single motion 

behaviour option for each scenario. The fusion-based approach has individual reasoning 

entities looking at certain aspects of the driving behaviours in isolation and a separate 

arbitrator is then used which assigns a particular weight to decide on the best action 

[93]. Various form of arbitration mechanisms has been seen employed in the different 

implementation of this approach. These include an utility fusion method using the 

Distributed Architecture for Mobile Navigation (DAMN) [93], a game-based 

implementation seen on the Victor Tango entry for the DUC 2007, “Odin” [94], command 

fusion approaches seen on team CarOLO [95] and team AnnieWAY [91] at the DUC 2007 

etc. 

 

2.2.2.3. Optimal Selection Approach  

This form of behaviour planning approach generally works combined with the trajectory 

planners, where the planner evaluates a set of candidate motion behaviours defined in 

the form of manoeuvrable trajectories. The selection of a particular motion behaviour 
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candidate during runtime is then dependent on the on the value of the cost function. This 

approach therefore selects the motion behaviour candidate that best optimises a set of 

pre-defined planning system objectives. Objectives such as driving efficiency (travel-

time, travel distance, fuel economy etc.), motion comfort etc., have been used for the cost 

function. The behaviour planning starts with firstly filtering the candidates for feasible 

and safe behaviours (checking for collisions) before the cost function is used to select 

the best candidate in real-time during the vehicle motion. This optimal selection 

approach can sometimes be time-consuming, requiring limiting the number of candidate 

behaviours evaluated at each planner execution time, to meet the real-time performance 

objective. In addition, the stopping criteria of the optimal selection function need to be 

carefully designed to avoid cases of no-action/deadlock. Wei et al [96] proposed an 

example of an optimal selection based behaviour planning. 

 

2.2.2.4. Interaction-aware Approach 

As the name suggests this approach not only considers the dynamic environmental 

variables but, also the future behaviours of actors within its surroundings when 

selecting the behaviour for the autonomous vehicle. This enables the vehicle to select the 

appropriate motion behaviour having understood the interaction with other moving 

actors within the scenario context. Through this approach, the vehicle can make safer 

and more time-efficient behaviour choices, in scenarios where ambiguity exists and 

where the interacting actors have overlapping future paths, such as those at non-

signalised intersections, non-signalised roundabouts, pedestrian crossings etc. An 

example of the interaction-aware behaviour planning approach was seen proposed and 

demonstrated by Sezer et al [97].  

 

Having described the different approaches to behaviour planning in they are compared 

against the desired criteria as shown in Table 2-2. The rule-based approaches are robust, 

ideal at following simple traffic rules and easy to implement, however, they lack the 

capability to adapt in dynamically changing scenarios, with the chosen behaviour also 

not guaranteed to be optimal. The fusion-based approach is an improvement over the 

rule-based approach in feasible behaviours generation, however, it is also not adaptable, 

and the arbitration mechanism is difficult to get right for complex, ambiguous and 

dynamic environments. The optimal selection behaviour planning approach is good at 

planning optimal motion behaviours combining multiple objectives; however, it lacks by 

not evaluating its selected behaviour with actors’ future motions, it is not as safe as the 

interaction-aware approach in dynamic interaction-dependent scenarios. 
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Table 2-2: Comparison of behaviour planning approaches. 

 

 

Among the four approaches, the interaction-aware behaviour planning approach is the 

best suited for the current autonomous on-road application vehicle due to its ability to 

plan behaviours in complex, ambiguous and dynamic scenarios, however, as this 

approach has not received much attention and is slightly difficult to implement, it 

represent a gap in the state-of-art this research focused on addressing.  

 

2.2.3. Trajectory Planning Approaches 

The trajectory planning also sometimes referred to as “local motion planning”, in the 

autonomous planning system literature, plans local motion within the vehicles planning 

horizons limited by the sensing field-of-view. It is responsible for continuously finding 

feasible, safe and optimal spatio-temporal motion plans that are deterministic and 

satisfies motion constraints and the motion comfort thresholds. Unlike the global path 

plan, which defines only a spatial path to the goal by optimising cumulative quantities 

such as (travel-time, travel distance etc.), without strict requirements on time 

adherence, the temporal plan of the trajectory needs to be strictly followed to for 

achieving the motion safety motion efficiency and the motion comfort. The trajectory 

plan needs to be deterministic and have a real-time guarantee, to ensure the motion 

controller can always generate appropriate actuation commands  to control the vehicle. 

As the vehicle has both kinematic and dynamic and the non-holonomic motion 

constraints, any potential trajectory generated should account for these to ensure it is 

always executable. Some of the earliest attempts to solve the trajectory planning 

problem in dynamic environments were seen in the work by Erdmann and Lozano-Perez 
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[98], Kant and Zucker [99], Fujimura and Samet [100] and Reif and Sharir [101]. The 

trajectory planning area has seen extensive research over the last few decades resulting 

in many different methods to plan local autonomous vehicle motion in dynamic 

environments. Figure 2.7, shows the taxonomy used in this to categorise the trajectory 

planning methods and lists the different methods under those categories. 

 

 

Figure 2.7. Trajectory planning approaches 
 

2.2.3.1. The Classical Planning Approach 

The methods in this approach are similar to the global path planning methods in section 

2.2.1, with the addition of “re-planning” capability to cater for dynamic real-world 

environments. For trajectory planning application, the methods had to be tailored to 

adhere to the Kino-dynamic constraints and the motion comfort constraints at the 

planning stage, as they are not explicitly evaluated in global path planning. Classical 

methods used for trajectory planning include, graph-search methods [102], [103] and 

sampling-based methods [104],[105] and physics-based methods [106]. These methods 

are suitable for trajectory planning only in static or low dynamic scenarios and become 

inefficient in searching for a path in highly dynamic environments where the drivable 

space changes constantly. 

 

2.2.3.2. The Open-space Velocity Approach 

As the name suggests, these family of methods are based on finding admissible velocity 

trajectory in free space. These methods are good for collision avoidance due to their 
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reactive nature. The planning methods in this category include “velocity obstacle” 

methods [107]–[109], and the Dynamic Window Approach and its variants [110]–[112]. 

One of the main drawbacks of the methods in this approach is the resulting stop-start 

motion, especially in a highly dynamic environment where the driveable space changes 

constantly. This drawback makes them unappealing for on-road driving application 

where a smooth and continuous motion is desirable. 

 

2.2.3.3. Template-based Approach 

In a Template-based approach, the trajectories are defined using a set of pre-defined 

trajectory templates. The method relies on the fact that the set of pre-defined templates 

are sufficient to generate all types of driving manoeuvres required for driving in real-

world scenarios. The ability to define different spatially and temporally varying 

manoeuvres from a set of pre-defined templates makes these methods easy to use online. 

Some of the methods in this approach include the lattice-based methods [113],[114] and 

clothoid-based tentacles methods [115], Bezier curve methods[116], [117]. The 

methods within this approach can have either be fixed or adaptable templates, with the 

adaptable templates having the ability to change the shape of the spatial and temporal 

motion profiles in response to the changing scenario dynamics. The adaptable 

templates-based approach is best suited for human-like motion planning, as it gives the 

motion planning system the best chance to dynamically adapt the vehicle motion in 

complex, and dynamic scenarios. In such scenarios motion plan adaption is not only 

necessary for achieving motion efficiency and motion comfort but also to avoid collisions 

by reacting appropriately to emergency scenarios created by aggressive/irrational 

movements of other actors. 

 

2.2.3.4. Biologically Inspired Approach 

The methods within this approach are derived from the inspiration of biological 

behaviours/processes to solve the motion planning problems [118]. These methods try 

to mimic a biological process to obtain optimal trajectories for the subject vehicle, 

satisfying motion constraints, and avoiding the given set of detected obstacles in the 

scene. Methods in this category include, Artificial Neural Network [119], Genetic 

Algorithm [120],[121], Particle Swarm Optimisation [122],[123]. One major drawback 

of this approach is that the aforementioned methods are difficult to and can sometimes 

become computationally intensive for large and complex environments. They also 

sometimes suffer from premature convergence[118]. This limitation makes them 

unsuitable for dynamic environments of the current application. 
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2.2.3.5. Probabilistic-based Approach 

The methods within the probabilistic-based trajectory planning approach incorporate 

the environmental uncertainty within the planned trajectory by modelling the 

uncertainty as a Gaussian process. Some of the methods in this category include 

recursive agent modelling [124], stochastic reachability sets [125]. The methods in this 

approach are more reliable at checking motion feasibility and motion safety, as they 

account for environment uncertainty during the trajectory creation, however, they are 

difficult to implement. They are also inefficient in scenarios where there greater 

overlapping of actor’s future motion.  

 

Table 2-3: Comparison of trajectory planning approaches. 

 

 

The trajectory planning problem for dynamic and constantly changing urban driving 

scenarios is non-trivial and entails finding a dynamically changing space-constrained, 

velocity bounded, and collision-free spatio-temporal motion plan for a non-holonomic 

autonomous vehicle that is tractable in real-time. This makes the template-based 

approach which allows easy to manipulate trajectory construct, a popular choice for the 

task [49]. The adaptive quality of the template-based approach and its ease of 

implementation also made it the method of choice for the current application to generate 

naturalistic trajectories for human-like motion. 
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2.3. Discussion 

In this chapter, the current state-of-art autonomous planning approaches were 

compared against the identified objectives of motion planning system. To facilitate 

appropriate comparison, the different motion planning approaches in literature were 

firstly grouped into distinct categories of “global path planning”, “behaviour planning” 

and “trajectory planning” based on the form of their expected output and the manner of 

their application. It was evident from the review of the literature that each approach 

varied significantly in its implementation depending on the application type (e.g. indoor 

robotics, unstructured driving, lane-driving etc.). Also, the approaches were designed 

with varying objectives, making it difficult to objectively compare them against each 

other. This literature review, therefore, compared the approaches subjectively, using the 

information of the mechanics of its applications described within the literature to 

identify appropriate advantages and limitations.  The drawback of the literature review 

process is the lack of detailed knowledge of the individual method and its sensitivity (i.e. 

how subtle variation of the parameters of the methods could make them perform 

differently), leading to them being ranked differently within the comparison worksheet. 

The inferences drawn from the literature within the three motion planning categories 

from the perspective of designing a human-like motion planning system are summarised 

below: 

a. The global path planning: The expectation of the global path planner for a human-

like motion planning system is feasibility, efficiency and re-planning capability. The 

methods within the graph-search approach as well as the sampling-based approach 

are both suitable to deliver on these desired system objectives. They, however, each 

have unique advantages, which can be exploited depending on the application: i.e. if 

the application involves autonomous driving in unknown and unstructured terrain 

the sampling-based solution would be the preferred choice, due to their better re-

planning capability and their advantages of not having to wait for mapping the 

environment to start the motion. However, if the map of the environment was 

already available (as in most structured roads in developed countries) the graph 

search approach will be better suited for higher computing efficiency. Due to the 

available tried and tested methods to meet the desired system objectives, this 

research considers that the problem of global path planning is effectively solved 

implying very little scope for significant research contribution. The graph search 

approach was chosen for the real-vehicle platform used for this research, due to its 

application within structured road environments.  
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b. The behaviour planning: The urban driving scenarios have multitude of interactions 

possibilities, where the behaviour planning objectives of safe, time-efficient and 

comfortable motion planning depend on considering the future motion of other 

actors within the existing scenario context. As the actors within the scenario attempt 

to optimise their own motion behaviours independently, their interactions with the 

autonomous vehicle also changes with time. As shown through the comparison 

analysis, the interaction-aware behaviour planning approach is best suited to 

negotiate such dynamic urban driving scenarios. There is however little research in 

this approach to behaviour planning, especially describing how the behaviour 

planning and trajectory planning co-exist in dealing with scenarios such as non-

signalised roundabouts.  

c. The trajectory planning: Irregular road boundaries, driving-space encroachment by 

parked vehicles and the irregular movement of actors in close proximity are inherent 

features of urban driving environments. For safe and comfortable navigation, the 

autonomous vehicle trajectory planning should be capable of generating real-time 

adaptable spatio-temporal trajectory candidates, based on the sensed 

environmental information. For its motion efficiency capability, motion adaption 

capability, scalability potential and ease of implementation, it can be argued that 

template-based behaviour planner is best suited for meeting the desired planning 

system objectives. It also lends well (through the option fast generation of multiple 

candidates) to integration with behaviour planner for fast adaptation a 

characteristic necessary to mimic the manoeuvre patterns of expert human driving. 

 

2.3.1. Research Gaps 

Having identified the preferred approaches within the three planning sub-systems, 

capable of meeting the identified objectives, it was necessary to evaluate how they all 

integrated together to enable the design of a human-like motion planning system. Two 

key research gaps were identified in this respect i.e. firstly the need for a motion 

planning framework that can effectively integrate the chosen approaches, enabling 

hybrid form of decision-making and secondly, an integrated behaviour and trajectory 

planner for adaptive local motion planning. These two gaps are described below:   

a. The planning system framework: A motion planning framework is necessary not 

only to integrate the chosen sub-systems approaches to facilitate the necessary 

information transfer for motion planning, but also to streamline the decision-making 

processes. Successful human-like motion planning requires combination of 

deliberative, proactive and reactive decision-making capabilities, to handle complex, 
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ambiguous and highly dynamic real-world scenarios. To the best of our knowledge a 

framework that integrated the chosen global path planning approach (graph-

search/sampling-based) with the interaction-aware behaviour planning and a 

template-based trajectory planning to demonstrate the achievement of the 

aforementioned system objectives did not exist within the existing literature. With 

this premise the design and testing of hybrid decision-making, motion planning 

system framework was considered as a suitable area for research contribution for 

this study. 

b. Adaptive local planning: Both the behaviour planning and trajectory planning 

operate at the vehicles local level (i.e. use vehicle surrounding information for 

creating motion plan). To design a human-like motion planning system that 

successfully delivers on the system objectives, considering the several variables of 

urban driving environment that evolve dynamically, it was considered essential that 

both the local motion planners (behaviour and trajectory) worked in an integrated 

manner. To the best of our knowledge, such an integrated local motion planning 

system developed with the chosen behaviour and trajectory planning approaches 

did not exist within the existing literature. With this premise, the design of an 

integrated local motion planning system capable of successfully generating 

adaptable spatio-temporal motion plans in real-time was considered as a suitable 

area for research contribution for this study. 

.  
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3. Research Methodology 

After reviewing the current state-of-art motion-planning approaches, two main research 

workstreams were identified to fill the identified research gaps in the aim of a human-like 

motion planning system. The first involved the design of a planning system framework that 

integrated the motion planning subsystems for hybrid reasoning and decision-making 

ability. The second involved designing an integrated local motion planning system that 

combines behaviour and trajectory planning to generate expert human-like motion plans 

that are safe, efficient and maintain acceptable motion comfort for an autonomous vehicle. 

The chapter is organised as follows: section 3.1 describes the methodology used for the 

design of the planning system framework called Hybrid Autonomous Planning System 

(HAPS) and the integrated local motion planning system called the Adaptive Tactical 

Behaviour Planner (ATBP). Section 3.2 describes the basis of the scenario selections for the 

system testing. Finally, Section 3.3 gives a list the all the toolkits used in this research study. 

 

3.1. Research Methodology and Assumptions 

The studies conducted in this Engineering Doctorate research aligns with an established 

research methodology known as “engineering design”[126]. The principal crux of this 

methodology is in creating new “situated knowledge” through engineering design that 

are specific to the choice of technology, the existing circumstance and the environment 

constraints. The validity and effectiveness of the situated knowledge is provided through 

the “proof by construction"[127]. This methodology is especially applicable to studies 

conducted in this research, as it is widely acknowledging that the goal of engineering is 

to create sufficient solutions to specific needs. With this premise, six major studies were 

carried out during the course of this research to develop a human-like motion planning 

system capable of being tested on a real-vehicle platform as shown in Figure 3.1. Each 

study was designed and implemented to achieve specific focussed objectives, allowing 

the overall aims of this research to be achieved through a holistic approach. Each study 

was systematically planned such that the outcomes and insights yielded through them 

can be used in the following studies. The individual studies and the outcomes are listed 

in Table 3-1 
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v  

Figure 3.1. Studies created during the project work. 

 

Table 3-1: Studies contributing to Innovation Report content. 

 Study Objectives Objective Measures and KPI 
1.  Design and Test 

of Hybrid 
Autonomous 
Planning 
System 
Framework. 

To develop 
Motion planning 
framework for 
hybrid forms 
(reactive, 
deliberative and 
pro-active) 
driving 
decision-
making. 

Measure 
Successful demonstration of autonomous 
vehicle navigating non-signalised crossroad 
intersection scenarios evaluating vehicles 
capability of both deliberative and reactive 
decision-making during merging. 
KPI 
Motion safety: No collision with moving actors 
in the scene - successful 
Motion comfort: Jerk free vehicle motion – 
future improvement 

2 Design and Test 
ATBP - Spatial 

To develop an 
affordance 
based adaptive 
spatial planning 
algorithm for 
dealing with 
complex road 
shapes and 
environment 
dynamics. 

Measure 
Successful demonstration of autonomous 
vehicle with multi-modal spatial motion paths 
planning capability to navigate irregular and 
complex shaped roads within the city of 
Coventry UK. 
KPI 
Motion feasibility: Capability to generate a path 
if one exists – successful 
Motion safety: No Collision and near-misses - 
successful 
Motion comfort: Smooth lateral transitions – 
successful 

3 Design and Test 
ATBP-I 
Temporal 
 

To develop a 
naturalistic 
temporal 
motion 
behaviours and 

Measure 
Successful demonstration of human-like 
autonomous navigation capability of motion 
planning and tactical decision making at non-
signalised roundabouts. 
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Pilot Human 
driving 
experimental 
study 

tactical 
decision-making 
algorithm for 
navigating 
ambiguous and 
interaction-
dependent 
scenarios. 

KPI: (Measured against Human driver 
participants) 
Motion safety: No Collisions/ Near Misses – 
successful 
Motion efficiency: Least time spend at the 
Junction - successful 
Motion comfort: Acceleration/deceleration 
changes within acceptable bounds - successful 

4 Design and Test 
ATBP-II – 
Temporal 
 
Second Human 
driving 
experimental 
study 

To develop a 
naturalistic 
temporal 
motion 
behaviours and 
tactical 
decision-making 
algorithm for 
navigating 
ambiguous and 
interaction-
dependent 
scenarios. 

Measure 
Successful demonstration of human-like 
autonomous navigation capability of motion 
planning and tactical decision making at non-
signalised roundabouts. 
KPI: (Measured against Human driver 
participants) 
Motion safety: No Collisions/ Near Misses – 
successful 
Motion efficiency: Least time spend at the 
Junction - successful 
Motion comfort: Acceleration/deceleration 
changes within acceptable bounds - successful. 

5 Test complete 
human-like 
motion planning 
system (HAPS 
and ATBP) in 
Controlled 
Environment 

To evaluate 
human-like 
motion planning 
characteristics 
of the 
autonomous 
vehicle in on 
selected driving 
scenarios in 
controlled 
environment. 

Measure: 
Application and testing of a working motion 
planning system framework with the 
integrated behaviour and trajectory planning 
algorithm on an autonomous vehicle platform 
demonstrating expert-human-like driving 
capability  
KPI: 
Adaptive Motion Planning: smooth adaptation 
of vehicle spatial and temporal motion to un-
modelled dynamics of real-world environment 
- successful 
Motion efficiency: optimising time within 
scenarios through reducing stop starts - 
successful 
Handling emergency scenarios: avoiding 
collisions through executing emergency 
manoeuvres through reactive decision-making 
- successful. 

6 Test complete 
human-like 
motion planning 
system (HAPS 
and ATBP) in 
Controlled 
Environment on 
un-controlled 
public roads 

To evaluate 
human-like 
motion planning 
characteristics 
of the 
autonomous 
vehicle in on 
selected driving 
scenarios in un-
controlled free 
flowing urban 
driving roads. 
 

Measure: 
Successful demonstration of autonomous 
vehicle with human-like motion planning 
ability in real-world driving environment 
among uncontrolled free flowing traffic 
navigating scenarios such as on-signalised 
roundabouts, signalised crossings, etc., within 
the city of Milton Keynes UK. 
KPI: 
Adaptive Motion Planning: smooth adaptation 
of vehicle spatial and temporal motion to un-
modelled dynamics of real-world environment 
- successful 



34 
 

Motion efficiency: optimising time within 
scenarios through reducing stop starts - 
successful 
 

 

The engineering process to develop the human-like motion planning system was carried 

out through the systems development lifecycle (V-cycle). The various stages of the v-

cycle process are shown in appendix 0. The Safety case was developed using the 

standard Tata Motors Processes. 

 

3.1.1. Engineering Design for Motion Planning System Framework 

Having chosen the three planning subsystem approaches in chapter 2, it was important 

to systematically design the Hybrid Autonomous Planning System (HAPS) framework to 

integrate the inherent algorithms. As the HAPS framework was designed from scratch in 

this study, it was important to make the HAPS framework modifiable from the feedback 

obtained through the various development stages. Therefore, an iterative design 

methodology was adopted for the HAPS framework design as illustrated in Figure 3.2 

 

Figure 3.2. Research Methodology of HAPS framework design. 

The reasons for choosing the iterative design approach for the HAPS framework design 

are described below: 

a. System Improvement: The Iterative approach provides a clear path to improvement 

of the system through the design-test-analyse-improve cycle. 

b. Efficient and cost-effective: As it is difficult to accurately predict the time/cost of 

each development and testing stage, at the beginning of the study, using a serial 
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design (where everything is done in one single process) can sometimes result in the 

study remaining incomplete (due to overtime or over budget). The iterative 

approach allowed the system to be built in small iterations, ensuring at each stage of 

the design there is a working system that can be operated and used and does not 

result in an incomplete solution. 

c. Early problem identification: As the HAPS framework was designed from scratch, it 

was important that the methodology employed allowed the identification of errors 

early. This prevents/ reduces the chances of big errors manifesting later in the 

development stage, which can potentially make them harder/impossible to resolve 

within the research project timeframe and preventing research application. 

 

3.1.2. Engineering Design for the Integrated Motion Planning System 

The design of the ATBP was a second research theme, requiring the integration of the 

chosen behaviour planning and trajectory planning approaches from chapter 2. As these 

research areas were large on their own, it was important to systematically design and 

test each implementation independently and then collectively. With this premise, the 

incremental design research methodology was employed for the ATBP design as shown 

in Figure 3.3. 

 

Figure 3.3. Research Methodology of HAPS framework design. 

The research activities described in the above methodologies were categorised into the 

two workstreams. In addition, the activities within each workstream were carried out in 

parallel to ensure that at each stage of testing the complete planning system algorithms 

can be integrated. Separating the activities into workstreams also allowed concentrated 

focus on certain activities within each workstream, to make the best utilisation of the 
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available simulation facilities and vehicle test platforms. The flow of activity within the 

two workstreams is shown in Figure 3.4.  

 

Figure 3.4. The research design workstreams 

 

3.2. The Scenario Selection and Testing Methodology 

As the aim of the research was to develop a motion planning approach for autonomous 

vehicle that that enables it to successfully negotiate urban driving environments.  it was 

important to consider scenarios that present the diving challenges such as complex road 

shapes and sizes (such as intersections, roundabout, shared zones etc.), high number of 

regulatory road markings (such as stop lines, Give-way lines, speed limit, non-staying 

zones etc.) and greater density of actors (such as cars, motorcyclists, cyclists, pedestrians 

etc.), navigating in close proximity compared to highway driving environments. With 

this premise, the non-signalised crossroad and non-signalised roundabouts were chosen 

as the two main development scenarios due to them encompassing most of the decision-

making challenges of interaction-dependent scenarios.  Unlike signalised intersections 

where the propriety to merge is dependent on the state of traffic signals, non-signalised 

intersections creates a doubt about the merging priority, as it depends on many factors 

including the actors time of arrival, direction of approach and current positions of actors 

present within the roundabout and the ensuing interaction between the different 

participants making the decision-making problem non-trivial. Other scenarios chosen 

for the development and testing of the motion planning algorithms include, roads with 

uneven curvature variations, traffic-lights controlled junctions, lane change, bypassing a 
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stopped vehicle, overtaking a slow-moving vehicle, driver-change-of-mind and 

emergency manoeuvres.  

 

The developed planning system framework and algorithms were tested both offline in 

simulation and on-road (in controlled and non-controlled) environments for evaluating 

the functional performance of the planning system. A systematic testing strategy was 

used as shown in Figure 3.5 to support the design of the HAPS framework and the ATBP 

algorithms.  

  

Figure 3.5. The system and algorithm testing methodology 

 

3.3. The Development Toolkits and Software Packages 

This list of software toolkits and packages used during the course of this research are 

described below along with the reasons for their preference,  

a. Matlab: The planning algorithms were developed in Matlab and Simulink. Matlab 

was preferred as the development platform because it was used as it integrated well 

with the toolkits used for developing the other autonomous software systems on at 

TMETC. It also integrated well with the simulation platform (PreScan) and 

autonomous software system platform (Robotic Operating System) used by TMETC. 

b. PreScan: PreScan was used as an environment-modelling tool for testing of the 

autonomous software system modules including the motion planning system. The 

scenarios described in section 3.2. This software provides easy template-based 

scenario creation and sensor modelling capabilities and allowed easy integration 

with the chosen algorithm development platform used for the planning system and 
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the motion control systems (Matlab). It was also the only licenced software package 

available both at the University and TMETC. 

c. Robotic Operating System (ROS): The ROS was the TMETC’s preferred middleware 

for the autonomous vehicle test platform Hexa. This necessitated the adoption of the 

designed planning system solution within the software system architecture built 

with ROS. 

d. C++: The algorithms developed in Matlab were auto coded to C++ to be used in the 

ROS environment. Additional scripts were developed in C++ to test system 

communication during testing. 

e. Python: This was used to design purpose-built scripts for extracting the data from 

test longs for analysis. 
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4. The Autonomous Planning System Framework 

The design of a planning system framework was identified as one of the research 

workstreams to design an expert human-like motion planning system. In this chapter, the 

Hybrid Autonomous Planning System Framework (HAPS) is presented, that was designed 

to systematically integrate the planning subsystem algorithms of (global path planning, 

behaviour planning and trajectory planning), and through this integration, facilitate the 

subsystems to achieve the desired planning system objectives. This chapter is organised as 

follows: In section 4.1, the decision-making paradigm of the autonomous planning system 

is described, highlighting the different types of decisions made within each subsystem. In 

section 4.2, the different planning system characteristics are described, along with the 

application considerations. The planning system characteristics are then evaluated to 

identify the desired characteristics necessary for the HAPS. Section 4.3 describes the testing 

of the HAPS, firstly in simulation and then in the real world on a vehicle platform. Finally, 

in section 4.4, the learnings from the first HAPS framework design and implementation are 

discussed including the opportunities for improvement. 

 

4.1. Autonomous Planning System Decision-making Paradigm 

In real-world navigation each motion planning subsystem can sometimes have only a 

single choice, where their selection is dictated by the only available option, or more 

likely, they must consider the multiple alternative options, requiring effective decision-

making mechanisms to select the option that is best fit for purpose. To successfully 

incorporate the “expert” human-like, decision-making abilities within the autonomous 

vehicle, the planning system must replicate the decision-making skills of human drivers. 

Driving behaviour research shows that human drivers exercise three types of decision-

making skill during driving, which includes, strategic decision-making, tactical decision-

making and operational decision-making [128]. Autonomous applications which have 

tried to mimic the human decision-making by mapping the three types of decision-

making directly with the three planning-subsystems [129]. Figure 4.1, describes the 

decision-making paradigm for autonomous vehicle planning system, also highlighting 

the deliberation time usually set for each type of decision-making. 
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Figure 4.1. Decision-making paradigm for the autonomous vehicle planning system 

 

The three types of decision-making and their relevance to the individual planning 

subsystem modules are described below: 

a. The strategic decision-making: Strategic decision-making generally concerns the 

overall system planning goals/response and in the planning system context 

concerns the global-path planning system. The strategic decision-making ability is 

required in situations where multiple feasible options exist to do a task and ample 

time to deliberate the right option. The strategic decision-making entails, choosing 

the feasible and safe global path that either results in efficient journey (shortest 

travel time, least travel distance or fuel efficient) or a comfortable journey avoiding 

specific types of scenario features (road-bumps, hills etc.) or avoiding traffic (city 

driving etc.), or any combination of the above or others. 

b. The tactical decision-making: In dynamic and interaction-dependent scenarios the 

autonomous vehicle is required to make decisions about selecting the best 

manoeuvre to negotiate an intersection safely (avoiding collision/ near-misses with 

other actors), efficiently (least time) and with motion comfort. In real-world urban 

scenarios, the interactions with other actors change dynamically with the motion of 

other actors. This necessitates the autonomous vehicle to proactively reason the, 

safety and efficiency of the feasible motion behaviour options and tactically make a 

choice to avoid a collision or improve motion efficiency or both. The tactical decision- 

making is generally the responsibility of the behaviour planning and needs the prior 

reasoning of the scenario context for effective decision-making.  

c. Operational decision-making: The third form of the decisions made within the 

autonomous planning system are the operational decisions, which generally enables 

achieving the strategic and tactical goals through a set of predefined processes. The 

operational decision within the autonomous vehicle planning system is the 
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responsibility of the trajectory planning which acts in generating the spatio-

temporal trajectories that are guided by the strategically chosen global path and the 

tactically selected motion behaviour. 

 

4.2. Autonomous Planning System Framework 

The autonomous vehicle planning system frameworks have undergone various changes 

since the early works on combining more than one type of planning subsystems. 

Depending on the type of autonomous applications and objectives, various types of 

planning systems frameworks have been proposed and implemented [10], [28]–[32]. 

The rest of the section is organised as follows: In sub-section 4.2.1 the salient 

characteristics of different autonomous planning systems frameworks are described. In 

sub-section 4.2.2 the application specific consideration for the planning system 

framework are discussed. Finally, the characteristics are evaluated against planning 

system objectives as well as the application specific consideration and the 

characteristics selection for the HAPS is discussed in section 4.2.3.  

 

4.2.1. Characteristics of Autonomous Planning System Framework 

4.2.1.1. The Planning System Reasoning  

Based on the decision-making process and the type of system response the various 

autonomous planning system can be categorised as either deliberative, proactive or 

reactive planning systems. Deliberative planning systems can generate an optimal action 

plan for the autonomous vehicle through reasoning all the available alternatives, they 

are however not dynamic enough to react to real-time changes in the driving 

environment [130]. Proactive planning systems optimise the action plan for the 

autonomous vehicle using abstract world information and predicting the evolution of 

the dynamic scenario, enabling it to select the best action in response to the dynamic 

world. Reactive planning systems have dynamic reaction capabilities however 

sometimes have difficulty reaching its goal [131]. Proactive systems sit between 

deliberative and reactive systems in that they do not use complete world model 

representation to reason its actions and also are not strictly real-time [132].  

 

4.2.1.2. Planning Control Methodology 

The autonomous planning system process consists of many time-varying and complex 

control tasks, each designed to play a specific role to achieve the overall planning system 

objectives. Depending on the approach used to synthesise the coordination of the 
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different system task, a planning system can be differentiated based on control 

methodology as either a “Top-down” control or a “Bottom-up” control. In the top-down 

control methodology, each level within the hierarchy of system modules controls the 

level below it, assuming that any commands given by the system higher-up in the 

hierarchy are always executed as expected [129]. In the context of the AGV planning 

system, it implies that the global path planning subsystem operating at higher-level 

expects its plan to be exactly followed by the behaviour planning subsystem, which in-

turn, expects its plans to be followed exactly by the trajectory planning subsystem. The 

main limitation of this control methodology is that, in the real-world driving 

environments, the evolution of the scenarios is difficult to know beforehand; therefore, 

the requirement of a top-down control methodology, to deliver on the expectations of 

the higher-level planners “exactly” is firstly difficult to satisfy and secondly results in 

system inefficiencies [133]. The control methodology used within the hierarchical 

planning systems frameworks [134],[135] are examples of the top-down approach. In 

the bottom-up control methodology, the control functions at the lower-level have the 

freedom to independently determine their actions according to the control situation 

[136]. In this approach, the individual modules generate the outputs independently and 

the desired collective output emerges from predefined interactions rules [137]. The 

behaviour-based planning system frameworks, where independent planning modules 

exist such as for “obstacle-avoidance”, “lane-following”, “intersection-handling” etc., 

coordinated by a centralised supervisory control are an example of the bottom-up 

approach. The advantage of the bottom-up approach is that if one part of the system fails 

the rest of the system can still function unlike the top-down approach, which fails, as a 

whole. The major limitation of the bottom-up approach is system complexity, as the 

number of independently operating modules when put together leads to the large 

system that can sometimes become difficult to manage efficiently. It also suffers from 

process duplication, as each of the individual system modules operates independently. 

 

4.2.1.3. Planning System Processing 

Depending on how the planning system processes the available information to create a 

motion trajectory, it can be differentiated as either “centralised” or “distributed” 

planning system. The centralised planning system operates as one “big” system, wherein 

once all the data for the plan creation is available, the planning activities are executed in 

an open-loop manner, which makes it difficult to accommodate faster dynamic changes 

in the environment. In the context of AGV planning system, this implies that the global 

path creation, the behaviour selection and the creation of a trajectory all happen in one 
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single step. One of the major limitations of the centralised planning approach is the 

introduction of potentially long delays within the system processing, due to their open-

loop operation. This makes them unsuitable in scenarios that require fast behaviour 

changes for safe operation. In addition, the design of a centralised system is frail, because 

a failure of a single subsystem can cause the complete system to fail entirely [133]. In a 

distributed planning system approach, each subsystem module operates independently 

and in parallel, communicating its output at the end of its execution time. In a distributed 

system, all the individual modules can be set to operate at different rates, and the parallel 

operation implies that the faster modules does not build-up, unnecessary delay within 

the system like the sequential operation of the centralised system. The distributed 

system also allows incremental updates to the planning system modules without the risk 

of completely hampering the overall functionality of the vehicle. Some example of the 

distributed system includes the behaviour-based autonomous planning systems [138]–

[140]. While the centralised planning system approach offers the qualities of 

straightforward design, the distributed system approach offers the qualities of 

responsiveness, robustness, and flexibility.  

 

4.2.1.4. Planning Systems Integration 

The autonomous vehicle planning system frameworks can also be differentiated based 

on how they integrate with the perception system. Traditionally the two types of systems 

commonly seen in autonomous planning literature, which includes systems based on 

“Data-fusion” and systems based on “information layering”. In the data-fusion based 

system, all the perception information available for planning is fused into one unified 

world representation and all the planning modules use the common source. [141]–[143]. 

The major limitation of this approach is the computational burden of having to first 

process and fuse all the sensor information, which is then evaluated and validated before 

the planning system modules use it. In addition, the data fusion approach limits the 

planning modules from using different representations of the data that can sometimes 

be more suited to the individual task. The second type of planning system integration is 

“information layering” which presents the planning systems with a different 

representation of the sensed information as separate information streams. In this 

approach, the perception system information is segregated into different forms which 

enable the individual planning system modules to work on specific and 

relevant/unadulterated information. Such systems are computationally light and can 

process the information in parallel thus avoiding the processing delays seen in the data-

fusion approach. In the information layering system, the planning system modules only 
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receive the information that is directly relevant to its decision-making needs, thus 

reducing its processing time as well as enabling quick decision-making. 

 

4.2.2. Application Specific Design Consideration  

As the designed system was intended to be tested on a real vehicle platform, it was 

necessary to consider some application-specific design criteria to evaluate the 

suitableness of a particular system characteristic to the Hybrid Autonomous Planning 

System framework. These are described below.  

a. Handling uncertainty: In the real-world situations, the autonomous vehicle can 

encounter unexpected/unruly behaviours from other actors. These situations, which 

cannot be priory, predicted and planned for, need to be handled appropriately. The 

ability of the planning system to firstly identify such scenario evolutions and react to 

with the appropriate motion behaviours, within the vehicle motion capabilities 

makes determines the uncertainty handling capability of the vehicle. 

b. Flexible and modular: A flexible planning system framework allow incremental 

improvements meaning that the system can be constantly improved without having 

to start from scratch every time a change is needed. A modular approach also gives 

a better system understanding and making the system easy to test and improve. 

c. Computation Intensive: Real-world hardware platforms for implementing the 

planning systems framework are generally built with finite processing power and 

are constrained by the real-time operation. Any planning system that is difficult to 

implement within these constraints is not suitable for the autonomous ground 

vehicle application. 

d. Completeness. The planning system framework design should facilitate the meeting 

of the minimum system requirements, i.e., if a feasible global path exists, it should be 

found, similarly, if a safe, time-efficient, and comfortable behaviour manoeuvre 

exists it is identified and selected and if a feasible trajectory exists, it is created. 

e. Multi-Modal Operation: Each scenario in the real world demands specific driving 

behaviour, while also constraining some other type of behaviours. In addition, 

depending on the preference of the passenger, the future autonomous vehicle may 

be expected to show unique behaviour modes such as being more comfortable safe, 

demonstrate better fuel economic behaviour/ sporty behaviours etc. An 

autonomous planning framework that can enable multi-modal operation will have a 

greater advantage of being accepted than those without. 
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4.2.3. Evaluating the Planning System Framework Characteristics 

Table 4-1 gives the comprehensive comparison chart of the different planning system 

framework characteristics, rated against the planning system objectives and 

application-specific considerations for planning system framework described in 4.2.1.  

 

Table 4-1: Rating of planning system characteristic against requirements 

 

 

As seen in Table 4-1, each of the planning system characteristics has different levels of 

capability to meet desired objectives. Also based on the other system design 

consideration the choice of the appropriate system characteristics usually comes down 

to the trade-offs the system designer is willing to accept, based on the application. The 

chosen characteristics for the design of the HAPS framework and the reasons for these 

choices are described below 

a. Hybrid Reasoning: As many of the real-world driving scenarios are ambiguous with 

multiple possible scenario interpretations and hence the motion choices available 

for the autonomous vehicle selection at both the global and local motion planning 

level requires the deliberative reasoning ability. In addition, the vehicle sometimes 
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is faced with emergency situations, where the scenario evolution does not proceed 

as expected, requiring the reactive ability to avoid collisions. Lastly, as urban 

scenarios present a multitude of interaction-dependent scenarios, the autonomous 

vehicle must have the proactive reasoning ability to take opportunities that exist to 

make the motion time-efficient. Based on the above arguments it was concluded that 

the HAPS framework would combine all the three types of reasoning characteristics. 

b. Hybrid Control: For successful motion planning in real-world scenarios the planning 

system framework should combine the characteristics of a “bottom-up” control so 

that the individual subsystem modules have the autonomy for fast reactions as well 

as a hierarchical (top-down) approach to attain “completeness” through task 

apportioning. With the task apportioning between the different planning 

subsystems, it was necessary to avoid the limitations imposed by a particular control 

methodology such, as a top-down approach which put unnecessary constraints on 

the system lower-down the hierarchy resulting in an inefficient control or the 

complexity of the bottom-up approach. Therefore, for the HAPS framework, a hybrid 

control methodology was preferred where the top-down planning characteristics of 

the framework make the vehicle planning “goal-directed” and the bottom-up 

approach gives the lower lying modules (the behaviour and the trajectory planning) 

the freedom to select the behaviours and trajectories, which are best for the local 

scenario. Such hybrid control methodology implementation has been seen in more 

recent autonomous planning system implementation [144], [145].  

c. Distributed Processing: The autonomous vehicle planning system tasks and 

responsibilities were segregated into either the global or local planning systems with 

each having different operational and data processing requirements, based on its 

role within the planning system. In order to avoid one system processes delaying 

others or creating computational bottlenecks, it necessary to create HAPS 

framework allowed distributed processing, where the individual systems can 

function in parallel, allowing appropriate computation resources to be directed for 

the processing needs of the subsystems. The choice of distributed processing meant 

that the system algorithm lends them to be scalable in the future with increased 

computational capability.  

d. Layered Integration: The number of different scenario features of a complex scenario 

such as roundabouts makes it difficult to create as a single fused representation. In 

addition, creating fused representation can sometimes result in overlapping of some 

scenario features, leading to them being ignored. A layered-based integration allows 

the information transfer directly to the relevant planning modules that can 
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selectively abstract the necessary information for its decision-making. A layered-

based information transfer can enable the planning system to independently process 

the perception information, allow independent decision-making and therefore also 

allow faster reaction such as those needed for emergency braking.  

