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A B S T R A C T

Negotiations among drivers and pedestrians are common on roads,
but it is still challenging for a self-driving vehicle to negotiate for its
right of way with other human road users, especially pedestrians.
Currently, self-driving vehicles are expected to exhibit a conservative
behavior by always yielding to the approaching pedestrians. This ef-
fect will slow down the future urban traffic significantly. In this thesis,
a novel model of vehicle-pedestrian negotiation is proposed describ-
ing the processing and exchange of negotiation cues from both par-
ties. The motion strategy for the vehicle approaching the pedestrian is
formulated to negotiate its best chance to pass first. The research aims
to reduce the conflict of interests between vehicles and pedestrians in
typical traffic conditions, yet without compromising safety.

This research has been investigated in various stages. First, a pre-
liminary review on formal traffic gestures is conducted to investigate
the language of traffic. Then, negotiation concepts are established to
demonstrate negotiations between a single vehicle and a single pedes-
trian based on physical constraints between them. The negotiation
model is further extended by introducing fuzzy informal social rules
for negotiations between groups of vehicles and pedestrians. The so-
cial rules are further studied, along with the risk-taking behaviors of
pedestrians to extend the model to allow individual decision making
among multiple vehicles and pedestrians. Lastly, the scalability of the
model is validated by demonstrating multi-party negotiations. The
possible negotiation opportunities for vehicles are modeled consider-
ing different risk-taking behaviors of pedestrians.

The model is implemented and tested in a micro-simulation traffic
environment using SUMO and MATLAB. The behavior of individ-
ual vehicles and pedestrians are simulated along with an unmarked
road network to test the impact on traffic flow. The simulation en-
vironments were defined to represent different complexities of traf-
fic ranging from one-to-one vehicle-pedestrian interactions to multi-
party vehicles-pedestrians’ interactions. In different traffic conditions,
the simulation results show an overall improvement in the waiting
time of vehicles and thus in the intersection throughput, compared to
conservative vehicle behavior (up to 50% improvement in peak traf-
fic conditions). The simulation results also show that the benefits of
reduced waiting times for vehicles come at the cost of some waiting
time for pedestrians. However, the observed pedestrian waiting times
in this model are not longer than the generally accepted waiting times
reported in empirical studies. The results however largely depend on
pedestrians’ behaviors and situational factors. This research captures
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those factors and different pedestrian behaviors while evaluating the
research hypothesis. Despite, the results are subjected to a few simula-
tion constraints, especially dealing with the uncertainty in estimation
pedestrians’ intentions. Yet, this thesis is able to demonstrate possi-
ble directions for innovations in future human-vehicle interactions to
maintain a smoother flow of traffic.

Ultimately, this research is able to demonstrate that negotiations in
future can balance the right of way among vehicles and pedestrians,
especially when the interaction happens at unregulated intersections.
The concepts and concerns related to social behavior of self-driving
vehicles presented in this research, along with the implications of
this particular research, can further help in the future to improve the
decision making of self-driving vehicles when they will be sharing
the roads with humans.
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1
I N T R O D U C T I O N

Self-driving vehicles are expected to operate on roads in coming years
which are progressing through different levels of technology advance-
ments. The Society of Automotive Engineers (SAE) International pro-
vided a taxonomy for six levels of driving automation, ranging from
no driving automation to full driving automation (SAE, 2016), which
was later adopted by the U.S. Department of Transportation’s Na-
tional Highway Traffic Safety Administration (NHTSA, 2016). The
Level 0 of vehicle automation is no-automation and the driver has
complete control of the vehicle, while Level 1 is function-specific au-
tomation where the vehicle can automatically assist with some con-
trol functions. Level 2 is a combined function automation in which at
least two functions are automated, like cruise control and lane cater-
ing. Level 3 is limited self-driving automation where the vehicle per-
forms all safety-critical functions and monitors roadway conditions,
and the driver can have occasional control with sufficiently comfort-
able transition time. Level 4 is high automation in which the vehi-
cle performs all driving functions autonomously under certain condi-
tions1, however, the driver can still control the vehicle when required.
Current self-driving vehicle technologies, like the ones of Google and
Tesla, can be classified somewhere between Level 3 and Level 4 au-
tomation. The highest Level 5 is full automation which means the
self-driving vehicle will operate without any intervention from the
driver in all conditions, which poses also a major challenge for them:
their interaction with the other human road users.

The road traffic is fundamentally governed by road rules and regu-
lations, but in many situations, the road users may not necessarily
act according to the laws, for example in many cases the driving
speed patterns of drivers deviate from the actual road speed limits
(Wilde, 1980). The road traffic can sometimes be self-organizing, or
even be chaotic, where explicit rules cannot always be determined
(Färber, 2016). Even the regulated traffic codes do not guarantee con-
flict resolution in every situation, especially when it comes to driver-
pedestrian conflicts for the right of way. In such situations, implicit
rules among road users facilitate their safe movement on roads.

The pedestrians always having the right of way is not clear. Traffic
guidelines for many countries, including UK, Australia, US, state the
right of way2 to pedestrians at the intersection while the vehicle is

1 The SAE levels of driving automation are defined by reference to specific dynamic
driving tasks (DDT) which is listed in the SAE J 3016-2018 document (SAE, 2016)

2 right of way varies from state to state in the US while only NSW state in Australia
explicitly states right of way to pedestrians even at unmarked crosswalks

1
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turning, at zebra crossings, and children’s crossings, and at marked
foot crossings at signalized junctions (when pedestrian lights are on).
However, in other situations, the law gives right of way to no one but
states who must yield in order to maintain safety on roads (Shinkle,
2016). Even the general traffic safety guidelines3 suggest drivers to
look out for pedestrians at pedestrian crossings, intersections, around
parked vehicles, near schools, and shopping centers. Moreover, right
of way conflict is not limited to unmarked crosswalks but also at local
roads in suburban settings, residential streets, busy CBD roads, and
small suburban shopping lanes.

Similarly, pedestrians are suggested to prefer crossings instead of
running through the middle of the driveways4. In many such situa-
tions, Section 1 of the German Highway Code5 always applies: "Partic-
ipating in road traffic requires constant caution and mutual consideration"
(p. 1). It follows that evaluating and communicating each other’s in-
tentions to assess other participants’ behavior is necessary in order to
maintain the safety of road users. In addition to formal rules, there
also exists an informal language of traffic that help road users resolve
their crossing conflicts.

Imagine a pedestrian approaching an intersection to cross, and at
the same time, a vehicle (with a driver) arrives there from a conflict-
ing direction. If it is not a regulated intersection, there is a right of
way conflict, and Who is going to pass first is generally a matter of ne-
gotiation between a driver and a pedestrian. The driver, when they
discover this pedestrian, may either slow down the vehicle and wave
at the pedestrian to allow them to cross first; or in other case, the
driver may continue moving with their current speed to indicate their
intention to pass first. Similarly, the pedestrian might show a gesture
to encourage drivers to go first, or in other situations the drivers can
sense pedestrians’ crossing intentions through their body movements
in which case they prepare to yield to the pedestrian. Such an infor-
mal mode of communication helps both drivers and pedestrians to
quickly anticipate what is going to happen next.