 

The HAPS was implemented bearing the above design characteristics and application 

considerations. The implementation of the HAPS framework and its testing are 

described in section 4.3  

 

4.3. HAPS Framework Implementation and Testing 

This section describes the first design of the HAPS framework which was implemented 

in a Matlab Simulink and tested firstly in simulation and then on a real vehicle. The 

planning system algorithms implemented within the framework were not the final 

algorithms but were chosen based on ease of implementation. Therefore, instead of 

evaluating system performance against the objectives, the remit of this testing was only 

to prove that the functioning of the HAPS framework by testing in scenarios that require 

complex decision-making by considering the interaction-dependent dynamic scenario.  

Testing this framework on a real-world platform also enabled the understanding of the 

limitations/bottlenecks from the application perspective. The implementation of the 

framework and the associated planning system algorithms are described in section 4.3.1, 

and the testing of the algorithm in simulation and vehicle are described in section 4.3.2 

and section 4.3.3 respectively. 

 

4.3.1. The HAPS framework and the Planning System Algorithms 

The HAPS framework for the planning system was designed with the characteristics 

described in section 4.2, with a layered integration with the perception system, 

distributed processing construct where the individual subsystems operated in parallel, 

a hybrid control methodology and a hybrid reasoning strategy for the decision-making. 

The HAPS system was implemented with a modular system architecture as depicted in 

Figure 4.2. 



48 
 

 

Figure 4.2. HAPS framework design for the autonomous planning system 

 

The algorithms used for the individual systems are described below: 

a. The global path planning: In the HAPS testing, the plan was to use fixed routes, which 

implied the global path planning, was a one-time offline process. The plan was to 

design a test-case where the vehicle must navigate two successive non-signalised, 

intersection scenarios. As there was no requirement of strategic decision-making to 

select the best global path, the output from the strategic decision-making was a 

sequence of the static world road/lane IDs and the expected behaviours within them. 

Therefore, the global path output for this testing was created only once and was 

downloaded to the local motion planning system at the start of every test run. 

b. The behaviour planning: In the behaviour planning a situation, awareness (SA) 

model was created that created abstract information representation for the 

decision-making within the behaviour and trajectory planner. The information of the 

scenario type provided by the global planning system, and the information 

abstracted by the SA module, enabled the behaviour planning module to understand 

the dynamic scenario context and make a decision about its high-level manoeuvres. 

The tactical decision-making of the subject vehicle behaviour was implemented 

using a rule-based behaviour planning approach, where based on the dynamic’s 

scenario cues, the behaviour planner selected appropriate manoeuvres of either a 

“Follow-On” behaviour or “Stop” behaviour. The “Follow-On” behaviour request 

represented a manoeuvre choice for the vehicle, which implies that it can continue 

its motion without stopping. While a “Stop” behaviour request represented a 
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situation where the vehicle had no choice but to stop, either to follow a regulatory 

demand (stop-line, no–priority at give way line etc.) or to avoid a potential collision 

with moving actors. This tactical manoeuvre decision was then passed into the 

trajectory planner for operational decision-making in the trajectory planner.  

c. The trajectory planning: The operational behaviour decision-making algorithm was 

also designed as a rule-based system, which interpreted the tactical decision of the 

behaviour planner into an operational motion command for the vehicle trajectory, 

with knowledge of the vehicle current motion state. The output of the operational 

decision-making is an operational motion command of either an “acceleration”, 

“deceleration” or “cruising” from the vehicle current state. This operational 

command in-turn enables the creation of the spatio-temporal trajectories. The 

trajectories itself are created in two parts. Firstly, the spatial part of the trajectory 

was created using the knowledge of the static environment using Bezier curve 

method. Secondly, using the operational decision, the spatial candidates are assigned 

with either a fixed acceleration, fixed deceleration or constant speed to create a 

spatial-temporal trajectory for accelerating, deceleration, stopping or cruising 

respectively. The Bezier curve method was used because it provided the flexibility 

of defining smooth profiles as a piece-wise continuous polynomial, which firstly 

avoided problems of high-order polynomials and secondly achieved continuously 

differentiable connections between the control points. A cost-based decision-making 

algorithm was then used to select the best trajectory for execution.  

d. The motion control system: The motion control involved deriving the necessary 

steering, and pedal (accelerator and brake) actuation commands from the spatio-

temporal trajectory to drive the vehicle through its drive-by-wire (d-b-w) system. 

The motion controller implementation for this testing essentially consisted of two 

separate control function: the longitudinal control function to generate the 

accelerator and brake pedal actuation commands and the lateral controller to create 

the steering actuation commands. The longitudinal motion control function used the 

speed request from the trajectory and using the knowledge of the vehicle current 

motion state established the accelerator pedal and brake pedal demands through 

adaptive error minimisation control using PID control technique. The lateral motion 

control function was developed using a pure-pursuit control technique [146]. The 

pure-pursuit control technique has limitations as described in Samuel et al [147], 

however, as the driving test case did not include many high curvature radius 

sections, the technique was deemed to be sufficient for the current HAPS testing.  
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4.3.2. HAPS Testing in Simulation 

The PreScan software was the virtual testing platform used to develop and test the HAPS 

framework, before its implementation on the real-world vehicle platform. PreScan 

enabled easy integration of the planning system through Matlab [148], which was the 

software platform used for the development of the planning system algorithms. 

 

4.3.2.1. The Vehicle Plant Model 

The critical element of simulation testing is the model that represents a vehicle and is 

able to generate the representative vehicle motion responses (change of position, speed 

and accelerations) based on the control inputs. As the targeted vehicle for the first HAPS 

testing was the Tata ACE Electric vehicle, a vehicle model with an electric powertrain 

was developed in Matlab-Simulink, and its performance independently validated with 

real-world tests. The schematic of the model-based design approach used for the vehicle 

plant is depicted in Figure 4.3. The energy storage system, the traction motor system and 

the transmission systems were all modelled using a combination of both physics-based 

modelling and data-driven approach. The vehicle dynamics were modelled using the 

bicycle model approach as described in Rajamani, R. [149]. The vehicle motion 

performance was correlated with actual vehicle tests in the real world. 

 

Figure 4.3. Schematic of Autonomous Tata ACE Vehicle Plan Model. 

 

4.3.2.2. The Test-case for Simulation Testing 

The test case consisted of driving two non-signalised crossroad intersections scenarios 

sandwiched between two stretches of straight road and a section of curved road, as 

depicted in Figure 4.4. The driving challenge for the subject vehicle (autonomous) 

approaching from the side road at the intersection was to merge into and across the main 

road giving way to any traffic on the main road. The motion of the actor vehicles on the 
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main road was automated, and as the actors were on the main road, they had the right-

of-way at the intersection.  

 

Figure 4.4: The simulation test case of crossroad intersection scenarios 

 

Three dynamically different crossroad intersection scenarios were presented to the 

subject vehicle to negotiate, each differentiated by the presence or absence of the actor 

vehicle on the main road. The details of the scenario variations are described in Table 

4-2. The subject vehicle challenge was to first detect if there was an actor vehicle on the 

main road and then using the behaviour prediction module establish if it is in conflict 

with the subject vehicle motion. If the motion of both the vehicle was in conflict, the 

subject vehicle had to stop at the give way line to allow the actor vehicle to pass before 

deciding to go across the main road.  

 

Table 4-2: Test cases used for simulation testing of HAPS framework. 

Test Case ID Actor vehicle 1 crossing Actor vehicle 2 crossing 
TC1 NO NO 
TC2 YES YES 
TC3 NO YES 
TC4 YES NO 

 
4.3.2.3. The Simulation Testing Results 

The performance of the HAPS framework on the autonomous vehicle using the planning 

system algorithm (described in section 4.3.1) is discussed in this section. As this test was 

not designed to evaluate the planning system algorithm performances on objectives, the 

analysis in this section was limited to the evaluation of how the HAPS system facilitated 

the decision-making process to navigate the interaction dependent scenario. The tactical 

and operational decision-making within the HAPS system for the Test Case-3 (TC-3) is 
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illustrated in Figure 4.5. The vehicle made tactical decision to stop in the instance of a 

motion conflict and decided to proceed without stopping in the case with no conflict. The 

resulting operation decision-making changed the vehicle behaviours accordingly to plan 

the vehicle speed as shown in Figure 4.5. The motion control performance request and 

the actual response are shown in Figure 4.6. As the other test cases (TC-1, TC-2 and TC-

4) were a variation of TC-3, their successful HAPS decision-making to motion control 

performances are shown in Appendix A2. 

 

Figure 4.5: Subject vehicle behaviour plan – test case-3 

 

Figure 4.6: Subject vehicle motion plan tracking performance – test case- 3 
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As can be seen from Figure 4.5, the vehicle tactical decision-making was able to request 

a stop when there was a conflict and was able to plan a non-stopping motion when there 

was no conflict. These behaviour manoeuvre decisions were then converted into 

operational commands to create the trajectories. This testing described how the 

resultant vehicle motion was a result of streamlining of the different type of planning 

system decisions facilitated by the HAPS framework. This involved the global path 

passing on the strategic behaviour information to the local motion planning system and 

the behaviour planning modules generating a tactical decision about the vehicles local 

manoeuvre based on sensed information of other actors and finally the manoeuvrable 

spatio-temporal trajectory being generated through the operation decision-making with 

the trajectory planning modules. 

 

4.3.3. HAPS Testing in the Vehicle 

After having successfully tested the HAPS framework in a simulation environment, the 

next stage of development was testing it on a real-world vehicle platform. The planning 

system algorithms and the motion control algorithms developed in the simulation were 

auto coded into real-time development hardware, “Speedgoat”. The Speedgoat unit 

containing the algorithms was then integrated on the Tata ACE electric vehicle. The 

perception system implemented on the Tata Ace consisted of ‘localisation’ through the 

use of a high precision GPS-IMU integrated system OxTS, and the knowledge of the 

surrounding was built using the IBEO Lidar system. An array of six LIDAR sensors were 

mounted on the vehicle, one at each four corners and one at the front of the vehicle and 

one at the back, giving the vehicle a complete 360 field-of-view. The IBEO LIDAR system 

had inbuilt sensor fusion and obstacle classification algorithms. A PolySync core was 

used as a runtime and development middleware for the perception system [150], which 

allowed for easy integration of the sensors to build the world representation and create 

information streams to the planning system. Figure 4.7 is a snapshot of the LIDAR sensor 

fusion output on the Tata ACE, with the subject vehicle shown as a blue rectangle, the 

LIDAR data points shown as yellow dots and the detected and classified obstacles and 

actors are shown as red polygons.  
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Figure 4.7: The LIDAR sensor classified output of vehicle surroundings [151].  
 

4.3.3.1. The Real-World Test Scenario 

The JLR “north-bend” test track facility at Gaydon, UK, was used as a test facility to 

evaluate the HAPS framework on the TATA ACE electric vehicle. The test case for the real 

world testing was also designed with two non-signalised crossroad intersection 

scenarios as shown in the annotated map of the “north-bend” area in Figure 4.8.  

 

Figure 4.8: (a) Annotated map of the test scenario, (b) global path plan. 

 

The global path for the subject vehicle in this test case was fixed and the road boundaries 

along with the “no-go” areas were marked and stored in a map representation. Similar 

to the simulation testing, the challenge for the subject vehicle was to negotiate the two 

non-signalised crossroad intersection scenarios to reach the global destination avoiding 
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collisions with actors in the scenarios and not going out of the marked road boundaries. 

The roads on which the subject vehicle approached both the intersections were 

considered as secondary roads, implying it had to give way to any traffic on the road 

across when merging at the intersections. The actor in the environment was a human-

driven vehicle who was tasked with driving across the subject vehicle path. As the actor 

vehicle was on the main road, it had the priority over the subject vehicle at the non-

signalised intersection. Without any direct communication between the vehicles, the 

autonomous vehicle motion planning and decision-making were through the reasoning 

of the sensed information by the planning system within the HAPS framework.  

 

4.3.3.2. The Real-world Testing Results 

The subject vehicle had to drive the global path according to the guidance provided by 

the strategic behaviour for each road section and make a tactical and operational 

decision based on the information abstraction obtained by the SA module of the local 

motion planning system. The SA module, in this case, was establishing whether the actor 

vehicle was in potential conflict with its motion path when approaching the merging 

scenario. The tactical decision-making and operational decision-making of the subject 

vehicle were observed to understand how the HAPS decision streamlining worked in 

enabling it to plan the vehicle motion to successfully negotiate the non-signalised 

intersection scenarios. Figure 4.9 shows the output of the SA module describing the 

obstacle detection and tracking. 

 

Figure 4.9: Situation awareness function output for behaviour planning [151]. 

 

Figure 4.10 describes the output of the tactical and operational decision-making 

modules. The trajectory planning module was also responsible for adapting the vehicle 
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motion behaviour based on road curvature to limit the vehicle lateral accelerations as 

shown by the demand for deceleration at time 105𝑠 on Figure 4.10, to account for the 

increasing curvature of the road. 

 

Figure 4.10: Behaviour plans for the real-world test scenario [151]. 

 

It was important to evaluate the motion control performance to understand the 

suitableness of the implemented motion control approaches for the autonomous vehicle 

motion planning. The lateral motion control performance, which was evaluated 

comparing the steering request to measured response, is shown in Figure 4.11 and the 

longitudinal control performance that was evaluated comparing the speed demand to the 

actual speed shown in Figure 4.12. 

 

Figure 4.11: Tata ACE vehicle lateral motion control performance [151]. 
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Figure 4.12: Tata ACE vehicle longitudinal motion control performance [151]. 

 

The lessoned learned from the above vehicle testing along with the summary of the 

achieved research milestones through the work described in this chapter are 

summarised below.  

 

4.4. Discussion and Summary 

The HAPS framework design was one of the critical elements identified as necessary for 

the design of a proposed human-like motion planning system for the autonomous 

ground vehicle. The HAPS on-its own is not responsible for the planning system 

performance on the system objectives, such as motion safety, motion efficiency, motion 

comfort, adaptive motion etc., but plays a critical role in facilitating the algorithms within 

it, to deliver on those objectives through its decision-making paradigm. The first design 

of the proposed HAPS framework was described in this chapter followed by its 

implementation and testing in both offline in simulation and on a real vehicle platform. 

The testing of the HAPS showed how it facilitates a complex combination of decision-

making within the planning system framework to handle interaction-dependent 

scenarios. The remit of this testing was to only evaluate the decision-making synthesis 

between the different planning system modules and the actual planning system 

algorithms performance was not evaluated against the system objectives. The overall 

outcomes of the work described in this chapter are summarised below: 

a. In this chapter, the decision-making paradigm of the autonomous planning system 

was described depicting how the responsibilities of the complex decision-making 

tasks are apportioned within the planning system modules. As the planning systems 

at both global planning and local motion planning level have different decision-
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making challenges including dealing with probabilistic data, data with a different 

rate of change etc., it is reasonable to suggest that by apportioning the decision-

making responsibility the HAPS gives the planning system the best capability of 

handling complex and ambiguous real-world scenarios.  

b. The design characterises of autonomous planning system frameworks were 

reviewed, highlighting how each characteristic influence or constrains the motion 

planning capabilities. The desired characteristics for the HAPS framework were then 

identified by evaluating the characteristics against the planning system objectives 

and the application-specific considerations. 

c. A modular design approach was then used to build the first HAPS system 

incorporating the chosen characteristics. The HAPS framework was implemented 

using Matlab Simulink, with associated planning system algorithms developed solely 

for the testing of the HAPS were integrated into the framework. As the global path 

planning was not the focus of this research at this stage, the testing plan was tailored 

to only evaluate the decision-making of the local motion planning system (i.e. tactical 

and operational). The algorithmic approaches used for the planning system 

implementation was based on ease-of-implementation, as at the local motion 

planning system ATBP not yet available at this stage. 

d. To test the HAPS framework offline a simulation test environment was created using 

an environment-modelling toolkit called PreScan. Two interaction-dependent test 

scenarios were built into the test-case template, and by different motion settings for 

the other actors, four dynamically different test cases were created. The simulator 

testing showed that the framework was capable of acting on the global path, and the 

scene information to successfully enable the vehicle to negotiate the intersection 

scenario without collision. 

e. The HAPS framework was tested on a real-world vehicle platform on a test track 

facility, where a similar test case with two non-signalised crossroad intersection 

scenarios was created. The vehicle was equipped with the necessary sensing and 

perception systems to give the planning system necessary information to plan the 

motion trajectories. Similar to the simulation testing the vehicle demonstrated the 

capability to negotiate two interaction-dependent scenarios successfully. 

f. The HAPS testing in the vehicle also helped to understand the challenges of testing 

the developed systems in a real vehicle. As this was the first time all the autonomous 

software systems (perception, planning and motion control) were working on the 

real-vehicle, it provided an insight into the real-vehicle integration challenges, 
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including communication delays, operational bottlenecks allowing them to be 

rectified and /fixed at the early stage of the development. 

g. Although the motion control was not the major focus of this research, its 

implementation was necessary for testing the motion planning system framework. 

This real-world testing enabled establishing that the implemented motion control 

techniques were limited and lacked the ability for handle manoeuvres that are more 

demanding both for lateral and longitudinal control. This feedback was essential for 

the TMETC, enabling them to focus on exploring other approaches to improve the 

motion control performances.  

h. Although the perception system implementation on the TATA ACE vehicle was not 

the focus of this work, the real-world testing gave an insight into the challenges to 

integration of the perception system and the planning system, through “information 

layer approach”. It also enabled the autonomous vehicle team at TMETC to establish 

where the perception system needs improvements. 

i. As the system was in the initial stage of development the real-world and with the 

limited perception system and motion control system maturity it was important to 

select scenarios that did not have severe perception challenges (high number of 

obstacles etc.) as well as motion control challenges (high lateral manoeuvre 

requirements). Therefore, a simple crossroad intersection scenario were 

considered, where the vehicle decision-making involved only deciding whether to 

merge or not. This simplified scenario also enabled the planning systems to be 

developed using the rule-based approach methods which are easy to implement. 

While the testing described in this chapter showed the decision-making synthesis 

within the HAPS, the actual performance of the HAPS on the planning system 

objectives will be tested in combination with the ATBP, which will be covered in 

chapter 5-7.  
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5. The Adaptive Tactical Behaviour Planning Algorithm 

Having described the design, implementation and testing of the Hybrid Autonomous 

Planning System Framework in chapter 4, this chapter is dedicated to the second important 

research workstream for the design of human-like motion planning for autonomous 

ground vehicles. In this chapter, the novel Adaptive Tactical Behaviour Planner (ATBP) is 

presented, that integrates the interaction–aware decision-making and template-based 

spatial and temporal behaviour generation to generate human-like motion spatio-

temporal trajectory plans for the autonomous vehicle. The chapter is organised as follows: 

In section 5.1, the desired characteristics of a human-like local motion planning system are 

discussed that will be critical to the ATBP motion planning capability. In section 5.2, the 

design concepts of the ATBP are described. In section 5.3, the first testing of the ATBP is 

described, where only the spatial planning capability of the ATBP was tested. Finally, in 

section 5.4, the learnings from the first design and implementation of ATBP system are 

discussed including the opportunities for improvement. 

 

5.1. The Adaptive Tactical Behaviour Planner Concept 

The critical driving elements that distinguish “expert” human drivers from the average 

driver is their ability to assess the situation, their ability to predict the scenario evolution 

and finally their ability to select the best motion behaviour plan through a combination 

of deliberative, proactive and reactive decision-making. With the known limitations of 

the existing motion planning, state-of-art in negotiating interaction-dependent scenarios 

(such as intersections, shared crossing areas etc.) safely, efficiently and with acceptable 

motion comfort a human-like motion planning system was proposed in this report. In 

chapter 2 through the systematic review of the planning system approaches, the 

behaviour planning and trajectory planning approaches were identified, that give the 

best chance of meeting the objective of successful human-like motion planning ability in 

interaction-dependent scenarios were the interaction-aware behaviour planning 

approach, and the template-based trajectory planning approach. In addition, it was also 

highlighted that, to cater to urban driving environments, which demands fast motion 

adaption for safe and efficient motion, the behaviour planning and trajectory planning 

needs to be working as an integrated system. With this premise, a local motion planning 

system Adaptive Tactical Behaviour Planner was proposed in this research with the aim 

of endowing it with the behaviour planning and decision-making characteristics of 

expert human driving. These desired expert human-like motion-planning characteristics 

are described in this section. 
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5.1.1. The Desired Characteristics of ATBP  

To develop a human-like autonomous motion planning system, it was essential to first 

identify the necessary characterises that define “expert” human driving capabilities. This 

research defines “expert” human drivers as ones that are most consistent in 

demonstrating the ability to achieve the safe (no collision or near misses), efficient (time 

of navigation) and acceptable motion comfort. In this regard, the human driving 

behaviour literature was reviewed [152]–[154] resulting in shortlisting six essential 

behaviour characteristics, necessary for expert human-like driving ability. These six 

driving behaviour characteristics shown in Figure 5.1 are described with examples in 

this section, illustrating their importance in the context of real-world driving. 

 

Figure 5.1: Characterises of the human-like motion local planning 

 

5.1.1.1. The Situation Awareness 

Situation Awareness (SA) in the context of human driving activity implies firstly gaining 

an understanding of what is happening in the scene around the vehicle and predicting 

how the state of the scenario is going to evolve in the future. Situation awareness in 

ground vehicle application is a complex construct, which plays a key role in the human 

driver’s process of decision-making when handling dynamic real-world scenarios. A 

theoretical model of situation awareness based on its role in dynamic human decision-

making was first proposed by Endsley [155]. He emphasised that SA is more than mere 

information processing of the perception system and entails in addition to the 

perception the comprehension of that information and the subsequent projection of its 

future states. “SA” construct has been extensively researched in the aviation domain 

(Endsley, et al [155], Jones et al [156], Sohn et al [157]), its necessity in ground vehicle 

application, however, is more significant due to the operation of the actors in tighter 
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spaces and in close proximity of each other. In ground vehicle applications, the human 

driver’s SA enables them to be aware of the road conditions and road markings, the 

positions of static obstacles, the different static and transient regulatory signs and the 

presence and movements of other road users as the vehicle move through the 

environment. The importance of situation awareness is illustrated using a typical ramp-

merging scenario in Figure 5.2, which describes a subject vehicle attempting to merge 

onto the main road with multiple actors present in the scene. In such a scenario, the 

subject vehicle (in blue) has to simultaneously evaluate the motions of three cars, while 

at the same time adapting its motion behaviour for successful (achieving its motion 

objectives of safe, efficient and comfortable motion) merging manoeuvre. The driver’s 

situational awareness helps with the dual purpose of establishing if the gap between Car-

1 and Car-4 (which changes dynamically) is safe enough to merge and at the same time 

the safe gap exists between itself and the Car-3 (which may slow-down/stop either due 

to not finding a merging gap or a non-confident driver). This characteristic of human 

driving is pertinent to their ability of proactive reasoning and tactical decision-making 

to negotiate ambiguous and dynamic interaction-dependent scenarios. The SA construct 

of the ATBP, designed to abstract the necessary environment features to create an 

understanding of the scenario context to allow proactive reasoning and tactical decision-

making is described in section 5.2. 

 

Figure 5.2: Situation awareness in the context of motion behaviour planning. 

 

5.1.1.2. Multi-criteria based Behaviour Selection 

In real-world merging scenarios, human drivers often accept local compromises of a 

particular system objective (such as motion comfort, motion time) to achieve an overall 

better strategic outcome. Such compromises are made when the expert human drivers 

consider multiple manoeuvre options each varying both spatially (in space) and 

temporally (in time) that are all capable of safe navigation of the scenario. Each of this 

option, however, results in different levels of overall achievements on the desired 

motion planning objectives (motion safety, time efficient motion and motion comfort). 



63 
 

As the motion planning objectives are not necessarily complementary, the prioritisation 

often comes from the subject vehicle strategic decision-making goals. Figure 5.3 shows 

a typical example of such decision-making options at a crossroad intersection, where the 

subject vehicle has three safe manoeuvres to choose from each giving different 

achievement of the planning system objectives. To replicate such decision-making 

ability, the ATBP needs to consider the influence on all planning objectives using a multi-

criteria based decision-making to arrive at the best compromise of the planning 

objectives in real-time. 

 

Figure 5.3: Illustration of intersection scenario with multiple manoeuvre options. 

 

5.1.1.3. Dynamic Context-Based Motion Adaptation 

In real-world driving, the same geographical location can present different motion 

planning challenges depending on the time of the day/week, the type of actors in the 

scenario, and other challenges such as roadblocks, construction work etc. The changing 

nature of the driving challenge implies that motion planning tasks in real-world is non-

trivial and traditional motion planning approaches [158], [159] that are designed and 

optimised for specific scenarios are ineffective in achieving safe, efficient and 

comfortable motion in such scenarios. Not having the capability to make sense of an 

existing scenario can lead to decision-making impasse, potentially leading to traffic 

congestion. Figure 5.4 shows examples of four different scenario variations for the same 

geographical location illustrating how the subject vehicle approaching the roundabout 

must adapt differently each time to suit the existing dynamics. In scenario (a), the vehicle 

approaching from the 40mph road has a clear roundabout to merge. In scenario (b), the 
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presence of the leading vehicle could influence the approach speed of the subject vehicle. 

In scenario (c), another vehicle is already in the roundabout influencing the subject 

vehicle time of merging at the roundabout. In scenario (d), the roadworks influence both 

the vehicle spatial and temporal motion. While Figure 5.4 gives only a few variations of 

the type encountered in the real world, it illustrates why the autonomous vehicle cannot 

pre-plan its local motion. It is, therefore, essential that ATBP have the ability to extract 

the important cues from the scenario, interpret them and adapt the vehicle motion 

behaviours to prevent unnecessary stopping. 

 

Figure 5.4: Four dynamically different merging scenario variations of a roundabout. 
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5.1.1.4. Uncertainty Handling with Mitigation Planning 

The dynamic evolution of real-world driving environments is sometimes difficult to 

predict accurately owing to the uncertain behaviour of actors. However, similar to 

“expert” human drivers, the autonomous vehicle must be capable of making certain 

assumptions about the dynamic evolution of the real-world scenario to make proactive 

decisions about its motion to enable greater motion continuity. Figure 5.5 illustrates an 

example of driving where the subject vehicle is required to make the rational assumption 

that the pedestrian walking on the pavement will not come onto the road (as it is not a 

designated pedestrian crossing area). Based on the assumption the subject vehicle can 

plan to travel at the speed of the road (40mph), even though the moving actor is less 

than 2 metres away and possesses the ability to change its motion direction quickly. In 

real-world driving, expert human drivers make many such rational assumptions 

necessary for enabling motion continuity, resulting in increased risk of collision, as the 

behaviours of the other actors are not in its control. The ATBP, therefore, has to make 

additional safety planning (such as emergency manoeuvres) to ensure that in such 

instance’s collisions due to unruly/unsafe behaviours of other actors can be mitigated. 

 

Figure 5.5: Illustration of driver’s rational assumption scenario. 

 

5.1.1.5. Interaction-aware Motion Planning 

One of the important characteristics of expert human drivers is the ability to understand 

the interaction among actors in the driving scenario. This characteristic enables them to 

handle interaction-dependent scenarios such as non-signalised roundabouts, where the 

motion of actors can sometimes create merging opportunities for the subject vehicle, 

which if taken, reduces their waiting time and therefore contributes to improving 

intersection use capacity. Figure 5.6 describes an example of the subject vehicle waiting 

to merge at a non-signalised roundabout. With the actor vehicle 2 already in the 

roundabout influencing the merging intention of actor vehicle 1, the subject vehicle can 

be presented with the gap to merge, if the actor vehicle 1(as expected) stops at its give 

way line. If the subject vehicle can take such opportunities, it can reduce its overall 
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navigation time and avoid contributing to traffic congestion by delaying vehicles (such 

as actor 3) behind it.  

 

Figure 5.6: Illustration of interaction-dependent navigation scenario. 

 

5.1.1.6. Affordance-based Motion Planning 

Expert human drivers are successfully able to combine past and present information of 

a scenario to adapt the vehicle motion so that it is within the manoeuvring capabilities 

of the vehicle, satisfying the “Kino dynamic” constraints to enable comfortable motion. 

Figure 5.7 shows an example where the expert human drivers use the road curvature 

and other environmental features to limits the speed below the regulatory specified 

speed to maintain motion comfort. The ATBP should be able to use past knowledge from 

a stored map and the sensed world information in such instances, to establish if it cannot 

achieve the regulatory speeds due to the environmental features. Simply adhering to the 

specified regulatory driving speed can result in motion discomfort. 

 

Figure 5.7: Driving curved roads limits longitudinal motion affordances. 

 

It is important to note that by establishing such limits the ATBP narrows the vehicle 

temporal affordances dynamically as the vehicle moves through the environment. 
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Therefore, this limit is not used for emergency manoeuvre planning as in such instances 

the autonomous vehicle should have the complete spatial and temporal affordance 

behaviour candidates, possible within the subject vehicle manoeuvring capability. 

 

5.2. The Adaptive Tactical Behaviour Planner Construct 

The ATBP for local motion planning for the autonomous vehicle was built as an 

integrated “behaviour” and “trajectory” planning system to take the responsibility of 

both the “tactical” and “operational” decision-making of the planning system. The ATBP 

system was designed as a modular construct, allowing concurrent development testing 

of the system modules. The ATBP consists of three parts: The Situation Awareness (SA) 

module, the Behaviour Prediction (BhvPrd) module and the Behaviour Selection 

(BhvSel) module, with the resultant behaviour plan output of a manoeuvrable trajectory. 

The information flow between the ATBP modules is illustrated in Figure 5.8. The 

algorithmic constructs of the three ATBP system modules are described in this section, 

detailing how the ATBP incorporated the desired human-like motion planning 

characteristics described in section 5.1.1. The first ATBP system test was designed to 

evaluate only the spatial behaviour planning capability of the system and is covered in 

section 5.3. The temporal behaviour planning design and testing are covered in chapter 

6 and the complete ATBP testing covered in chapter 7. 

 

Figure 5.8: The module framework of the ATBP [160]. 

 

5.2.1. The Situation Awareness (SA) 

Real-world traffic scenarios have many different features, ranging from data about 

environment attributes that are permanently static, to features of the environment that 

are highly dynamic. Figure 5.9 lists the various types of environment features that the 

planning system must process to determine the scenario type and to make sense of the 

prevailing dynamic context and provide the necessary information to the decision-
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making algorithms. As the Hybrid Autonomous Planning System which contains the 

ATBP algorithm, was designed as a layered based integration with the perception system 

(see section 4.2), the perception data is made available to the planning system as parallel 

data streams. The SA module of the ATBP was designed to process the continuous 

perception system data streams, and abstract only the necessary information required 

for the decision-making and generation deterministic trajectories for vehicle motion. 

Therefore, it was responsible for creating the necessary representations of the 

prevailing complex and continuously evolving dynamic scenario as required by the 

decision-making function of the ATBP. 

 

Figure 5.9: Categories of scenarios features for map annotation [160].  

  

Every real-world driving environment is characterised by the different type of scenario 

features, which needs to be known (from the stored map)/detected online (through 

sensors) to enable the planning system to establish the environmental driving context. 

For easy classification and handling, the scenario features were grouped into six groups 

as shown in Figure 5.9. A scenario attribute act as either one of motion guidance such as 

direction arrows, lane markings etc., or motion constraint such as speed limits, road 

boundaries etc. In urban driving environments, the density of the scenario features is far 

greater, making the task of their subsequent processing by the planning system for real-

time decision-making a computationally difficult task. To adequately deal with this 
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perception system information supplied to the planning system, the SA module was 

designed to segregate the abstracted information into four information layers: 

a. The Strategic Information Layer (SIL): contains environment features that are fixed 

(in space and time) and responsible for providing the “guidance” to the local motion 

planning system on how to execute the demanded strategic behaviour by the global 

path planning. The features from category “road layouts”, “lane markings” and “road 

markings are represented in SIL. 

b. The Static Obstacles Layer (SOL): contains environment features that are 

geometrically fixed and static that can affect the vehicle's capability to plan its 

motion either directly (through blocking of the path, e.g. wrongly parked car) or 

indirectly (through blocking of the view, e.g. buildings/ information boards). The 

features from category “Static Obstacle” are represented in SOL. 

c. The Transient Dynamic Layer (TDL): contains environment features that are not 

static or highly dynamic but change their state over considerably longer time 

periods. Each state of these features put a different behaviour expectation on the 

vehicles in the scenario. The features from the category “Transient Signals” are 

represented in TDL.  

d. The Actors Information Layer (AIL): contains environment features that are capable 

of being highly dynamic. The features in the category “moving actors” are 

represented in AIL. 

 

The methodology to segregate the information into layers was seen in the Local Dynamic 

Map (LDM) approach, first introduced in the “Safespot” project [161]. In this study, 

however, the SA module was designed with the aim of abstracting information in the 

form that was “simplistic”, “relevant” and “complete”, to suit the real-time decision-

making of the ATBP. Simplistic implies that the information abstracted was of a high 

level, ignoring the detailed granularity often seen in other LDM approaches. Relevant, 

implies the information layers being generated in the form of its intended direct use by 

the decision-making algorithms of the ATBP. Complete implies that the layers between 

themselves cover all the necessary aspects of the existing scenario, without eliminating 

any critical feature that results in not achieving of the planning system objectives. The 

manner of information apportioning between the layers was unique in this approach 

ensuring that, in the event of processing failure of one layer, the autonomous vehicle 

does not completely lose its motion functionality. This enables the algorithm to take 

advantage of the hybrid control methodology of the HAPS framework to ensure the 

vehicle is still drivable with reduced functionality. Figure 5.10 illustrates the four 
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information layers of the Situation Awareness module, considering a case of a 

roundabout. A detailed description of the four SA module layers and the form of their 

outputs is described in this section. 

 

Figure 5.10: The situation awareness information layers 

The implementation of the four strategic layers in the ATBP are described in this section 

 

5.2.1.1. Strategic Information Layer 

The Strategic Information Layer (SIL) was derived from the global path planner output 

and a pre-annotated world map. The global path defines the lanes/roads the vehicle 

needs to take to reach the desired destination, while the annotated map contains the 

building blocks of the strategic information layer, which include the scenario features 

from “f-LM”, “f-RM”, and “f-RL” (see Figure 5.9). The annotated map was built in the 

global coordinate system using the concept of “lanelets”, first introduced in Bender et al 

[162]. It divides the drivable space into road-sections, bounded by road/lane edges, with 

each road section containing the scenario feature information such as the regulatory 
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road markings, regulatory speed limits, lane markings etc. As the vehicle moves through 

the environment, the SA module uses the vehicle position to extract the local information 

to create the strategic information layer that defines the map features in the vehicles 

inertial coordinate frame. Figure 5.11, describes two examples of the road scenarios with 

the map features used for the SIL displayed on the right using a visualisation output from 

“rviz” (a 3D visualization tool for ROS).  

 

Figure 5.11: Strategic information layer output (a) roundabout (b) crossroads 

 

The offline map is constructed using satellite imagery of the area of interest, which is 

subsequently corrected by driving the routes and using the geographical positions of the 

known/static environmental scenario features detected online through the 

extrospective sensors (such as LIDAR). This SIL construct, used in this work is best 

suited for structured driving environments, where the vehicle motion is constrained to 

the corridors of the lanes/road’s boundaries. 

 

5.2.1.2. The Static Obstacle Layer 

The Static Obstacle Layer (SOL) contains the information of the static environment 

furniture, defined by the scenario attributes “f-SO” (such as buildings, road barriers, 



72 
 

lampposts, parked vehicles etc.). These features remain geographically fixed over time, 

and therefore once detected and their dimensions are known, it enables the construction 

of the static obstacle information layer as an occupancy grid [163]. In the SA module, the 

SOL was designed to be a cost-based occupancy grid with a grid resolution of 20mm 

squares. The cost of each cell was updated as the vehicle moved through the 

environment demarcating the drivable area available for autonomous navigation. The 

cost map cells were updated using the following weights (a) Open Space (weight=0), (a) 

Obstacle occupied space (weight=250) and (a) Non-drivable space (weight=200). A 

typical output of the SOL for a real-world roundabout scenario is shown in Figure 

5.12(a), with Figure 5.12(b) showing an extracted section of the roundabout scene. 

 

Figure 5.12: A cost-based grid map demarcating the drivable area 
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5.2.1.3. The Transient Dynamic Layer 

The Transient Dynamic Layer (TDL) contains scenario features defined by the scenario 

attributes “f-TS” that are transient but change less frequently than the features in the 

Actor Information Layer (AIL). Information such as “traffic lights”, “transient speed 

limits” etc., change their state over longer time periods with the vehicles having to react 

and change their motion behaviour appropriately to satisfy the driving rules. Perception 

system algorithms such as “traffic sign recognition”, “traffic light detection” etc. provide 

the necessary information to build this layer. In the TDL implementation, the f-TS 

features were assigned to the specific road section and depending on the real-time 

“state” of the feature, the expected strategic behaviour in the road section was changed. 

Figure 5.13 describes an example where TDL changes the strategic behaviour plan, 

based on the state of the transient feature “Traffic signal”. The expected vehicle 

behaviour in the geographically identical scenario shown Figure 5.13(a), when the 

transient scenario feature changes the state to either “red”/ “amber”/”green” as shown 

in Figure 5.13 (b)- Figure 5.13(d) is different. Figure 5.13 (b) - Figure 5.13(d) are extracts 

of the TDL as shown in the ROS visualisation tool “rviz”. 

 
Figure 5.13: (a) Street-view of the traffic signal controlled scenario (b) Transient Dynamic 

Layer signal state -Red (c) Amber (d) Green 

 

5.2.1.4. The Actor Information Layer 

This Actor Information Layer (AIL) captures the dynamic elements of the scenario, 

which includes the moving actors of different types (cars, buses, motorcyclists, cyclists, 

pedestrians etc.). Generally, urban scenarios are characterised by many actors in close 

vicinity, making the task of avoiding collisions and near misses a difficult proposition in 

comparison to other less-populated scenarios such as highway/rural roads driving 
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environments etc. To successfully focus on the actors of interest and have the capability 

of reacting quickly it is important that the subject vehicle filter out the actors that are 

not critically affecting the vehicle motion plan. The SA module implements the AIL using 

a 2-step process to intelligently deals with the actors around it in a dynamically evolving 

scenario, the two steps are:  

a. Scenario context-based filtering: As the name suggests this filtering process removes 

actors from the AIL that are not expected to interact with the subject vehicle in the 

existing driving scenario. The expected interaction is based on the subject vehicle 

future motion plan. Thus, for example in a straight road-driving scenario, the actors 

that are behind the subject vehicle and moving in the opposite direction are filtered 

out of the AIL in this process. 

b. The Interaction based actor prioritisation: Having narrowed the actor set, the next 

part of the AIL processing entails ordering the actors based on the expected 

interaction with the subject vehicle. Having the aforementioned understanding 

enables the subject vehicle to proactive evaluate the dynamic environment and make 

tactical decisions considering the expected motion intention of the critical actors. 

Figure 5.14 gives a diagrammatic illustration of AIL processing for a roundabout 

scenario.  

 

Figure 5.14: Context-based filtering of obstacles 
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The process of filtering and sorting of the actors is critically important in urban areas, as 

it reduces the number of actors that the autonomous vehicle deals with at any time, thus 

alleviating the computational burden on the processing systems. However, any filtering 

of actors implies that the impact on the filtered actors on the future motion of the subject 

vehicle is ignored. Such assumption brings an element of risk to the behaviours planned 

by the subject vehicle. In this research, it was assumed that by ensuring the update of 

the information within AIL at every fixed and fast sample time, the dynamic changes in 

the environment and the actor criticalness can be accounted.  

 

5.2.1.5. Other Considerations - Dynamic Motion Limitation  

The curvature based top-speed limit is an additional speed limit used by the ATBP to 

account for scenarios where the regulatory speed limits are not representative, 

especially on road sections with high curvature. This curvature-based speed limit is not 

part of the information layers of the situation awareness module but is part of the 

situational awareness module that provides the upper limit for the use of the trajectory 

selection. Although the curvature of the drivable road can be estimated beforehand to 

determine the speed limits to embed into the stored world map, the ATBP used an online 

curvature estimation to account for curvature constraints when travelling in the un-

modelled world such as in instances when the vehicle has to deviate to avoid obstacles 

etc. The curvature-based speed limit was obtained by estimating the fastest speed 

achievable in the spatial manoeuvre while maintaining the centrifugal acceleration 

within acceptable thresholds. As described in Kanellaidis et al. [164] the centrifugal 

acceleration on the vehicle travelling a curvilinear road is given by  

𝐶𝐴 =
𝑉2

𝑅
                            5.1 

where ′𝑅′ is the radius of curvature of the spatial manoeuvre, ′𝑉′ is the admissible vehicle 

speed and′𝐶𝐴’ is the centrifugal acceleration. At the acceptable lateral acceleration 

threshold of′𝐶𝐴’ the limiting vehicle speed can be estimated as  

𝑉𝑐𝑙𝑖𝑚 = √𝑅 ∗ 𝐶𝐴𝑚𝑎𝑥                                              5.2 

Thus, knowing the curvature along the spatial manoeuvre and by limiting the lateral 

acceleration within acceptable comfort thresholds, the variable maximum comfortable 

driving speed threshold was estimated. A planner 2-D curvature estimation algorithm 

proposed by Hermann and Klette. [165] was used. 
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5.2.2. Behaviour Prediction 

The behaviour prediction module in the ATBP algorithm was designed to be responsible 

for predicting the future motion of “critical” actors in the driving scene that are expected 

to have possible interactions with the subject vehicle. In real-world scenarios, actors of 

different size and manoeuvring capability are expected to co-exist and depending on 

their intended path and the existing scenario dynamics, the subject vehicle will not 

always have the “right-of-way” in situations where its path crosses with another actor. 