The question is: How will self-driving vehicles fit into this complex so-
cial system? One of the challenges for these vehicles is their interaction
with human road users, including pedestrians, cyclists, and other hu-
man drivers. In current traffic, it is observed that pedestrians commu-
nicate their intentions to drivers via gestures and gaze (Sucha, 2014).
Similarly, drivers use head or hand signals or electrical signals fitted
to the vehicle to communicate with pedestrians. But with self-driving

3 Rules 89–102 of UK Highway Code apply to drivers. Available online at https://www.
gov.uk/guidance/the-highway-code/rules-for-drivers-and-motorcyclists-89-

to-102

4 Rules 1–35 of UK Highway Code apply to pedestrians. Available online at: https:
//www.gov.uk/guidance/the-highway-code/rules-for-pedestrians-1-to-35

5 Available at http://germanlawarchive.iuscomp.org/?p=1290 (accessed online on
Feb 10, 2018)

https://www.gov.uk/guidance/the-highway-code/rules-for-drivers-and-motorcyclists-89-to-102
https://www.gov.uk/guidance/the-highway-code/rules-for-drivers-and-motorcyclists-89-to-102
https://www.gov.uk/guidance/the-highway-code/rules-for-drivers-and-motorcyclists-89-to-102
https://www.gov.uk/guidance/the-highway-code/rules-for-pedestrians-1-to-35
https://www.gov.uk/guidance/the-highway-code/rules-for-pedestrians-1-to-35
http://germanlawarchive.iuscomp.org/?p=1290
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vehicles, there is no human behind the steering wheel, and hence one
of the most prevalent communication channels is lost – the driver. The
industry is working on alternative communication concepts between
self-driving vehicles and pedestrians such as projecting crosswalk for
the pedestrians (BMW, Mercedes), text message displays (Google), or
light belts (Nissan). However, these channels only communicate the
vehicles’ intentions and do not engage in a negotiation. They may
fail to resolve the potential conflicts at, for example, unregulated in-
tersections where vehicles have to compete for a right of way with
pedestrians, or else, always stop for them. Currently self-driving vehi-
cles, autonomous in their decision making, rather conservatively stop
for pedestrians intending to cross the road. This behavior is slowing
them down considerably (Millard-Ball, 2018). Therefore, more effec-
tive interactive negotiation techniques among self-driving vehicles (in
short, vehicles) and pedestrians are required.

1.1 background and motivation

Most road fatalities in the urban environment concern pedestrians.
The main cause is human driver error (WHO, 2015). Future self-
driving vehicles are expected to reduce these errors and increase the
safety on roads (Winkle, 2016). However, the theoretical predictions
of these vehicles’ impact on traffic, in contrast, are more varied. These
predictions fall into two types of impacts on the pedestrian – one em-
phasizing on the safe behavior of vehicles towards pedestrians, while
others raising issues of their erratic behavior towards pedestrians. So
far mostly theoretical reviews on the vehicle-pedestrian interactions
are focused and there is far less research regarding these interactions
in real-life settings.

The vehicles are programmed to obey the rules of the road and to
wait for pedestrians to cross, even at unmarked crosswalks (Millard-
Ball, 2018). When it comes to their interaction with pedestrians, re-
lated industrial research is mainly focused on defensive measures.
A passive measure of this sort is the airbag protection for pedestri-
ans (Switkes, Khaykin, and Larner, 2015) to ensure their safety. An-
other passive measure is a general concession to yield, expressed in
research into interaction with pedestrians exploring potential com-
munication channels for the vehicle to tell a pedestrian it sees them
and is expecting them to cross in front (Keferböck and Riener, 2015).
Such passive interaction measures clearly make the vehicles safer for
pedestrians at the cost of the vehicle’s speed. However, such safe be-
havior has also undesirable consequences. A game theoretic analy-
sis by Millard-Ball (2018) on vehicle-pedestrian interactions in future
suggests that safer (or conservative) future self-driving vehicles would
provoke the pedestrians to step out to cross since they trust that the
vehicle will yield to them. For example, in the future it will be easy
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for playful children on roads to interfere with the vehicle’s operations
– as a consequence, the vehicle will keep standing. Theoretically, be-
cause of the widespread adoption of such vehicles, the future urban
traffic is expected to slow down significantly.

Other researchers, on the contrary, highlight the safety concerns
in mixed traffic scenarios, i.e., self-driving vehicles sharing the road
with human road users expected in the future on roads (Sivak and
Schoettle, 2015). Replacing human drivers with autonomous systems
may result in ambiguities in understanding other road users’ behav-
ior, which is evident from the recent crashes of vehicle prototypes
(Richtel and Dougherty, 2015a).

Social interaction among road users is necessary to guarantee ev-
eryone’s safety on roads, but also to ensure proper traffic flow (Ra-
souli, Kotseruba, and Tsotsos, 2018). There is still a social interaction
void in the behavior of these vehicles. In everyday situations, human
drivers tend to establish eye contact with the pedestrians expressing
their intention to pass first, while they can also judge pedestrians’ in-
tentions through their body gestures or signals such as raising a hand
to stop or waving to let others pass (Langton, Watt, and Bruce, 2000).
Vice versa, even pedestrians assess their risk of taking action and
risk-taking attitudes differ among individual pedestrians (Li, 2013,
2014; Lobjois and Cavallo, 2007). Individual levels of risk-taking make
pedestrian behavior harder to predict. In informal communication,
the vehicle (or currently, the driver) can anticipate the pedestrian’s
risk and make an intuitive guess of their intended actions (Himanen
and Kulmala, 1988), for example, from their gestures or gaze. Now
the vehicle, if they are sure that the pedestrian’s intention is to yield,
can take the opportunity to pass first. In any situation, either the
driver or pedestrian yield to the other to maintain safety on roads.
Though invisible, this negotiation happens every day among drivers
and pedestrians, especially at unmarked intersections. However, for a
self-driving vehicle, mimicking such behavior has few challenges, one
of them being the non-universality of signaling gestures. Also, these
social cues may be ignored by some pedestrians and drivers (civil
inattention) leading to indiscipline on roads (Goffman, 1963; Kadali
and Vedagiri, 2013; Özkan et al., 2006; Patterson et al., 2007). Such
issues exacerbate the challenges for future vehicles.

Few researchers argue that the future self-driving vehicles are re-
quired to exhibit a socially acceptable behavior that is understood
by human road users, especially pedestrians (Müller, Risto, and
Emmenegger, 2016; Shladover, 2016). One such aspect of this social
behavior is traffic negotiation with pedestrians, which is addressed in
this thesis. This work attempts to consolidate the observed elements
of social behavior in traffic into a negotiation model for vehicles and
pedestrians. From the above discussion, assuming that as long as
these social rules are lacking, the design of these vehicles’ behavior
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will be conservative; this work aims to improve traffic throughput by
active social engagement.

1.2 challenges for a self-driving vehicle

Negotiation in traffic poses many challenges for a self-driving vehicle.
This section gives a summary of a few challenges which also concerns
the work presented in this thesis.

1.2.1 Interpreting language of traffic

Pedestrians in their intention to cross the road engage with drivers in
some interaction. As discussed above, this interaction is through the
exchange of cues such as gaining attention through eye gaze or us-
ing gestures to indicate one’s desire (Langton, Watt, and Bruce, 2000).
They do so at unmarked locations but often even at marked pedes-
trian crossings or signaled intersections to negotiate for the right of
way (Sucha, 2014). Human drivers are able to judge the pedestrian’s
intention through such cues and react to the situation (Schmidt and
Färber, 2009). Similarly, pedestrians can also intuitively estimate the
intentions of drivers from the driving behavior cues, or hand wav-
ing. But for self-driving vehicles, it is still challenging to understand
this informal language of traffic (Färber, 2016). Furthermore, cultural
differences in such informal language of road users makes the decision-
making for robotic vehicles more difficult (Özkan et al., 2006; Patter-
son et al., 2007).