While in some instances, the scenario features (traffic lights/ human traffic warden), 

determines the order and controls the flow of traffic, other scenarios such as crossing in 

shared areas, non-signalised intersections etc. requires the subject vehicle to make its 

decision based on its interpretation of the scenario dynamics. To enable the autonomous 

vehicle to make informed decisions about its future motion behaviours in scenarios with 

potential conflict, it has to do some form of prediction of the actor in conflict to establish 

the impact on its own planned future behaviours. Behaviour prediction of actors has 

been extensively researched within academia and Lefèvre et al. [166] provided a 

comprehensive overview of the different approaches that exist in the intelligent vehicle 

literature. Here the various motion prediction approaches are briefly summarised, 

classifying them under the taxonomy described below: 

a. Model-based prediction approach: In this approach, the motion of the actors is 

predicted using either a kinematic or a dynamic model. For e.g. the model used for 

predicting the future vehicle motion links the changes in the vehicle state (position, 

heading, speed, yaw-rate etc.) to the control input variables (accelerator, brake, 

steering etc.) the properties (weight, drag coefficient etc.) and external conditions 

(friction coefficient of the road surface, road gradient etc.). The real-world driving 

ecosystems are inhabited by a wide array of actor types, each with differing motion 

capabilities, and generating separate models of every actor type to predict their 

motion is a highly impractical task. Other limitations of the model-based approach 

include their inability to handle noisy measurements, sensitivity to initial conditions 

and being computationally intensive (depending on model fidelity) when the 

number of actors in the scene is high. In this approach, the models are not able to 

“anticipate” expected future motion changes in a dynamic scenario, which makes 

then non-appealing to handle interaction-dependent scenarios such as junctions, 

shared crossing zones etc. The usable prediction horizon of these models is also 

generally very small (< 1 𝑠𝑒𝑐) [166]. Some examples of methods in the category 

include, those based on kinematic model prediction [167]–[169] and dynamic model 

prediction [170],[171]. 
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b. The behaviour matching approach: These approaches are actor independent and 

does not require a model of the actor to predict their future motion. The approaches 

rely on matching the current vehicle motion state to a behaviour prototype from a 

library of motion trajectories that are precomputed. Generally, they can predict 

motion for a longer time horizon; however, the matching process can be quite 

sensitive, which can lead to erroneous predictions. In urban environments, the 

various manoeuvring challenges cause the vehicle motion to change constantly both 

laterally and longitudinally. The successful application of the prototype matching 

approach in such scenarios would require a large number of behaviour prototypes 

to get reasonable predictions of the actor’s future motion. This approach is generally 

suited to highways, where the lateral and longitudinal motion transients are 

comparatively less. The two types of behaviour matching approaches are the 

spatiotemporal behaviour matching [172] [173] and the behaviour intent matching 

[174], [175]. 

c. Interaction-based prediction approach: This type of motion prediction approach 

considers the interaction between the actors to determine their future motion within 

the driving scenario. Real-world driving scenarios such as non-signalised 

intersections shared crossing zones etc., requires the participating actors to 

successfully interact among themselves to ensure motion safety, considering the 

dependencies among actors. When these ensuing dependencies of motion are 

considered in the prediction within the existing scenario context, it results in a 

reliable interpretation of their future motion compared to the model-based and 

behaviour matching approaches. Examples of interaction-based approaches include 

context-based behaviour prototype matching [176], [177] and nonparametric 

Dynamic Bayesian Networks based methods [178],[179].  

 

In urban scenarios where the density of the actors is generally higher, there are also 

rapid changes in their behaviours, making it a difficult environment to predict long-term 

(>3s) behaviours. In addition, urban road scenarios are characterised by a high density 

of road markings (stop lines, give way-lines, shared zones, bus lanes, cycle lanes, 

pedestrian crossings, no-stopping zones etc.), which create different interaction 

scenarios where the behaviour of the actor can vary significantly. Table 5-1 gives a 

comparison of the three approaches described above in to evaluate their suitableness to 

the urban driving environments.  
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Table 5-1: Comparison of behaviour prediction approaches 

 

 

Depending on the application and the availability of the data to tune the specific 

prediction algorithms, the model-based approach can be a quick way to get started. 

However, as urban environments are known for a high number of actors moving in close 

proximity and as their motion is dependent on the interactions with each other, the 

interaction-based methods were best suited to for the motion prediction in urban roads. 

In the course of this research, the model-based behaviour prediction approach (constant 

acceleration kinematic model) was used during the early phase of testing due to its easy 

implementation. This was subsequently replaced by the interaction-based approach was 

subsequently implemented for handling intersection scenarios. The description and the 

implementation of these algorithms are described in detail in chapter 6.  

 

5.2.3. Behaviour Selection 

The Behaviour Selection (BhvSel) module within ATBP was responsible for selecting the 

motion trajectory (formed by spatial and temporal behaviours) within its behaviour 

affordances, which satisfy the desired planning system objectives. This was achieved by 

first generating the behaviour candidates, both spatial and temporal, and then 

combining the spatial and temporal behaviour candidates to form drivable motion 

trajectories for the decision-making algorithm to select the best motion trajectory in 

real-time. The BhvSel module within the ATBP combines a unique “adaptive” data-

driven approach of spatial and temporal behaviour candidate generation, with a risk-

aware decision-making algorithm to tactically select the trajectories that are “safe”, 

“efficient” and maintains acceptable motion comfort. In this section, the concepts used 
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for the spatial behaviour candidate generation, the temporal behaviour candidate 

generation and the decision-making algorithm are described. 

 

5.2.3.1. The Spatial Behaviour Candidate Generation 

In urban driving environments, the roads are of different shapes having variable widths 

that does not necessarily have continuous curvature variations along its lengths. Also, 

the presence of environmental features such as traffic islands, cycle lanes etc., create a 

variable width driveable space for the vehicles to navigate. The challenge for the 

autonomous vehicle driving in such environments is to be able to generate “multi-

modal” (with more than one change of direction), spatial behaviour that is firstly “safe” 

and satisfy the manoeuvrability constraints and secondly, are executable in real-time by 

the motion controller. The spatial behaviour candidate generation process also needs to 

compensate for “un-modelled” disturbances encountered in real-time, which implies 

that the behaviours candidates need to be adaptive in real-time to avoid passing through 

environment furniture. In the ATBP, a parametric, data-driven approach for spatial 

behaviour candidate generation was proposed, that was able to generate spatial 

behaviours capable of navigating complex and urban scenarios while satisfying the 

planning objectives. The spatial behaviour candidate generation was based on “drivable-

space affordances” for the autonomous vehicle, defined by the Strategic Information 

layer (described in section 5.2.1.1). To meet the objective of “adaptive”, “comfortable” 

driving through the template-based behaviour generation process, a set of evaluation 

criteria parameters were established. The various curve construction methods were 

then evaluated against those criteria to establish a suitable construction method for the 

algorithm of spatial behaviour candidate generation. The evaluation criteria parameters 

include:  

a. Smoothness: The smoothness of the generated curve is an important criterion for 

spatial behaviour construction, as it directly influences the vehicle’s dynamic motion 

stability. 

b. Length: The length of the curve connecting the two endpoints is directly related to 

motion efficiency, as a shorter path will mean arriving at the desired destination 

faster or expending less energy. 

c. Precision and Digression: In curve construction, precision simply refers to the 

ability of the generated curve to pass through all the control waypoints. While the 

term digression refers to the maximum departure from a piecewise-linear curve, 

construct. Precision and digression of the spatial curve are important from the 
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context of planning safe behaviour candidates that are away from and not 

intersecting with obstacles. 

d. Tractability: Tractability concerns two areas; firstly, the “profile shape”, which 

pertains the practicality of tracking unnecessary “zig-zagging” or “wiggling” or 

“twitching” the resulting curve might have between two successive control 

waypoints. Secondly, it concerns the “shape control” which pertains to the resultant 

effect of changing one control waypoint to the rest of the curve. 

e. Computational Time: Every curve-generation method is based on different 

principles and involve a different level of mathematics. This implies the curve 

generation process results in different levels of computational burden on the system. 

As spatial behaviour generation is a real-time process, the curve generation method 

used must be able to give feasible solutions within specified time constraints. 

 

The different curve construction methods available within literature were evaluated 

against the above criteria. The line and arc method [180], splines method [181], clothoid 

curve method[182] and the Bezier curve method [116], were used for the comparison 

due to them compatible with the chosen trajectory generation approach of template-

based construction (see chapter 2). Table 5-2 gives an overall score for the methods 

against the evaluation parameters. 

Table 5-2: Comparison of spatial behaviour generation methods 

 

 

The line-and-arc method although low on computational cost, better at having shorter 

trajectory length and on precision and digression capabilities, the resultant motion on 

the generated trajectory is jerky and not smooth [180]. The spline polynomial based 

curve method also suffers from tractability issues and can sometimes result in precision 
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and digression issues. The clothoid curve method is computationally expensive, suffers 

from precision and digression issue and sometimes results in longer length trajectories. 

The Bezier curve method allows intuitive curve manipulation through the control points 

to enable the generation of multi-multi-modal spatial behaviours. It is also superior in 

path smoothness and allows continuous concatenation of curves, which is a necessary 

property when planning in scenarios with complex shaped drivable corridors. Although 

the Bezier curve also suffers slightly from precision and digression issues, careful 

placement of the control points can alleviate this issue. On this premise, the Bezier curve 

method was chosen for the spatial behaviour candidate generation algorithm of the 

ATBP. The properties of the Bezier curve construction are described via Figure 5.15. 

 

Figure 5.15: The Bezier curve construction. 

a. The Bezier curve always passes through the initial point “𝑃0” and the final point “𝑃𝑛”. 

This property is useful for guaranteeing that the planned trajectory for the 

autonomous vehicle will always end up at the precise desired location from the 

vehicles initial position.  

b. As illustrated in Figure 5.15, Bezier curves are always tangent to the lines connecting 

the initial point “𝑃0” and the second point “𝑃1” and the line connecting the second 

last point “𝑃𝑛−1” and the last point “𝑃𝑛”. As one of the main requirements of the ATBP 

was to adapt the trajectory in real-time to the dynamic changes in the environments, 

and by making the spatial candidates tangential to the first two control points 

ensures that the potential trajectory does not create a large step steering demand. In 

addition, having a tangential end to the trajectory ensures that the vehicle will have 

a stable stop at the end of the trajectory in the desired heading.  

c. The Bezier curve always lies within the “convex hull”. This property ensures that the 

shapes of the generated spatial behaviour can be efficiently contained with the 

placement of the control points avoiding bulges of high curvature often seen in other 

polynomial-based constructions. 
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d. The Bezier curve enables the creation of a multi-modal smooth profile and involves 

less complexity of computation as compared to the clothoid curve method for the 

same level of trajectory complexity. [183].  

e. The Bezier curve method also enables the generation of trajectories that are 

consistent with vehicle dynamics making it easier to track for the autonomous 

motion controller [184]  

 

A Bezier curve of degree n can be represented as [184].  

𝑃(𝑡) =  ∑ 𝐵𝑖
𝑛(𝑡)𝑃𝑖                 𝑡 ∈ [0 − 1]𝑛

𝑖=0     5.3 

where, 𝑃𝑖 are the control points and 𝐵𝑖
𝑛 is a Bernstein polynomial given by 

𝐵𝑖
𝑛(𝑡) = (

𝑛
𝑖

) (1 − 𝑡)𝑛−1𝑡𝑖, 𝑖 ∈ {0,1,2, … … , 𝑛}    5.4 

A “quintic” Bezier curve was selected for the design of the spatial behaviour candidates. 

The parametric form of the “quantic” Bezier curve projected on a 2-D Cartesian plane 

can be represented as: 

𝑃(𝑡) =  ∑ (
5
𝑖

) (1 − 𝑡)5−1𝑡𝑖𝑃𝑖                 𝑡 ∈ [0 − 1]5
𝑖=0     5.5 

where 𝑃{0,1,…,5} are the six control points, with the curve passing through the ends 𝑃0, and 

𝑃5. The curve is tangential at the endpoints defined by 

𝑃′(0) = 5(𝑃1 − 𝑃0)                      5.6 

𝑃′(5) = 5(𝑃4 − 𝑃5)                   5.7 

The second derivative at the endpoints are then defined as  

𝑃′′(0) = 20(𝑃2 + 𝑃0 − 2𝑃1)         5.8 

𝑃′′(5) = 20(𝑃3 + 𝑃5 − 2𝑃4)    5.9 

The curvature of the generated curve at each point is defined using [185]  

𝜅(𝑡) =
|𝑃′(𝑡) 𝑃′′(𝑡)|

‖𝑃′(𝑡)‖3                     5.10 

The global path, (which is defined in the form of waypoints), is first processed by joining 

the waypoints by a piecewise linear curve, creating a dense representation of the global 

path termed as “ideal-path”. The ideal path is constrained within the lane/road bound 

corridors obtained from the SIL. The ideal path represents a spatial track that the vehicle 

would try to follow if it was not obstructed by other vehicles or static obstacles. Using 

the points of the ideal path as guidance and the affordance spatial corridor defined by 

the lane/road bounds in SIL and the vehicle lateral motion constraints, the spatial 

behaviour candidates are generated to fill the drivable affordance envelope. A typical 

spatial behaviour candidate set to navigate a driving corridor is depicted in Figure 5.16,  
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Figure 5.16. The schematic of the typical spatial candidate generation output 
 

where ′𝜃𝑠𝑡,𝑚𝑎𝑥′ is the maximum is steer angle of the extreme trajectory that is dependent 

on vehicle speed ′𝑣’, ′𝛿ℎ𝑧′ is the length of the trajectory planning horizon and ′𝛿𝑤𝑠′ is the 

width of the minimum drivable corridor along the path. Along with the strategic 

information layer that defines the drivable corridor, the following input parameters 

were necessary for the behaviour candidate generation: 

a. The width of the drivable corridor (𝛿𝑤𝑠): The strategic information layer provides 

the spatial affordances to the subject vehicle with the drivable space constrained by 

the left and right bound. This drivable space varies along the different road sections 

and scenarios and therefore a dynamic estimation of the width is necessary to define 

the spread of the generated spatial behaviour candidate set. 

b. The planning horizon (𝛿ℎ𝑧): The planning horizon determines the length of the 

spatial behaviour candidates. In the current implementation, this parameter was 

designed as a constant value, in the time domain of 5 seconds. Selecting the spatial 

behaviour generation higher than the chosen trajectory planning horizon (4 

seconds), the spatial candidates were possible to be evaluated for greater distances. 

As this was a fixed time-domain parameter, the length of the horizon changed 

dynamically with the vehicle speed. 

c. The maximum steer angle (′𝜃𝑠𝑡,𝑚𝑎𝑥): The maximum steer angle was used to restrict 

the steering demand by the generated spatial behaviour at different vehicle speeds. 

At slower speeds, the vehicle can do larger steering angle within acceptable comfort 

and Kino-dynamic constrains, but the acceptable steer angle reduces with increasing 

speed. In this implementation, ′𝜃𝑠𝑡,𝑚𝑎𝑥was designed as a function of vehicle speed. 

d. The control points: The control points govern the shape of the Bezier curve. In a 

quintic Bezier curve, there were six control points, with the position of the first and 

the last known, and the remaining being distributed according to the desired shape. 

The intermediate points were chosen as a function of the horizon distance as 

described in the algorithmic pseudocode below 
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Algorithm: Spatial Behaviour Candidate Generator 
At every fixed sampled time  
1. Using the vehicle’s current location, the strategic information layer and the 

global path information determine the ideal drivable path. 
2. Estimate the planning horizon distance ”𝛿ℎ𝑧" along the ideal drivable path. The 

planning horizon is constant in the time domain of “4” seconds, therefore based 
on the vehicle speed the horizon distance along the ideal path is established for 
the current vehicle speed. 

3. Estimate the width of the drivable corridor ”𝛿𝑤𝑠". In this implementation, the 
minimum width along the planning horizon distance was selected as the 
drivable width. 

4. Establish the six control points of the quantic Bezier curve as  
 
𝑃0 = 𝐶𝑢𝑟𝑟𝑒𝑛𝑡 𝑣𝑒ℎ𝑖𝑐𝑙𝑒 𝑙𝑜𝑐𝑎𝑡𝑖𝑜𝑛 ([0,0]) 

𝑃3 = 𝑃𝑜𝑖𝑛𝑡 𝑜𝑛 𝑡ℎ𝑒 𝑖𝑑𝑒𝑎𝑙 𝑝𝑎𝑡ℎ 𝑎𝑡 𝑎 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒 𝑜𝑓 (
3

5
) ∗ 𝛿ℎ𝑧 

𝑃4 = 𝑃𝑜𝑖𝑛𝑡 𝑜𝑛 𝑡ℎ𝑒 𝑖𝑑𝑒𝑎𝑙 𝑝𝑎𝑡ℎ 𝑎𝑡 𝑎 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒 𝑜𝑓 (
4

5
) ∗ 𝛿ℎ𝑧 

𝑃5 = 𝑃𝑜𝑖𝑛𝑡 𝑜𝑛 𝑡ℎ𝑒 𝑖𝑑𝑒𝑎𝑙 𝑝𝑎𝑡ℎ 𝑎𝑡 𝑎 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒 𝑜𝑓 𝛿ℎ𝑧 
 
The definition of the control points 𝑃1 and 𝑃1 was based on the subject vehicle 
current yaw rate. This helps maintain the lateral motion continuity and 
therefore avoid iterative resetting of the steering position every time ATBP 
selects a new desired spatial candidate. The two points are defined as  

 

𝑃1,𝑥 =  (
1

5
) ∗ 𝛿ℎ𝑧 

𝑃1,𝑦 =  (
1

5
) ∗ 𝛿ℎ𝑧 ∗ tan (𝛽) 

𝑃2,𝑥 =  (
2

5
) ∗ 𝛿ℎ𝑧 

𝑃2,𝑦 =  (
2

5
) ∗ 𝛿ℎ𝑧 ∗ tan (𝛽) 

 
Where 𝛽  instantaneous slip (which is zero when the vehicle is travelling straight 
and non-zero when the vehicle is travelling along a curve. 

 
 
5.2.3.2. The Temporal Trajectory Candidate Generation 

The temporal behaviour planning within ATBP entails generating multiple smooth 

temporal behaviour candidates within the temporal affordance envelope, to allow the 

vehicle to choose the best one in real-time. As the objective of this study was to mimic 

human-like motion planning, the plan was to extract the naturalistic behaviour patterns 

from human drivers to define the shape of the temporal behaviour candidates. The 

design of the different versions of the temporal candidate generation algorithm for the 

ATBP is covered in detail in chapter 6. The pseudo-code for the generic temporal 

behaviour generation algorithm of the ATBP is described below 
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Algorithm: Temporal behaviour generation algorithm 
At every fixed sampled time  

1. Establish the current vehicle speed from the vehicle state estimation. 
2. Extract the scenario maximum road speed as the minimum of those defined in 

the Strategic Information Layer (SIL) and the Transient Dynamic Layer (TDL). 
3. From the SIL estimate, the distances to regulatory stop lines such as (Give-way 

line, Stop Line, Traffic signal stop lines etc.) 
4. Estimate the vehicle stopping distance from the current vehicle speed. (This value 

is a characteristic of the vehicle and is established based on the specific vehicle 
braking capability) 

5. Generate the temporal candidate extrema i.e. 
a. Follow-On Max: The temporal behaviour that goes from the current vehicle speed 

to maximum achievable speed limited only by the speed regulation 
b. Stopping Behaviour: Generate the stopping behaviour that takes the vehicle from 

the current speed to a zero speed, which is a minimum of the stopping distance 
and distance to a regulatory line. 

6. Generate candidate trajectories within the temporal behaviour extrema for 
Follow-On and Stopping. 

 

 

In the first ATBP testing described later in this chapter, a rule-based implementation was 

used for generating the temporal behaviour, as the human-like naturalistic temporal 

behaviour generation algorithm was not yet developed. The implementation of the rule-

based temporal behaviour planning is described in section 5.3.  

 

5.2.3.3. ATBP Tactical Decision-Making 

In the ATBP, the spatial and temporal behaviour candidates are first independently 

evaluated for feasibility, with constantly updated information layers of the SA to filter 

out non-feasible behaviours. The spatial and the temporal behaviours are then combined 

to form the candidate trajectories that used for the decision-making within the ATBP’s 

for the trajectory selection. The ATBP behaviour selection algorithm arrives at the 

decision to select a particular trajectory by evaluating “motion safety”, “motion 

efficiency” and “motion comfort”. The generic implementation of the behaviour selection 

algorithm is described using the pseudo-code below 

 

Algorithm: ATBP risk-aware decision-making 
At every fixed sampled time  

1. Establish the feasible and safe spatial behaviour candidates using information 
from SIL  

2. Combine the spatial and temporal candidates to create candidate trajectories. 
3. Establish feasible and safe trajectories using information from AIL and TDL 

through proactive reasoning and tactical decision-making. 
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4. For all feasible and safe trajectories select, the best trajectory that optimises the 
multi-criteria decision-making algorithm that selects finds the best trade-off 
between motion efficiency and motion comfort. 

 

 

In the course of this research work, different variations of the decision-making 

algorithms were implemented as shown in this chapter and chapter 6. 

 

5.3. ATBP Testing in Urban Road Environment 

The first real-world testing of ATBP was part of “UK Autodrive”, the UK government-

funded autonomous vehicle trial in the city of Coventry, UK, in November 2017. From 

the ATBP perspective, this testing only entailed evaluating the spatial behaviour 

planning capability to generate admissible behaviours in complex shaped urban driving 

environments. The temporal part of the trajectory was created through rule-based speed 

assignment consisting of stepped acceleration/deceleration demands. The ATBP was 

integrated with the perception system and the motion control system developed by 

engineers at TMETC on the Tata Hexa vehicle. The autonomous software system was 

implemented into autonomous stack consisting of four nexcoms (embedded PCs) with 

the system architecture built using the Robotic Operating system (ROS). Appendix A1 

gives a brief description of the sensor suite used on the Tata Hexa. This section covers 

the implementation of the planning system along with its real-world testing and analysis. 

 

5.3.1. The Planning System Implementation 

5.3.1.1. The Global Path Planner 

The global path planner in the HAPS was designed to generate the shortest path on an 

annotated map formed by a network of lanes (with unique IDs), that connects the vehicle 

current location to the desired goal. The goal point was selectable in two ways: one 

where the user can drop a pin on the map using the “rviz” interface, or a pre-selected 

destination could be chosen from the list of saved global destinations. As this was an on-

road application and a pre-defined map with the road networks was available 

beforehand, the graph-search approach “Dijkstra’s algorithm” was implemented to find 

the shortest path to the selected goal. The global path planning implementation is 

summarised in Figure 5.17. 
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Figure 5.17. The Global path planning algorithmic flow. 

 

5.3.1.2. The ATBP Implementation 

The ATBP planner was built using a model-based design architecture in MATLAB 

Simulink. The ATBP implemented functions included: 

a. The spatial behaviour candidate generation: The spatial path generation function 

generated feasible spatial behaviour candidates using the algorithm described in 

section 5.2.3.1 for a horizon of 5 seconds. The curvature of the extreme candidates 

was adapted based on the maximum allowable steer angle at that existing speed.  

b. The temporal behaviour generation: The rule-based speed assignment algorithm 

assigned speed of either of acceleration/ deceleration or cruising, based on a set of 

predefined rules. Based on the environment around the vehicle the subject vehicle 

either increased its speed in fixed increments (fixed acceleration) or reduced its 

speed to react to a stopping scenario or cruise below a moving vehicle. The 

pseudocode for determining the next speed assignment to create motion trajectories 

is given below 

 

Algorithm: Rule-based temporal speed assignment algorithm 
At every fixed sampled time 
1. Establish the vehicle speed from the vehicle state estimation. 
2. Extract the scenario maximum road speed as the minimum of those defined 

in the Strategic Information Layer and the Transient Information Layer. 
3. From the SIL, estimated the distances to regulatory stop lines such as (Give-

way line/Stop line/Traffic signal stop lines etc.) 
4. Estimate the vehicle stopping distance from the current vehicle speed. (This 

value is a characteristic of the vehicle and is established based on the specific 
vehicle braking capability) 

5. If the vehicle stopping distance is greater than the distance to any stop lines, 
generate temporal behaviour accelerating to the vehicle regulatory speed 
a. Check the temporal behaviour admissibility against the environment. If 

the autonomous vehicle planning-horizon is free of obstacles/ 
actors/regulatory stop lines, increase the speed of the vehicle in fixed 
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increments until the regulatory speed is reached, while constantly 
evaluating the vehicle horizon for any obstacles at the regulatory line. 

b. If the planning horizon contains a stop line/static obstacle, use the 
distance to the regulatory stop line/static obstacle to reducing the 
vehicle speed to come to a safe stop. 

c. If the horizon contains the moving actor, estimate the follow-on speed 
to follow safely behind the moving actor at safe distance. 

 

 

The speed assignment was then combined with the spatial path candidates to create 

admissible trajectories that are then evaluated by the trajectory selection decision-

making algorithm. 

c. The Trajectory selection: This evaluates all the admissible trajectories against the 

projected motion of the actor vehicle and evaluates the one that best meets the 

planning system objectives. A risk-aware decision-making algorithm was 

implemented according to the pseudo-code defined in section 5.2, to select the 

trajectory from the available trajectory candidate actors. 

 

5.3.1.3. Special Provision for Safe Testing 

At the time of the first trials, the sensing and perception systems were not yet fully 

mature due to the limited testing of the systems in the real world. A human supervisor 

(trained driver) with the knowledge of vehicle capabilities was requested to sit in the 

driver seat to observe and intervene when the system indicated it is no longer able to 

generate motion plan. A vehicle mode switch was implemented in the Tata Hexa that 

allowed the supervisory driver to instantly switch between autonomous mode and 

manual mode. The driver was given the full responsibility of intervening and taking 

control of the vehicle motion if at any point the driver felt unsafe (even if the software 

did not indicate a system failure). 

 

5.3.2. The Test Route and Map Annotation 

The autonomous driving route consisted of navigating an urban driving environment in 

the city of Coventry, UK. The route was located at the heart of the city centre involving 

complex road shapes and scenarios including straight roads, curved roads, pedestrian 

crossings, shared crossing zones and T-junctions. A bird’s eye view of the test route is 

shown in Figure 5.18, which had a regulatory speed limit of 20mph. 
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Figure 5.18. The Coventry city test route for the UKAD demonstrations. 

 

The annotated map with the marked scenario features is depicted in Figure 5.19 showing 

the lane bounds (left bound shown in blue and right bound shown in green). The sections 

marked by yellow rectangles are pedestrian crossing areas while the red show how the 

road/lane is broken in parts, with different behaviours were expected of the vehicle in 

each section. 

 

Figure 5.19: The Strategic Information Layer extract of the Coventry route 

 

5.3.3. Testing Results and Performance Analysis  

A purpose-built ROS based simulator was developed at TMETC and used for early 

simulation testing of the perception, planning and motion controller algorithms offline 

before the algorithms were coded to test on the vehicle. The autonomous TATA Hexa 

vehicle completed many laps of the 1.126 𝑘𝑚 route with driver intervention needed in 

some of the laps. In total, 66 laps were recorded that had at least 100 metres minimum 
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of continuous un-interrupted autonomous driving covering a total autonomous mileage 

of 56.44 𝑘𝑚. 

  

5.3.3.1. The ATBP Spatial Behaviour Planning Performance 

a. Adaptive spatial behaviour planning: The spatial behaviour planning algorithm was 

able to successfully generate adaptive behaviour plans for the subject vehicle to 

navigate the complex shaped road section of the urban route. Figure 5.20 shows the 

candidate trajectories and the selected trajectory in green and the evasive 

manoeuvring trajectory in red. The planned trajectories and the selected trajectories 

by the ATBP are shown for a narrowing road section in Figure 5.20 (a) a broadening 

road section in Figure 5.20 (b) and a twisting road section in Figure 5.20 (c). 

 

Figure 5.20: Candidate trajectories and selected trajectory for different scenarios. 

 

b. Evasive Manoeuvring: Figure 5.21 described how the decision-making algorithm of 

the ATBP was able to select the evasive trajectory to avoid a potential collision with 

an actor that suddenly came onto the drivable space of the subject vehicle. The 

spatial transition to the evasive manoeuvre shown how the ATBP spatial behaviour 

planning enables smooth transitioning of the trajectories avoiding step steering 

demands and therefore ensuring that the passengers do not feel lateral discomfort. 
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Figure 5.21: Trajectory switching to evasive manoeuvring 

 

c. Spatial planning consistency: Figure 5.22 shows the overlay of all the planned 

trajectories for the autonomous vehicle in the test route used for the trial (excluding 

the ones that had emergency manoeuvres). The closeness of the trajectories along 

the route shows the spatial planning consistency. To highlight the spatial planning 

consistency in during turning some of the route section are extracted and magnified. 

 

Figure 5.22: Overlay of all trajectories of the autonomously driven laps. 
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5.4. Discussion and Lessons Learned 

In this chapter, the design of a proposed local motion planning system called Adaptive 

Tactical Behaviour Planner was described. The design construct was built with the aim 

of incorporating the necessary characteristics that will enable the autonomous vehicle 

to plan expert human-like motion in negotiating complex, ambiguous and dynamic real-

world urban driving scenarios. The research objective achieved, the lessons learned and 

the opportunities for improvement identified through the work described in this chapter 

is summarised below: 

a. To overcome the limitation of the current motion planning system to negotiate 

complex, ambiguous and dynamic real-world interaction-dependent urban 

scenarios, safely efficiently and with acceptable motion comfort, an integrated local 

motion planning system was identified as one of the focus areas of this research. This 

chapter described a proposed local motion planning system called Adaptive Tactical 

Behaviour Planner (ATBP) designed with the unique characteristics that enable 

expert human drivers to negotiate the aforementioned real-world scenarios on a 

daily basis.  

b. The ATBP was designed as a modular structure consisting of three modules; the 

situation awareness (SA), the behaviour prediction (BhvPrd) and the behaviour 

selection (BhvSel), the algorithmic constructs of the three modules were described 

in this chapter. The ATBP implemented for the testing at this stage did not include 

the final temporal behaviour candidate generation algorithm (developed later, 

described in chapter 6), with the temporal behaviour generated using a makeshift 

rule-based speed assignment algorithm. The testing of the planning system at this 

stage of the research was only to evaluate the ATBP spatial behaviour planning 

capability to generate adaptive trajectories to navigate complex-shaped roads in 

urban environments. 

c. The testing of the ATBP on Tata Hexa was part of UK Autodrive trial that entailed 

driving complex-shaped city roads and avoiding collision with free-flowing traffic. 

This autonomous vehicle trial on public roads was the first of its kind autonomous 

driving attempt in the UK [186], and also for TMETC. The testing of the planning 

system algorithms in the real-world free-flowing traffic enabled the understanding 

of the unique challenges a real-world uncontrolled environment presents that are 

difficult to effectively recreate in a simulation. 

d. There were few instances of the human driver interventions during some of the 

autonomous vehicle trial runs, which were attributed to GPS outages. The diagnostic 
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fault handling system implemented on Tata Hexa was able to catch these GPS outages 

to alert the human driver to take over the vehicles control. 

e. The vehicle longitudinal motion performance was found to be “jerky” (high 

acceleration changes) while navigating sharp corners. The constantly changing 

speed demands from the trajectory planner and the lack of maturity of the motion 

controller were identified as the two main causes. From the planning system aspect, 

the speed planning was considered as the main area of improvement, thus providing 

more confirmation that the naturalistic adaptive temporal behaviour planning was 

necessary for smoothly negotiating dynamic real-world scenarios. The design and 

evaluation smooth motion planning capability of the ATBP with the human-like 

naturalistic temporal behaviour planning is covered in chapter 6 and chapter 7. 

f. The real-world tests also provided valuable insight into the limitations of the 

perception systems and the motion control systems, developed by the engineers at 

TMETC. The existing implemented perception system had two limitations that 

affected the motion planning system, which includes: obstacle filtering (where false 

obstacles were passed to the planning system with a high probability of existence) 

and the GPS outages (caused by the tall building in close proximity of the road). The 

existing motion control system with the pure-pursuit lateral control and the PID 

based longitudinal control were found to be inefficient and noisy in tracking the 

planned trajectories in the dynamically changing scenarios. A Model Predictive 

Control (MPC) approach was suggested as a possible improvement to overcome the 

tracking issue. 

g. This was also the first time the planning system developed in this research was 

integrated into the ROS middleware and tested on the TMETC vehicle. The complete 

autonomous system was firstly tested offline together with the engineers at TMETC, 

on a purpose-built simulation platform. The offline testing enabled understanding 

the system “failure modes”, and the “computational bottlenecks” when the complete 

system worked in a loop. It also enabled calibrating the algorithm parameters, 

reducing the time needed for on-road testing. 
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6. The Design of ATBP’s Human-like Temporal Motion 

Following on from the design and implementation of the Hybrid Autonomous Planning 

System (HAPS) framework in chapter 4 and the design and first implementation Adaptive 

Tactical Behaviour Planner (ATBP) in chapter 5, this chapter is dedicated to enhancing the 

ATBP temporal behaviour planning, learning from human driving. Temporal behaviour 

planning is a critical component of the ATBP’s capability to plan human-like safe, time-

efficient and comfortable motion in interaction-dependent scenarios and entails 

generating speed profiles that define the successive motion states of the vehicle, governing 

how fast/slow the vehicle will move along the planned spatial behaviours. This chapter 

describes the two simulator-based human driving studies used to understand the 

manoeuvre planning and decision-making of human drivers at interaction-dependent 

scenarios. The results from the studies were analysed and used in the design of temporal 

behaviour generation algorithm, to equip the autonomous vehicle with the ability to plan 

naturalistic human-like motion. The chapter is organised as follows: section 6.1 describes 

the methodology and flow of the two simulator studies used for the ATBP development, 

section 6.2 describes the pilot study and section 6.3 describes the second study. 

 

6.1. The ATBP Development Methodology 

The human driving data recorded through the systematic design of the human-in-loop 

driving experiments had dual purposes in the ATBP development. Firstly, the generated 

data was used to understand the temporal behaviour characteristics of human driving 

and use the learnings in the design of the temporal behaviour generation algorithm for 

the ATBP. Secondly, the data was also useful to compare the human driving performance 

against the autonomous vehicle, after testing the autonomous vehicle with ATBP in the 

same test scenarios. Figure 6.1 shows the methodical flow of both the studies. 

 

Figure 6.1. The general flow of the human driving study 
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6.2. The ATBP Development Pilot Study 

The first ATBP temporal behaviour development study was supported by the pilot 

human-in-loop experiment carried out with the project group Robotics for Intelligent 

Transportation Systems (RITS) at INRIA, France. The temporal behaviour planning 

algorithm of ATBP was designed, implemented and tested as part of the International 

placement at INRIA. This section is organised based on the flow described in Figure 6.1.  

 

6.2.1. The Human Driving Experiment 

The experiment involved human drivers negotiating different dynamic scenarios at a 

non-signalised roundabout, avoiding collisions with the automated actor vehicles in the 

scene. This section describes the simulation environment, the test cases, the vehicle 

simulation model, the vehicle control mechanisms and the analysis of the driving data. 

 

6.2.1.1. The Simulation Environment 

The simulation environment was developed in a JavaScript-based simulator designed by 

the researchers at the RITS INRIA, France [187], and has previously enabled the design 

and implementation of another human driving study [188]. The simulator consisted of a 

customisable interface to develop visual representations of a real-world scenario, which 

was outputted as a 3D image during an experiment run, as illustrated in Figure 6.2. This 

visual 3D view feedback completed the loop giving the participant human driver the 

ability to interact with other moving actors in the dynamically evolving environment. 

The horizontal field of view for the driver looking from the driving position was 100°. 

 

Figure 6.2. (a) Birds-eye-view (b) In-vehicle perspective of the simulation tool. 

 

6.2.1.2. The Vehicle Simulation Model 

To enable the capture of realistic human driving behaviours through the simulator study, 

it was necessary to provide the participant human driver with realistic feedback of the 
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vehicle motion (forward motion and lateral motion including roll, pitch and yaw) created 

as a result of their control inputs. In this experiment, a vehicle model developed in-house 

by the team at RITS INRIA France, was used, which was an implementation of the bullet 

physics engine [189], using a Raycast vehicle described in K. Maddock [190]. Based on 

the driver's control input, the resulting vehicle motion state was estimated by the physical 

engine using a friction slip model. The motion response from the vehicle model produced 

pitch and yaw outputs to generate the realistic visual feedback to the human driver of the 

vehicle motion in the driving environment. 

 

6.2.1.3. The Vehicle Control 

Figure 6.3 illustrates the unique driver-in-loop vehicle control schema used for the 

experiment with the semi-automated longitudinal control and the automated lateral 

control mechanism. The driver controls in this experiment did not include the steering 

wheel and pedals (accelerator/brake). The set-up for the DiL vehicle control mechanism 

is described below: 

 

Figure 6.3. Human-in-Loop vehicle control scheme 

 

a. Automated lateral control: Human driver’s ability to control the vehicle’s lateral 

motion through the steering wheel tend to vary, which leads to differences in the 

subject vehicles travelled path and distance. In addition, the lateral control 

differences can result in the variation in the scenarios presented to the human driving 

participants, affecting the comparison of the temporal motion behaviours. As the 

focus of this study was to capture the human driver's temporal motion behaviours, it 

was necessary to have the travelled path consistent. By automating the steering 

control in this experiment, every driver’s travelled path was constrained within a 

defined spatial corridor. Although not used in the experiment the steering wheel was 

set up in front of the participants, to create a car-like atmosphere. 
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b. Semi-Automated longitudinal control: The target vehicle in the experiment was 

modelled as an automatic transmission, thus not requiring the change of gears during 

driving. The human driver participants were therefore only required to control the 

speed of the vehicle through a “semi-automatic” longitudinal control mechanism, set-

up to function as a cruise control system. The mechanism for moderating the cruise 

control speed was through slider whose position was controlled through a desktop 

computer mouse. The target speed set by the human driver ‘𝑉𝑡′ (by moving the slider) 

was equated with the current vehicle speed ′𝑉𝑜′ to generate the required “accelerator” 

and “brake” pedal demands as described by the equations below [188]: 

𝐴 =  𝐴𝑚𝑎𝑥 (1 − (
𝑉𝑜

𝑉𝑡
)

3
)                                                      6.1 

𝑖𝑓 {
𝐴 > 0: 𝐴𝑐𝑐𝑃𝑑𝑙 = 𝐴, 𝐵𝑟𝑘𝑃𝑑𝑙 =  0

𝐴 < 0 ∶ 𝐴𝑐𝑐𝑃𝑑𝑙 = 0, 𝐵𝑟𝑘𝑃𝑑𝑙 =  −𝐾𝐴
 

where ′𝐴′ is the adaptive cruise control law ratio, ′𝐾’ was a calibration constant 

obtained empirically and was tested to generate the required braking force. 

 

6.2.1.4. The Participant Selection 

For this pilot study, the participation was on volunteering bases and limited to the 

people within the INRIA organisations. As this experiment entailed capturing driving 

behaviours, only participants with prior driving experience (at least >1 year of driving 

in the real world) were accepted. Overall, 10 participants drivers were found to meet the 

criteria and were selected for the simulator study. The average age of the selected 

participants was 30.4 𝑦𝑒𝑎𝑟𝑠 (𝑠𝑑 ≈ 9.1 𝑦𝑒𝑎𝑟𝑠). The mean annual travel distance of the 

participants was > 4,500 𝑘𝑚, with almost half of it in urban driving environments. With 

this unique experiment set-up, it was necessary that the participants were given time to 

familiarise with the experiment setup including the driving controls and visualisation 

feedback. Only after the participants were sufficiently confident in their ability to control 

the vehicle speed, they were introduced to the actual driving experiment. 

 

6.2.1.5. The Driving Test Cases 

The test cases for the driving experiment were modelled with the single lane roundabout 

with four exits, as seen in Figure 6.2. A non-signalised roundabout scenario was chosen 

for the human driving experiment, as it presents the unique temporal behaviour planning 

and decision-making challenges that require motion behaviour adaptation from the 

subject vehicle for safe, efficient and comfortable motion. The non-signalised 

roundabouts were, therefore considered the best scenarios, to enable this study to 

capture how the human drivers expertly adapt their motion behaviours and their 
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decision-making in the real world. In the experiment the human drivers (driving the 

subject vehicle) were tasked with navigating the roundabout and taking the second exit 

(straight-on), exhibiting their “naturalistic” driving behaviours while negotiating 

different dynamic scenarios. The motion of the actor vehicle in the experiment was 

automated and the two vehicles did not directly communicate with each other (the actor 

vehicle also did not indicate). Based on the exit chosen by the actor vehicle two type of 

test case categories were created for the driving experiment. The annotated bird’s eye 

views of the two test cases depicting the actors and the subject vehicle intended motion 

paths are shown in Figure 6.4. 

a. Test case with conflict: The actor vehicle follows a path that takes it to its second exit 

at the roundabout. In this test case, the actor vehicle path overlaps with the intended 

path of the subject vehicle resulting in a situation with motion conflict as shown in 

Figure 6.4(a). 

b. Test case with no conflict: The actor vehicle follows a path that takes it to its first exit 

at the roundabout. In this test case, the actor vehicle path does not overlap with that 

of the subject vehicle as shown in Figure 6.4(b).  

 

Figure 6.4. Experiment test cases (a) with motion conflict (b) no motion conflict 

 

In the driving experiment, the actor vehicle always approached from the subject 

vehicle's right-hand-side and therefore had priority over the subject vehicle if they both 

arrived at their respective Give-way line at the same time. The human driving participant 

navigating the roundabout with the subject vehicle had to assess the dynamic scenario 

and make decisions about its motion behaviour during the approach and when at the 

Give-way-line. As every human driver’s manoeuvre-planning skill and the decision-

making abilities are different, this can lead to unintended variations in the dynamic 
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merging scenarios presented to each participant in the experiment. To minimise this 

variation, a concept of a “trigger point” was introduced for this experiment. The trigger 

point represented a point at a distance from the Give-way line on the subject vehicle 

path, which when crossed by it, triggers the motion of the actor vehicle. With seven 

different variations of the trigger point distance combined with the two actor motion 

path variations a set of 14 dynamically different merging test cases were created as 

shown in the list in Table 6-1. Before the start of a test run, the human drivers had no 

prior knowledge of the actor vehicles motion behaviours and intended exit at the 

roundabout, thus deterring them from pre-meditating their decisions to either stop at 

the Give-way line or continue without stopping. The resultant human driver behaviours 

in the presented scenarios, therefore, provided a good measure of their risk-assessment 

ability, their temporal behaviour planning capability and their tactical decision-making 

ability in the interaction scenario. 

Table 6-1: Test case set-ups for the human driving experiment. 

 

 

The instructions for the human driver participants in each run was to first attempt to 

achieve the target speed of 40𝑘𝑚/ℎ, on the straight road approach to the roundabout 

and thereafter to demonstrate their natural driving abilities to negotiate the presented 

interaction-dependent scenario. 

 

6.2.2. The Analysis of Human Driving Temporal Behaviours 

In the analysis of the driver motion behaviours, it was essential to establish how the 

driver’s behaviour profiles changes at specific points in the chosen scenario. The 

“distance along the path” was therefore chosen as the independent variable to compare 

the temporal motion behaviour profiles of the human drivers along the approach road 

and within the roundabouts. Using “travel time” as the independent variable does not 
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give common reference points for comparison of temporal behaviours, as the time taken 

is dependent on several other factors including the number of decision changes, the 

speed variations along the behaviour profile etc. By automating the steering control in 

this experiment, the “travelled spatial tracks” of the human drivers were controlled 

within a defined corridor, enabling the use of “distance along the path” as the 

independent variable to analyse the recorded temporal behaviours profiles. Figure 6.5 

shows the plot of the temporal behaviour’s profiles against the “distance along the path”, 

highlighting the significant variations in the human driver’s temporal behaviours at the 

non-signalised roundabout. 

 

Figure 6.5. Temporal behaviour profiles for roundabout (a) with conflict (b) no-conflict  

 

The conclusions drawn from analysing the recorded human driver’s temporal behaviour 

profiles as seen in Figure 6.5 are summarised below 

a. Mixed behaviour choices: Figure 6.5 shows that there were “stopping profiles” in 

scenarios with no motion conflict. Therefore, the resulting behaviour profile in a test 

case was considered to be influenced not just by the scenario type (i.e. presence of 

motion conflict/no motion conflict) but also by the individuals driving decision-

making (i.e.: defensive/cautious/ progressive/aggressive). Therefore, to enable a 

better understanding of the expert driving behaviour patterns the segregation of the 

profiles based on scenario type and human driver decision was necessary. 
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b. Collision with the actors: Three collisions with the actor vehicle were recorded in the 

experiment as highlighted by the red profiles in the scenario with conflict. These 

collisions highlight the driver’s lack of risk-assessment and decision-making ability 

and were considered as instances of “non-expert” driving. The collision profiles were 

eliminated from the data used for extracting the human driving behaviour patterns. 

c. Behaviour anomalies: As highlighted by the “ellipses” in Figure 6.5, there were four 

types of driving behaviour anomalies or instances of “non-naturalistic” driving. 

These include profiles that exceeded the target speed by >5kph, profiles that 

underachieved the target speed by <5kph, profiles that showed the vehicle stopping 

long-way (> 5m) from the Give-way line and profiles that showed speeding within 

the junction. All the behaviour profiles with the aforementioned anomalies were 

considered as instances of “non-expert” driving and were eliminated during the data 

processing stage to remove their influence on the extracted human driving 

behaviour patterns. 

 

After the recorded data was processed by removing the non-naturalistic profiles 

(profiles with anomalies and collisions), the remaining profiles were grouped into four 

categories based on the scenario type and the driver decision at the roundabout. This 

enabled the extraction and analysis of interaction-specific and merging decision specific 

driving behaviour patterns for the roundabout scenario. The four categories used for the 

temporal behaviour profile pattern extraction include:  

a. Follow-On With-Conflict (FOWC): Contained the temporal behaviour profiles for 

scenarios where the motion paths of the actor vehicle and subject vehicle 

overlapped, and the subject vehicle did not stop at the Give-way line. 

b. Stop With-Conflict (STWC): Contained the temporal behaviour profiles for scenarios 

where the motion paths of the actor vehicle and subject vehicle overlapped, and the 

subject vehicle stopped at the Give-way line. 

c. Follow-On No-Conflict (FONC): Contained the temporal behaviour profiles for 

scenarios where the motion paths of the actor vehicle and subject vehicle did not 

overlap, and the subject vehicle did not stop at the Give-way line. 

d. Stop No-Conflict (STNC): Contained the temporal behaviour profiles for scenarios 

where the motion paths of the actor vehicle and subject vehicle did not overlap, and 

the subject vehicle stopped at the Give-way line. 

 

All profiles with speeds lower than 1 𝑚/𝑠 near the Give-way line were considered as 

stopped profile (it was below the vehicles creep). The remaining profile in the four 
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categories described above were than plotted in Figure 6.6. It can be seen from Figure 6.6 

the spread of the temporal behaviour profiles along the path was not symmetric, and 

therefore, to get a better estimate of the motion behaviour pattern the median was chosen 

as a measure of the central tendency instead of the mean.  

 

Figure 6.6. The categorised and treated profiles in each behaviour categories. 

 

Figure 6.7 shows the medians of temporal behaviour profiles from the four categories.  

 

Figure 6.7. Median behaviours profiles for the four categories. 

 

6.2.2.1. Salient Features of Human Drivers Temporal Motion Behaviours 

a. Creeping behaviour: The median speed profile for STWC and STNC did not reach zero 

speed at the Give-way line. This can be attributed to two factors: firstly, the stopping 
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speed point of the profiles was not exactly at the Give-way line but spread over up to 

2𝑚, which confirms the inconsistency in human driver’s longitudinal motion control. 

This inconsistent stopping point meant the profile speed at the Give-way line was 

not zero, leading to a non-zero median profile. Secondly, during profile segregation 

into categories, all profiles with speeds near the Give-way line of lower then 

1𝑚/𝑠 (3.6𝑘𝑚/ℎ) were considered as stopping profiles, which contributes to the 

raised median profile at the Give-way line. The speed profiles where the vehicle does 

not come to zeros speed is a phenomenon generally observed in the real world. In 

such instances, depending on the motion characteristics of the vehicle approaching 

from the right, human drivers do not bring the vehicle to a complete stop, but creep 

forward at a slow speed near the Give-way line with the intent to merge if an 

opportunity gets created/presented.  

b. Slowing down on approach road: All four median profiles indicated drivers 

invariably slowed down from the target speed during their approach to the 

roundabout, to a median speed of approximately 26 − 30 𝑘𝑚/ℎ. These behaviours 

of slowing down with/without the presence of motion conflict can be primarily 

attributed to three reasons: firstly, the curvature of the upcoming road (within the 

roundabout) that limits the achievable speeds. Secondly, in scenarios with conflict, 

the human drivers need to have the possibility to give way to the actors approaching 

from the right if one happens to arrive at the Give-way line at the same time. Finally, 

slowing down also gives the drivers longer time to deliberate on the available 

merging options and therefore greater chance to navigate the roundabout without 

stopping, especially for roads with high speeds. 

c. Manoeuvres choice: In Figure 6.7, the median profiles are seen to be diverging at 

behaviour change point-2, which suggest it’s the point the drivers made the decision 

to either continue without stopping or stop at the Give-way line. This shows that, in 

the absence of occlusions, human drivers make the manoeuvre choice at a 

considerable distance before the Give-way line (up to 15 metres in the current case). 

To make such decision successfully in dynamic interaction-dependent scenarios, the 

driver should have to the ability to predict the future motion of actors in conflict and 

evaluate its future motion against the predicted actor’s motion for collision. 

d. Conservative driving: The speed profile of STNC category in Figure 6.6 suggests that 

some drivers came to a stop/slowed down below the creep speed at the Give-way 

line, even though the actor vehicle did not have motion conflict with the subject 

vehicle. These behaviours can be attributed to human driving styles that are 
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considered conservative, which contribute to traffic congestion during the peak 

traffic periods [191]. 

e. The exit behaviour: As seen from FONC and FOWC profiles in Figure 6.7, the exit 

speeds of the human drivers was higher than the entry speed implying that human 

drivers do not tend to maintain a cruising speed with the roundabout curves but 

rather gradually accelerate to the exit. Such speed variations between the entry and 

exit points were also seen in a real-world study [192], confirming that the behaviour 

obtained from the human drivers was naturalistic. This also suggests that human 

drivers accept mild discomfort caused due to acceleration in curves to reduce the 

time spent within the intersection.  

f. Variation along the path: The increasing width of the envelope formed by both the 

Follow-On and Stop-n-Go profiles along the path in both the scenarios shows a large 

variations in the human driver's behaviours is expeced, when approaching the 

roundabout from a distance of up to 15𝑚 away from the Give-way line. This 

illustrates the difficulty in predicting the behaviours of human driven vehicles as 

they approach the Give-way line. As the vehicles are likely to change the intention to 

merge a few times during their approach depending on the interaction with other 

participant actors, behaviour prediction models need to constantly updated the 

prediction state of the actor to account for the possible dynamic changes. 

 

In the following section, the temporal behaviour planning for the ATBP is designed 

incorporating the attributes of the human driving profiles obtained from analysis in the 

section 6.2.1. 

 

6.2.3. The ATBP-I Algorithm Design and Implementation 

With the spatial behaviour planning capability of the ATBP already developed and 

demonstrated as part of chapter 5, the focus in this chapter was on developing a temporal 

behaviour generation algorithm and the tactical behaviour selection algorithm, which 

are described below. 

 

6.2.3.1. Temporal Behaviour Profiles Generation Algorithm Design 

Taking cues from the behaviour changes (deceleration-cruising-acceleration) in the 

human driver's profiles obtained from the experiment, the temporal motion behaviours 

for a roundabout scenario were designed as a series of three successive behaviour 

manoeuvres i.e. the approach to the roundabout, the merging into the roundabout and 

the exit from the roundabout. In the median human driver behaviour profiles obtained 



105 
 

from the data, two points were identified, where the slopes of the temporal profiles 

changed during the approach to the roundabout. These two points on a temporal 

behaviour profile were defined as behaviour “changepoints”. The location of the 

behaviour “changepoints” can be different among the drivers depending on their 

decision-making ability in each scenario. The first behaviour change-point (Bcp-1) was 

located on the temporal profile where the vehicle slows down from its existing target 

speed in anticipation of the curvature or for the possibility to stop at the upcoming Give-

way-line. The second behaviour change-point (Bcp-2) was located on the temporal profile 

where the driver makes the manoeuvre choice to either stop or merge without stopping. 

Figure 6.8 shows the schematic illustration of the temporal behaviour profile model, 

highlighting the two, behaviour change-points along with the two temporal behaviour 

extrema (Follow-On and Stop-n-Go) for driving a roundabout scenario. 

 

Figure 6.8. The temporal behaviour model with the behaviour extrema 

 

In the ATBP temporal behaviour candidate model, the temporal behaviour extrema 

profiles were designed to be identical between the two behaviour changepoints 

irrespective of whether the vehicle will continue without stopping or come to a stop at 

the Give-way line as shown in Figure 6.8. This mimics the median temporal behaviour 

profiles of the human drivers, where the drivers invariably slowed down either to have 

the possibility to stop if required or to reflect the speed achievable within in a curved 

roundabout section. At Bcp-2, the drivers make a choice about whether to continue, slow-
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down or come to a stop at the Give-way line, and therefore needs a set of candidate 

behaviours to make the choice. In the current implementation, the candidate generation 

algorithm was activated by the ATBP at the Bcp-2 during the vehicles approach to the 

roundabout. The Bcp1 always gets triggered before the Bcp-2 within the decision-making 

system. 

 

To create “expert” human-like “naturalistic” temporal behaviour profiles for the 

autonomous vehicle, it was necessary that the shape of the generated temporal behaviour 

profiles was smooth and continuous to eliminate the resulting motion discomfort (high 

acceleration changes/ jerks) during vehicle motion. The temporal candidate profiles also 

needed to adhere to “regulatory speed limits, and also the limits due to road curvature 

along the length of the roundabout path. Due to the many curve generation advantages of 

the Bezier curve method (discussed in chapter 5) and the flexibility it offers to define the 

control points for generating smooth, multi-modal shaped curves, makes it the method of 

choice for the generating the temporal behaviour profiles for the ATBP. Using the Bezier-

curve method, three temporal candidates were generated, with two pairs for “Follow-On” 

and one for “Stop-n-Go” behaviour. The first “Follow-On” profile represented a temporal 

profile, which continues the vehicle motion without stopping at the Give-way line at 

maximum possible speed, restricted only by the road curvature and regulatory speeds. 

The median “FONC” profile was used for this purpose. The Stop-n-Go temporal profile 

brings the vehicle to a complete stop at the Give-way line and then accelerates from the 

stopped position to the regulatory speed of the exit road. The median “STWC” was used 

to create this profile. The second “Follow-On” represented the temporal behaviour profile 

that decelerates the vehicle to “creep speed” and continuing the motion without stopping 

at the Give-way line. Due to the complex shapes of the temporal profiles, the temporal 

profiles were constructed as separate curves, one for entry and one for the exit, which 

was then concatenated to form the three behaviour extrema. The definition of the control 

points for the Bezier curves for generating the “Follow-On” and “Stop-n-Go” profiles are 

shown in Figure 6.9. The dynamic inputs to the profiles generation algorithm included 

the speed differences at entries and exit (𝛿𝑣𝑒𝑛 𝑎𝑛𝑑 𝛿𝑣𝑒𝑥) for the three curves the 

distances to entry and exit (𝑑𝑒𝑛 𝑎𝑛𝑑 𝑑𝑒𝑥) of the three curves, the path within the 

roundabout (𝑙𝑖) and the shape parameter for the motion profiles (𝛿). 
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Figure 6.9. The control points definition (a) Follow-On (b) Stop-n-Go profiles 

 

The two Follow-On profiles were then used to generate a number of intermediate 

temporal behaviour candidates profiles using curve interpolation method. A 

terminology was introduced to describe the generated temporal candidate profiles for 

the roundabout scenario using the speed limits in the three phases of the roundabout 

navigation. If the regulatory speed on the roundabout entry road was 40𝑘𝑚/ℎ, the 

drivable speed limit (curvature based) within the roundabout was 20 𝑘𝑚/ℎ and 

regulatory speed on the exit road was 40𝑘𝑚/ℎ, then the candidate behaviour profile 

generated were termed as “40-20-40” profiles as shown in Figure 6.10.  

 

Figure 6.10. Temporal behaviour candidate profiles “40-20-40” 
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Once the autonomous vehicle makes a decision of choosing the candidate at Bcp2 it is 

not restricted to the same trajectory but has the flexibility of switching to a different 

candidate depending on the scenario evolution. This gives the autonomous vehicle the 

ability to mimic the capability of adaptation demonstrated by human drivers in the event 

the interaction scenario does not evolve as expected.  

 

6.2.3.2. Risk-aware Tactical Behaviour Selection  

The task of the risk-aware tactical behaviour selection algorithm was to select the best 

temporal trajectories at run-time from the available candidates formed by combining the 

spatial and temporal behaviour candidates. In this experiment, the subject vehicle spatial 

path was fixed, and therefore selecting a particular trajectory essentially implied 

selecting a temporal candidate from the available set. As intersection-dependent 

scenarios such as roundabouts, involve vehicles crossing paths, it firstly essential that the 

selected candidate is safe from collision or near miss. Secondly, to satisfy the objective of 

the motion planning system it was essential that the decision-making algorithm selected 

the candidate that met the optimality (taking least time) as well as motion comfort 

criterion. The ATBP decision-making algorithm for behaviour selection was, therefore, a 

combination of risk-aware tactical behaviour selection aided with the multi-criteria 

based optimal selection. The algorithmic flow of the ATBP decision-making algorithm is 

shown in Figure 6.11 and the algorithmic modules described in this section. 

 

Figure 6.11. ATBP risk-aware decision-making algorithm [193]. 
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1. The risk-aware tactical selection: The decision to select a particular trajectory at run-

time depends on many variable factors, which include the vehicles current motion 

state, the vehicles manoeuvrability constraints, the motion of other actors, the 

availability of “merging gaps” and the priority defined by the regulation. These factors 

change dynamically with time as the vehicle progresses through a scenario implying 

that the trajectory candidate that best meets the objectives cannot be known, before 

arriving at the scene. As the ATBP generate all the spatial and temporal candidates 

within its spatial and temporal affordances, it has the possibility to choose from a 

wide variety of trajectories that vary both spatially and temporally in a scenario. 

However, depending on the scenario, not all the trajectories might be feasible and 

safe, and the feasibility or safety of a candidate trajectory may suddenly change as the 

scenario around the vehicle evolve. With this premise, a risk-aware tactical behaviour 

selection algorithm was implemented for the ATBP, which dynamically filtered the 

candidate trajectories based on the existing scenario dynamics eliminating the unsafe 

and non-feasible trajectories. Two dynamic variable indexes were used for the 

tactical decision-making which includes the Dynamic Priority Index (DPI) and the 

Motion Safety Index (MSI) which are described below 

a. The Dynamic Priority Index (DPI): This index was based on the merging priorities 

defined by the road regulations. (UK Highway driving code 184 to 190[194]) with 

an extension. As the merging priorities at non-signalised roundabouts are not 

controlled by traffic signals, the ATBP implemented a DPI, whose priority 

interpretation rules are described in three cases using Figure 6.12: 

 

Figure 6.12. The priority interpretation by the ATBP for a roundabout merging 

 

In “case-a”, the actor vehicle is inside the roundabout. In such a situation, the actor 

vehicle had the priority over the subject vehicle, and the DPI of the subject vehicle 
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was assigned a value “−1”. In “case-b”, the actor vehicle is at its Give-way line. In 

such a situation, the actor vehicle had priority over the subject vehicle according 

to the right-hand rule of the Highway Code. However, based on other factors 

(indecision by the actor/ larger roundabouts etc.) the subject vehicle could still 

tactically select a manoeuvre to merge before the actor vehicle, and the DPI for 

this case was assigned a value “0”.  In “case-c”, the actor vehicle is approaching 

the roundabout. In such situation the DPI was given a value 1, indicating the 

subject vehicle can look for merging opportunities, as the priority to merge was 

still dynamic and dependent on their actor and the subject vehicle time of arrival 

at their respective Give-way line. With a DPI value of 0 or 1, the subject vehicle 

had the opportunities to merge through the evaluation of the Motion safety Index 

(MSI) for each candidate trajectories. 

b. Motion Safety Index (MSI): With the ATBP capable of planning multiple motion 

trajectory candidates, it was important to understand the risk to its motion safety 

for traversing a particular candidate trajectory against the predicted motion of 

the other actor in conflict. MSI was established for each candidate trajectory by 

evaluating the candidates for conflict (collisions/ near misses) against the 

predicted motion of the actor vehicle given by the behaviour prediction module 

of the ATBP. To establish the MSI the “time-gap” method was used, where the time 

to arrival of the actor in-conflict was evaluated against the time of arrival of the 

autonomous vehicle using a particular candidate trajectory 

𝑇𝐺𝑎𝑝𝑖
∀ 𝑐𝑎𝑛𝑑𝑖𝑑𝑎𝑡𝑒𝑠

= (𝑇𝐴𝑎𝑣 − 𝑇𝐴𝑠𝑣,𝑖)                                     6.2 

𝑖𝑓 {

𝑇𝐺𝑎𝑝 ≤ 𝑆𝑀𝐺𝑎𝑝:                 𝑀𝑆𝐼 =  0
𝑇𝐺𝑎𝑝 > 𝑆𝑀𝐺𝑎𝑝:                     𝑀𝑆𝐼 = 1

𝑇𝐺𝑎𝑝 < 0:                     𝑀𝑆𝐼 = −1
 

where, 𝑇𝐴𝑠𝑣,𝑖 is the arrival time of the subject vehicle in the 𝑖𝑡ℎ candidate, and 

𝑇𝐴𝑎𝑣 is the arrival time of the actor vehicle at the designated measurement point. 

′𝑆𝑇𝐺𝑎𝑝′, is the calibratable merging “safe-gap” threshold. The ATBP algorithm 

was designed with the possibility of using two different geographical points for 

measuring the arrival time i.e. the distance to the Give-way line for small 

roundabouts and the distance to the “collision point” for larger roundabouts, the 

measurement distances depicted in Figure 6.13.  
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Figure 6.13. The time-gap parameters for a roundabout scenario 

 

The time variables were calculated as Time of arrival at the Give-way line (𝑇𝐴𝐺𝑤𝑙) 

and the Time of arrival at the Conflict point (𝑇𝐴𝐶𝑝) as: 

𝑇𝐴𝐺𝑤𝑙,𝑎𝑣 = 𝑑𝐺𝑤𝑙,𝑎𝑐𝑡 ∗ 𝑣𝑎𝑐𝑡                                   6.3 

𝑇𝐴𝐶𝑝,𝑎𝑐𝑡 = 𝑇𝐴𝐺𝑤𝑙,𝑎𝑣 + 𝑑𝑟𝑑𝑎𝑏𝑡 ∗ 𝑣𝑟𝑑𝑎𝑏𝑡,𝑚𝑎𝑥                    6.4 

where, ′𝑑𝐺𝑤𝑙,𝑎𝑐𝑡′ is the estimated distance to the Give-way line along the actors 

approach path to the roundabout, ‘𝑣𝑎𝑐𝑡′ is the estimated actors forward motion 

speed, ′𝑑𝑟𝑑𝑎𝑏𝑡′, is the path distance within the roundabout from the Give-way line 

of the actor to the nearest “conflict-point” and ‘𝑣𝑟𝑑𝑎𝑏𝑡,𝑚𝑎𝑥′ is the maximum speed 

achievable within the roundabout (curvature based). The parameters ′𝑑𝑟𝑑𝑎𝑏𝑡′ 

and ′𝑣𝑟𝑑𝑎𝑏𝑡,𝑚𝑎𝑥′ are fixed for a selected roundabout geometry. To establish the 

time parameters, the behaviour prediction module used the following rules for 

the future motion of the actor vehicle in conflict: 

i. If the actor vehicles speed was greater than 𝑣𝑟𝑑𝑎𝑏𝑡,𝑚𝑎𝑥, the future actor speed 

was predicted using a constant deceleration from the actor’s current speed to 

𝑣𝑟𝑑𝑎𝑏𝑡,𝑚𝑎𝑥. 

ii. If the actor vehicle speed was below 𝑣𝑟𝑑𝑎𝑏𝑡,𝑚𝑎𝑥, the future speed was 

predicted using the constant acceleration from the actor’s current speed to 

𝑣𝑟𝑑𝑎𝑏𝑡,𝑚𝑎𝑥. 

iii. If the actor vehicle speed was equal to 𝑣𝑟𝑑𝑎𝑏𝑡,𝑚𝑎𝑥, the future speed was 

predicted as cruising from the actor’s current speed at 𝑣𝑟𝑑𝑎𝑏𝑡,𝑚𝑎𝑥. 
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Using the dynamic parameters DPI and MSI the tactical decision-making algorithm of 

the ATBP iteratively created a list of feasible and tactically safe trajectories available 

for selection through the multi-criteria optimal selection, which is described below. 

2. The multi-criteria based optimal selection: Having identified risk-aware safe 

trajectories the optimal selection was based on establishing two more indexes that 

were related to the motion planning system objectives which include: the Waiting 

Time Index (WTI) and the Comfort Index (CI) 

a. Waiting Time Index (WTI): Each of the candidate trajectories results in different 

travel time within the scenario. The travel time is a measure of driving efficiency, 

with the trajectory that brings the vehicle to a stop being the least time efficient. 

A WTI was estimated for each candidate trajectory as a ratio i.e. 

𝑊𝑇𝐼𝑐𝑎𝑛𝑑,𝑖 =
𝑡𝑛𝑎𝑣,𝑖

𝑡 𝑛𝑎𝑣,1
                                             6.5 

where 𝑡𝑛𝑎𝑣,1 represents the time taken for roundabout navigation with the 

Follow-On trajectory with the highest average speed from the Bcp-2 to the 

roundabout exit, 𝑡𝑛𝑎𝑣,𝑖 represents the time taken by a candidate ′𝑖′ from Bcp-2 to 

the roundabout exit. The WTI value for a candidate is therefore proportional to 

the speed reduction within the candidate trajectory. 

b. Comfort Index (𝐶𝐼): Each candidate profile has different levels of longitudinal 

acceleration due to the variation in the speed in the trajectory; also, as the 

roundabout scenario involves travelling on the curved road, each trajectory 

results in a different level of lateral acceleration. Both longitudinal and lateral 

acceleration directly affect motion comfort of the passengers and, above certain 

defined threshold, both longitudinal and lateral accelerations are considered not 

acceptable for passenger car driving. The longitudinal acceleration/deceleration 

of the trajectories was maintained within acceptable comfort thresholds during 

the generation of the temporal behaviour profiles. The lateral acceleration is 

known to be proportional to the speed in the curves [195]. The 𝐶𝐼 was therefore, 

established as a ratio of the maximum speed of a candidate within the 

roundabout curves to the maximum allowable speed within the roundabout 

(curvature based), with higher speed equating to greater discomfort. The 𝐶𝐼 was 

therefore established as 

𝐶𝐼𝑐𝑎𝑛𝑑,𝑖 =
𝑣𝑚𝑎𝑥,𝑖

𝑣 𝑚𝑎𝑥,𝑡ℎ𝑟𝑠
                                             6.6 

The feasible and safe candidate trajectories from the tactical filtering were passed to 

the multi-criteria decision-making algorithm, which was formulated to weigh the 
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competing system objectives indexes to arrive at the best candidate trajectory with 

that minimises the following objective function: 

min
𝑐𝑎𝑛𝑑𝑖𝑑𝑎𝑡𝑒𝑠

𝑄𝑐𝑎𝑛𝑑 = 𝑎 ∗ 𝐶𝐼𝑐𝑎𝑛𝑑 + 𝑏 ∗ 𝑊𝑇𝐼𝑐𝑎𝑛𝑑                       6.7 

where ‘𝑎’ and ‘𝑏’ are parameters to weight the individual objectives indexes, based 

on the designer’s preference. The parameters can be obtained using an optimisation 

process for a particular driving scenario or selected based on the strategic 

preference of the user (such as efficient motion/ comfort motion). The ATBP was set 

to evaluate the best candidate trajectory every 100ms giving it the tactical ability to 

select a different candidate if the dynamic situation changes during the navigations 

through the roundabout. 

 

6.2.4. ATBP-I Testing and Performance Analysis 

The motion planning performance of the autonomous vehicle with the ATBP was 

evaluated by testing the autonomous vehicle with the ATBP in the same 14 test cases 

used for the human driver experiment. To establish the variation in the ARBP 

performance with the time-gap method, two settings of “safe-time-gap (𝑆𝑇𝐺𝑎𝑝) were 

used in Motion Safety Index calculation, which represented two levels of 

“progressiveness” (i.e. 0.7s was considered as “assertive driving” and 1.5𝑠 was 

considered as “defensive driving”). The following performance parameters were 

obtained from the recorded date to compare the motion planning performance of the 

ATBP with that of the human drivers 

a. The number of successful assertive passes: This performance index represents the 

number of times the subject vehicle was able to pass safely before the actor vehicle 

in scenarios with motion conflict. Successful assertive manoeuvres reduce waiting 

time at the roundabout and hence lead to time-efficient driving, however highly 

assertive passes can also affect driving comfort. As seen in Figure 6.14 some human 

drivers were able to judge the scenario better than others and were able to make 

more successful assertive passes before the actor vehicle approaching from the right. 

The autonomous vehicle with the assertive setting was able to perform had the most 

assertive passes then all the human drivers in the same scenarios, while the 

defensive version also showed good performance. The performance differences of 

the autonomous vehicle with different settings of the time gap parameter showed 

the sensitivity of the parameter in making the autonomous vehicle more progressive. 
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Figure 6.14. Driving Performance on Test cases with Motion Conflict 

 

b. The number of collisions: This performance index measures the driver’s ability to 

assess the dynamic scenario and evaluate the risk involved in their planned future 

behaviour. Figure 6.14 also shows that two human drivers ended up with collisions 

with the actor vehicle. Such driving behaviours can be termed as unskilled/ unsafe 

as they were not able to judge the scenario as well as the other assertive drivers or 

the autonomous vehicle. Reassuringly the autonomous vehicle in both the settings 

was able to navigate the roundabout without collisions.  

c. Speed differential at entry: Figure 6.15 was generated after removing the behaviour 

profiles that were considered as outliers (the filtering process in section 6.2.2) and 

presents the measures of maximum, minimum and average entry speed for each 

human driver profiles and the autonomous vehicle profiles with two settings. 8 out 

of 10 human drivers exceeded the maximum comfort speed threshold implying that 

they accepted a local motion discomfort to have the better chance of merging. Figure 

6.15 the average speed of entry varied significantly between drivers suggesting that 

some drivers slowed down/stopped more often than others. From Figure 6.15 it can 

be concluded that the autonomous vehicle with the assertive setting was more 

efficient (higher mean entry speed) than all the human drivers, while not violating 

the comfort driving speed threshold. The performance of the autonomous vehicles 

in the two settings in Figure 6.15 suggests that by increasing the “safe-time-gap” from 
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0.7𝑠 to 1.5 𝑠 the mean speed in the test cases came down from 15.39𝑘𝑚/ℎ to, 

9.15𝑘𝑚/ℎ, which shows the sensitivity of the parameter to efficient driving. The 

minimum speed value of the autonomous vehicle with assertive setting showed that 

it was possible to drive all the test cases without needing to completely bring the 

vehicle to a stop. Although drivers with IDs 3, 6, 7 and 9 also demonstrated this 

capability, all of them exceed the comfort speed threshold by”> 2.5 𝑘𝑚/ℎ" and the 

driver with ID “9” had a collision. 

 

Figure 6.15. Speed differential at the roundabout entry 

 

This above performance comparison of the autonomous vehicle with ATBP with that of 

the human drivers on the same driving scenarios suggest that the autonomous vehicle 

was superior, by being able to be more efficient (most assertive passes, higher average 

speed), safe (no-collisions) as well as ability to maintain the motion comfort parameters 

within acceptable thresholds.  

 

6.2.5. Discussions and Lessons Learned 

The pilot human driving study and the first implementation of the ATBP with human-

like temporal behaviour planning were demonstrated in Section 6.2. The research 

outcomes and the objectives achieved at this stage are summarised below  

a. The human driving experiment: Negotiating scenario with conflict is an important 

capability required of an autonomous vehicle for successfully navigating real-world 

urban driving environments. The experimental set-up used in this work, with a 

different variation of the non-signalised roundabout scenario provided an effective 

platform to generate driving data that is difficult and costly to obtain from real-

world. The extracted behaviour characteristic from the driving data provided useful 
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insights into the temporal behaviour planning and decision-making of human 

drivers at interaction-dependent scenarios.  

b. The ATBP implementation: This was the first attempt to design the temporal 

behaviour planning capability of the ATBP, designed to mimic the “naturalistic”, 

human-like temporal motion. The temporal behaviours generated through the 

behaviour characteristics derived from human driving data were used to build the 

temporal candidates. These candidates were later combined with the spatial 

behaviour candidate to create naturalistic motion trajectories for the autonomous 

vehicle to select in real-time. A risk-aware tactical selection aided with a multi-

criteria based selection algorithms were formulated and implemented to enable the 

autonomous vehicle the ability to select the best candidate trajectory in real-time 

during vehicle motion. 

c. The driving performance: The driving performance of the autonomous vehicle with 

the proposed motion planning system was evaluated and compared with human 

drivers in the same 14 test cases. It was shown that overall, the autonomous vehicle 

autonomous outperformed the human driver participants in the area of motion 

efficiency (more successful assertive passes, higher average navigation speed) while 

also not violating the motion comfort speed threshold. 

d. Limitations of the set-up: In the human driving experiment, there were extreme 

temporal behaviours in some test cases, where the drivers either failed to achieve 

the target speed during the approach or exceed the target speed by more the 10kph. 

These behaviour profiles had to be removed from the pool of profiles used for human 

driving pattern extraction, as they were considered non-naturalistic. This filtering 

process reduced the number of behaviour profiles available for the pattern 

extraction. The post-study feedback from the participants suggested that the limited 

familiarity with the semi-automatic longitudinal control of the vehicle (with the 

mouse), the lack/limited motion cues (absence of sound etc.) and the lack of 

immersive feel as the three main reasons for the non-naturalistic behaviours. 

e. Limitation of the ATBP: The current implementation of the ATBP was limited to 

handle interaction only at intersection scenarios, as the Stop-n-Go profile was 

defined with respect to the Give-way line/stop line. In addition in the current 

implementation, the alternative behaviour candidates were only generated after the 

vehicle has reached the behaviour changepoint (Bcp2). In a real-world environment, 

interaction scenarios can occur at any road section, such as pedestrian/cyclist 

coming into the driving lane, vehicle cutting across at short distance etc. These 

situations cannot be handled using the ATBP implementation described in the pilot 
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study due to the unique construction of the temporal behaviours. This suggests the 

ATBP implementation needs to be adapted to make it generally applicable to all 

types of real-world scenarios. 

f. Limitations of objectives achievement: The motion comfort objective is an important 

component of successfully demonstrating expert motion planning ability, which was 

not specifically analysed, due to the set-up limitation in the pilot study. Its 

consideration was highlighted as an important requirement for the second study.  

g. Limitation of the analysis: With the constraints of logistics and study time, the pilot 

study had a small set of human driving participants and was limited to a smaller 

demographic of drivers. To get a more general perspective of human driving the 

population representation needs to be widened and should include a larger number 

of participants. 

 

6.3. The ATBP Development Study- II 

With the benefit of having done the pilot study, the second human driving study was 

designed, overcoming the limitations highlighted in the experimental setup to capture 

more realistic and naturalistic behaviours. In this study, an improved ATBP system was 

designed with the aim to make the temporal behaviour creation generic, and applicable 

to all types of real-world interaction-dependent scenarios. This study follows the same 

methodical flow as described in section 6.1. 

  

6.3.1. The Human Driving Experiment 

The second human driving experiment included an improved simulation environment, 

a high fidelity vehicle model, an improved vehicle control mechanism, and a wider 

representation of the driving participants. These improvements along with design and 

running procedure for the human driving experiment are described in this section. 

 

6.3.1.1. The Simulation Environment 

The simulation environment for the experiment was developed using PreScan: a “physics-

based” simulation platform used in the automotive industry for autonomous and ADAS 

applications [148]. The PreScan platform enabled the creation of representative real-

world driving scenarios and also provided an easy interface for integrating the vehicle 

dynamics models and software algorithms (perception, planning and control) developed 

in Matlab. A multi-projector set-up was used and with strategically placed projector 

screens, a wide-angled panoramic view of the 3D environment was created resulting in 
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an immersive simulator environment with life-sized visualisation of the vehicles as 

shown in Figure 6.16. The horizontal FoV for driver from the driving position in this 

experiment was 165°, which was an improvement on the first study.  

 

 Figure 6.16. The Simulator Driving Environment set-up 

 

6.3.1.2. The Vehicle Simulation Model 

In this experiment, a physics-based vehicle model was built in Matlab-Simulink to 

represent the Tata Hexa vehicle, which was the targeted real-world platform for testing 

the developed ATBP algorithm Figure 6.17 shows the schematic of the vehicle model 

integration with vehicle control models within the PreScan simulation platform. 

 

Figure 6.17. Integration of the vehicle dynamic model in PreScan [154] 
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The vehicle model’s coefficients were estimated using regression analysis and the 

acceleration and deceleration performances were validated against the real-world data 

obtained from real-world testing of the Tata Hexa vehicle, making the motion responses 

to the driver's control inputs representative. Table 6-2 gives a brief list of the Tata Hexa 

vehicle technical specification. 

Table 6-2: Tata Hexa vehicle specifications. 

Particulars Specification 
Weight  2,280kg (kerb). 
l, w, h 4.788m, 1.903m, 1.791m 
Max power: PS@RPM 156PS@4000 
Max torque: Nm@RPM 400Nm@1700-2700 
Wheelbase 2.850m 
Turning Circle Radius 5.75m 

 

6.3.1.3. The Vehicle Control 

Learning from the pilot study the driving control set-up for this study was improved to 

give the driving participant more control over the vehicle motion handling. Two “driver-

in-loop” vehicle control set-ups were developed, using the schema described in Figure 

6.18, which include a semi-automated set-up and a complete human driving set-up. The 

specifics of the two set-ups are described below:  

 

Figure 6.18. Integration of the vehicle dynamic model in PreScan  

a. The Semi-Automated driver controls: Similar to the pilot study the human driver 

participants were tasked with driving the vehicle in a semi-automated set-up. 

However, unlike the pilot study, the longitudinal control was set-up using the driving 

pedals (accelerator and brake). The transmission for the vehicle was automatic (as 

on the Tata Hexa) and the drivers had to shift to the drive mode at the start of the 

drive. The inputs from the driving controls were processed to create the necessary 

inputs to the vehicle dynamic model through the drive-by-wire implementation. 
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b. The complete human driver controls: The participant drivers were also given the 

opportunity to drive the same scenarios (as in the semi-automated driving) with 

complete vehicle control of both the vehicle lateral (through steering wheel) and 

longitudinal (through driving pedals: accelerator and brake). This was done to 

evaluate the hypothesis used in the pilot study, that human drivers show significant 

variability in the vehicle steering control. The steering control performance of the 

two set-ups was compared by overlaying the spatial motion tracks to establish, 

which recorded profiles to use for analysis of the temporal motion behaviours. 

 

As the driving controls in the experiment were different from what the participants were 

accustomed to in their normal driving activity, it was essential that the driving 

participants were given time to familiarise with the set-up. Familiarisation also enabled 

the participants to get accustomed to the immersive environment and the motion cues 

provided through the visual and audio feedback. Every participant was given multiple 

familiarisation runs, and only when they were sufficiently confident in their ability to 

control the simulator vehicle, the test cases were presented for recorded runs. 