1.2.2 Intent perception and communication

Behavioral psychology of pedestrians is complex which influences
their crossing decisions on road (Harrell, 1991; Ishaque and Noland,
2008; Rasouli, Kotseruba, and Tsotsos, 2017). Existing studies show
that factors such as pedestrian demographics, social factors, dynamic
factors, and traffic conditions have a major impact on pedestrians’
crossing intentions (Rasouli and Tsotsos, 2019). However, pedestrians
might behave differently when confronted with self-driving vehicles
compared to conventional vehicles. Understanding of pedestrians’ in-
tentions on the road are crucial to autonomous driving to infer their
possible actions. The challenge for future vehicles is to incorporate
various contextual information in their pedestrian intention estima-
tion algorithms (Brouwer, Kloeden, and Stiller, 2016; Madrigal, Hayet,
and Lerasle, 2014). Vice-versa, the vehicle’s intent should be clear to
the pedestrians so another challenge is to build an effective mode of
communication to communicate vehicle’s intent to human road users
(Mahadevan, Somanath, and Sharlin, 2018).
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1.2.3 Social behavior

While the signalized junctions are controlled by traffic laws, informal
social rules play an important role at unmarked intersections (Dey and
Terken, 2017; Färber, 2016). For example, pedestrians generally allow
heavy vehicles or a queue of vehicles to pass first in an effort to main-
tain a smooth traffic flow (Himanen and Kulmala, 1988). Vice versa
drivers accept to stop for a waiting pedestrian group (Helmers and
Aberg, 1978). The road users understand the intentions of other users,
simulate the consequences of a particular planned action, and then
react accordingly. Self-driving vehicles do not exhibit such social be-
havior yet, and also lack the ability to take human-like decisions in
situations where there might be a conflict among road users for the
right of way (Keferböck and Riener, 2015; Vinkhuyzen and Cefkin,
2016). A lack of social understanding might result in safety issues
among road users (Müller, Risto, and Emmenegger, 2016). As such,
apart from the regular laws, it is also necessary to incorporate infor-
mal social rules in their decision-making methods.

1.2.4 Agreement in negotiation

An important aspect of social behavior in traffic is reaching an agree-
ment with the other road users to get the right of way. Human drivers
do it by intuitive assessment of risks given the perceived cues and
estimated intentions. However, this type of assessment becomes chal-
lenging for self-driving vehicles due to the uncertainty in recognizing
the intentions of the pedestrians. Additionally, individual personali-
ties also have an effect on the level of agreement in their behaviors.
For example, children are more likely to ignore the risks involved
and show a sudden change in their crossing behavior (Demetre et al.,
1992). Even among adult pedestrians, the different personalities of
pedestrians influences their risk-taking attitudes (Oxley et al., 1997;
Schmidt and Färber, 2009). The risk-taking behaviors of pedestrians
reflect their tendency to yield or not, which in turn, affects the cer-
tainty of agreement in a negotiation. Dealing with various risk-taking
behaviors of pedestrians in traffic is another challenge for future ve-
hicles.

The challenges that self-driving vehicles will face while encounter-
ing human road users are more complex than only inferring a human
presence around them. Though the work in this thesis only focuses
on self-driving vehicles’ negotiations with pedestrians and does not
provide a solution to all the associated problems with self-driving ve-
hicles, yet the above challenges are related to the negotiation problem.
As such, a comprehensive review of challenges for self-driving vehi-
cles and various possible multi-disciplinary approaches addressing
these issues are discussed in Chapter 2.
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1.3 research objectives and hypothesis

The downside of conservative behavior of self-driving vehicles is that
it will slow down the urban traffic in the future. Given the former
premise, the overall objective of this research is to propose a frame-
work for negotiations between self-driving vehicles and pedestrians
for the right of way. The overall hypothesis of this research is that a ve-
hicle’s chances for the right of way increase with negotiations, which
will consequently reduce their average waiting time and improve the
overall throughput at intersections when compared to the vehicle’s
conservative behavior. In this thesis, the negotiation problem has been
investigated in five stages; the research objectives at each stage are ad-
dressed in five different chapters, as described below:

1. Universality of gestures in traffic (Chapter 3): In order to
ground research on some conventionalized human behavior, the
preliminary work in this thesis focused on the study of traffic
control officers’ gestures directing the general traffic at road in-
tersections and worksites. This research aims to catalogue the
conventions related to particular tasks and find universal com-
monalities as well as differences between cultures and regu-
latory frameworks. The hypothesis of this research is that a
universally accepted set of gestures can be identified from
the rules used by traffic controllers to direct road traffic. To
test this hypothesis, the following research questions are inves-
tigated:

a) Can the hand signals used by traffic control officers for
standard situations such as directing the traffic at 4-way
junctions, directing the traffic at emergency spots or road
maintenance work areas, or guarding pedestrians at pedes-
trian crossings, be catalogued and categorized?

b) What are the commonalities and differences between the
conventions in different regulatory frameworks?

c) Is there a universally accepted set of gestures for certain
intentions?

d) Do traffic control officers use other elements of expressions
(like eye gaze, instruction batons) along with hand signals
to direct vehicles on the road? What are these situations?

2. Vehicle–Pedestrian negotiation framework (Chapter 4): The
objective is to conceptualize the negotiation process between
a pedestrian and a self-driving vehicle which addresses the fol-
lowing research question:

a) What are the steps in self-driving vehicle-pedestrian nego-
tiations?
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b) Can self-driving vehicle successfully negotiate with pedes-
trians for their right of way at intersections with an under-
standing of pedestrian’s intentions and physical constraints,
in order to reduce their waiting times?

The hypothesis of this research is that the negotiation between
self-driving vehicles and pedestrians will result in better co-
ordination among both parties, reduce the travel time of vehi-
cles, and thus improve the overall traffic flow at intersections
compared to conservative vehicles.

3. Social rules in negotiation (Chapter 5): This chapter extends
the above model and introduces negotiation strategies between
multiple vehicles and multiple pedestrians, interacting in groups.
The following research questions are investigated in this chap-
ter:

a) Which informal social rules exist among human drivers
and pedestrians affecting their crossing decisions?

b) In addition to physical constraints, can social rules increase
the chances for self-driving vehicles’ successful negotia-
tions with pedestrians for their right of way?

The hypothesis of this research is that negotiation by social
rules can significantly lower waiting times for vehicles and
thus improve the overall intersection throughput, compared
to their conservative counterpart.

4. Risk-based negotiation (Chapter 6): The previous model is fur-
ther improved by allowing individual decision-making, consid-
ering different risk-taking attitudes of pedestrians, and defin-
ing possible strategies for the vehicles to negotiate with them
for the right of way. Chapter 6 introduces a pedestrian’s risk-
based model for negotiation between multiple vehicles and mul-
tiple pedestrians, in which the following research question is
addressed:

a) Does pedestrian’s risk-averse attitude along with the in-
fluence of social rules, increase the chances of successful
negotiations for self-driving vehicles?

The hypothesis of this research is that negotiations will re-
duce the waiting times for vehicles and improve the overall
intersection throughput, compared to conservative vehicles.

5. Multi-party negotiation (Chapter 7): The last objective of this
research to demonstrate the applicability of the social rules to a
more complex environment, i.e., also adding vehicles from other
directions, and other pedestrian groups. The following research
question will be investigated:
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a) Will social rules also improve the flow of multi-directional
incoming traffic at intersections, while reducing the risk of
collisions?

The hypothesis of this research is that compared to the ve-
hicle’s conservative behavior, social rules of negotiations be-
tween connected vehicles and pedestrians approaching the in-
tersections from different directions will improve the intersec-
tion throughput and their waiting times.