 

6.3.1.4. The Participant Selection 

In this experiment, a participant selection criterion was designed so that the selected 

group represented a wider driving population. In addition to the possessing the legal UK 

driving licence, the participants were selected to represent different “age groups”, 

“driving experience”, “gender” etc. As this study involved an evaluation of the 

performance of the manoeuvre planning and the decision-making in interaction-

demanding scenarios, it was desirable to have a representation of drivers who have 

undergone advanced driver training. Other desirable representation criteria included 

familiarity with video gaming controls and vehicle-testing experience. Among the people 

who were approached from a mixed professional background in both academia and 

industry (engineering and non-engineering), 34 participated and completed the human 

driving study. Figure 6.19 shows the distribution of the driving participants within the 

categories of gender, age, driving experience, advanced driving skill, vehicle testing 

experience and video gaming experience. The distribution shows a good mix of 

participants in each category making this study more representative. 
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Figure 6.19. Participant distribution in different categories[154] 

 

6.3.1.5. The Driving Test Cases 

To capture the differences in the driving behaviours based on the roundabout size the 

driving experiment was built to include three non-signalised roundabouts of radius 15 

metres, 20 metres and 25 metres respectively. Driving for extended periods can lead to 

fatigue, which can affect the recorded driving behaviours and therefore the inferences 

drawn from those behaviour profiles. To minimize the influence of fatigue, the driving 

activity for each participant was shortened by joining the three roundabouts scenarios 

together to create in a single test case as shown in the bird's eye view of the driving 

environment in Figure 6.20. The long straight approach roads enabled the drivers to 

achieve the desired target speed of the test case before arriving at each roundabout. In 

the current experiment set-up, there was no haptic feedback to mimic the motion 

discomfort at higher longitudinal and lateral speeds, therefore apart from the desired 

regulatory speed target on the straight roads, maximum travel speeds were suggested 

within each of the roundabouts as an “indicative speed” for driving stability and comfort. 

However, the drivers had the freedom to drive the vehicle at the speeds they were 

comfortable with and that most closely represented their naturalistic driving style.  
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Figure 6.20. The Scenarios for the Human Driving Experiment[154] 

 

To create different dynamic test cases for the experiment, three different regulatory 

speed settings were used for the approach roads to the roundabouts along with three 

different speed settings for the actor vehicles positioned on the roads approaching at the 

three roundabouts from the right of the subject vehicle. As shown in Table 6-3, these 

combinations enabled the creation of nine test cases at each of the three non-signalised 

roundabouts and resulting in 27 dynamically different test scenarios for each human 

driver participant to negotiate in the experiment. The task of the human driver was to 

first achieve the regulatory target speed on the long approach road to the roundabout 

and then modify their behaviour appropriately to negotiate the roundabout safely 

(without collision/ near-misses), efficiently (least navigation time in the scenario) and 

maintaining the motion comfort within acceptable thresholds. To have greater 

consistency in presenting the same interactions scenarios to all human driver 

participants, the “trigger point” concept (similar to the one used in the pilot study) was 

employed, where the motion of the actor vehicle was triggered based on the proximity 

of the subject vehicle to the roundabout. The same 27 test cases were repeated for the 

manual driving. 
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Table 6-3: Test case set-ups for the Human Driving Experiment. 

Test Case ID Subject Vehicle Actor Vehicle 
S25-TC1 Reg Speed = 25 mph Set Speed = 0mph (no vehicle) 
S25-TC2 Reg Speed = 25 mph Set Speed = 20 mph 
S25-TC3 Reg Speed = 25 mph Set Speed = 30 mph 
S30-TC1 Reg Speed = 30 mph Set Speed = 0 mph (no vehicle) 
S30-TC2 Reg Speed = 30 mph Set Speed = 25 mph 
S30-TC3 Reg Speed = 30 mph Set Speed = 35 mph 
S40-TC1 Reg Speed = 40 mph Set Speed = 0 mph (no vehicle) 
S40-TC2 Reg Speed = 40 mph Set Speed = 35 mph 
S40-TC3 Reg Speed = 40 mph Set Speed = 45 mph 

 

With long stretches of straight roads (~250 m) between each roundabout scenario in 

each test case, the driving behaviour at each scenario was considered independent. In 

the event of a collision or a near miss at one roundabout, the human driver could still 

continue forward without any consequence of the event on the motion capability of the 

vehicle. This is another advantage of having this “safety critical” study in a simulator 

where the collisions and near misses can be recorded but the consequence of collisions 

are not detrimental as in real life and does not affect the motion capability of the subject 

vehicle. The three separate actor vehicles at each of the roundabouts were programmed 

to drive a fixed path across the subject vehicle’s intended path. The actor vehicles were 

equipped with a physics-based dynamic model and their motion control was automated 

using a pure-pursuit method [146] for lateral control and a PID-based longitudinal 

control. The order in which the test cases were presented to every human driver was 

randomised to eliminate the formation of any pattern in the recorded data. 

 

6.3.2. The Analysis of Human Driving Temporal Behaviours 

In the ensuing analysis, the data from each test cases were divided into individual test 

cases for the three roundabouts. For ease of repeated usage, the three roundabouts were 

termed as “R15”, “R20” and “R25” for roundabouts with radius: 15m, 20m and 25m 

respectively. Each test cases were also then referred to with a specific test-case ID i.e. a 

test cases titled as “R15-S25-TC1” represented the test-case for a roundabout with 

radius 15m, target speed 25mph and dynamic scenario type 1 (test cases described in 

Table 6-3). The key observations in the human drivers’ temporal behaviours are 

summarised below: 

a. The spatial tracks for manual and semi-automatic controls: The spatial tracks 

obtained at each of the three non-signalised roundabouts were plotted for fully-

manual in Figure 6.21 and semi-automatic in Figure 6.22.  
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Figure 6.21. Spatial tracks of human drivers for fully manual control 

 

Figure 6.22. Spatial tracks of human drivers for a semi-automated control 

 

As can be seen in Figure 6.21, in the manual control vehicle tracks, the human drivers 

exhibited considerable variation in steering control during the approach and within 

the roundabouts. The ability of the semi-automatic control to keep the vehicle within 

a defined corridor gives the possibility to evaluate the temporal motion behaviours 

independently. Therefore, in the ensuring behaviour profiles analysis and pattern 

extraction for ATBP, only the semi-automatic behaviour profiles were used. 

b. Variation of temporal motion behaviours: Figure 6.23, Figure 6.24 and Figure 6.25 

show the temporal behaviour profiles variations of all the human driver participants 

at the three roundabouts in the different scenarios. The median profile for all the 

scenarios is also overlaid to illustrate the temporal behaviour variation of human 

drivers across it along the length of the driving path. These variations across the 

profiles with no actor vehicle (all test case with ID’s “TC1”) suggests that driver 
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longitudinal driving performance is highly inconsistent both in the presence and 

absence of dynamic interaction. The spread of temporal behaviours in both scenarios 

with/without motion conflict illustrates the inherent difficulty in predicting human 

driver behaviours at scenarios such as non-signalised roundabouts. 

 

Figure 6.23. Temporal behaviour profiles for all test cases at R15  

 

 

Figure 6.24. Temporal behaviour profiles for all test cases at R20  
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Figure 6.25. Temporal behaviour profiles for all test-cases at R25 

 

c. Yielding without stopping: In scenarios with motion conflict (TC2 and TC3 in Figure 

6.23, Figure 6.24 and Figure 6.25), some human drivers reduced the subject vehicle 

speed considerably at a distance of up to 25 metres from the Give-way line (marked 

by the vertical line) before accelerating back to navigate through the junction. These 

are highlighted by the “blue ellipses” and can be inferred as drivers slowing down to 

yield to the actor vehicle, allowing them to merge after it without needing to come to 

a stop. Depending on the scenario, such behaviour can make reduce the time spent 

for navigating the roundabout. 

d. Stopping away from the Give-way line: As seen from the speed profiles in Figure 6.23, 

Figure 6.24 and Figure 6.25, at all the three roundabouts test case, there were speed 

profiles, which indicated that some human drivers stopped/came to slow creeping 

speeds up to 10 metres away from the Give-way line. Such behaviour suggests 

inconsistency in the driver’s speed planning which can be attributed to their inability 

to effectively judge the different dynamic interactions. Such behaviour is difficult to 

predict and has the potential to create confusion about the vehicle motion intention. 

e. High speed within the roundabout curves: As seen from the speed profiles in Figure 

6.23, Figure 6.24 and Figure 6.25, some human drivers carried the higher approach 

speed into the roundabouts than the advised comfort speed. Higher speeds within 

the curves imply an increased level of discomfort, which the drivers were willing to 

accept either to avoid a potential collision with the actors or to reduce the 

roundabout navigation time. 
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f. Average Navigation time across different-sized roundabouts: The larger roundabout 

has lesser curvature which implies that the average speeds within should increase 

with the size of the roundabout. As seen in Figure 6.26 the closeness of the average 

navigation time for many drivers suggests that they were able to make this 

adaptation, allowing them to cover the larger distance in approximately the same 

time. The disparity in the average navigation time of some drivers suggests that they 

lacked the adaptation ability. 

 

Figure 6.26: Average time for roundabout navigation[154] 

 

g. Deceleration from target speed: The temporal behaviour profiles in Figure 6.27 

shows three types of median temporal profiles. The median profile in “green” is of 

TC1 (where there is no actor in the scenario). The median profile in “blue” is of TC2 

(where an actor vehicle approaches from the right, slower than the subject vehicles 

target speed). The median profile in “red” is of TC3 (where an actor vehicle 

approaches from the right, faster than the subject vehicles target speed). It can be 

inferred from Figure 6.27, the distance of from the Give-way line, when the temporal 

behaviour profiles starts detaching from the target speed line (marked in black 

dotted line) (Bcp1) is proportional to the target speed i.e. for large target speed the 

Bcp1 is located further from the Give-way-line (marked in magenta).  
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Figure 6.27: Median temporal behaviour profiles at each roundabout 

 

h. Manoeuvres choice: To establish the variations in the location of Bcp2 (the point of 

manoeuvre decision to either stop at the Give-way line or continue), for the different 

regulatory speeds and the different roundabout sizes, speed profiles in each scenario 

were separated into two groups. The first “Stop-n-Go profile” group contained 

temporal behaviour profiles that brought the vehicle to either a complete stop or to 

speeds below the creep speed threshold of (1𝑚/𝑠). The second “Follow-On profile” 

group contained the temporal profiles whose minimum speed within the 

roundabout was more than half the recommended roundabout speed. The median 

of the two profiles groups was then plotted for each scenario as shown in Figure 6.28, 

which gave an insight into how behaviour envelope varies with travelling speeds and 

road geometry.  
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Figure 6.28: Median profiles of segregated Follow-On and Stop behaviour profiles. 

 

6.3.3. The ATBP-II Algorithm Design and Implementation 

Similar to the pilot study, the focus of the ATBP development was only on the temporal 

behaviour planning, and the previously developed spatial behaviour generation 

(discussed in Chapter 5) was used to form the motion trajectories. The three functions 

of the ATBP algorithm, i.e., Situational Awareness (SA), Behaviour Prediction (BhvPrd) 

and Behaviour Selection (BhvSel) are, therefore discussed in the context of temporal 

behaviour planning. 

 

6.3.3.1. Situation Awareness (SA) 

The SA algorithm implemented the concepts discussed in Chapter 5 where the sensed 

data was streamlined into four information layers to enable the autonomous vehicle 

decision-making. An important variation from the stage-I implementation of the ATBP 

was the definition of Interpreted Priority by the SA module according to the driving 

guidelines defined by regulation 184-190 of the Highway Code [194]. These guidelines 

are defined to solve the conflict in the decision-making when actors arrive from different 

entry points at roundabout entry at the same time. However, in real-world situations, 

the actors can arrive at different times and at different speeds. In the absence of 

centralised control (like that in signalised roundabouts), determining the priority to 

merge is left to the interpretation of the individual driver. In this ATBP algorithm 

implementation, the SA function calculated a decision variable called “Interpreted 
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Priority” (𝐼𝑃𝑟𝑡𝑦), which was estimated for all the actors that were in the Actor 

Information Layer (AIL) based on their predicted time of arrival at the Give-Way line. 

𝐼𝑃𝑟𝑡𝑦 = 𝑠𝑜𝑟𝑡𝑎𝑠𝑐𝑒𝑛𝑑(𝑎𝑙𝑙 𝑖 ( 𝑇𝑇𝐴𝐺𝑊𝐿,𝑖))                          6.8 

𝑖 = 1,2 … 𝑛 

where, "𝑇𝑇𝐴𝐺𝑊𝐿,𝑖" is the predicted time to arrival of the actors at the Give Way line and 

"𝑛" is the number of actors. The “𝐼𝑃𝑟𝑡𝑦" estimate used a sort function to arrange the 

drivers in the ascending order of priority. The 𝐼𝑃𝑟𝑡𝑦 variable was evaluated using 

equation 6.6 when the actor vehicle was still approaching their respective Give Way line, 

otherwise, if the vehicle arrived at the same time or already in the roundabout then the 

anti-clock-wise priority rules defined by the Highway Code was used for interpreting the 

priority. 

 

6.3.3.2. The Behaviour Prediction 

The Behaviour Prediction (BhvPrd) module for the ATBP was designed with a 

“behaviour intent” prediction function, that used the derived temporal behaviour 

extrema patterns of “Follow-On” and “Stopping” profiles to predict the future actor 

vehicle motion intention as either one of the three possibilities: “Advancing”, “Stopping” 

or “No-Estimate”. The variables used for the behaviour intent prediction and the flow of 

the behaviour prediction process is illustrated in Figure 6.29. 

 

Figure 6.29: (a) Intent estimation curves (b) behaviour prediction model. 
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With the established behaviour prediction variables and the estimated actor priority by 

the SA module, the estimate of the actor’s behaviour intention was done using the 

following rules 

a. If the actor has priority and its motion matches closely with the average “Follow-On” 

temporal behaviour, then the actor's future intention is predicted as “Advancing” 

b. If the actor does not have priority and its motion matches closely with the average 

“Stopping” temporal behaviour, then the actor’s future intention is predicted as 

“Stopping”. 

c. If the actor behaviour is mixed and does not conclusively match closely with either 

“Advancing” or “Stopping” behaviour, irrespective of priority the expected motion 

intention is interpreted as “No Estimate”. 

 

6.3.3.3. The Behaviour Selection 

This Behaviour selection (BhvSel) module for the ATBP in this study was designed to 

contain a new and improved temporal behaviour candidate generation algorithm and 

the tactical decision-making algorithm. These improved updates to the BhvSel module 

are discussed below: 

a. Temporal candidate generation: The 3 state-based temporal behaviour profile 

construction used in the pilot study, (where the temporal behaviour at intersection 

consisted of the “approach”, “within” and “exit” behaviours in a single temporal 

profile) was found to be limited only to scenarios that had a defined stopping 

location (Give-way line/ stop line etc.). In the current implementation, the behaviour 

generation algorithm was designed as a 2-state temporal behaviour construction, 

i.e., defining the temporal motion profile between just two state-points. As 

interaction scenarios can sometimes present emergency situations, where the 

subject vehicle must avoid collision through a reactive behaviour response, an 

additional behaviour profile for “emergency stop” was also added to give the vehicle 

the capability to react with an emergency manoeuvre to either stop safely or reduce 

the impact of an unavoidable collision. The behaviour generation process was 

initiated by constructing three temporal behaviour profiles using the Bezier curve 

method, for the two behaviour affordance extrema (“Follow-On” and “Comfort 

Stop”) and the third for an “Emergency Stop” manoeuvre. The constructions of the 

speed profile for the situations of ‘acceleration’ and ‘deceleration’ are shown in 

Figure 6.30(a) and Figure 6.30(b). The control points suffixed by “F” are for “Follow-

On” and “C” and “E” are for comfort and emergency stop temporal profiles 

respectively. The parameter "δSS" is the steady-state parameter used for creating a 
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smoother transition between successive temporal behaviour plans. Parameters 

"δcmft" and "δemrg" are the stopping distances for comfort-stop and emergency-stop 

respectively and are a function of the vehicle motion capability. The parameters for 

the temporal behaviour candidate were obtained from the human driving data. The 

recorded profiles were first processed to remove the curves with anomalies, 

collision etc. Then from the remaining profiles, the ones with the shortest “overall 

navigation time in each scenario were selected to represent the expert temporal 

behaviours. The parameters for the temporal behaviour construction model were 

then used from these profiles.  

 

Figure 6.30: Temporal behaviour model for (a) acceleration (b) deceleration [154] 

 

The temporal behaviour candidate generation model is designed to take the 

vehicle current state (speed, position) as the start point of the behaviour instead 

of a previously planned state. This is because it cannot be guaranteed that the 

motion control and the vehicle actuation mechanism will exactly attain the planned 
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state, and therefore, planning from the current state gives the vehicle the capability 

to plan according to the existing surrounding environment rather past expected 

state. In addition, because the future evolution of the environment is difficult to be 

predicted with accuracy, the behaviour planner creates multiple temporal 

candidate profiles within the “Follow-On” and “Comfort Stop” profile envelope, 

giving the opportunity for the selection algorithm a wide array of temporal 

behaviours profiles to choose from at runtime. The intermediate candidate profiles 

within this affordance envelope were generated using an interpolation method, a 

typical output is depicted in Figure 6.31 (a) and Figure 6.31 (b). 

 

Figure 6.31: Temporal behaviour candidates (a) acceleration (b) deceleration [154] 

 

      The distance parameters for the emergency-stop were obtained using the relation, 

𝛿 = 1.2 ∗ 𝑣 +
𝑣2

2∗𝑎
                                                            6.9 

Here "𝑣" is the current vehicle speed, the parameter “𝑎” is the acceleration of the 

vehicle. The steady state parameter of 𝛿𝑆𝑆 = 0.25 m was used for smoothing the 
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behaviour profiles at the start. At runtime a selected behaviour was always within 

the envelope formed by the maximum possible speed (within a dynamic scenario) 

and the comfort deceleration speed profile, with the more aggressive deceleration 

profile chosen only in scenarios of emergency. 

b. Risk-aware tactical decision-making: The flow of the ATBP’s risk-aware tactical 

decision-making algorithm for selecting the best motion behaviours for the 

roundabout navigation in real-time is depicted in Figure 6.32. 

 

Figure 6.32: Risk-aware tactical decision-making algorithm. 

 

Similar to the ATBP implementation in the pilot study, the decision-making within 

the BhvSel module consisted of tactical decision-making aided with a multi-objective 

optimisation approach was used to continuously select a trajectory from the spatial 

and temporal affordance behaviours candidates. For tactical decision-making to 

select the feasible and safe trajectory candidates, an objective risk index called 

Motion Safety Index (MSI), was established, which uses the time-to-arrival at the 

Give-way line (𝑇𝐴𝐺𝑤𝑙) of the actor in the predicted behaviour (described in 6.3.3.2) 

and the subject vehicle in each of the available trajectory candidates. Time gap 

parameter for each of the candidates was then calculated as of was than estimated 
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using the same calculated using the actor vehicles predicted future speed and 

distance along the path as: 

𝑇𝐺𝑎𝑝𝑖
∀ 𝑐𝑎𝑛𝑑𝑖𝑑𝑎𝑡𝑒𝑠

= (𝑇𝐴𝑎𝑣 − 𝑇𝐴𝑠𝑣,𝑖)                                     6.10 

𝑖𝑓 {

𝑇𝐺𝑎𝑝 ≤ 𝑆𝑀𝐺𝑎𝑝:                 𝑀𝑆𝐼 =  0
𝑇𝐺𝑎𝑝 > 𝑆𝑀𝐺𝑎𝑝:                     𝑀𝑆𝐼 = 𝑇𝐺𝑎𝑝

𝑇𝐺𝑎𝑝 < 0:                     𝑀𝑆𝐼 = −1
 

where, 𝑇𝐴𝑠𝑣,𝑖 is the arrival time of the subject vehicle in the 𝑖𝑡ℎ trajectory candidate, 

and 𝑇𝐴𝑎𝑣 is the arrival time of the actor vehicle at its Give-way line. ′𝑆𝑇𝐺𝑎𝑝′, is the 

calibratable merging “safe-gap” threshold. The tactical behaviour selection 

algorithms using the above established MSI and the Integrated priority (described in 

6.3.3.1) to iteratively identify the tactically feasible and safe trajectories at runtime 

which are then passed to an multi-objective optimisation function ′𝑄′, which was 

minimized to find the optimal candidate with the lowest penalty. 

min
𝑎𝑙𝑙,𝑐𝑎𝑛𝑑𝑖𝑑𝑎𝑡𝑒𝑠

𝑄𝑐𝑎𝑛𝑑 = 𝑎 ∗ 𝐶𝐼𝑙𝑎𝑡 + 𝑏 ∗ 𝐶𝐼𝑙𝑜𝑛𝑔 + 𝑐 ∗ 𝑊𝑇𝐼                6.11 

where,′𝐶𝐼𝑙𝑎𝑡′, 𝐶𝐼𝑙𝑜𝑛 and ‘𝑊𝑇𝐼′, the lateral comfort index ratio, longitudinal comfort 

index ratios and waiting time index ratio (efficiency index) obtained for each of the 

feasible and safe candidate trajectories. The estimation of the above mentioned 

index ratios for each candidate trajectory follows the same principals as described 

in section 6.2.3.2. Coefficients ‘𝑎’, ‘𝑏’ and ‘c’ were tuning parameters to weight the 

objectives of “lateral comfort”, “longitudinal comfort” and “Waiting Time” based on 

a design preference.  

 

6.3.4. ATBP-II Testing and Performance Analysis 

The autonomous vehicle with the ATBP was tested in the same test cases used for the 

human driving experiment, enabling the comparison of its motion planning and decision-

making performance against that of the human drivers. To allow effective comparison of 

the motion planning performances, three types of performance indexes related to the 

desired planning system objective were derived from the testing data of both the human 

drivers and the autonomous vehicle. The comparisons of the performance indexes are 

described in this section along with the discussion on what the resulting performance 

represents 

 

6.3.4.1. Motion Safety Indicators 

One of the important components of the research objective was motion safety, which is 

paramount to the autonomous vehicle being accepted within a real-world driving 

ecosystem inhabited by other actors such as pedestrians, cyclists, human-driven cars etc. 
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The motion safety performance at non-signalised roundabout scenarios depends on the 

driver’s situational awareness, their ability to anticipant risk and the driving skill during 

merging. To establish the motion safety performance in this study, two measuring 

indexes were extracted from the recorded human and autonomous driving data, which 

include the “number of near-misses” and the “number of collisions”. The definition of 

what the indexes meant in the context of the performance analysis is described below  

a. Near-miss: An driving event was considered as a “near-miss” event if the subject 

vehicle (driven by the human driver/ autonomous software) merged aggressively 

infront of the actor vehicle, leading to the actor vehicle either hitting the subject 

vehicle in a rear-end collision or the vehicles coming within less than one car length 

of colliding with each other. This is a type of event, where the actor vehicle would 

have to slow down significantly from its normal course to accommodate the subject 

vehicle. 

b. Collision: A collision was considered as an event where the subject vehicle had direct 

contact with the actor vehicle (i.e. either a front-on collision or on the side of the 

vehicle). As the actor vehicle, approaching from the right has the priority in case of a 

motion conflict, a collision was considered as the fault of the subject vehicle and was 

regarded as driving incompetence. 

 

In total, there were 18 scenarios with potential collision possibility. As shown in Figure 

6.33, the autonomous vehicle had no “near misses” as well as no-collision along with 11 

other human drivers. While 21 drivers had one or “2” near misses and “5” drivers had a 

collision event. This shows that autonomous vehicle was superior to “21” of the “34“ 

human drivers on the motion safety performance. 

 

Figure 6.33: Number of collisions and near misses 
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Figure 6.34 describes the spread of the collision and near-miss events of the human 

drivers according to the roundabout size. As seen in Figure 6.34 there were 11 near-

misses and 2 collisions at R15, 10 near misses and 3 collisions at the R20 and only 6 near 

misses and no collision at R25. This suggests that smaller roundabouts represent a 

greater challenge for the human driver to anticipating risk and merge successfully. The 

autonomous vehicle navigating the same scenarios showed no near misses or collision 

implying that The ATBP was able to demonstrate superior tactical decision-making and 

manoeuvre planning ability across all roundabouts. 

 

Figure 6.34: Number of (a) collisions and (b) near misses for R15, R20 and R25 [154] 

 

6.3.4.2. Driving Efficiency Indicators  

As time-efficient driving was another major component of the research objective, two 

types of decision quality indicators were obtained from the recorded driving data that 

measure the motion efficiency performance. These indicators include the average 

navigation time through the roundabout manoeuvre and the number of successful 

assertive manoeuvres in scenarios with conflict. The performance comparison of the 

human drivers and the autonomous vehicle on these parameters are described below: 

a. Average navigation time: As all the human drivers were provided with the same 

exact dynamic scenario variation at each roundabout, the average navigation time at 
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each roundabout gives a good indication of their overall driving efficiency in 

different dynamic variations of the roundabout scenario. Figure 6.35 gives the 

average navigation time at (a) R15, (b) R20 and (c) R25. It shows that the 

autonomous vehicle outperformed most of the human driver participants on the 

criterion of “average navigation time”. The driver with ID-7 managed to get a smaller 

average time then the autonomous vehicle in all roundabouts. The driver with ID-4 

also showed smaller average time then the autonomous vehicle in R15 and R25. 

However, both the drivers also had a near-miss event. 

 

Figure 6.35: Navigation-time comparison at (a) R15, (b) R20 and (c) R25 [154] 

 

b. The number of assertive passes: Another key indicator of driving efficiency is the 

number of time a subject vehicle (human driver/autonomously driven) managed to 
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take the opportunity to merge that existed within the dynamic interaction-

dependent merging scenario. This efficiency indicator extracted from the driving 

data was referred to as “assertive pass” and represented a successful merging of the 

subject vehicle before the actor vehicle. Conversely, the events where the subject 

vehicle yielded to the actor vehicle, to allow the actor vehicle to pass before it, were 

called as defensive passes (non-assertive passes). The distribution of the assertive 

and defensive passes by human drivers in scenarios with motion conflict is shown in 

Figure 6.36. 

 

Figure 6.36: Number of assertive passes out of 18 scenarios with conflict. 

 

The autonomous vehicle was superior to all the drivers in utilising the merging 

opportunities within the dynamic scenarios with motion conflict. Although some 

drivers did come close to the performance of the autonomous vehicle (more than 

75% assertive manoeuvres) only human driver with ID1 was able to have the 

merging success without a recorded collision/near miss event. To establish id the 

drivers assertive merging was influenced by the roundabout size, the number of 

assertive manoeuvres were plotted for each roundabout as shown in Figure 6.37, 

which shows that larger roundabouts are favourable to assertive behaviours. 
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Figure 6.37: Number of Assertive Passes at each roundabout scenario. 

 

6.3.4.3. Driving Comfort Indicators 

The third important element of the research objective of human-like motion planning 

was the motion comfort. Motion comfort is a subjective measure, where the level of 

acceptance varies between human drivers. In addition, in a scenario with conflict such 

as intersections where the driver is also trying to minimise the time spent at the junction, 

some driver will accept a local discomfort for short periods which they would otherwise 

no accept for longer periods in other scenarios. In this experiment, the measuring 

indexes used to establish the motion comfort were the vehicle lateral acceleration and 

longitudinal acceleration within the roundabouts. In the analysis for maximum 

acceleration, the vehicle recorded maximum acceleration and maximum deceleration 

were clubbed under one category acceleration. (The autonomous vehicle upper 

threshold on longitudinal acceleration and deceleration were set to 0.25g and 0.45 g 

respectively). 

a. Motion comfort - longitudinal: Figure 6.38 shows that the autonomous vehicle had 

better control of the longitudinal acceleration with its maximum acceleration kept 

within 0.45 g, while some drivers exceeded that significantly. Driver with ID-7 and 

ID-4, who performed well in reducing the navigation time had acceleration levels (>

1 𝑔), which are considered unacceptable for passenger cars. 
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Figure 6.38: Driving Comfort Index longitudinal at (a) R15, (b) R20 and (c)R25 

 

b. Motion Comfort - lateral: Figure 6.39 shows that most driver’s maximum lateral 

acceleration for R15 was between 0.4𝑔 −  0.55 𝑔 while that for R20 and R25 were 

slightly on the higher side (by 0.2 𝑔 − 0.4 𝑔). These levels of lateral acceleration 

(although local for a scenario like roundabouts), are still considered as above the 

acceptable thresholds for comfortable driving. The autonomous vehicle was able to 

maintain its acceleration within acceptable thresholds of 0.4 𝑔 at all the three 

roundabouts. 
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Figure 6.39: Driving Comfort Index lateral at (a) R15, (b) R20 and (c)R25. 

 

It may be noted that the maximum recorded accelerations within the roundabouts are 

significantly higher than what can be expected in real-life. The absence of haptic 

feedback in the simulation was considered as the main reason for these elevated values. 

 

6.3.5.  Discussion and Lesson Learned 

Section 6.3 described the second human driving study and the subsequent improvement 

to the temporal behaviour planning of the Adaptive Tactical Behaviour Planner. The 

human driving study has a much-improved experiment set-up (described in 6.3.1.1- 
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6.3.1.3), a wider participant representation (described in section 6.3.1.4) and an 

increased portfolio of scenario variation than those in the pilot study. The research 

outcomes and the objectives achieved through the improved experimental set-up and 

the performance of the ATBP are summarised below: 

a. The Human driving experiment: In this scenario, the experiment was designed such 

that the approach roads were made longer allowing the drivers to achieve the desired 

target speed. Except for some isolated instances, the drivers were able to achieve the 

target speed which allowed more behaviours to extract the behaviour patterns than 

those in the pilot study. Geometrically different sized roundabouts were used in this 

study to understand the variation in the behaviour planning and decision-making of 

human drivers at differently sized roundabouts. These differently sized roundabouts 

coupled with the variation in the actor behaviours enabled the creation of 27 

dynamically different merging situation to analyse human driver motion behaviours.  

b. The ATBP implementation: This study described the improved temporal behaviour 

generation model designed to make the motion behaviours generic to be applicable 

to all driving scenarios. The model was designed learning from the limitation of the 

ATBP design from the pilot study, where the temporal behaviour generation model 

was only limited to scenarios with a geometrically fixed regulatory line. In addition 

to the comfort stopping behaviour, the temporal candidate generation model also 

added an emergency stopping behaviour, to cater to emergency situations.  

c. The driving performance: The driving performance of the autonomous vehicle with 

the improved temporal behaviour planning and decision-making algorithms of the 

ATBP was evaluated in the same test scenarios used for the human driving 

experiment. It was shown that the ATBP was able to plan the motion of the 

autonomous vehicle in ambiguous and dynamic scenarios, successfully achieving 

overall superior performance to human drivers on the objectives of motion safety (no 

recorded collisions and near misses), motion efficient (most successful assertive 

passes, lower average navigation times) and motion comfort.  

d. Limitations of the set-up: Although the driving environment was improved, by 

creating an immersive environment, creating life-sized vehicles projections, adding 

more realistic driving controls and adding audio feedback cues (vehicle and road 

sound emulation) the lack of haptic feedback was considered a major limitation. This 

resulted in some human drivers recording up to 1𝑔 accelerations in some test runs, 

which are unacceptable for passenger car driving. Removing such non-naturalistic 

profiles reduced the behaviour profiles available for pattern abstraction. 

e. Limitation of the Method: Generally, pure naturalistic behaviours are difficult to 
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observe in the driving simulator; however, it was still considered as the chosen 

platform for acquiring human driving behaviour data for two main reasons. Firstly, it 

presented a cost-effective, risk-free solution, as there was no cost associated with a 

potential collision or a near miss. Secondly, in a simulation environment, the 

interaction scenarios were repeatable, allowing the possibility to observe and 

compare the driving behaviours of multiple drivers in exactly the same scenarios. 

f. This study presented an interaction-based behaviour prediction method for 

predicting the future motion of actors approaching a roundabout. Similar approaches 

have been looked at e.g. to E. Kaefer et al [176] for crossroad intersection scenarios 

where the merging problem is generally simpler interactions and well defined 

trajectories. The trajectories used for comparison in this approach were derived from 

human driving study. The method however was not fully evaluated as part of this 

study for performance and sensitivity to decision changes by the actors offering scope 

for future enhancement.  

g. The motion planning objectives are not necessarily complementary and different 

weights for them would have resulted in different results. In this approach motion 

safety envelope was used as the priority requirement and the optimum spatio-

temporal combination was chosen weighing the motion efficiency (lest time of travel) 

and motion comfort. An upper limit was set for motion comfort according to the 

objective threshold and also for motion jerks, which was limited to < 0.95𝑚/𝑠3 

within the design of the temporal trajectory candidates. sensitivity analysis 

considered multiple scenarios through a global optimisation process is a good future 

extension for getting the optimum weights for the time efficiency and motion comfort 

objectives. 
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7. Application and Testing In Real-world 

Having described the design, implementation and testing of Hybrid Autonomous Planning 

System (HAPS) framework and the Adaptive Tactical Behaviour Planner (ATBP) in chapter 

4-6, this chapter is dedicated to the testing of the designed human-like motion planning 

system solution formed by integrating the algorithmic solutions proposed for ATBP and 

within the HAPS framework. The HAPS framework that integrates the motion planning 

systems creates the layered based integration with the perception system and facilitates 

the hybrid form of decision-making through its hybrid control methodology and distributed 

processing was successfully demonstrated in chapter 4. The ability of the autonomous 

vehicle with ATBP to plan adaptive spatial behaviours to negotiate complex shaped real-

world scenarios was shown in chapter 5. In chapter 6, the ATBP demonstrated human-like 

motion planning in an autonomous vehicle, combining “naturalistic” trajectories 

generation and tactical decision-making to select the best motion trajectories to navigate 

interaction dependent scenarios. The autonomous vehicle with ATBP demonstrated 

superior performance compared to human drivers on the objective of motion safety, motion 

efficiency and motion comfort at non-signalised roundabout scenarios in two simulator 

studies. Having already demonstrated the ATBP to be “safer”, “efficient” and having better 

control over motion comfort than human in simulator studies, the primary focus of this 

chapter was to demonstrate the expert human-like behaviour adaptation and decision-

making capability of the ATBP in real-world scenarios. The chapter is organised as follows: 

section 7.1 describes the planning system integration and added functionalities to test the 

HAPS and ATBP within the Tata Hexa autonomous vehicle, section 7.2 describes the testing 

of the ATBP on proving grounds, section 7.3 describes the ATBP testing on public roads and 

finally, section 7.4 contains the summary discussions and lesson learned. 

 

7.1. Integration in the Tata Hexa Autonomous System 

This was the first time the complete proposed motion planning system was implemented 

on the Tata Hexa vehicle platform. Having already tested the HAPS and partial 

implementation of ATBP described in chapter 5, the planning system was already in a 

mature state, allowing the testing to be carried out on the proving ground and finally in 

the real-world public roads. The details of the sensing suite and computation capability 

of the Tata Hexa is described in Appendix A1. This section describes how the system was 

integrated with the perception system and the motion control system developed by the 

autonomous project team at TMETC. 
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a. Integration with the perception system: As the HAPS framework was designed to 

integrate with the perception system for layered information transfer. The fact that 

the autonomous system was built in ROS enabled the HAPS to subscribe to the 

individual ROS topics of the perception system modules that generated the 

necessary information from the sensors and the pre-stored map. The perception 

system and planning system were integrated within the ROS middleware and 

distributed on 4 separate nexcoms (embedded PCs). 

b. Integration with the motion control system: The motion control was deployed to run 

on the dedicated real-time processing unit called “speedgoat”.  Moreover, as the 

motion planning system was integrated into ROS, and ran on a dedicated nexcom, it 

was necessary to develop an ethernet bridge between the systems using UDP.  

c. Integration with system watchdog: As the human supervisory driver did not have 

access to the system internal states or the knowledge of the planning system ability 

to create a drivable plan, informing the driver of the above can result in early 

intervention in emergency scenarios leading to safe vehicle operation. The planning 

system implemented a self-diagnostic system to send warning or error message to 

the autonomous system watchdog through a ROS published message. If the planning 

system was not able to generate a safe plan due to complete loss of perception 

system data it would send an error message, requiring immediate driver 

intervention. The distributed processing of the HAPS also allowed the system to 

operate in limp-home mode (reduced functionality) in the case of minor perception 

system errors for a short duration. In such a case, the planning system gave a 

warning while continuing to generate a trajectory plan to take the vehicle at a safe 

stop. The supervisory driver had the access to the same driver intervention switches 

discussed in chapter 5 (section 5.3.1.3). 

 

7.2. ATBP Testing on Proving Ground 

The proving grounds provided an opportunity to create mock-up of the real-world urban 

driving scenarios in safe and controlled environments to test the autonomous vehicle. 

Two proving ground test facilities were used to test the autonomous systems on the Tata 

Hexa vehicle, which included the JLR proving ground facility in Gaydon, UK and the MIRA 

Horiba proving ground facility in Nuneaton, UK. The time and cost consideration meant, 

it was not possible to create a large sample of test scenarios to evaluate the ATBP 

performance consistency, which was evaluated in simulation chapter 6. Therefore, the 

aim of the real-world tests was to subjectively assess the ATBP’s expert human-like 

motion planning capability to adapt the vehicle motion in complex and dynamic real-
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world scenarios, for safe, efficient and comfortable motion. To test the human-like 

adaptive motion planning capability of the autonomous vehicle, six different types of test 

scenarios were created, described in 7.2.1- 7.2.5. The individual scenarios were designed 

to evaluate specific human-like manoeuvre planning and decision-making 

characteristics of the proposed motion planning system in real-world scenarios. 

Although the list of test scenarios was not exhaustive, it covered most types of real-world 

situations, the vehicle was expected to encounter for the ensuing public road trials. The 

performance of the global path planning system was not explicitly evaluated as part of 

the proving ground tests, as the tests were on individual standalone scenarios. 

 

7.2.1. The Intersection Scenario: A non-signalised roundabout 

The non-signalised roundabout scenario was created at the MIRA city circuit test facility, 

the birds-eye view of the scenario is described with annotation in Figure 7.1. The 

objective of these tests was to evaluate the temporal behaviour generation and decision-

making ability of the ATBP when merging at an intersection scenario by comparing it to 

two experienced (> 5 years of experience of testing vehicles) human test drivers.  

 

Figure 7.1: The non-signalised roundabout scenario at MIRA city circuit. 

 

Two dynamically different test cases were created to evaluate the aforementioned 

objectives: one with a motion conflict (where another actor vehicle approaches from the 

subject vehicles right and had the merging priority) and one without a motion conflict 

(no actors at the roundabout). In addition, one of the test drivers had advanced driver 

training giving a greater breadth for the comparison of the manoeuvre planning and the 

decision-making analysis. In the Tata Hexa vehicle, the driving mode-switch was 

designed such that, it can be switched between manual mode (full driver controls) and 

autonomous mode (full autonomous controls). Thus, the human driver’s drove the exact 
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same vehicle with unaltered manoeuvring capability, implying the meaning the motion 

planning performance variations was down the ability of the human drivers and the 

autonomous system. 

 

7.2.1.1. Performance Analysis and Discussion 

For repeated usage in the analysis, the two human drivers are distinguished as “HD_adv” 

to represent the driver with advanced driver training and HD2 to represent the human 

driver without advanced driver training. Both the autonomous vehicle and the two 

human drivers were given four runs of the roundabout scenario (2 scenarios with 

conflict and 2 scenarios without conflict). The driving performance of the autonomous 

vehicle at the non-signalised roundabout scenario was compared against the human 

drivers by extracting the following measures from the recorded data:  

a. The temporal behaviour tracks: The motion safety, driving efficiency, motion 

comfort greatly depends on the temporal motion behaviours. Figure 7.2 (a) and 

Figure 7.2 (b) shows the subject vehicle temporal behaviour tracks plotted along the 

distance along the path (with ‘0’ representing the position of the Give-way line).  

 

Figure 7.2: Temporal tracks for roundabout scenario (a) No-conflict (b) with conflict 
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Figure 7.2 (a) shows that the HD_adv slowed down earlier in anticipation of 

upcoming roundabout curvature and had a smooth transition from deceleration to 

cruising within the roundabout curvature. The HD2, on the other hand, slowed down 

much later but had a small “speed dip” which implied an acceleration was needed to 

get onto the cruising phase. While the earlier slowing down leads to increased 

navigation time, the “speed dip” result in motion discomfort. The autonomous 

vehicle was able to reduce the navigating time by slowing down later (efficient 

motion) and was able to transition into the cruising manoeuvre without the speed 

dip (motion comfort). This suggests that the autonomous vehicle equipped with the 

capability of smooth candidate behaviour generation of the ATBP was more capable 

of generating smooth motion. The motion profiles in both Figure 7.2 (a) and Figure 

7.2 (b) show that the autonomous vehicle was able to show consistency between 

runs while the human-driven tracks show the inherent variability in human driving 

which results in variable driving performance in the same scenario. 

b. The decision-making: The time efficiency of a successful roundabout merging 

navigation at a non-signalised roundabout scenario can be influenced by how early 

the decision was made, and at what speed during the deceleration. The earlier the 

decision is made, it enables the vehicle to start the merging manoeuvre with higher 

speed, which reduces the navigation time. The decision-making point along the 

temporal profile was referred as “behaviour changepoint 2” (Bcp2), defined by two 

parameters “the distance from the Give-way line” and the “vehicle speed” when there 

is an appreciable change in the vehicle deceleration mode to start the “Follow-on” 

manoeuvre. Figure 7.3 shows a plot of the Bcp2 of the autonomous vehicle and the 

human drivers in scenarios without conflict, illustrating the ability of the 

autonomous vehicle to assess the dynamic situation earlier than both the advanced 

human test driver and the second human test drivers.  



150 
 

 

Figure 7.3: Plot of merging behaviour decision-making point 

 

7.2.2. Adaptive Vehicle Following  

A common feature of most urban city environments is the volume of traffic, which 

implies; more often than not, the autonomous vehicle will be following a slower moving 

vehicle. Keeping a safe distance and managing the speed, such that the driving comfort 

of the passengers is maintained within acceptable limits are the characteristics of expert 

human driving expected of the proposed motion planning system. The ATBP was 

designed to plan motion trajectories that fulfilled the above requirement when there is 

a slower moving vehicle in front and an option to overtake the slower moving vehicle 

did not exist. To demonstrate this capability an adaptive following scenario was created 

on the exclusive lane-1 of the “brake-straights” area at Gaydon test track as shown in the 

birds-eye view of the scenario with map annotation in Figure 7.4. 

 

Figure 7.4: Test scenario – Adaptive vehicle following. 
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A target vehicle driven by a human test driver (red) was placed in front of the 

autonomous vehicle (blue) at approximately 50 metres. When the autonomous vehicle 

approached the target vehicle to about 25 metres, the target vehicle was instructed 

through the vehicle-to-vehicle communication radio to accelerate to a set speed. The set 

speed was subsequently changed at various intervals during the drive, which included 

two intervals of travelling at a slow (” creeping”) speed. 

 

7.2.2.1. ATBP Performance Analysis 

Figure 7.5 describes how the ATBP was able to successfully plan adaptive behaviours for 

the autonomous vehicle in a scenario where the inter-vehicle gap and the speed 

difference between the two vehicles were changing dynamically. The ATBP approach to 

adapting the autonomous vehicle motion showed two unique characteristics of expert 

human driving. The first characteristic is the smooth transitions between the different 

“following” speeds, behind the actor vehicle (that was specifically instructed to 

accelerate/decelerate aggressively between the different set speeds). Unlike a 

traditional Adaptive Cruise Control based temporal motion planning approaches, which 

instantly react to the speed transitions and aggressively try to close the gap that can 

result in motion discomfort, the ATBP through its multi-objective decision-making 

weighs the options of “motion efficiency” and “motion comfort” to result in a smoother 

transitions between the different target speeds. Secondly, during the closing of the gap, 

an ACC based system would try to close the speed and distance deficit in one continuous 

effort. The ATBP motion planning demonstrates a staged form of deceleration, where it 

first focuses on actively reducing the speed deficit before reducing the distance deficit 

by following the actor vehicle with a slightly higher speed (see Figure 7.5 time interval 

40s-80s and time interval 115s- 160s). This stage form of behaviour adaptation mimics 

expert human drivers ability to follow a variable speed target, wherein they are able to 

reduce/eliminated “hunting” (speed going up and down in cycles), which is a common 

issue for autonomous vehicles with a traditional ACC based temporal planning. 
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Figure 7.5: The adaptive speed vehicle following at brake straight. 

 

7.2.3. Lane Change to Avoid Static Obstacle 

The main objective of this test was to evaluate the obstacle avoidance and lateral motion 

planning of the autonomous vehicle with ATBP. The test scenario was created on the 

parallel running tracks (lane-4 and lane-5) of the “brake-straights” area at Gaydon, as 

shown in the birds-eye view of the scenario with annotation in Figure 7.6.  

 

Figure 7.6: Test scenario: avoiding static obstacle in the lane. 

 

A static vehicle was positioned on the lane the autonomous vehicle was travelling in, and 

the second lane was made available to the vehicle for the lane-change manoeuvre. Based 

on the reliable range of obstacle detection capability of the sensor suite on the Tata Hexa 

vehicle (<80 metres) two test cases were created for obstacle avoidance at 25 mph, and 

40 mph driving speeds. 
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7.2.3.1. ATBP Performance Analysis and Discussion 

In the event the subject vehicles primary lane is blocked by a static obstacle (parked 

vehicle, lane-block etc.), the tactical decision of the ATBP firstly establishes if there is 

enough room for the autonomous vehicle to bypass the obstacle by staying within the 

lane. If the room is insufficient for a safe bypass manoeuvre, and the adjacent lane is 

available (free of moving obstacles), the ATBP then plans to bypass the obstacle by 

choosing a trajectory from the affordable candidates that take it onto the adjacent lane. 

After the vehicle has created a sufficient gap, it then checks that the primary lane is free, 

and plans the trajectory to bring the vehicle back onto the primarily driven lane. As the 

ATBP was designed for planning human-like motion behaviours, the expectation was 

that it will adapt the vehicle spatial motion according to the driving speeds as well as 

demonstrates smooth transition during the lateral manoeuvres. Figure 7.7(a) and Figure 

7.7(c) show the result of the ATBP spatial performance (through position histories) and 

temporal behaviour performance (through vehicle speed variation) for the obstacle 

avoidance manoeuvre at speeds of 25mph, while Figure 7.7(b) and Figure 7.7(d) shows 

the same for the subject vehicle speed of 40 mph. 

 

Figure 7.7: Spatial and temporal performance for SO avoidance at 25mph and 40 mph 
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The spatial position tracks in Figure 7.7(a) and Figure 7.7(b), indicate that the ATBP was 

able to safely avoid the static obstacle in its lane by moving onto the adjacent lane. The 

temporal motion behaviour performance in Figure 7.7(c) and Figure 7.7(d), 

demonstrated expert human-like decision-making ability in obstacle avoidance 

scenario. Unlike traditional approaches to obstacle avoidance[11], where the 

autonomous vehicle would slow down significantly or come to a complete stop, before 

executing the bypass manoeuvre, the proactive decision-making of the ATBP allowed the 

autonomous vehicle to make the decision to change the lane without significantly 

slowing down from its target speed. Such behaviours can result in efficient driving and 

can prevent the autonomous vehicle contributing to traffic congestion. 

 

7.2.4. Overtake a Slower Moving Vehicle  

Similar to the scenario of avoiding of static obstacle in-lane, another scenario that is 

commonly seen in real-world is bypassing a slow-moving vehicle (e.g. cyclists, road-

sweepers etc.). However, unlike the static scenario case, this challenge to avoid a moving 

target are different, and the expected behaviour of the autonomous vehicle was to 

bypass the moving target without causing the hindrance to the slow-moving vehicle. This 

scenario was created on the lane-4 and lane-5 of the “brake-straights” area in Gaydon. 

As shown in Figure 7.8, a human-driven actor vehicle (red) was initially position in front 

of the subject vehicle, and as the autonomous vehicle approached, the driver in the actor 

vehicle was asked to gain speed and then slow down to low cruising speed (20 mph). 

The second lane was made available to the subject vehicle allowing the autonomous 

vehicle to use it if necessary. 

 

Figure 7.8: Test Scenario - overtaking slower-moving vehicle. 
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7.2.4.1. ATBP Performance Analysis and Discussion 

The result of the ATBP spatial motion planning (position histories) and temporal motion 

planning is shown in Figure 7.9 (a) and Figure 7.9 (b) respectively  

 

Figure 7.9: ATBP performance in overtaking scenario (a) spatial and (b) temporal 

 

In can be interpreted from the closeness of the spatial tracks and the smaller inter-

vehicle distance (unlike the static obstacle avoidance case), the ATBP brought the vehicle 

a lot closer to the target (≈20 metres), before engaging the lane change manoeuvre. This 

was because the ATBP was able to account for the motion of the target vehicle in its 

decision-making. The smooth temporal motion tracks suggest that the ATBP was able to 

demonstrate the capability to safely bypass the moving target.  
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7.2.5. Driver Change of Mind- a Case of Successive Cut-in Cut-out 

This was a scenario created having observing city road traffic in two-lane roads during 

peak traffic periods, where frequent “cut-in” was observed wherein the drivers 

frequently changed lanes. The scenario was created on the lane-4-and lane 5 of the 

“brake-straights” area in Gaydon. Figure 7.10 describes the birds-eye view of the 

scenario is with annotation, where the autonomous vehicle was placed on the inner lane 

and a manually driven vehicle was positioned marginally ahead on the adjacent lane on 

the right-hand side. After the autonomous vehicle set-off, the human-driven vehicle was 

instructed to first merge into the autonomous vehicle lane and then quickly merge out. 

 

Figure 7.10: Test Scenario - the driver change-of-mind. 

 

7.2.5.1. ATBP Performance Analysis and Discussion 

In such scenarios, unless the vehicle has cut-in aggressively “expert” human drivers 

generally lift-off the accelerator pedal as a first protocol and does not necessarily go for 

the braking manoeuvre unless stop in necessary. As illustrated in Figure 7.11(b), the 

autonomous vehicle with the ATBP demonstrated such adaptive behaviour planning 

capability, by first slowing down in response to the aggressive merge to see if it can 

continue its course without stopping, and accelerated back to the lane speed as soon as 

the vehicle was out of its lane. Unlike traditional approaches, which come to a stop when 

the actor vehicle infringes their planned trajectory [11], the autonomous vehicle with 

ATBP was able to demonstrate motion continuity. 

.  
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Figure 7.11: Performance in driver change-of-mind scenario (a) spatial (b) temporal 

 

As the ATBP continuously evaluates the outcome of its planned affordable behaviours, it 

is able to make these adaptations as the dynamic environment evolves. 

 

7.2.6. Emergency Manoeuvring 

Emergency manoeuvring is a critical functionality of autonomous vehicle for safe driving 

in the real-world and is necessary to either avoid a potential collision or reduce the 
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impact of an unavoidable collision. Some of the main reasons for requiring an emergency 

manoeuvring capability in the autonomous vehicle are: 

a. Sensing and perception uncertainty: The motion planning on autonomous vehicle 

works on sensor data that inherently have a degree of “detection uncertainty”. In 

addition, in the process of reducing the amount of data computed in real-time, the 

data filtering actions of perception system algorithms can sometimes miss 

potentially critical information until it becomes critical to the vehicle motion. 

b. Occlusions: In the real-world environment, the presence of buildings, trees and other 

environment furniture can sometimes occlude the presence of moving actors and 

resulting in their sudden appearance in the drivable space of the actor vehicle. 

c. Irrational/unruly behaviour of other actors: The autonomous vehicle could be faced 

with situations of emergency manoeuvre due to unruly driving (not following rules 

of the roads), irrational driving (sudden, unexpected and aggressive lateral changes 

in motion) by actors and require autonomous vehicle to appropriately change its 

behaviour to potentially avoid collision with the actor or the environment.  

 

The ATBP was designed to react to the emergency scenarios with either an emergency 

braking action or an emergency manoeuvring action which are both described below 

a. Emergency braking in the lane: The ATBP executes an emergency braking 

manoeuvre in a situation where the collision with a static obstacle/an actor can be 

avoided within the braking capacity of the subject vehicle i.e. the distance to the 

collision point is greater than the distance to stop with heavy braking (deceleration 

of up to 4.5𝑚/𝑠2). The distance to stop in emergency braking depends on the subject 

vehicle speed i.e. at higher speeds the braking distances are larger.  

b. Evasive manoeuvre: The ATBP executes an evasive manoeuvre in a situation where 

the collision point is located at a distance smaller than the emergency braking 

distance, and there is an adjacent lane available for safe manoeuvring.  

 

The ATBP emergency handling algorithm chooses the appropriate emergency 

manoeuvre in the event of an emergency scenario and the decision flow is depicted in 

Figure 7.12. As the ATBP continuously generates all affordable behaviour candidates 

(both spatial and temporal), including the emergency and comfort stopping temporal 

behaviours, it can reactively choose the appropriate emergency manoeuvre. 
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Figure 7.12: The “emergency manoeuvre” selection algorithm flow. 

 

The emergency manoeuvre scenarios were created on the lane 4 and 5 of the brake-

straights in Gaydon, and the capability of the autonomous vehicle was tested by creating 

two scenarios i.e. one for emergency braking and one for evasive manoeuvring as 

depicted in the birds-eye-view of the scenario with annotation in Figure 7.13 and Figure 

7.14. 

 

Figure 7.13: The emergency manoeuvring scenario- braking. 

 

Figure 7.14: The emergency manoeuvring scenario- evasive manoeuvre. 
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7.2.6.1. ATBP Performance Analysis and Discussion 

The emergency braking scenario was created by actor vehicle merging from the adjacent 

lane into the subject vehicle lane at a short inter-vehicle distance. To evaluate how the 

autonomous vehicle with ATBP adapts its deceleration based on the scenario dynamics, 

two emergency braking scenarios test cases were created by instructing the human-

driven actor vehicle to merge into the subject vehicle lane at two different inter-vehicle 

distances. Figure 7.15(a) and Figure 7.15(b) shows the spatial and temporal behaviour 

performance of the ATBP in one of the test runs. 

 

Figure 7.15: ATBP performance in emergency braking scenario 
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The vehicles decision to select a particular temporal profile in the stopping manoeuvre 

depends on the proximity at which the actor vehicle merged into the subject vehicle lane. 

The temporal tracks of the two braking manoeuvres test cases were overlaid to describe 

the difference in the deceleration profiles used. This demonstrates the adaptive reaction 

capability of the ATBP based on the scenario dynamics, showing that it is capable of 

selecting the right deceleration temporal profile even in the process of avoiding a 

collision. 

 

Figure 7.16: The braking profiles of comfort braking and emergency braking 

 

The second type of emergency manoeuvre test for the ATBP was that of evasive 

manoeuvre; where the actor vehicle was instructed to suddenly brake aggressively when 

the autonomous vehicle was following it at a close inter-vehicle distance. As can be seen 

through vehicle spatial tracks (position histories) in Figure 7.17 (a) the vehicle executed 

an evasive manoeuvre onto the adjacent lane on the right, which can be interpreted form 

the vehicles temporal motion planning in Figure 7.17 (b). The manoeuvre was executed 

at a safe distance allowing the subject vehicle to avoid a potential collision with the actor 

vehicle.  
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Figure 7.17: ATBP performance in evasive manoeuvre (a) spatial and (b) temporal 

 

Through the two types of emergency manoeuvring, the autonomous vehicle with ATBP 

demonstrated multi-faceted emergency responses, selected through proactive 

reasoning a capability generally demonstrated by expert human drivers. 

 

7.2.7. Summary of the Proving Ground Testing 

The proving ground tests were the first real-world tests of the proposed planning system 

in its complete form. The following inferences were drawn based on the results from the 

proving ground tests 

a. With the successful testing of the proposed motion planning system in the real 

vehicle, it can be argued that the autonomous vehicle with ATBP demonstrated 

“human-like” adaptation capability in complex, ambiguous and dynamic real-world 
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scenarios. It showed the ability to plan safe (no collision/ near-misses), efficient 

(reducing travel times through intersections, and improving motion 

continuity/eliminating unnecessary stopping) and comfortable motion (smooth 

spatial and temporal behaviour transitions). This is the first time an autonomous 

vehicle has been shown to navigate such wide variety of test cases successfully and 

expertly in the real world. 

b. The ATBP demonstrated motion behaviours adaptation both spatial (lane-change to 

avoid static obstacle scenario) and temporal (emergency braking scenario). This 

ability of adaptation is a result of the ATBP, continuously evaluating the outcome of 

its affordable spatial and temporal behaviours and tactically selecting the best one 

according to the scenario dynamics. It can be argued that with this adaptive 

behaviour planning capability, the ATBP can overcome the challenges urban driving 

scenarios presents better than the existing motion planning systems. 

c. Although the above tests were generally successful, there were few test runs, where 

the onboard sensor failed to accurately estimate the position and speed of the actors 

approaching the vehicle from the sides, resulting in the safety driver having to abort 

the tests and take over the vehicle control. Considering this unreliability of the 

sensing of actors approaching the subject vehicle from the lateral direction, for the 

public road trials a specific priority indication mechanism was necessary to be 

implemented on the TATA Hexa, which is described in section 7.3. 

 

7.3. ATBT Testing on Public Roads: Milton Keynes Trials 

Two Tata Hexa autonomous vehicles with the identical hardware and with the above 

described designed software algorithms were tested on the real-world public roads as 

part of the UK Autodrive trials in Milton Keynes. It was a collaborative trial involving 

autonomous vehicles (from TMETC and Jaguar Land Rover), connected vehicles (from 

TMETC, Jaguar Land Rover and Ford) and autonomous pods (from RDM) [186]. 

Members of the public including media and the government officials were given the 

opportunity to travel in the autonomous vehicles as part of this trial to demonstrate the 

developed autonomous capability. 

 

7.3.1. System Adoption for Public Road Testing. 

The priority indicator button: Owing to the functional limitation of the existing 

perception system (no traffic signal recognition) and the feedback of the proving ground 

tests (unreliable lateral sensor detections), a special provision was necessary to create 
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an added layer of safety for the public road tests. A merging priority button was 

implemented on the Tata Hexa for safe merging at intersections. The ATBP decision-

making was therefore needed to be suitably adapted to incorporate this button input. To 

account for this change, the ATBP Interpreted Priority function (discussed in section 6.3) 

was designed with a default state that assumed the vehicle had no priority to merge in 

the intersection until advised by the human driver. Consequently, the supervisory driver 

was instructed to press the priority indicator button in the following situations: 

a. At signalised junctions, the supervisory driver had to press the button when he can 

establish that the vehicle can successfully navigate the intersection with the traffic 

signal state on a green state. 

b. At a non-signalised junction, the safety driver had to press the button when he can 

establish from the actors arriving at the junction that the subject vehicle had the 

priority to merge. 

 

The perception system limitation meant the behaviour prediction functionality of the 

ATBP was effectively unused in the public road testing. The priority button is available 

to the supervisory driver after the vehicle crosses behaviour changepoint-2. Typical 

temporal behaviour plans from the press of the priority-button are shown in Figure 7.18. 

 

Figure 7.18: Illustration of temporal behaviours for different priority button inputs 

 

Although pressing the priority to merge button indicated the supervisory driver's 

assertion that the autonomous vehicle had priority, the ATBP still had the responsibility 

of planning behaviours that are safe, efficient and comfortable. Which meant the ATBP 

did not merge into the junction on the press of the button until there was a safe 

behaviour to merge. This implies that in the event the supervisory driver gave the 

priority merge button the and the intersection was blocked due to the presence of a 

vehicle and the autonomous vehicle would yield to the vehicle in the intersection. 
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7.3.2. Test route and scenarios 

The route used for the autonomous public road trials is shown in Figure 7.19, and 

consisted of travelling from the “Campbell cricket club” car-park to “Jaipur restaurant” 

car-park in Milton Keynes. It involved navigating a series of non-signalised roundabouts, 

going past intersections controlled by traffic lights and the car park at both the start and 

endpoints. The demonstrations for the media and the Government officials were carried 

out between 8 am to 5 pm over the first two weeks of October 2018, which led to 

autonomous vehicle navigating unique challenges of uncontrolled urban environments 

with free-flowing traffic. 

 

Figure 7.19: The autonomous driving UK Autodrive route. 
 

7.3.3. ATBP Performance in Public Road Trials 

The public road trial was a success and the autonomous Tata Hexa successfully 

demonstrated the autonomous driving capability over the two weeks period of trialling 

the technology on the public roads. There were few instances during the trial, which 

required the supervisory safety drivers to intervene and take-back manual control due 

to perception system issues (GPS outages, sensor detection failures) and motion control 

issues (delays in control response). The root causes of these issues are not described in 

this report as their development was not in the scope of the current research. This 

section describes some of the challenging scenarios the vehicle successfully navigated. 

In the ensuing analysis, two forms of images are shown, the “frontal image” and a 

“perception and planning composite birds-eye-view” image. The frontal image gives the 
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view of the vehicles front, as seen through the front camera sensor. The “composite 

“birds-eye-view” image shows the scenario and planning features i.e. the subject vehicle 

is shown in “yellow”, the orange dots are the LIDAR data points, the red polygons are the 

classified actors, the blue and green curves are the left lane bounds and right lane bound 

respectively and the planned trajectory was shown in “light blue” extending from the 

car. The length of the trajectory was proportional to the speed of the autonomous 

vehicle. The subject vehicle behaviour in the scenarios is narrated through the above 

images in this section. 

 

7.3.3.1. Adaptive Following: Driving in a Slow-moving Traffic Queue 

There were few instances where the autonomous Tata Hexa had to follow behind a slow-

moving queue, which involved the vehicle needing to travel at the speed of the queue 

and in a stop-start fashion. The performance of the Hexa vehicle with ATBP is described 

in one such scenario using Figure 7.20.  

 

Figure 7.20: The adaptive vehicle following - spatial path ad scenario extracts. 
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At the point marked “a” the subject vehicle approaches a slow-moving queue and have 

to start decelerating. At “b”, the vehicle has to queue behind the vehicle at slow speed. 

The vehicle follows the queue, reaches the entrance to the non-signalised roundabout, 

and waits for the margining gap to appear at point “c”. At point “d”, the vehicle travels 

and reaches the exit of the roundabout among the busy traffic. Finally, at point “e” it again 

comes to a stop behind a stopped traffic queue. Figure 7.21 shows the temporal motion 

of the autonomous vehicle in the scenario. The ability of the vehicle to navigate such 

uncontrolled complex scenario, where many actors were moving in close proximity of 

each other demonstrated the capability of the ATBP to handle busy traffic scenarios. To 

the best of our knowledge, there is no literature describing autonomous navigation in 

such busy traffic scenarios with actors in close proximity at peak traffic times. 

 

Figure 7.21: Autonomous vehicle temporal tracks in the adaptive vehicle following. 

 

7.3.3.2. Cut-in Scenario: Infringing the Autonomous Vehicle Trajectory 

One of the common features of urban driving scenario is actors infringing onto the 

planned motion trajectory of the actor vehicle referred in this research as a “cut-in” 

scenario. Two types of “cut-in” scenarios were frequently experienced during the public 

road trials, especially during peak traffic periods i.e. cut-in from the side road and cut-in 

from an adjacent parallel lane. Here the description of how the autonomous vehicle with 

the ATBP planning was able to successfully handle both the type of scenarios is given. 

Figure 7.22 illustrates the flow if a typical cut-in scenario of type-1, where an actor 

emerges from the side road into the subject vehicle path requiring the autonomous 

vehicle to modify its behaviour to accommodate the merged vehicle to avoid a collision.  
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Figure 7.22: The illustration of the cut-in scenario: actor merging from a side road. 

 

An example of the type-1 cut-in scenario encountered during the real-world testing is 

described in Figure 7.23. In Figure 7.23 (a), an actor vehicle appeared from the side road 

on the right and merged onto the adjacent parallel lane on the right of the autonomous 

vehicle lane. As the autonomous vehicle continued its motion, the actor vehicle merged 

onto the autonomous vehicle lane as shown in Figure 7.23 (b), needing the autonomous 

vehicle to suitably adapt its motion appropriately to avoid a potential collision  

 

Figure 7.23: The cut-ins scenario as seen from the front camera sensor. 

 

In response to an actor cutting-in to the subject vehicle lane, the autonomous vehicle was 

able to adapt its motion behaviour smoothly and comfortably, without resulting in harsh 

braking. This adaptation process is shown in the birds-eye-view fusion plot in Figure 

7.24, illustrating the trajectory shortening behind the actor vehicle. As seen in Figure 

7.24. at the time of the actor vehicle “cut-in” the autonomous vehicle did not have the 

opportunity to merge into the adjacent lane due to the presence of another actor and had 

to adapt its behaviour within the primary lane. 
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Figure 7.24: The cut-in scenario evolution: Actor merging from a side road 

 

As shown in Figure 7.25 the ATBP did not react to the trajectory infringement by 

planning a stop like the traditional motion planning techniques [11] but rather was able 

to use the fact that the target was moving to adapt the speed gradually.  

 

Figure 7.25: The ATBP temporal planning in the type-I cut-in scenario. 
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The typical type-2 cut-in scenario is illustrated in Figure 7.26, where the vehicle on the 

adjacent lane accelerates past the subject vehicle and merges in its lane, forcing the 

subject vehicle to modify its behaviour to accommodate the merged vehicle and avoid a 

potential collision.  

 

Figure 7.26: The illustration of the cut-in scenario: actor merging from a side lane. 

 

Figure 7.27 shows snapshots of the cut-in scenario as seen from the front camera sensor 

of the autonomous vehicle. In Figure 7.27 (a), an actor goes past the autonomous vehicle 

on the right lane. In Figure 7.27 (b), it starts to merge into the autonomous vehicle lane 

and in Figure 7.27 (c), the merge is complete and it speeds past the autonomous vehicle. 

 

Figure 7.27: The cut-in scenario 2, as seen from the front camera sensor. 

 

Figure 7.28(a) and Figure 7.28(b) shows the cut-in scenario developing where the actor 

vehicle on the right speeds up past the autonomous vehicle. In response to an actor 

cutting-in shown in Figure 7.28(c), the ATBP was able to use the fact that the target was 

moving to adapt the speed of the autonomous vehicle gradually without going for a 

braking manoeuvre. This adaptation process is illustrated by the trajectory shortening 

behind the actor vehicle from Figure 7.28(c) to Figure 7.28(d). 



171 
 

 

Figure 7.28: The fused perception and planning output of the cut-ins scenario. 

 

The ATBP temporal behaviour performance in Figure 7.29 shows how the subject 

vehicle speed was smooth through the cut-in manoeuvre, and similar to the type-1 cut-

in scenario it did not execute braking when its trajectory was infringed but adapted its 

behaviour demonstrating motion continuity.  

 

Figure 7.29: The vehicle speed adaption in the cut-ins scenario. 
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7.4. Lessons Learned and Discussion 

Testing in simulation and in the real world are two markedly different challenges, 

wherein the things one takes for granted in a simulation environment are either 

extremely critical (such as a collision/near miss) or unpractical (such as the assumption 

of fully working sensing and perception system) in the real-world. However, real-world 

testing is an important component of innovation and a pertinent measure of how the 

research works in application. Having demonstrated the superior performance of the 

ATBP against human drivers in simulator tests (chapter 6), it was essential to 

understand how capable it was to plan the autonomous vehicle motion in the real world. 

Due to the limited availability of the track facility and time for public road testing, it was 

not possible to create repeated test runs to check the performance consistency of motion 

planning. Therefore, the main aims of the real-world testing were to assess the expert-

human-like behaviour adaptation and decision-making capability of the autonomous 

vehicle with ATBP, in dynamic interaction-dependent, real-world urban driving 

scenarios. The salient learnings and the objectives of the study achieved from the 

activities discussed in the chapter are summarised below:  

a. The ATBP gave the autonomous vehicle adaptive following capability was 

demonstrated successfully in both the proving ground and during the public road 

trials. In these scenarios, the autonomous vehicle demonstrated the ability to 

smoothly adapt its motion behind a moving vehicle/queue that changed its speed 

multiple times. The adaptive following scenario in the real-world trial showed the 

capability of the autonomous vehicle to integrate into the scenarios inhabited by a 

human-driven vehicle travelling at close proximity, without causing disruption to 

the traffic flow. Such human-like motion behaviours, which enable the autonomous 

vehicle to integrate seamlessly into complex and dynamic real-world driving 

scenarios, can accelerate its acceptance with the public roads. 

b. Through the “driver-change-of-mind” scenario on the proving ground and the cut-in 

scenarios in the real-world tests, the ATBP demonstrated it smooth motion adaption 

capability. When the autonomous vehicle motion plan was infringed, instead of going 

for a braking manoeuvre, the ATBP demonstrated the ability to adapt its motion 

using temporal behaviour plans that maintained motion continuity. Such planning 

was possible because the ATBP continuously evaluates enabling the autonomous 

vehicle to adapt its motion according to the dynamic scenario when its trajectory 

plan is infringed. Motion continuity results in eliminating frequent unnecessary 

stops, which can contribute to traffic congestions in peak traffic scenarios. Such 

behaviours planning ability mimics expert human driving, who (unlike the 
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novice/non-confident drivers) always look to continue their motion unless stopping 

is the only safe option. 

c. The emergency manoeuvring planning capability of the ATBP was demonstrated in 

controlled environments on the proving ground where the different types of 

emergency scenario responses by the autonomous vehicle with ATBP were shown 

through emergency braking and evasive manoeuvring scenarios. Unlike planning 

systems, which evaluates their motion plan within the current scenario, the 

proactive planning of the ATBP gives it the possibility to reacting earlier than other 

systems, by tactically selecting the appropriate emergency manoeuvre (either 

braking or evasive manoeuvring). 

d. Adopting the developed algorithms from simulation (offline) environment to a real-

world platform involved significant integration and testing challenges. Solving these 

challenges gave a good insight into how the motion planning system integrates with 

other parts of the system. i.e. During the simulation testing, the perception system 

the planning system and the motion controller are all residing inside a single 

software platform with no constraints on communication such as bus-loading, and 

other communication bottlenecks. When implemented on the real-world these 

integration issues needed to be solved especially due to different systems residing 

in different platforms on the Tata Hexa vehicle.  

e. The perception system developed on the Tata Hexa was in its nascent stage of 

development, which meant parts of the system were untested or not functional. This 

was a unique system application challenge when migrating from simulation testing 

which essentially works on ground truth to a real-world vehicle platform. In 

addition, the sensing and perception limitation meant some of the ATBP 

functionality such as behaviour prediction was not tested in the uncontrolled real-

world environments and necessary adaption to the ATBP were required to be 

implemented for public road testing. 

f. The autonomous system tests on proving ground was a good pre-cursor for testing 

the vehicle in public roads as it provided a good place to test the algorithm 

functionality and performance in controlled environments. However, moving from 

the proving ground to real-world public road environment was a significant 

challenge, both from the aspects of not being able to control the environment 

variables such as behaviours of other actors etc. and the margin of error is less due 

to the consequence of failure. This meant additional safety measures were needed 

such as a system self-diagnostic (that were not part of the research objectives) to 

allow the system to be tested on public roads.  
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8. Research Discussion and Impact 

This chapter describes how the research objectives described in chapter 1 and explored 

further through a literature review in chapter 2, was, met through chapter 4-7 according 

to the research methodology described in chapter 3. This chapter is organised into five 

parts as follows: Section 8.1, provides an overall summary of the undertaken research, 

describing how the objectives of the research were achieved through a methodical 

approach. Section 8.2 highlights the main research contributions describing how the 

motion planning system, developed as part of this research unique. Section 8.3 gives a 

comparison of the proposed motion planning system against other successful motion 

planning systems. In section 8.4, the research influences are discussed, describing the 

potential of the undertaken research to both the industry and society. Finally, section 8.5 

provides the future work, describing the natural extension to the research work. 

 

8.1. The Research Summary 

The challenge for developing a truly “self-sustaining” autonomous ground vehicle is 

currently underway, with many different players developing working prototypes, to 

understand the challenges of introducing them in uncontrolled, free-flowing real-world 

environments [12]. Despite the great effort and the progress made in the last few 

decades, there remains significant roadblocks (legal framework, societal acceptance and 

technological) preventing the technology being accepted for mass application on public 

roads. One technological roadblock includes the vehicle inability to plan successful (safe, 

efficient and with acceptable drive comfort) motion in highly complex, ambiguous and 

dynamic interaction-dependent scenarios such as those experienced in real-world urban 

driving environments. Many human drivers, however, demonstrate the capability of 

navigating the same real-world scenarios, safely (without collisions/ near-misses), 

efficiently (shortest travel time) and with acceptable motion comfort on a daily basis, 

albeit with varying degree of success (levels of expertness). It was, therefore, proposed 

in this research that an autonomous vehicle with an “expert”, human-like motion 

planning system could solve the existing technological bottleneck of driving the 

interaction-dependent scenarios in urban driving environments. With the above 

premise, the research objective was formulated to designing a motion planning system 

solution for an autonomous vehicle capable of demonstrating expert human-like motion 

behaviours to navigate complex ambiguous and dynamic real-world environments, 

safely, efficiently and with acceptable motion comfort (chapter 1).  
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The motion planning of autonomous ground vehicle is a highly intricate planning and 

decision-making problem, generally tackled by apportioning the tasks between the 

global path planning system and the local planning system of behaviour planning and 

trajectory planning. It was, therefore, important to decompose the primary research 

objective into the individual subsystem objectives, to guide the literature review process 

carried out to identify technology gaps. The autonomous systems literature was 

reviewed systematically to establish suitable approaches for the three subsystems of the 

autonomous planning system as well as the existing research gaps to deliver a human-

like motion planning system capable of meeting the desired system objectives (chapter 

2). From the literature review, it was concluded that the global path-planning problem 

for on-road applications was already solved, with tested methods available within the 

literature capable of meeting the desired global planning system objectives. For local 

motion planning, it also concluded that the best approaches for local motion planning 

that cater to the objectives of planning human-like motion for autonomous were 

“interaction-aware” behaviour planning and “template-based” trajectory planning. 

Furthermore, two research areas were identified that needed to be addressed to fill 

existing research gaps in successfully demonstrating human-like, adaptive, motion 

planning ability of safe, efficient and comfortable motion in interaction-dependent 

scenarios. Firstly, a planning system framework that would integrate the global and local 

motion planning system in a manner that facilitates streamlining the different form of 

decision-making of the individual planning systems. Secondly, an integrated local 

motion planning system of behaviour and trajectory planning that can successfully adapt 

the vehicle motion by planning manoeuvrable trajectories that are safe, efficient, and 

maintain acceptable driving comfort to negotiate complex ambiguous and dynamic real-

world driving scenarios. 

 

A research methodology was then formulated to design solutions in the two identified 

research areas i.e. a planning system framework and a local motion planning system 

designed to mimic expert human-like manoeuvre planning and decision-making 

(chapter 3). The design, implementation and testing of the motion planning system 

framework called the Hybrid Autonomous Planning System (HAPS) were then 

described, illustrating how the conceptual idea was taken from design to testing on the 

real vehicle (chapter 4). The design, implementation and testing of the local motion 

planning system called the Adaptive Tactical Behaviour planner (ATBP) were then 

ideated, designed and implemented (chapter 5). It was then further improved and tested 

with the aid of two human driving studies (chapter 6) where it was shown through the 
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two simulator studies, that the autonomous vehicle with ATBP was superior to human 

drivers in manoeuvre planning and decision-making at interaction-dependent merging 

scenarios. The HAPS framework and the ATBP were implemented on real vehicle 

platforms and tested in the real world, in both controlled and on public roads with free-

flowing traffic (partially in chapter 4 and chapter 5 and fully in chapter 7). 

 

8.2. Research Contribution and Impact 

In this section the unique characteristics of the autonomous ground vehicle motion 

planning system solution are described 

 

8.2.1. Emergency Manoeuvre Planning 

The unique characteristic of the ATBP temporal behaviour planning is the continuous 

emergency manoeuvre planning, where the ATBP always plans an alternative 

emergency trajectory along with the target optimal and comfort trajectory. By planning 

an alternative trajectory for emergency manoeuvre, it makes the autonomous vehicle 

always ready to react without much deliberation time to avert a potential collision or a 

near miss when the scenario does not evolve as expected. Most state-of-art approaches 

does not exclusively plan emergency manoeuvre, and only react to the events after it has 

occurred. While such a strategy would suffice in a situation of less dynamic nature, in 

highly dynamic and interaction-dependent scenarios such as those in the urban driving 

environment, where actors move in close proximity, the reaction time available to avert 

a collision is significantly less. The combined approach of interaction-aware decision-

making and emergency manoeuvre planning through the ATBP gives the vehicle the best 

chance to avert collision by reacting decisively to avoid potential collision/near-miss as 

demonstrated in chapter 7. 

 

8.2.2. Proactive Motion Planning 

The planning system found in the literature are either deliberative, reactive or a 

combination of both. The ATBP, however, adds the proactive reasoning that enables 

tactical decision-making, i.e. when evaluating opportunities to merge at non-signalised 

intersections, it proactively plans the subject vehicles future motion by predicting future 

motion of interacting actors. Such characteristics give it a greater advantage to make 

successful assertive passes and taking opportunities for merging that arise at interaction 

dependent scenarios. The autonomous vehicle demonstrated the superior merging 

ability through proactive reasoning and tactical decision-making, by outperforming 
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human drivers in two simulator studies (chapter 6). The proactive reasoning approach 

of ATBP was facilitated by situation awareness (SA) module of the ATBP, which 

continuously updates the scenario context and behaviour affordances through the 

available perception data. By updating the behaviour affordances, it enables the 

generation of candidate behaviours (spatial behaviour and temporal behaviour 

possibilities), it through continuous updating the scenario context it enables the vehicle 

to make tactical decisions in real-time. In addition, with the combination of dynamic 

situation awareness and the continuously updated stopping trajectories, the proactive 

motion planning enables the vehicle to respond earlier to an emergency scenario 

through either evasive manoeuvre or emergency braking (described in chapter 7). 

 

8.2.3. Planning Space Decomposition 

In this research, a unique planning space decomposition approach was contributed, 

where the perception data were segregated into four information layers updated at a 

frequency of 20ℎ𝑧, generating the situation awareness necessary for successful motion 

planning in dynamic environments. Real-world urban driving environments are 

characterised by irregular shaped roads, a large number of actors (vehicles, pedestrians, 

cyclists etc.) in close proximity, high density of regulatory signs and road markings etc. 

While some of the features of the environment are static, others change at different rates 

creating different motion expectations on the autonomous vehicle, and requiring 

behaviour adaption vehicle for safe, efficient and comfortable motion. To enable the 

autonomous vehicle to process the information consistently and continuously produce 

manoeuvrable trajectory plans in real time requires abstracting the necessary 

information from the perception data. The form of data abstraction developed in this 

research through the Situation Awareness module of the ATBP (see chapter 5), enables 

the local motion planning algorithms to plan successful motion behaviours and make 

decisions to navigate a wide variety of driving scenarios, achieving the planning system 

objectives. Our method planning space decomposition overcomes two common hurdles 

that affect the current motion planning systems. Firstly, it intelligently limits the amount 

of perception data that the planning system has to process in real-time, enabling the 

planning system to meet the objective of real-time trajectory generation. Secondly, by 

segregating the information within different layers it facilitates the hybrid form of 

decision-making within the ATBP.  
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8.2.4. Planning Task Apportioning 

In planning system that involve hierarchies of planners, the subsystems lower down the 

hierarchy are often limited by the constraints put by the higher-level planners. The limits 

the decision-making freedom of the lower level planners, making them inefficient and 

sometimes unreliable in dynamic scenarios. In this research, a motion planning system 

framework called HAPS contributed, that apportioned the planning tasks such that 

greater responsibility is given to the local planning system (behaviour and trajectory 

planning) within the planning hierarchy. This apportioning of the task gives the local 

planning system the scope to evaluate a greater number of plans at that level, 

uninhabited/not constrained by the global path planning system. The HAPS creates a 

hybrid control strategy of enabling both centralised and distributed control, where the 

planner at higher-level acted as guidance rather than putting limiting constraints on the 

lower level planners. The global path planning system was responsible for making 

decisions that affect the longer-term planning objectives such as selecting the lane in the 

road or exit at an intersection, to enable the autonomous vehicle to reach the desired 

goal. However, the local level had the freedom and the final responsibility of the spatial 

and temporal motion of the vehicle. In our approach with the global path planning acting 

just as guidance, the local planning systems generate behaviour candidates that covers 

a richer area of the affordable space, which gives them a better chance of finding feasible 

trajectories when navigating complex shaped urban driving scenarios. This HAPS also 

incorporated the three decision-making types used by human drivers within its 

decision-making paradigm: consisting of strategic decision-making, tactical decision-

making and operational decision-making. 

 

8.2.5. Naturalistic Adaptive Behaviour Planning 

The shape of the spatial and temporal behaviours, which constitute the two parts that 

form a trajectory are the determinant of the vehicle motion-comfort. In this research, an 

“affordance-based” spatial behaviour generation algorithm was contributed, that 

generated feasible behaviour candidates within the spatial affordance space (chapter 5) 

and temporal behaviour generation algorithm that generated temporal behaviour 

candidates within the temporal affordance space (chapter 6). In the real-world 

environment, the affordance space for spatial planning and temporal planning is 

dynamically changing, requiring adapting the shape of the behaviours candidates to 

continuously generate feasible behaviours. Our approach contributed a naturalistic 

human-like behaviour candidate generation approach, where the temporal behaviour 

candidates ware designed aided by the learning from two human driving experiment. 
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Our behaviour candidate generation method overcomes the common “dimensionality 

drawback” of motion planning: i.e. the burden of dimensionality, where the number of 

feasible motion candidate trajectories increases exponentially with the increase in the 

dimensions in the planning space. The behaviour candidate generation considers the 

vehicles non-holonomic motion constraints, the vehicles acceleration and deceleration 

capabilities at the early stage, reducing the number of generated candidates, without 

compromising on motion feasibility within the spatial and temporal planning affordance 

spaces. The outcome of the naturalistic behaviour planning is a resultant trajectory that 

when executed makes the vehicle motion more human-like and less robotic (stop-start). 