All of the above research questions correspond to the overall re-
search theme – negotiations for the right of way. From the perspective of
negotiations, self-driving vehicles need to understand the intentions
of pedestrians exhibiting the language of gestural interaction. As such
the preliminary work on the universality of gestures was necessary
to understand whether there exists a common language of interac-
tion in traffic. The rest of this thesis focus on developing and testing
the vehicle-pedestrian negotiation framework. In summary, the nego-
tiation process between a single vehicle and a single pedestrian is
studied first based on physical constraints. A further objective was
to extend this model by introducing scenarios of negotiation between
multiple vehicles and multiple pedestrians. Decisions are no longer
made on physical constraints alone but have now to consider some
social rules as well. In addition to social rules, the vehicles will also
consider different risk-taking behaviors of pedestrians. Then finally
the scalability of the proposed model is demonstrated in multi-party
traffic scenarios.

1.4 thesis contributions and outcomes

This thesis presents a novel model for negotiation, allowing self-
driving vehicles to negotiate with pedestrians for their right of way.
The model allows for multiple vehicles and multiple pedestrians, in-
dividual decision making, and different personalities, following some
social rules. The model is designed to not compromise safety – when
the vehicle is not certain6 about agreeing with a pedestrian then it
always yields to them. A summary of the contributions in this thesis
is here:

• laying the foundation for the understanding of gestures by self-
driving vehicles, by classifying different hand signal rules used
by traffic controllers and identifying the general language to
direct traffic at controlled road sites.

• proposing the first negotiation model between self-driving vehi-
cles and pedestrians to overcome the downsides of slower con-
servative self-driving vehicles.

6 More details in Chapter 4
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• the introduction of informal and fuzzy social rules for decision
making in traffic enabling self-driving vehicles to take human-
like decisions to resolve conflict situations.

• the consideration of different risk-taking attitudes of pedestri-
ans in order to improve vehicle throughput without compro-
mising safety.

• scaling the social rules to improve the flow of multi-directional
incoming traffic at intersections

The proposed negotiation model is implemented using the SUMO7

traffic simulator and MATLAB8 toolbox. In the experiments with this
model, the waiting times of vehicles and the intersection throughput
are analyzed for different distributions of vehicle and pedestrian flow.
These parameters are then compared to the conservative behavior
model in which vehicles are slowing down when sensing pedestrians
intending to cross the road. Also, qualitative cost-benefit analysis for
both self-driving vehicles and pedestrians is discussed in terms of the
social, economic, and environmental impact of these negotiations.

To our knowledge, a negotiation model introducing social rules for
decision making in traffic is novel. This work demonstrates how ne-
gotiation reduces the conflict of interests between vehicles and pedes-
trians in different traffic conditions and balances the right of way
among them. The simulation results show that the negotiations re-
duce the waiting times of vehicles and improve the overall intersec-
tion throughput compared to the conservative vehicle behavior. The
reduction of waiting times for the vehicles is coming at the cost of
pedestrians, but the simulation shows also that these waiting times
for pedestrians do not exceed those at signalized intersections.

1.5 thesis structure

The current chapter presents the motivation for this thesis, and the re-
search objectives and hypothesis addressed in this work. The rest of
the thesis is organized as follows: Chapter 2 conducts a systematic re-
view of literature across multiple disciplines, exploring existing stud-
ies on conventional vehicle-pedestrian interactions, and the recent
theoretical and empirical studies on socially-intelligent self-driving
vehicles. This chapter establishes the foundations for the proposed
negotiation framework.

The next five chapters discuss the proposed models and experi-
ments corresponding to each research question and hypothesis listed
in Section 1.3. Chapter 3 investigates the universality of gestures in

7 http://sumo.dlr.de
8 http://mathworks.com
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traffic. Chapter 4 introduces the conceptual vehicle-pedestrian nego-
tiation framework. Chapter 5 conceptualizes the social rules of ne-
gotiations. Chapter 6 proposes a pedestrian’s risk-based negotiation
model. Lastly, Chapter 7 demonstrates the scalability of the proposed
model to multi-party traffic negotiations.