This naturalistic human-like motion of the autonomous vehicle has the potential to 

reduce the confusion caused among other traffic participants at interaction scenario. 

Chapter 7 highlighted some examples where the autonomous vehicle demonstrated 

expert human-like motion-planning capability in real-world environments. 

 

8.2.6. Flexible End State 

A local motion planning method where the end state of the trajectory plan was flexible 

with no restriction to a fixed endpoint was contributed. This allowed our local motion 

planning to explore the complete affordance space to establish motion feasibility. Also, 

in the behaviour generation algorithm, the choice of our behaviour candidate length was 

made flexible through an adaptable horizon to give a better chance of having a more 

continuous, (less-interrupted) motion in real-world (as seen through examples in 

chapter 7). Whereas other motion planning approaches choose a fixed goal point or a 

goal distance for the trajectory at each planning cycle, in the current approach the 

vehicles current speed was used to make the planning horizon adaptable giving our 

approach two unique advantages. Firstly, it minimises the cost of computation when 

travelling at a slower speed in urban environments, where the plan needs to be 

evaluated against a greater number of actors and environment features for safety. And 

secondly, it removes the restriction of having to aim for a fixed end state (location and 

speed) as in a dynamic environment a fixed end state can suddenly become non-feasible 

or non-optimal. Our planner continuously adapted its end state based on the 

environment dynamics (through the mechanics described in chapter 5 and chapter 6), 

allowing the planner to adapt to changing road conditions by changing the length of the 

plan.  
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8.2.7. Application and Testing on Real-world Platform 

In this report, the design and implementation of the motion unique human-like motion 

planning system approach for autonomous passenger vehicle navigation is described. 

There were three main application stages described in this innovation report, which 

include: 

a. Implementation and testing of HAPS: Through this research, the first 

implementation and testing of the Hybrid Autonomous Planning System framework 

was demonstrated that was deployed on a Tata ACE electric vehicle platform. This 

was the first of its kind demonstration for TMETC and mock-up test scenarios were 

created at the proving ground in Gaydon, UK to test the autonomous system 

including the HAPS. The innovation report describes the research which was 

initiated with the problem identification (chapter 2), to the design, implementation 

and testing (chapter 4). This application and successful testing activities described a 

route to the application, where the ideas developed offline, were materialised and 

tested in the real world on a vehicle platform. 

b. Through this research, a partial implementation of the Adaptive Tactical Behaviour 

Planner (ATBP) was demonstrated on the Tata Hexa SUV passenger vehicle on city 

roads in the UK. This was the first of its kind large-scale autonomous technology 

demonstration in the UK on public roads[186].  The ATBP consisted of an adaptive 

spatial behaviour planning was combined with a rule-based speed assignment and 

was successfully tested on an urban public road environment in the streets of 

Coventry city, UK. This also described the route to algorithm development from 

ideation, through the implementation of the concept through to testing on the real-

world platform (chapter 5). 

c. The complete implementation of the ATBP deployed on the Tata Hexa was firstly 

tested in controlled environments on proving grounds before being demonstrated 

on public roads as part of a connected technology and autonomous vehicle 

collaborative trials on the streets of Milton Keynes city [186]. Due to the limitation 

of the perception system, special adaptions had to be implemented in the decision-

making process of the ATBP to handle intersection scenarios (chapter 7). 

 

8.3. Comparison the Planning System to Existing State-of-art 

Having shown in Chapter 5, Chapter 6 and Chapter 7 that the motion planning system 

developed in this research was able to meet the research objectives, in this section, the 

proposed planning system approach is compared to other motion planning system 
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approaches found within literature. In most cases, it is difficult to do a direct one-on-one 

comparison with the other approaches, as their planning system implementations are 

not accessible either to test in simulations or to run on our vehicle platform. Therefore, 

it was decided to do the comparison of the planner features that are necessary for an 

autonomous vehicle to achieve the desired planning system objectives (identified in 

chapter 1 and 2) in real-world driving scenarios. Through this subjective comparison, 

the advantages of the proposed motion planning system approach over the other 

approaches on the objective of either safety, efficiency or motion comfort are discussed. 

The planning system works chosen for comparison include the classical “Rule-based” 

approaches, the fusion-based approaches, the notable successful approaches from the 

DUC 2007 (CMU’s vehicle “Boss”, Stamford University’s vehicle “Junior” and MIT vehicle 

“Talos”) and the more recent sampling-based approaches. These planning system 

approaches were chosen for this comparison, due to the substantial material available 

online to allow the feature comparison.  

 

8.3.1. Comparison with Rule-based Approaches 

As driving on public roads requires that the vehicle adheres to a set of defined rules 

designed to govern the flow of traffic and to resolve conflicts in motion, the planning 

system on early autonomous vehicle prototypes were built around a decision tree as a 

rule-based system. This rule-based system approach made them compliant to the 

driving rules. Other advantages of this approach were that it was simplistic in design and 

guaranteed an action through the defined response to a particular scenario and did not 

have the intractability problem of large search-space. However, designing a planning 

system with this approach, to cater to complex, ambiguous and dynamic urban driving 

scenarios would result in a taxonomy of hundreds of individual decision trees, with a 

prescribed response for each. The rule-based planning system approach, therefore, has 

been preferred for autonomous planning only in standalone scenarios of less complexity 

and low dynamics. Some well-known implementation of the rule-based approaches 

includes D Reece [196], Niehaus et al [197], Sukthankar’s MonoSAPIENT [89]. While 

adhering to the rules of the road is inherent in its design, this planning system with the 

rule-based approach does not explicitly evaluate the outcome of its decisions [158]. By 

contrast, the ATBP explicitly evaluates the outcomes of all affordable trajectory 

candidate’s candidate plan at every iteration, offering a stronger guarantee of safety. The 

ATBP also demonstrated its ability to adapt its behaviour planning and decision-making 

based on the dynamic scenario (chapter 7), while the non-adaptability of the rule-based 
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system make them inefficient and sometimes unsafe in scenarios for which the rules are 

not explicitly designed. 

 

8.3.2. Comparison with Command Fusion Approaches 

With the monolithic rule-based approaches suffering from the complexity of large 

taxonomy of decision trees, a fusion-based approach was seen as an improvement where 

firstly a small (manageable) set of actions are abstracted from the complete set of 

possible plans and an arbitration mechanism is used to select the best action. An example 

of such approach is Sukthankar’s PolySAPIENT [158], where the arbitration framework 

uses a narrow list of actions such as “speed-up”, “slow-down”, “change-left”, “change-

left-and-slow-down, etc., to arrive at the desired action for the vehicle. In the fusion-

based approach, the planning system has distributed set of tactical reasoning “experts” 

that work independently, each focusing on a specific part of the reasoning task (such as 

tracking an actor in front, tracking the actor following in the rear, or tracking the actors 

at the exit of intersection etc.). These independent reasoning experts assess the impact 

of their tactical actions and make recommendations expressed in terms of votes that are 

sent to the arbiter to decide on the next vehicle action. Although these approaches are 

evidently more capable than rule-based approaches, they lack the adaptive, behaviour 

planning, and tactical and reactive decision-making capabilities of the ATBP to 

successfully handling complex and highly dynamic scenarios such as the emergency 

manoeuvring and driver-change-of-mind etc. Such scenarios require both precise 

evaluations of all vehicle affordable motion plans, while the fusion-based approaches 

only deal with abstract actions whose outcome is not completely evaluated before the 

arbitrator chooses to select them. Command-fusion based planning system approaches 

were seen implemented at the DARPA Urban Challenge 2007 by Team AnnieWAY [91] 

and Team CarOLO [95]. 

 

8.3.3. Comparison with the Stanford DUC 2007 Planner 

The planning system approach on the Stanford University vehicle “Junior” at the DUC 

2007 was partially similar in principle to our approach, in how their approach 

apportioned the planning system tasks between the global and local motion planning 

systems. The behaviour planning in Junior was built using a finite state machine (FSM) 

to invoking different motion behaviours of the vehicle and to prevent decision deadlocks, 

while for the trajectory planning a set of trajectories were generated parallel to the lane, 

each at different lateral offsets from the road centreline. While the approach was 

successful at avoiding obstacles and completing its mission, it lacked the ability of quick 
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adaptation and proactive decision-making demonstrated by the ATBP in chapter 7. The 

planning system on Junior shifted between lane-based planning for simple lane-

following scenarios to search-based Hybrid A*, to handle intersection and blocked lanes 

and was shown to take significantly longer time to negotiate intersection waiting until it 

was completely clear (similar to a novice driver). This limitation of decision-making 

would make it impossible to show the capabilities demonstrated by the proposed motion 

planning system through the driver-change-of-mind and emergency scenarios in 

Chapter 7.  

 

8.3.4. Comparison with the CMU DUC 2007 Planner 

The autonomous vehicle developed by the Carnegie Mellon University team that won the 

DUC-2007 was also partly similar to our approach in principle, in the manner of their 

planning system distribution of tasks between the global and local motion planning. For 

local motion planning the CMU approach planned the spatial behaviours using a space 

lattice and used a speed assessment for temporal behaviour generation similar to the 

one used in the early testing of the ATBP (chapter 5). While our approach of creating 

motion trajectories are similar in principle of combining the spatial and temporal 

behaviours, there are some critical differences. The CMU’s lane changing method does 

not accounting for static obstacles beyond the stopping distance [198], which can result 

in situations where the vehicle starts a lane change manoeuvre that leads to it getting 

stuck behind a stopped vehicle or a static obstacle etc. In the for lane-change manoeuvre 

with the proposed planning system, the information available is evaluated at different 

horizons; firstly, at strategic level decision-making within the global planning, which 

evaluate the environment information to establish blocked lanes etc. making them 

unavailable to the ATBP for a lane change manoeuvre. Secondly, the candidate spatial 

trajectories are evaluated against the local environment using the static obstacle layer 

for a distance beyond the stopping distance up to 100 metres (limited by sensor range) 

along the chosen route. The CMUs planning approach also hit many planning issues 

needing it to go into the recovery mode leading to delays in replanting including failing 

to move-off after queuing behind another vehicle at the intersection, swerving towards 

a kerb due to incorrect detection of another vehicle etc.,[199]. In the proposed approach, 

it was successfully demonstrated that the ATBP can process subtle cues of the 

dynamically evolving environment to adapt the autonomous vehicle behaviours through 

the interaction dependent scenarios without coming to a stop unless it was the only 

option available (chapter 6 and chapter 7). In addition, the CMU planning approach also 
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did not describe how it would deal with the emergency scenario, which is critical to safe 

operation in the real world. 

 

8.3.5. Comparison with the MIT DUC 2007 Planner on “Talos” 

The MIT’s autonomous vehicle planning system used a rapidly-exploring random tree 

(RRT) approach for its motion planning. While the RRT approach is versatile and can 

guarantee to find a plan if one exists, it can sometimes run for long periods if allowed, 

without time-bound, creating practical problems for a real-time application. The RRT 

based approach also have difficulty planning continuously smooth temporal behaviours 

as demonstrated in Zhou and Jiang [53], where they claimed through experimental 

results, that an RRT-based planning system was unable to drive at a consistent speed 

along a softly curved road with no traffic. In addition, the MIT planner only deliberated 

on its merging opportunities after it arriving at junctions [200], which results in the 

vehicle coming to a stop even when not necessary (similar to a novice driver). The ATBP 

approach demonstrated the ability to plan continuous motion both in simulation and on 

real-world when approaching intersection enabling the autonomous vehicle to have 

motion continuity. The MIT planning system on Talos was shown to take up to 10 

seconds to decide on a passing manoeuvre for stopped vehicle or a slow-moving vehicle 

[200], such deliberation time can contribute to traffic congestion especially in 

interaction dependent scenarios. There were two main collisions incidences the MIT 

planning system was involved in wherein the collision case with the Team CarOLO it 

failed to perceive a moving vehicle in the intersection and continued to plan motion 

around it, and in the collision case with Team SkyNet, it failed to anticipate unexpected 

behaviour from a moving vehicle [200]. The unique decision-making characteristics of 

our approach, aided with the dynamically updated situation awareness, would have 

prevented the vehicle from planning a path around a moving vehicle at the intersection 

in the case of the MIT's Talos incident with CarOLO vehicle. And secondly, unlike the RRT 

based planners, our approach plans emergency manoeuvres at all times, giving it’s the 

ability to react quickly in case of unexpected behaviours from other actors to either avoid 

a collision or reduce the ensuing impact in case of unavoidable collisions, which would 

have prevented the incident with the Team SkyNet vehicle. 

 

8.3.6. Comparison with Sampling Approaches 

Several sampling-based planning approaches have been published since the DUC 2007, 

including the well-cited work by the researchers affiliated with Team AnnieWAY 

(“Karlsruhe/Werling”[201], “Karlsruhe/Ziegler”[202]) and Broggi [203]. In the “Ziegler” 
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sampling-based planning approach [106], the authors used a regular lattice using the 

reference of the lane centerline and then generated a motion plan using regularly 

sampled transitions within the lattice structure. In their lattice-based planning 

approach, they used assigned velocity as discrete points of the lattice rather than 

planning at intervals, which can sometimes put greater pressure on the execution system 

requiring large accelerations to achieve the desired system state [198]. The “Werling”, 

sampling-based planning approach [201], is similar to our approach in principle, where 

it generates a set of spatial behaviour candidates offset from the road centreline with a 

flexible endpoint as a function of time, and independently generates set temporal 

behaviour candidates also as a function of time. It then combines them to form a set of 

trajectories candidate that are selectable through real-time decision-making. However, 

unlike the ATBP, the behaviour generation is not naturalistic, and the approach was only 

tested in simulation. The sampling based approaches [201]–[203] haven’t tested in the 

real-world scenarios which include: emergency manoeuvring, adaptive following, 

driver-change-of-mind etc., (tested in chapter 7). In Broggi [203]the implementation 

planning system framework had a separated behaviour and trajectory planner with no-

inter planner feedback, a framework design that was considered as bottleneck for fast 

adaptive behaviour changes to mimic expert human drivers. The authors did say that the 

behaviour of the autonomous vehicle was not consistent with human driving style. 

 

8.4. Research Influence- The Big Picture 

The novel human-like motion planning system approach described in this report can 

potentially have both direct and indirect impact/influence on how the autonomous 

vehicles of the future become an integral part of the real-world ecosystem. The section 

highlights the essence of this impact in five major areas: 

a. The technological impact: Autonomy in the ground vehicle has been trialled 

extensively on public roads with vehicle prototypes covering million on real-world 

miles. However, the autonomous vehicle technology has remained limited to driving 

in less dynamic or controlled environments. Also, the vehicles have been described 

as “too robotic” wherein they have shown to be having difficulty integrating with 

other forms of traffic and sometimes getting stuck in traffic due to decision-making 

impasse. In this research, a human-like motion planning solution for the autonomous 

vehicle was designed, that was demonstrated to be capable of planning naturalistic 

motion behaviours and interaction-aware tactical decision-making to navigate 

highly complex, ambiguous and dynamic real-world environments. With the 

algorithmic approach developed through this research, it has shown superior ability 
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against human drivers in the simulation testing. This naturalistic human-like motion 

planning capability can enable the autonomous vehicles to seamlessly integrate 

within the ecosystem inhabited by other actors, without causing infringement to 

normal traffic flow. This seamless integration can accelerate the technology 

acceptances for mass application on public roads.  

b. The economic impact: The planning system developed through this research was 

instrumental in delivering two successful autonomous vehicles as part of the UK 

Autodrive trials. The overall project worth was approximately 20 million pounds, 

with the internal worth to TMETC being approximated to be up to 2.5 million pounds. 

However, the biggest economic gain of the successful technology application would 

come from reducing the social and economic cost of traffic collisions, which costs 

economies of countries in Europe billions of pounds[204] and US billions of 

dollars[205]. With the planning system developed in this research showing superior 

ability (avoiding collisions and near misses) then human drivers, successful 

application of the proposed approach in an autonomous vehicle can significantly 

reduce those economic costs. 

c. The environmental impact: The increasing number of vehicles on the roads the 

traffic congestion problem in all cities of the world has grown significantly. A study 

in the US in 2014 [206], claimed the congestion increased in the urban city 

environments, increasing the by 6.9 billion hours, which in turn resulted in the 

purchase of 3.1 billion gallons additional fuel and approximated cost of $160 billion. 

Although this study did not explicitly focus on estimating the environmental impact 

factors, the improvement shown by autonomous vehicle against human driving 

including reducing average navigation time, reducing waiting time at junctions, and 

motion continuity can indirectly reduce the fuel used if the vehicle is powered by a 

conventional fuel (petrol/diesel) powertrain. 

Social Impact: Apart from improving road safety where greater than 90% of 

accidents are reported to be due to human errors, the successful application of the 

proposed autonomous motion planning system can have other societal benefits. 

Studies show that since 2005 the population in cities has been steadily growing and 

is estimated to be double the size of the rural population by 2050 [207]. Also, a large 

proportion of the population cannot drive for example the 2016 US Census 

Bureau[208],   almost 24% of the population are below 18 years of age (too young to 

drive) about 15% of the population is above 64 years (generally considered too old 

to drive). In addition, 2017 disability statistics in the US [209] suggests about 12% 

of the population between the ages of 18 and 70 claim some form of disability  
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(although the number of those disabilities directly inhabiting driving ability is not 

known). This research demonstrated how the technology can be successful negotiate 

city environments which can potentially form the personal mobility solution to 

people who either cannot obtain a driver’s license or hampered by physical 

challenges, thus improving their quality of life. 

d. Policy influence: The planning system developed as part of this research was one of 

the pillars of the autonomous system developed by TMETC for the UK Autodrive 

project in both the city of Coventry in November 2017 and Milton Keynes in October 

2018. This enabled policymakers such as government officials, council members etc. 

to experience the technology at first hand. This experience of being in an 

autonomous car, gas not just increased their belief in the technology but also gave 

them the insight into how this technology can improve the quality of life if the 

existing challenges faced by the technology such as “limited infrastructure” and 

“policy constraints” are rectified. 

 

8.5. Future Extensions 

a. Parallelisation with increased computations: An important aspect of the design of 

the proposed local motion planning system is the generation of the spatial and 

temporal behaviour profiles. With the template-based approach using the Bezier 

curve, it was possible to generate multiple behaviours within the affordable 

envelope. The subsystems that generate the spatial and temporal behaviours were 

independent modules running in parallel. This unique integrated approach of the 

systems within the ATBP allows the individual systems to be scaled-up i.e. the 

number of candidates generated by the algorithms can be exponentially increased 

with increasing computational power. Evaluating how the scaling up of the system 

improves the performance of the ATBP can be a good future direction, as having 

more candidates would result in smoother transitions speed transitions. 

b. Task Learning: Every real work scenario has unique features and the behaviour of 

the actors in each scenario could vary based on driving population demographics, 

driving habits, time of the day etc. among other factors. Having a planning system 

with the capability to learn online gives the autonomous vehicle great advantage of 

adapting to all types of real-world scenarios. The system task-learning capability was 

not explored in this work and task learning can improve the capability of the system 

to be more suited to driving in different real-world driving environments. 

c. Improving behaviour prediction: Due to the sensing and perception limitation, the 

behaviour prediction module of the ATBP was not fully tested in the real-world 
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public roads. In the real-world the behaviours of the actors are truly independent 

and as they try to optimise their motion there exist a possibility of the actors 

frequently changing the mind to merge creating complication to the decision-making 

system of the subject vehicle. The behaviour prediction approach used within the 

ATBP needs to be tested for such scenarios, where there is frequent driver change of 

mind, aggressive/ irrational driving and the capability extended if necessary. 

d. Optimising memory footprint: Memory footprint is an important consideration in 

cost-optimal embedded systems. As the current research remit was to demonstrate 

only a prototype of the technology memory footprint optimisation was not looked 

at. Optimising the algorithms for computation and memory requirement can be a 

natural extension to the current work. 
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9. Conclusions 

This Innovation report is based on a work of application engineering, considering that 

an application engineer’s goal is to create a sufficient solution to an identified problem 

or need. The solution designed and tested through this research may be narrowly 

specific to the identified research needs, and it is reasonable to expect that other 

solutions may exist to satisfy the same need. The solutions and contribution arrived 

through this research does not lays claim to being applicable universally, nor to be the 

best possible solution, but to be effective, satisfactory, and optimal in achieving the 

identified objectives to the research problem.  The two foremost contributions of this 

research are the motion planning system framework (HAPS), - enabling hybrid forms of 

decision-making in autonomous vehicle and an integrated local motion planning system 

(ATBP), which combined the behaviour and trajectory planning system to achieve the 

desired characteristics of expert human driving. Secondly, the application of knowledge 

was demonstrated by implementing and testing the proposed motion planning system 

on a real vehicle platform, both in controlled real-world environments as well as among 

uncontrolled, free flowing traffic of public roads. The autonomous vehicle with the 

proposed motion planning system demonstrated for the first time the unique motion 

behaviours to “expertly” negotiate through human-like behaviour adaptation a select list 

of complex, ambiguous and dynamic interaction-dependent scenarios on a real vehicle 

platform. The main conclusions that were realised throughout this research work to 

develop the proposed system are shown below: 

a. Having identified negotiating interaction-dependent scenarios was one of the critical 

limitations of the existing autonomous systems, a motion planning approach was 

proposed in this research, taking inspiration from the human driver’s ability to 

expertly navigate such scenarios. Motion planning for autonomous vehicles 

operating in urban environments is a complex data processing and decision-making 

challenge, starting from planning the path to a goal, to generating trajectories that 

avoid collision with actors and environment furniture and follow traffic regulations 

at the same time. A set of motion planning objectives were therefore identified to 

evaluate the capability of the developed motion planning solution. 

b. A systematic review of the existing state-of-art was conducted to identify the gaps as 

well as the approaches suitable to develop a human-like motion planning system, 

capable of successfully negotiating interaction-dependent scenarios safely (no 

collisions/ near-misses), efficiently (time-efficient) and with acceptable motion 

comfort. The review highlighted that the area of global path planning was quite 
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mature with existing approaches (graph-search and sampling-based) capable of 

achieving all the desired global path planning objectives. The area of local motion 

planning consisting of behaviour planning and trajectory planning, however, needed 

addressing to achieve the local motion planning objectives. It was concluded that, in 

order to enable an autonomous vehicle to replicate human-like ability of dynamically 

adapting the motion behaviours and decision-making to successfully negotiate real-

world dynamic scenarios, the autonomous vehicle would require an integrated 

behaviour planning and trajectory planning solution. With this premise, the 

interaction-aware behaviour planning approach and the template-based trajectory 

planning approach was considered the best suited for enabling the vehicle to make 

behaviour choices in complex, ambiguous and dynamic scenarios and plan “human-

like” spatio-temporal trajectories within the dynamically changing spatial and 

temporal affordances of the real-world environment. Also, it was identified that a 

motion planning system framework was necessary that would successfully integrate 

the chosen global path planning approach and the integrated behaviour and 

trajectory planner system to firstly streamline the perception system data as well as 

facilitate the hybrid form of decision-making.  

c. The algorithmic contributions of this research fall mainly in two main areas: The 

Hybrid Autonomous Planning System (HAPS) framework and the Adaptive Tactical 

Behaviours Planner (ATBP). The HAPS was unique in its integration of the planning 

system processing and decision-making modules, allowing hybrid reasoning, 

(combining deliberative, proactive and reactive reasoning), hybrid control 

(combining top-down and bottom-up control), distributed processing and layered 

integration with the perception system. The ATBP was unique IN ITS planning space 

decomposition, proactive reasoning, tactical decision-making, flexible end-state and 

naturalistic behaviour generation. The aforementioned, unique characteristics of 

our motion planning system enabled the TMETC autonomous vehicle to 

demonstrated human-like adaptive behaviour planning and tactical decision-making 

to expertly negotiate complex, ambiguous and dynamic scenarios. The autonomous 

vehicle ability to negotiate scenarios such as driver-change-of-mind, adaptive and 

bypassing slow moving vehicles, adapting to aggressive manoeuvres in the 

autonomous vehicle lane by other actors etc. were described in this report.  

d. The “naturalistic” temporal motion-planning algorithm for the ATBP was developed 

by learning the behaviour patterns of “expert” human driving. The data for extracting 

this behaviour pattern was generated from two separate simulator-based human 

driving studies. The research preferred the simulator-based approach to real-world 
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experimentation, because of two major reasons: firstly, it is difficult to create 

repeatable interaction scenarios in real-world driving environments. Secondly, the 

consequences of a potential collision are far greater in the real world, due to both the 

cost of damage to the vehicle and surroundings and the physical and mental harm to 

participating human drivers. Although driving simulators compromises on the 

naturalness of the real-world driving, the benefits of repeatability and safety 

outweigh the limitations.  

e. In the two separate simulator studies, the proposed motion planning solution was 

tested in the same scenarios presented to the human driving participants. The 

autonomous vehicle showed superior motion planning performance against the 

human drivers in both studies, by successfully negotiating the dynamic variations of 

interaction dependent scenarios safely (no collisions or near-misses), efficiently 

(least navigation time, more number of successful assertive passes) and with 

comfortable motion (maintaining longitudinal and lateral accelerations within 

desired limits). 

f. One of the major limitations of the existing autonomous vehicles planning systems 

is their inefficient decision-making in scenarios with ambiguity. The defensive 

decision-making strategies seen in the current autonomous systems results in the 

vehicle motion being “stop-start” as well as making them susceptible to decision-

making impasse with other actors in scenarios [11], [210]. Such stop-start 

motion/decision impasses can potentially result in traffic queues and cause 

passenger discomfort. Our motion planning system demonstrated the capability of 

proactive reasoning, enabling the autonomous vehicle to explore the possibility of 

tactically negotiating scenarios with conflict, by looking for motion continuity and 

eliminating unnecessary stops.  

g. Depending on the skill level of the other actors, or the risk they are willing to take, a 

real-world driving environment can present situations where the autonomous 

vehicle may be faced with a potential collision or near miss events. Such a situation 

necessitates that the autonomous vehicle has the capability of emergency 

manoeuvring to either avoid a collision or to minimise the impact of an unavoidable 

collision. This research demonstrated two different forms of emergency 

manoeuvring capabilities i.e. emergency braking and evasive manoeuvring. This 

dual form of emergency manoeuvring coupled with its proactive reasoning ability 

gives the autonomous vehicle with the proposed motion planning system the 

possibility to tactically select the appropriate manoeuvre in a situation emergency. 
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h. The challenges of the real-world environments are difficult to replicate in a 

simulation, because in a simulation environment the real-world challenges such as 

sensor uncertainty, uncertain delays in communication etc., are difficult to mimic 

effectively. Therefore, it was necessary to evaluate the ability of the proposed system 

in a real vehicle platform to see how it dealt with the environment uncertainty and 

communication delays. The real-world testing was done in two stages to allow 

systematic system improvement. The adaptive behaviour planning and decision-

making capability of the proposed system were evaluated with an array of 

interaction scenarios such as driver change-of-mind, bypassing slow moving vehicle, 

following an aggressive human-driven vehicle, bypassing a static object at different 

speeds etc. The testing not only allowed understanding the performance of the 

motion planning system but also highlighted the limitation of the perception system, 

which necessitated adaptation in the motion planning before the vehicle was tested 

on public roads.  

i. As human-driven vehicles are expected to be part of the real-world driving 

ecosystem for a long time, successful autonomous integration within such an eco-

system would need them to demonstrate human-like “naturalistic” behaviour 

planning and decision-making abilities to avoid adversely disturbing the traffic flow. 

The TMETC autonomous vehicle with the proposed motion planning system 

successfully demonstrated the capability of integrating into the real world, by 

successfully negotiating free-flowing traffic in urban environments with human-

driven actors moving in close proximity. 

j. This research study enabled TMETC vehicles equipped with the proposed planning 

system to successfully demonstrate autonomous technology on public roads in a first 

of its kind demonstration in two cities of UK as part of UK Autodrive [186]. This 

successful navigation of the technology not only helped overcome the perceived 

barriers of the government officials present at the demonstration but also enabled 

them to understand the limitations of the existing road infrastructure to support the 

smooth introduction of the technology.  

 

  



193 
 

References 

[1] IDM; and C. McIntosh, The Cambridge Advanced Learner’s Dictionary, 4th ed. 

Cambridge: Cambridge University Press, 2013. 

[2] U. Ozguner, T. Acarman, and K. Redmill, Autonomous Ground Vehicles. Norwood, 

UNITED STATES: Artech House, 2011. 

[3] K. H. . Cardew, “Automatic Steering of Vehicles - An Experimental System Fitted 

to a DS 19 Citroen Car,” Crowthorne, Berkshire, 1970. 

[4] P. J. Antsaklis, K. M. Passino, and S. J. Wang, “An introduction to autonomous 

control systems,” IEEE Control Syst., vol. 11, no. 4, pp. 5–13, Jun. 1991. 

[5] E. Ackerman, “Self-Driving Cars Were Just Around the Corner in 1960,” IEEE 

Spectrum, 2016. [Online]. Available: https://spectrum.ieee.org/tech-

history/heroic-failures/selfdriving-cars-were-just-around-the-cornerin-1960. 

[Accessed: 13-Mar-2017]. 

[6] B. Walker, “The timeline of automation,” 360.here.com, 2017. [Online]. Available: 

https://360.here.com/the-timeline-of-automation. [Accessed: 29-Dec-2017]. 

[7] S. Shafer, A. Stentz, and C. Thorpe, “An architecture for sensor fusion in a mobile 

robot,” in Proceedings. 1986 IEEE International Conference on Robotics and 

Automation, 1986, vol. 3, pp. 2002–2011. 

[8] E. D. Dickmanns and A. Zapp, “Autonomous High Speed Road Vehicle Guidance by 

Computer Vision1,” IFAC Proc. Vol., vol. 20, no. 5, Part 4, pp. 221–226, 1987. 

[9] M. Williams, “The PROMETHEUS Programme,” in IEE Colloquium on Towards 

Safer Road Transport - Engineering Solutions, 1992, pp. 4/1-4/3. 

[10] M. Buehler, K. Iagnemma, and S. Singh, “The 2005 DARPA Grand Challenge: The 

Great Robot Race,” Springer Tracts Adv. Robot., vol. 3, pp. 1–522, 2007. 

[11] B. Martin, I. Karl, and S. Sanjiv, “The DARPA Urban Challenge: Autonomous 

Vehicles in City Traffic,” Springer Tracts Adv. Robot., vol. 56, pp. 1–622, 2009. 

[12] Autotech, “44 Corporations Working On Autonomous Vehicles,” CB Insights. 2017. 

[13] Bloomberg, “Who’s Winning the Self-Driving Car Race?,” http://fortune.com, 

2018. [Online]. Available: http://fortune.com/2018/05/31/whos-winning-the-

self-driving-car-race/. [Accessed: 12-Apr-2018]. 

[14] U.S. Department of Transportation, “Accelerating the Next Revolution In Roadway 

Safety,” New Jersey, 2016. 

[15] Department for Transport, “Pathway to driverless cars: Consultation on 

proposals to support Advanced Driver Assistance Systems and Automated 

Vehicles Government Response,” London, 2016. 



194 
 

[16] R. van der Meulen, “Gartner Survey Reveals 55 Percent of Respondents Will Not 

Ride in a Fully Autonomous Vehicle,” Gartner, Stamford, Connecticut, 2017. 

[17] F. Tardo and M. Stickel, “IEEE Survey Indicates When it Comes to Driverless Cars 

- You Can Take Me, but not My Kids,” IEEE, California, 2015. 

[18] F. Favaro, S. Eurich, and N. Nader, “Autonomous vehicles’ disengagements: 

Trends, triggers, and regulatory limitations.,” Accid. Anal. Prev., vol. 110, pp. 136–

148, Jan. 2018. 

[19] L. Fletcher et al., “The MIT - Cornell collision and why it happened,” Springer 

Tracts Adv. Robot., vol. 56, pp. 509–548, 2009. 

[20] F. M. Favarò, N. Nader, S. O. Eurich, M. Tripp, and N. Varadaraju, “Examining 

accident reports involving autonomous vehicles in California,” PLoS One, vol. 12, 

no. 9, pp. 1–20, 2017. 

[21] A. Marshall, “Uber’s Self-Driving Car Just Killed Somebody. Now What?,” 

Transportation - www.wired.com, Tempe, Arizona USA, p. 1, 19-Mar-2018. 

[22] Innovate UK, “Driverless cars: 4 cities get green light for everyday trials,” 

www.gov.uk, 2014. [Online]. Available: 

https://www.gov.uk/government/news/driverless-cars-4-cities-get-green-

light-for-everyday-trials. [Accessed: 21-Nov-2015]. 

[23] WHO, “Global Status Report on Road,” World Heal. Organ., p. 20, 2018. 

[24] M. Miyaji, M. Danno, and K. Oguri, “Analysis of Driver Behavior based on 

Experiences of Road Traffic Incidents investigated by means of Questionnaires for 

the Reduction of Road Traffic Accidents,” vol. 6, no. 1, 2008. 

[25] T. Reed and J. Kidd, “Global Traffic Scorecard,” INRIX Res., vol. 1, no. February, p. 

16, 2019. 

[26] J. Mahona, C. Mhilu, J. Kihedu, and H. Bwire, “Factors Contributing To Traffic Flow 

Congestion in Heterogenous Traffic Conditions,” Int. J. Traffic Transp. Eng., vol. 9, 

no. 2, pp. 238–254, 2019. 

[27] P. M. Wissen, “How Safe is Autonomous Driving - experts on AI online Exclusive,” 

https://www.servustv.com, 2019. [Online]. Available: 

https://www.servustv.com/videos/aa-214gzbnz92111/. 

[28] D. Ferguson, T. M. Howard, and M. Likhachev, “Motion planning in urban 

environments,” J. F. Robot., vol. 25, no. 11–12, pp. 939–960, 2008. 

[29] S. Thrun et al., “Stanley: The Robot That Won The DARPA Grand Challenge,” 

Springer Tracts Adv. Robot., vol. 36, no. 9, pp. 1–43, 2007. 

[30] C. Urmson et al., “Autonomous driving in urban environments: Boss and the 

Urban Challenge.,” J. F. Robot., vol. 25, no. 8, pp. 425–466, 2007. 



195 
 

[31] A. Broggi et al., “Extensive Tests of Autonomous Driving Technologies,” IEEE 

Trans. Intell. Transp. Syst., vol. 14, no. 3, pp. 1403–1415, 2013. 

[32] J. Ziegler et al., “Making Bertha Drive — An Autonomous Journey on a Historic 

Route,” IEEE Intelligent Transportation Systems Magazine, vol. 6, no. 2, pp. 8–20, 

2014. 

[33] Y. Sun, J. Wang, and X. Duan, “Research on path planning algorithm of indoor 

mobile robot,” in Proceedings 2013 International Conference on Mechatronic 

Sciences, Electric Engineering and Computer (MEC), 2013, pp. 1108–1111. 

[34] S. A. Fadzli, S. I. Abdulkadir, M. Makhtar, and A. A. Jamal, “Robotic Indoor Path 

Planning Using Dijkstra’s Algorithm with Multi-Layer Dictionaries,” in 2015 2nd 

International Conference on Information Science and Security (ICISS), 2015, pp. 1–

4. 

[35] Y. Ting, W. I. Lei, and H. C. Jar, “A path planning algorithm for industrial robots,” 

Comput. Ind. Eng., vol. 42, no. 2, pp. 299–308, 2002. 

[36] L. Larsen, J. Kim, M. Kupke, and A. Schuster, “Automatic Path Planning of Industrial 

Robots Comparing Sampling-based and Computational Intelligence Methods,” 

Procedia Manuf., vol. 11, pp. 241–248, 2017. 

[37] P. Yap, N. Burch, R. C. Holte, and J. Schaeffer, “Any-Angle Path Planning for 

Computer Games,” Proc. Seventh AAAI Conf. Artif. Intell. Interact. Digit. Entertain., 

pp. 201–207, 2011. 

[38] S. Edelkamp and E. Plaku, “Multi-goal motion planning with physics-based game 

engines,” in 2014 IEEE Conference on Computational Intelligence and Games, 2014, 

pp. 1–8. 

[39] D. Nieuwenhuisen, A. Kamphuis, and M. H. Overmars, “High quality navigation in 

computer games,” Sci. Comput. Program., vol. 67, no. 1, pp. 91–104, 2007. 

[40] M. Jun and R. D’Andrea, “Path Planning for Unmanned Aerial Vehicles in Uncertain 

and Adversarial Environments,” in Cooperative Control: Models, Applications and 

Algorithms, S. Butenko, R. Murphey, and P. M. Pardalos, Eds. Boston, MA: Springer 

US, 2003, pp. 95–110. 

[41] M. Bekhti, M. Abdennebi, N. Achir, and K. Boussetta, “Path planning of unmanned 

aerial vehicles with terrestrial wireless network tracking,” in 2016 Wireless Days 

(WD), 2016, pp. 1–6. 

[42] C. Petres, Y. Pailhas, P. Patron, Y. Petillot, J. Evans, and D. Lane, “Path Planning for 

Autonomous Underwater Vehicles,” IEEE Trans. Robot., vol. 23, no. 2, pp. 331–341, 

2007. 

[43] H. B. H. Bo, R. Hongge, Y. K. Y. Ke, H. L. H. Luyue, and R. C. R. Chunyun, “Path 



196 
 

planning and tracking for autonomous underwater vehicles,” 2009 Int. Conf. Inf. 

Autom., pp. 728–733, 2009. 

[44] J. W. Choi, R. Curry, and G. Elkaim, “Path planning based on bezier curve for 

autonomous ground vehicles,” Proc. - Adv. Electr. Electron. Eng. - IAENG Spec. Ed. 

World Congr. Eng. Comput. Sci. 2008, WCECS 2008, no. 2, pp. 158–166, 2008. 

[45] S. L. X. Francis, S. G. Anavatti, and M. Garratt, “Online incremental and heuristic 

path planning for Autonomous Ground Vehicle,” IECON Proc. (Industrial Electron. 

Conf., pp. 233–239, 2011. 

[46] C. Qingyang, S. Zhenping, L. Daxue, F. Yuqiang, and L. Xiaohui, “Local path planning 

for an unmanned ground vehicle based on SVM,” Int. J. Adv. Robot. Syst., vol. 9, pp. 

1–13, 2012. 

[47] N. a. Rawashdeh and H. T. Jasim, “Mult-sensor input path planning for an 

autonomous ground vehicle,” 2013 9th Int. Symp. Mechatronics Its Appl. ISMA 

2013, pp. 9–14, 2013. 

[48] D. Ferguson, C. Baker, M. Likhachev, and J. Dolan, “A reasoning framework for 

autonomous urban driving,” in 2008 IEEE Intelligent Vehicles Symposium, 2008, 

pp. 775–780. 

[49] B. Paden, M. Cap, S. Z. Yong, D. Yershov, and E. Frazzoli, “A Survey of Motion 

Planning and Control Techniques for Self-driving Urban Vehicles,” pp. 1–27, 2016. 

[50] T. Gu and J. M. Dolan, “Toward Human-like Motion Planning in Urban 

Environments,” 2014 IEEE Intelligent Vehicles Symposium Proceedings. pp. 350–

355, 2014. 

[51] L. Zhou and J. Jiang, “An approach to safe path planning for mobile robot in the 

dynamic environment based on compact maps,” J. Comput., vol. 7, no. 2, pp. 405–

410, 2012. 

[52] J. Villagra, V. Milanés, J. Pérez Rastelli, J. Godoy, and E. Onieva, “Path And Speed 

Planning For Smooth Autonomous Navigation,” in IV 2012 - IEEE Intelligent 

Vehicles Symposium, 2012. 

[53] I. Bae, J. Moon, and J. Seo, “Toward a comfortable driving experience for a self-

driving shuttle bus,” Electron., vol. 8, no. 9, pp. 1–13, 2019. 

[54] W. D. Nordhaus, “The progress of computing,” Papers.Ssrn.Com, no. Cowles 

Foundation Discussion Paper, pp. 1–45, 2001. 

[55] C. Urmson, “Navigation Regimes for Off-Road Autonomy,” Carnegie Mellon 

University, 2005. 

[56] E. F. Moore, The shortest path through a maze. New York: Bell Telephone System., 

1959. 



197 
 

[57] P. E. Hart, N. J. Nilsson, and B. Raphael, “A Formal Basis for the Heuristic 

Determination of Minimum Cost Paths,” IEEE Trans. Syst. Sci. Cybern., vol. 4, no. 2, 

pp. 100–107, Jul. 1968. 

[58] N. J. Nilsson, “A Mobius Automation: An Application of Artificial Intelligence 

Techniques,” in Proceedings of the 1st International Joint Conference on Artificial 

Intelligence, 1969, pp. 509–520. 

[59] T. Lozano-Perez and M. A. Wesley, “An Algorithm for Planning Collison-Free Paths 

Among Polyhedral Obstacles,” Commun. ACM, vol. 22, pp. 560–570, 1979. 

[60] T. Asano, T. Asano, L. Guibas, J. Hershberger, and H. Imai, “Visibility-polygon 

search and euclidean shortest paths,” in 26th Annual Symposium on Foundations 

of Computer Science (sfcs 1985), 1985, pp. 155–164. 

[61] C. Alexopoulos and P. M. Griffin, “Path planning for a mobile robot,” IEEE Trans. 

Syst. Man. Cybern., vol. 22, no. 2, pp. 318–322, 1992. 

[62] O. Takahashi and R. J. Schilling, “Motion planning in a plane using generalized 

Voronoi diagrams,” IEEE Trans. Robot. Autom., vol. 5, no. 2, pp. 143–150, 1989. 

[63] G. E. Jan, C. Sun, W. C. Tsai, and T. Lin, “An O(nlogn) Shortest Path Algorithm Based 

on Delaunay Triangulation,” IEEE/ASME Trans. Mechatronics, vol. 19, no. 2, pp. 

660–666, 2014. 

[64] E. W. Dijkstra, “A Note on Two Problems in Connexion with Graphs,” Numer. 

Math., vol. 1, no. 1, pp. 269–271, 1959. 

[65] D. Fan and P. Shi, “Improvement of Dijkstra’s algorithm and its application in 

route planning,” Fuzzy Syst. Knowl. Discov. (FSKD), 2010 Seventh Int. Conf., vol. 4, 

no. Fskd, pp. 1901–1904, 2010. 

[66] M. Parulekar, V. Padte, T. Shah, K. Shroff, and R. Shetty, “Automatic Vehicle 

Navigation using Dijkstra’s Algorithm,” in Advances in Technology and 

Engineering (ICATE), 2013 International Conference, 2013, pp. 1–5. 

[67] M. Likhachev, G. Gordon, and S. Thrun, “ARA*: Anytime A* with Provable Bounds 

on Sub-optimality,” in Proceedings of the 16th International Conference on Neural 

Information Processing Systems, 2003, pp. 767–774. 

[68] M. Likhachev, D. Ferguson, G. Gordon, A. Stentz, and S. Thrun, “Anytime Dynamic 

A *: An Anytime , Replanning Algorithm,” Science (80-. )., pp. 262–271, 2005. 

[69] D. Opoku and E. Tunstel, “The A-r-Star (A*r) Pathfinder,” Int. J. Comput. Appl., vol. 

67, no. 8, pp. 32–44, 2013. 

[70] D. Ferguson and A. Stentz, “Field D*: An Interpolation-Based Path Planner and 

Replanner BT - Robotics Research,” in Robotics Research - Springer Tracts in 

Advanced Robotics, vol. 28, S. Thrun, R. Brooks, and H. Durrant-Whyte, Eds. Berlin, 



198 
 

Heidelberg: Springer Berlin Heidelberg, 2007, pp. 239–253. 

[71] K. Daniel, A. Nash, S. Koenig, and A. Felner, “Theta*: Any-angle path planning on 

grids,” J. Artif. Intell. Res., vol. 39, pp. 533–579, 2010. 

[72] S. Koenig and M. Likhachev, “Incremental A*,” in Proceedings of the 14th 

International Conference on Neural Information Processing Systems: Natural and 

Synthetic, 2001, pp. 1539–1546. 

[73] A. Nash, S. Koenig, and M. Likhachev, “Incremental Phi*: Incremental any-angle 

path planning on grids*,” in IJCAI International Joint Conference on Artificial 

Intelligence, 2009, pp. 1824–1830. 

[74] M. W. Otte, “A Survey of Machine Learning Approaches to Robotic Path-Planning,” 

2009. 

[75] V. Alcazar, M. Veloso, and D. Borrajo, “Adapting a Rapidly-Exploring Random Tree 

for Automated Planning,” Fourth Annu. Symp., pp. 2–9, 2011. 

[76] S. Karaman and E. Frazzoli, “Sampling-based algorithms for optimal motion 

planning,” Int. J. Rob. Res., vol. 30, no. 7, pp. 846–894, 2011. 

[77] J. Nasir et al., “RRT*-SMART: A rapid convergence implementation of RRT*,” Int. J. 

Adv. Robot. Syst., vol. 10, 2013. 

[78] O. Adiyatov and H. A. Varol, “Rapidly-exploring random tree based memory 

efficient motion planning,” 2013 IEEE Int. Conf. Mechatronics Autom. IEEE ICMA 

2013, pp. 354–359, 2013. 

[79] D. Kim, J. Lee, and S. Yoon, “Cloud RRT* : Sampling Cloud based RRT*,” Int. Conf. 

Robot. Autom., pp. 2519–2526, 2014. 

[80] R. Bohlin and L. E. Kavraki, “Path planning using lazy PRM,” Proc. 2000 ICRA. 

Millenn. Conf. IEEE Int. Conf. Robot. Autom. Symp. Proc. (Cat. No.00CH37065), vol. 

1, no. April, 2000. 

[81] C. L. Nielsen and L. E. Kavraki, “A two level fuzzy PRM for manipulation planning,” 

Proceedings. 2000 IEEE/RSJ Int. Conf. Intell. Robot. Syst. (IROS 2000) (Cat. 

No.00CH37113), vol. 3, 2000. 

[82] G. Song, S. Miller, and N. M. Amato, “Customizing PRM roadmaps at query time,” 

Proc. - IEEE Int. Conf. Robot. Autom., vol. 2, pp. 1500–1505, 2001. 

[83] Z. Sun, D. Hsu, T. Jiang, H. Kurniawati, and J. H. Reif, “Narrow passage sampling for 

probabilistic roadmap planning,” IEEE Trans. Robot., vol. 21, no. 6, pp. 1105–1115, 

2005. 

[84] M. Elbanhawi and M. Simic, “Sampling-Based Robot Motion Planning: A Review,” 

IEEE Access, vol. 2, pp. 56–77, 2014. 

[85] Y. Koren and J. Borenstein, “Potential field methods and their inherent limitations 



199 
 

for mobile robot navigation,” in Proceedings. 1991 IEEE International Conference 

on Robotics and Automation, 1991, pp. 1398–1404. 

[86] Y. Huang, H. Hu, and X. Liu, “Obstacles avoidance of artificial potential field 

method with memory function in complex environment,” in 2010 8th World 

Congress on Intelligent Control and Automation, 2010, pp. 6414–6418. 

[87] O. Khatib, “Real-time obstacle avoidance for manipulators and mobile robots,” 

Proceedings. 1985 IEEE Int. Conf. Robot. Autom., vol. 5, no. 1, pp. 90–98, 1986. 

[88] Q. Zhang, S. Yue, Q. Yin, and Y. Zha, “Dynamic Obstacle-Avoiding Path Planning for 

Robots Based on Modified Potential Field Method,” pp. 332–342, 2013. 

[89] R. Sukthankar, “Situation Awareness for Tactical Driving,” Carnegie Mellon 

University, 1997. 

[90] M. ( 1 ) Montemerlo et al., “Junior: The Stanford entry in the urban challenge.,” J. 

F. Robot., vol. 25, no. 9, pp. 569–597, 2008. 

[91] S. Kammel et al., “Team AnnieWAY’s Autonomous System for the DARPA Urban 

Challenge 2007,” J. F. Robot., vol. 25, pp. 360–391, 2008. 

[92] C. Voudouris, P. Chernett, C. J. Wang, and V. L. Callaghan, “Fuzzy Hierarchical 

Control for Autonomous Vehicles,” vol. 1995, no. c, 1995. 

[93] J. K. Rosenblatt, “Utility Fusion: Map-Based Planning in a Behavior-Based System,” 

in Field and Service Robotics, A. Zelinsky, Ed. London: Springer London, 1998, pp. 

411–418. 

[94] C. Reinholtz et al., “Odin: Team VictorTango’s entry in the DARPA Urban 

Challenge,” J. F. Robot., vol. 25, pp. 125–162, 2008. 

[95] F. W. Rauskolb et al., “Caroline: An autonomously driving vehicle for urban 

environments,” Springer Tracts Adv. Robot., vol. 56, pp. 441–508, 2009. 

[96] J. Wei, J. M. Snider, T. Gu, J. M. Dolan, and B. Litkouhi, “A behavioral planning 

framework for autonomous driving,” in 2014 IEEE Intelligent Vehicles Symposium 

Proceedings, 2014, pp. 458–464. 

[97] V. Sezer, T. Bandyopadhyay, D. Rus, E. Frazzoli, and D. Hsu, “Towards autonomous 

navigation of unsignalized intersections under uncertainty of human driver 

intent,” in 2015 IEEE/RSJ International Conference on Intelligent Robots and 

Systems (IROS), 2015, pp. 3578–3585. 

[98] M. Erdmann and T. Lozano-Perez, “On multiple moving objects,” in Proceedings. 

1986 IEEE International Conference on Robotics and Automation, 1986, vol. 3, pp. 

1419–1424. 

[99] K. Kant and S. W. Zucker, “Toward Efficient Trajectory Planning: The Path-

Velocity Decomposition,” Int. J. Rob. Res., vol. 5, no. 3, pp. 72–89, 1986. 



200 
 

[100] K. Fujimura and H. Samet, “A hierarchical strategy for path planning among 

moving obstacles [mobile robot],” IEEE Trans. Robot. Autom., vol. 5, no. 1, pp. 61–

69, Feb. 1989. 

[101] J. Reif and M. Sharir, “Motion Planning in the Presence of Moving Obstacles,” J. 

ACM, vol. 41, no. 4, pp. 764–790, Jul. 1994. 

[102] J. P. van den Berg and M. H. Overmars, “Roadmap-based motion planning in 

dynamic environments,” IEEE Trans. Robot., vol. 21, no. 5, pp. 885–897, Oct. 2005. 

[103] Y. Zhang, N. Fattahi, and W. Li, “Probabilistic roadmap with self-learning for path 

planning of a mobile robot in a dynamic and unstructured environment,” in 2013 

IEEE International Conference on Mechatronics and Automation, IEEE ICMA 2013, 

2013, pp. 1074–1079. 

[104] Quan Wang, W. Wang, and Y. Li, “A multi-RRT based hierarchical path planning 

method,” in 2012 IEEE 14th International Conference on Communication 

Technology, 2012, pp. 971–975. 

[105] Y. Kuwata, J. Teo, G. Fiore, S. Karaman, E. Frazzoli, and J. P. How, “Real-time motion 

planning with applications to autonomous urban driving,” IEEE Trans. Control 

Syst. Technol., vol. 17, no. 5, pp. 1105–1118, 2009. 

[106] S. Ping, L. Kejie, H. Xiaobing, and Q. Guangping, “Formation and obstacle-

avoidance control for mobile swarm robots based on artificial potential field,” in 

2009 IEEE International Conference on Robotics and Biomimetics (ROBIO), 2009, 

pp. 2273–2277. 

[107] F. Belkhouche, “Reactive path planning in a dynamic environment,” IEEE Trans. 

Robot., vol. 25, no. 4, pp. 902–911, 2009. 

[108] F. Belkhouche and B. Belkhouche, “Kinematics-Based Characterization of the 

Collision Course,” Int. J. Robot. Autom., vol. 23, no. 2, pp. 1–10, 2008. 

[109] P. T. Megda, M. Becker, and S. Carlos, “Determining Forbidden Steering Directions 

for a Passenger Car in Urban Environments based on the Velocity Obstacle 

Approach and use of Trackers,” in Robotics Symposium, 2011 IEEE IX Latin 

American and IEEE Colombian Conference on Automatic Control and Industry 

Applications (LARC), 2011, pp. 1–6. 

[110] O. Brock and O. Khatib, “High-speed navigation using the global dynamic window 

approach,” Proc. 1999 IEEE Int. Conf. Robot. Autom. (Cat. No.99CH36288C), vol. 1, 

no. May, 1999. 

[111] P. Ögren and N. E. Leonard, “A Convergent Dynamic Window Approach to 

Obstacle Avoidance,” IEEE Trans. Robot., vol. 21, no. 2, pp. 188–195, 2005. 

[112] G. Li, Y. Wu, and W. Wei, “Guided dynamic window approach to collision 



201 
 

avoidance in troublesome scenarios,” Proc. World Congr. Intell. Control Autom., pp. 

5759–5763, 2008. 

[113] M. Pivtoraiko, R. A. Knepper, and A. Kelly, “Differentially Constrained Mobile 

Robot Motion Planning in State Lattices,” IFAC Proc. Vol., pp. 308–333, 2008. 

[114] J. Petereit, T. Emter, and C. W. Frey, “Safe mobile robot motion planning for 

waypoint sequences in a dynamic environment,” Proc. IEEE Int. Conf. Ind. Technol., 

pp. 181–186, 2013. 

[115] F. Von Hundelshausen, M. Himmelsbach, F. Hecker, A. Mueller, and H.-J. 

Wuensche, “Driving with Tentacles-Integral Structures for Sensing and Motion,” 

J. F. Robot., vol. 25, no. 9, pp. 640–673, 2009. 

[116] L. Han, H. Yashiro, H. T. N. Nejad, Q. H. Do, and S. Mita, “Bezier curve based path 

planning for autonomous vehicle in urban environment,” in 2010 IEEE Intelligent 

Vehicles Symposium, 2010, pp. 1036–1042. 

[117] Y. Li and J. Xiao, “On-line planning of nonholonomic trajectories in crowded and 

geometrically unknown environments,” in Proceedings - IEEE International 

Conference on Robotics and Automation, 2009, pp. 3230–3236. 

[118] L. Yang, J. Qi, D. Song, J. Xiao, J. Han, and Y. Xia, “Survey of Robot 3D Path Planning 

Algorithms,” J. Control Sci. Eng., vol. 2016, p. 22, 2016. 

[119] C. Li, J. Zhang, and Y. Li, “Application of Artificial Neural Network Based on Q-

learning for Mobile Robot Path Planning,” 2006 IEEE Int. Conf. Inf. Acquis., pp. 978–

982, 2006. 

[120] I. Ashiru and C. Czarnecki, “Optimal motion planning for mobile robots using 

genetic algorithms,” Proc. IEEE/IAS Int. Conf. Ind. Autom. Control, pp. 297–300, 

1995. 

[121] Z. D. Z. Dehuai, X. C. X. Cunxi, L. X. L. Xuemei, and X. G. X. Gang, “Adaptive Niche 

Genetic Algorithm based path planning and dynamic obstacle avoidance of mobile 

robots,” 2008 IEEE Int. Conf. Autom. Logist., no. September, pp. 1858–1863, 2008. 

[122] L. Lu and D. Gong, “Robot Path Planning in Unknown Environments Using Particle 

Swarm Optimization,” 2008 Fourth Int. Conf. Nat. Comput., vol. 4, pp. 422–426, 

2008. 

[123] Q. Z. Zhang, X. H. Liu, and X. S. Ge, “Non-holonomic motion planning with PSO and 

spline approximation,” 2007 IEEE Int. Conf. Control Autom. ICCA, vol. 00, no. 

10372014, pp. 2600–2604, 2008. 

[124] B. Kluge and E. Prassler, “Recursive agent modeling with probabilistic velocity 

obstacles for mobile robot navigation among humans,” Springer Tracts Adv. 

Robot., vol. 35, no. October, pp. 121–134, 2007. 



202 
 

[125] M. Althoff, O. Stursberg, and M. Buss, “Model-based probabilistic collision 

detection in autonomous driving,” IEEE Trans. Intell. Transp. Syst., vol. 10, no. 2, 

pp. 299–310, 2009. 

[126] M. Mora, O. Gelman, and M. R. Annette L. Steenkamp, “Engineering Design as 

Research. In Research Methodologies, Innovations and Philosophies in Software 

Systems Engineering and Information Systems,” IGI Glob., pp. 389–402, 2012. 

[127] A. R. Hevner, S. T. March, J. Park, and S. Ram, “Design Science in Information 

Systems Research,” MIS Q., vol. 28, no. 1, pp. 75–105, 2004. 

[128] J. A. Michon, “A Critical View of Driver Behavior Models: What Do We Know, What 

Should We Do? BT  - Human Behavior and Traffic Safety,” L. Evans and R. C. 

Schwing, Eds. Boston, MA: Springer US, 1985, pp. 485–524. 

[129] R. Matthaei and M. Maurer, “Autonomous driving - a top-down-approach,” 

Automatisierungstechnik, vol. 63, pp. 155–167, 2015. 

[130] M. Wooldridge and N. R. Jennings, “Agent theories, architectures, and languages: 

A survey,” in Intelligent Agents, 1995, pp. 1–39. 

[131] D. Nakhaeinia, S. H. Tang, S. B. M. Noor, and O. Motlagh, “A review of control 

architectures for autonomous navigation of mobile robots,” Int. J. Phys. Sci., vol. 6, 

no. 2, pp. 169–174, 2011. 

[132] B. İ. Kumova and S. B. Heye, “A survey of robotic agent architectures,” in 2017 

International Artificial Intelligence and Data Processing Symposium (IDAP), 2017, 

pp. 1–8. 

[133] H. Yavuz and  a Bradshaw, “A New Conceptual Approach to the Design of Hybrid 

Control Architecture for Autonomous Mobile Robots,” J. Intell. Robot. Syst., vol. 34, 

no. 1, pp. 1–26, 2002. 

[134] A. Meystel, “Planning in a hierarchical nested controller for autonomous robots,” 

in 1986 25th IEEE Conference on Decision and Control, 1986, pp. 1237–1249. 

[135] S. Zhou, Y. Wang, M. Zheng, and M. Tomizuka, “A hierarchical planning and control 

framework for structured highway driving,” IFAC-PapersOnLine, vol. 50, no. 1, pp. 

9101–9107, 2017. 

[136] V. Crespi, A. Galstyan, and K. Lerman, “Comparative Analysis of Top-down and 

Bottom-up Methodologies for Multi-agent System Design,” in Proceedings of the 

Fourth International Joint Conference on Autonomous Agents and Multiagent 

Systems, 2005, pp. 1159–1160. 

[137] V. Crespi, A. Galstyan, and K. Lerman, “Top-down vs bottom-up methodologies in 

multi-agent system design,” Auton. Robots, vol. 24, no. 3, pp. 303–313, Apr. 2008. 

[138] R. A. Brooks; and J. H. Connell, “Asynchronous Distributed Control System For A 



203 
 

Mobile Robot,” Proceeding SPIE, vol. 0727, pp. 0727-0727–8, 1987. 

[139] M. Kasper, G. Fricke, K. Steuernagel, and E. von Puttkamer, “A behavior-based 

mobile robot architecture for Learning from Demonstration,” Rob. Auton. Syst., 

vol. 34, no. 2, pp. 153–164, 2001. 

[140] D. Jung and A. Zelinsky, “An architecture for distributed cooperative planning in a 

behaviour-based multi-robot system,” Rob. Auton. Syst., vol. 26, no. 2, pp. 149–

174, 1999. 

[141] J. J. Leonard and H. F. Durrant-Whyte, “Simultaneous map building and 

localization for an autonomous mobile robot,” in Intelligent Robots and Systems 

’91. ’Intelligence for Mechanical Systems, Proceedings IROS ’91. IEEE/RSJ 

International Workshop on, 1991, vol. 3, pp. 1442–1447. 

[142] A. Kurz, “Constructing maps for mobile robot navigation based on ultrasonic 

range data,” IEEE Trans. Syst. Man, Cybern. Part B, vol. 26, no. 2, pp. 233–242, Apr. 

1996. 

[143] L. Liu, T. Wu, Y. Fang, T. Hu, and J. Song, “A smart map representation for 

autonomous vehicle navigation,” in 2015 12th International Conference on Fuzzy 

Systems and Knowledge Discovery (FSKD), 2015, pp. 2308–2313. 

[144] O. S. Tas, F. Kant, J. M. Zollner, and C. Stiller, “Functional system architectures 

towards fully automated driving,” in 2016 IEEE Intelligent Vehicles Symposium 

(IV), 2016, pp. 304–309. 

[145] S. Ulbrich et al., “Towards a Functional System Architecture for Automated 

Vehicles.,” 2017. 

[146] R. C. Coulter and C.-M. U. P. P. A. R. Institute, “Implementation of the Pure Pursuit 

Path Tracking Algorithm.” Defense Technical Information Center, Ft. Belvoir, 

1992. 

[147] M. Samuel, Moveh; Hussein, Mohamed; Binti, “A Review of some Pure-Pursuit 

based Path Tracking Techniques for Control of Autonomous Vehicle,” Int. J. 

Comput. Appl., vol. 135, no. 1, pp. 35–38, 2016. 

[148] TASS International, “PreScan,” www.tassinternational.com/prescan, 2016. 

[Online]. Available: www.tassinternational.com/prescan. 

[149] R. Rajamani, Vehicle Dynamics and Contol. 2012. 

[150] J. J. Hartung, J. Lamb, D. P. Miller, and R. D. Hambrick, “Autonomous Vehicle 

Interface System.” Google Patents, 2015. 

[151] M. Rodrigues, A. McGordon, G. Gest, and J. Marco, “Developing and Testing of 

Control Software Framework for Autonomous Ground Vehicle,” in 2017 IEEE 

International Conference on Autonomous Robot Systems and Competitions 



204 
 

(ICARSC), 2017, pp. 4–10. 

[152] A. Vilaca, P. Cunha, and A. L. Ferreira, “Systematic literature review on driving 

behavior,” in 2017 IEEE 20th International Conference on Intelligent 

Transportation Systems (ITSC), 2017, pp. 1–8. 

[153] N. Lin, C. Zong, M. Tomizuka, P. Song, Z. Zhang, and G. Li, “An overview on study of 

identification of driver behavior characteristics for automotive control,” Math. 

Probl. Eng., vol. 2014, no. 2, pp. 1–14, 2014. 

[154] M. Rodrigues, A. McGordon, G. Gest, and J. Marco, “Autonomous Navigation in 

Interaction-based Environments - A Case of Non-signalised Roundabouts,” IEEE 

Trans. Intell. Veh., vol. 3, no. 4, pp. 425–438, 2018. 

[155] M. R. Endsley, “Toward a Theory of Situation Awareness in Dynamic-Systems.,” 

Hum. Factors J. Hum. Factors Ergon. Soc. J. Hum. Factors Ergon. Soc., vol. 37, no. 1, 

pp. 32–64, 1995. 

[156] D. G. Jones and M. R. Endsley, “Sources of situation awareness errors in aviation.,” 

Aviat. Space. Environ. Med., vol. 67 6, pp. 507–512, 1996. 

[157] Y. W. Sohn and S. M. Doane, “Memory Processes of Flight Situation Awareness: 

Interactive Roles of Working Memory Capacity, Long-Term Working Memory, 

and Expertise,” Hum. Factors, vol. 46, no. 3, pp. 461–475, 2004. 

[158] R. Sukthankar, D. A. Pomerleau, and C. E. Thorpe, “Distributed tactical reasoning 

framework for intelligent vehicles,” 1998, vol. 3207, pp. 3207–3212. 

[159] R. Sukthankar, S. Baluja, and J. Hancock, “Evolving an intelligent vehicle for 

tactical reasoning in traffic,” Proc. Int. Conf. Robot. Autom., vol. 1, no. April, pp. 2–

7, 1997. 

[160] M. Rodrigues, A. McGordon, G. Gest, and J. Marco, “Adaptive Tactical Behaviour 

Planner for Autonomous Ground Vehicle,” 2016 UKACC 11th International 

Conference on Control (CONTROL). pp. 1–8, 2016. 

[161] L. Andreone;, R. Brignolo;, S. Damiani;, F. Sommariva;, G. Vivo;, and S. Marco, 

“Safespot final report,” 2010. 

[162] P. Bender, J. Ziegler, and C. Stiller, “Lanelets: Efficient map representation for 

autonomous driving,” in 2014 IEEE Intelligent Vehicles Symposium Proceedings, 

2014, pp. 420–425. 

[163] A. Elfes, “Sonar-based real-world mapping and navigation,” IEEE J. Robot. Autom., 

vol. 3, no. 3, pp. 249–265, Jun. 1987. 

[164] G. Kanellaidis and I. Dimitropoulos, “Investigation Of Current And Proposed 

Superelevation Design Practices On Roadway Curves,” in International 

Symposium on Highway Geometric Design Practices, 1995, pp. 20:1–12. 



205 
 

[165] S. Hermann and R. Klette, “Multigrid Analysis of Curvature Estimators,” in Image 

and Vision Computing New Zealand 2003, 2003, pp. 108–112. 

[166] S. Lefèvre, D. Vasquez, and C. Laugier, “A survey on motion prediction and risk 

assessment for intelligent vehicles,” ROBOMECH J., vol. 1, no. 1, p. 1, 2014. 

[167] R. Schubert, E. Richter, and G. Wanielik, “Comparison and evaluation of advanced 

motion models for vehicle tracking,” in in Information Fusion, 2008 11th 

International Conference on, 2008, pp. 1–6. 

[168] N. Kaempchen, K. Weiss, M. Schaefer, and K. C. J. Dietmayer, “IMM object tracking 

for high dynamic driving maneuvers,” in IEEE Intelligent Vehicles Symposium, 

2004, 2004, pp. 825–830. 

[169] J. Hillenbrand, A. M. Spieker, and K. Kroschel, “A Multilevel Collision Mitigation 

Approach amp;mdash;Its Situation Assessment, Decision Making, and 

Performance Tradeoffs,” IEEE Trans. Intell. Transp. Syst., vol. 7, no. 4, pp. 528–540, 

Dec. 2006. 

[170] M. Brannstrom, E. Coelingh, and J. Sjoberg, “Model-Based Threat Assessment for 

Avoiding Arbitrary Vehicle Collisions,” IEEE Trans. Intell. Transp. Syst., vol. 11, no. 

3, pp. 658–669, Sep. 2010. 

[171] N. Kaempchen, B. Schiele, and K. Dietmayer, “Situation Assessment of an 

Autonomous Emergency Brake for Arbitrary Vehicle-to-Vehicle Collision 

Scenarios,” IEEE Trans. Intell. Transp. Syst., vol. 10, no. 4, pp. 678–687, Dec. 2009. 

[172] D. Vasquez and T. Fraichard, “Motion prediction for moving objects: a statistical 

approach,” in Robotics and Automation, 2004. Proceedings. ICRA ’04. 2004 IEEE 

International Conference on, 2004, vol. 4, pp. 3931-3936 Vol.4. 

[173] C. Hermes, C. Wohler, K. Schenk, and F. Kummert, “Long-term vehicle motion 

prediction,” in 2009 IEEE Intelligent Vehicles Symposium, 2009, pp. 652–657. 

[174] D. Greene et al., “An Efficient Computational Architecture for a Collision Early-

Warning System for Vehicles, Pedestrians, and Bicyclists,” IEEE Trans. Intell. 

Transp. Syst., vol. 12, no. 4, pp. 942–953, Dec. 2011. 

[175] P. Kumar, M. Perrollaz, S. Lefevre, and C. Laugier, “Learning-based approach for 

online lane change intention prediction,” in 2013 IEEE Intelligent Vehicles 

Symposium (IV), 2013, pp. 797–802. 

[176] E. Kaefer, C. Hermes, C. Woehler, H. Ritter, and F. Kummert, “Recognition of 

situation classes at road intersections,” in 2010 IEEE International Conference on 

Robotics and Automation, 2010, pp. 3960–3965. 

[177] A. Lawitzky, D. Althoff, C. F. Passenberg, G. Tanzmeister, D. Wollherr, and M. Buss, 

“Interactive scene prediction for automotive applications,” in 2013 IEEE 



206 
 

Intelligent Vehicles Symposium (IV), 2013, pp. 1028–1033. 

[178] M. Brand, N. Oliver, and A. Pentland, “Coupled hidden Markov models for complex 

action recognition,” in Proceedings of IEEE Computer Society Conference on 

Computer Vision and Pattern Recognition, 1997, pp. 994–999. 

[179] M. Liebner, M. Baumann, F. Klanner, and C. Stiller, “Driver intent inference at 

urban intersections using the intelligent driver model,” in 2012 IEEE Intelligent 

Vehicles Symposium, 2012, pp. 1162–1167. 

[180] , Reeds and , Shepp, “Optimal paths for a car that goes both forwards and 

backwards,” vol. 145, pp. 367–393, 1990. 

[181] R. Walambe, N. Agarwal, S. Kale, and V. Joshi, “Optimal Trajectory Generation for 

Car-type Mobile Robot using Spline Interpolation∗∗This work is carried out under 

the research project grant sanctioned under the WOS-A scheme by Department 

of Science and Technology (DST), Govt. of India.,” IFAC-PapersOnLine, vol. 49, no. 

1, pp. 601–606, 2016. 

[182] S. Fleury, P. Soueres, J.-. Laumond, and R. Chatila, “Primitives for smoothing 

mobile robot trajectories,” IEEE Trans. Robot. Autom., vol. 11, no. 3, pp. 441–448, 

1995. 

[183] L. Zhang, L. Sun, S. Zhang, and J. Liu, “Trajectory planning for an indoor mobile 

robot using quintic Bezier curves,” in 2015 IEEE International Conference on 

Robotics and Biomimetics (ROBIO), 2015, pp. 757–762. 

[184] J. Choi, R. Curry, and G. Elkaim, “Piecewise Bezier Curves Path Planning with 

Continuous Curvature Constraint for Autonomous Driving,” in Machine Learning 

and Systems Engineering, vol. 68, 2010, pp. 31–45. 

[185] X. Qian, I. Navarro, A. de La Fortelle, and F. Moutarde, “Motion planning for urban 

autonomous driving using Bézier curves and MPC,” in 2016 IEEE 19th 

International Conference on Intelligent Transportation Systems (ITSC), 2016, pp. 

826–833. 

[186] UK Autodrive, “The UK Autodrive project,” http://www.ukautodrive.com/the-uk-

autodrive-project/. . 

[187] T. Streubel, P. de Beaucorps, and F. Nashashibi, “Evaluation of automated vehicle 

behavior in intersection scenarios,” in RSS2017 - Road Safety & Simulation 

International Conference, 2017. 

[188] P. de Beaucorps, T. Streubel, A. Verroust-Blondet, F. Nashashibi, B. Bradai, and P. 

Resende, “Decision-making for automated vehicles at intersections adapting 

human-like behavior,” in 2017 IEEE Intelligent Vehicles Symposium (IV), 2017, pp. 

212–217. 



207 
 

[189] Bullet Physics development team, “Real-Time Physics Simulation,” 

bulletphysics.org, 2017. [Online]. Available: bulletphysics.org. 

[190] K. Maddock, “Vehicle Simulation With Bullet,” https://docs.google.com/Doc? 

docid=0AXVUZ5xw6XpKZGNuZG56a3FfMzU0Z2NyZnF4Zmo&hl=en, 2010. 

[Online]. Available: 

https://docs.google.com/Doc?%0Adocid=0AXVUZ5xw6XpKZGNuZG56a3FfMzU

0Z2NyZnF4Zmo&hl=en,. 

[191] D. M. Maithya, M. Kimathi, and D. Seck, “Simulation of Traffic Congestion at 

Unsignalised Intersections using a Microscopic Traffic Flow Model,” Int. J. Appl. 

Math. Sci., vol. 9, no. 2, pp. 197–211, 2016. 

[192] A. B. Silva, S. Santos, L. Vasconcelos, Á. Seco, and J. P. Silva, “Driver Behavior 

Characterization in Roundabout Crossings,” Transp. Res. Procedia, vol. 3, pp. 80–

89, 2014. 

[193] M. Rodrigues, G. Gest, A. McGordon, and J. Marco, “Adaptive behaviour selection 

for autonomous vehicle through naturalistic speed planning,” in 2017 IEEE 20th 

International Conference on Intelligent Transportation Systems (ITSC), 2017, pp. 

1–7. 

[194] The Department of Transport, The Official Highway Code, 2007 Edtio. Norwich: 

Waterstones, 2007. 

[195] M. L. Ritchie, W. K. Mccoy, and W. L. Welde, “A Study of the Relation between 

Forward Velocity and Lateral Acceleration in Curves During Normal Driving,” 

Hum. Factors J. Hum. Factors Ergon. Soc., vol. 10, no. 3, pp. 255–258, 1968. 

[196] D. A. Reece, “Selective Perception for Robot Driving,” Carnegie Mellon University, 

1992. 

[197] A. Niehaus and R. F. Stengel, “Probability-based decision making for automated 

highway driving,” in Vehicle Navigation and Information Systems Conference, 1991, 

1991, vol. 2, pp. 1125–1136. 

[198] M. McNaughton, “Parallel Algorithms for Real-time Motion Planning,” Carnegie 

Mellon University,Pittsburgh, Pennsylvania 15213, 2011. 

[199] U. Chris et al., “Autonomous driving in urban environments: Boss and the Urban 

Challenge,” Springer Tracts Adv. Robot., vol. 56, no. November 2009, pp. 3–59, 

2009. 

[200] J. Leonard et al., “A perception-driven autonomous urban vehicle,” Springer Tracts 

Adv. Robot., vol. 56, no. November 2007, pp. 163–230, 2009. 

[201] M. Werling, J. Ziegler, S. Kammel, and S. Thrun, “Optimal trajectory generation for 

dynamic street scenarios in a Frenét Frame,” 2010 IEEE Int. Conf. Robot. Autom., 



208 
 

pp. 987–993, 2010. 

[202] J. Ziegler and C. Stiller, “Spatiotemporal state lattices for fast trajectory planning 

in dynamic on-road driving scenarios,” in 2009 IEEE/RSJ International Conference 

on Intelligent Robots and Systems, 2009, pp. 1879–1884. 

[203] A. Broggi et al., “PROUD-Public Road Urban Driverless-Car Test,” IEEE Trans. 

Intell. Transp. Syst., vol. 16, no. 6, pp. 3508–3519, 2015. 

[204] W. Wijnen et al., “Crash cost estimates for European countries, Deliverable 3.2 of 

the H2020 project SafetyCube.,” Loughborough, UK, 2017. 

[205] T. R. Miller, S. Bhattacharya, E. Zaloshnja, D. Taylor, G. Bahar, and I. David, “Costs 

of crashes to government, United States, 2008,” Ann. Adv. Automot. Med. Assoc. 

Adv. Automot. Med. Annu. Sci. Conf., vol. 55, pp. 347–355, Oct. 2011. 

[206] D. Schrank, B. Eisele, T. Lomax, and J. Bak, “2015 Urban Mobility Scorecard,” 

Texas, 2015. 

[207] Department of Economic and Social Affairs, “World Urbanization Prospects: The 

2014 Revision,” New York, 2014. 

[208] The United States Census Bureau, “Age and Sex Composition in the United States: 

2016,” www.census.gov, 2016. [Online]. Available: 

https://www.census.gov/data/tables/2016/demo/age-and-sex/2016-age-sex-

composition.html. [Accessed: 12-Mar-2018]. 

[209] L. Kraus, E. Lauer, R. Coleman, and A. Houtenville, “2017 Disability Statistics and 

Annual Report,” Durham, NH, 2018. 

[210] D. Lewis, “Google’s Driverless Car Got Confused By A Cyclist,” 

smithsonianmag.com, 2015. . 

  



209 
 

A. Appendix 

A.1 The TMETC Autonomous Vehicle Platforms  

As part of the autonomous vehicle research at TMETC, two vehicle platforms were 

converted for incorpoiorating the autonomous vehicle hardware. The systems were 

converted such that they could be driven both manually and through the autonomous 

system. The brief details of the two platform is given below 

a. The Tata Ace Electric Vehicle: This was a small LCVs developed at TMETC on the of 

the famous mini truck “Ace” the parent company Tata Motors launched in 2005. The 

Tata Ace EV was launched into the UK market in 2012 with a limited speed of 25mph 

and a range of 30 miles with the locad carrying capacity of  0.75 tonnes. With the 

knowledge of the electric powertain within TMETC and the ample space offered for 

fiting the autonomous stack consisting of multiple computers and processors made 

this vehicle a sutable mule for the initial autonomous system testing. For the 

autonomous application the autonomouys veehicle was instrumend with the 

sensing, processing and actuatrion system making it capoable of sensing its 

envieonment and drive the vehicle through the software.  The sensing and 

processing on the system included a high precesion GPS-INS integrated navigation 

solution from Oxbotica called OxTs which halpoed in vehicle localisation and six 

IBEO Lux LIDAR sensors placed around the vehicle giving a 360° field-of-view for 

sensing the vehicle surrounding envienment. The vehicle perception of the 

surrounding obstcale was built through the IBEO fusion unit which combined the 

sensor inputs to give the sensed environment static obstacles and actors. The drive-

by-wire system was also implemented to enable the accelerator and brake pedal 

positions along with the steering wheel angle were conteollable through software. 

The processing system consisted of the speedgoat real-time machine for planning 

system and motion conteol system. 

b. The Tata Hexa SUV: The vehicle used for the on road public demonstration was the 

Tata Hexa that was powered with a 2179cc diesel engine and was a automatic 

transmission variant. The vehicle kerb weight before the fitment of the sensors and 

the autonomous hardware was 2280 kg, length of 4.788 metres, width of 1.903 

metres and height of 1.791 metres. For autonomous application the vehicle was built 

with upgraded sensor unites and also a more upgraded drive-by-wire system from 

in comparison to Tata Ace. The sensors on the Tata Hexa included the IBEO Lux 

LIDAR sensors, mobileye cameras, point-grey cameras, short range radars and long 

range radars. A pair of Velodyne LIDAR sensors were also used for ground truth 
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estimation and initial mapping process.  The processing system consisted of six 

nexcoms (Embedded PC’s) for the perception and planning system algorithms and a 

speedgoat realtime machine for motion control system. 
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A.2 HAPS Simulation Testing Results 

The following plots are the results of the Test case-1, Test Case -2 and Test Case 4  

Test Case - 1 

 

Figure A.1: Subject vehicle behaviour plan – TC- 1. 

 

Figure A.2: Subject vehicle motion plan tracking performance – TC- 1. 
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Test Case - 2 

 

Figure A.3: Subject vehicle behaviour plan – TC-2. 

 

Figure A.4: Subject vehicle motion plan tracking performance – TC-2 
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Test Case - 4 

 

Figure A.5: Subject vehicle behaviour plan – TC-4. 

 

 

Figure A.6: Subject vehicle motion plan tracking performance – TC-4 
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A.3 The System DVP, Requirements and File Management 

The motion planning system was developed through the systematic v-cycle development 

process, through the collaboration of the engineering doctorate research described in 

this innovation report and the effort as part of the parent company work. The various 

stages of the v-cycle relevant to the process are described in Figure A.7. 

 

Figure A.7: The system Design Verification Plan (DVP) v-cycle 

Figure A.7 shows through the colour coding the separation of the activities. Using the 

industry best practice, Tortoise SVN was used to manage the software version control 

and manage the development and sharing between the cross functional team. For the 

success of the real-world demonstrations there was a collaborative effort in system 

testing and bug fixing. The requirements applicable for the research on human-like 

motion planning system were derived from the main system requirements definition 

process within tata motors. The process for deriving the motion planning system 

requirements is shown in  

 

Figure A.8: The system requirement definition  
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A.4 TMETC UK Autodrive Team Members 

The chart below lists the members of TMETC team involved in the preparations for the 

UK Autodrive public road demonstration in the city of Coventry and Milton Keynes.  

 

Figure A.9: The system requirement definition 

 

I was one of the core members of the research team developing the TATA Hexa 

autonomous vehicle demonstrator. I lead the Motion planning research, design, 

implementation and testing activities. I also lead the Motion control activities at the start 

of the project and for the Tata ACE autonomous vehicle.  My role within the three areas 

is described below 

Area Role 

Motion Planning Technical Lead - Complete responsibility of designing and 

testing end-to-end motion planning solution from 

requirement definition through to testing and validation 

according to the V-cycle process shown in Appendix A3. 

Motion Control Support- Motion Control through peer-review of the system 

design, support in testing. Also responsible for the design of 

the motion planning for the Tata Ace mule vehicle. 

Simulation and Testing 

 

Supported the vehicle simulation, on-track and on-road 

testing – including creating test cases. 
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