The final part of the thesis provides an overall discussion on the ma-
jor findings of this work along with the limitations (Chapter 8). The
overall conclusions and summary of the thesis is presented in Chap-
ter 9 which concludes with prospective directions for future work.
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L I T E R AT U R E R E V I E W

In the context of socially-intelligent vehicles, this chapter constructs
a link between related studies from different disciplines. Firstly, Sec-
tion 2.1 reviews the current gaps in the social behavior of self-driving
vehicles by providing evidence from existing studies in vehicle and
pedestrian interactions. Afterwards, Section 2.2 studies the potential
design solutions to embed social capabilities in self-driving vehicles,
also providing a review on the communication challenges for vehi-
cles. Next, a comprehensive review of pedestrian crossing behavior is
done in Section 2.3 including present studies involving self-driving
vehicles. Following this discussion, Section 2.4 focuses on practical
systems to predict pedestrians behaviors in traffic. Lastly, Section 2.5
studies various conflict-resolution methods in traffic. Based on this
review the contributions of this thesis are highlighted.

2.1 socially acceptable vehicles

The driverless vehicle industry including Google, Tesla, Nissan, and
others are already testing their vehicle prototypes. The integration of
multiple sensors on-board these vehicles have improved their ability
to sense their surroundings. With improved sensor capabilities, vehi-
cle’s decision-making in traffic is also expected to improve (Schwart-
ing, Alonso-Mora, and Rus, 2018). While this may be true, apparently
it is still hard to predict if sensor capabilities can ever come close
to human-like capabilities to make instant decisions in complex con-
siderations in traffic (Casner, Hutchins, and Norman, 2016; Martens
and Beukel, 2013; Müller, Risto, and Emmenegger, 2016). Moreover,
earlier test runs suggested that driverless vehicle prototypes failed
to adapt to the human behavior (Richtel and Dougherty, 2015b). As
such, some experts even argue that within the coming decade the
fully automated driving is feasible only for restricted and specific en-
vironments, and it will take a few decades for self-driving vehicles to
run autonomously on roads in all conditions. (Shladover, 2016).

2.1.1 Social behavior of self-driving vehicles

Self-driving vehicles will share the road with other road users, includ-
ing pedestrians. These road users not only act out of a self-interest,
and with regulations, but also sometimes react in response to social
cues from other users. In order to integrate future vehicles into this
social system, it is important that they appear intelligent to other road

13
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users and exhibit a socially acceptable behavior (Vinkhuyzen and Ce-
fkin, 2016). As such, Müller, Risto, and Emmenegger (2016) described
them as social actors in traffic, and argued that the driverless vehicle
is a part of a "complex socio-technical system which has to interact with all
other actors in a socially acceptable manner"(p. 1).

Exhibiting a social behavior in traffic is one of the many challenges
these vehicles will face before they are formally accepted as a part
of the urban traffic. Social behavior here means the ability to under-
stand other road users’ behavior (especially human road users), and
to act accordingly. Understanding road users’ behavior involves the
ability to distinguish between various types of road users and to in-
terpret their actions. For instance, future vehicles should be able to
distinguish between traffic control officers, pedestrians, and cyclists,
and differences in their formal commands (hand signals, legal norms)
and informal gestures (mostly of pedestrians) (Prakken, 2017). Apart
from distinguishing various road users, another major challenge for
self-driving vehicles is social interaction in a busy traffic intersection
– places of heavy informal interaction among road users in order
to resolve their conflicting intentions to cross a shared space. Espe-
cially in the context of interaction among drivers and pedestrians,
social cues are exchanged among them, and negotiation happens for
the right of way. Interaction can happen in any form, for example,
drivers and pedestrians establish eye contact with each other in or-
der to estimate each other’s crossing intentions (Rasouli, Kotseruba,
and Tsotsos, 2018). Other social cues often used by pedestrians are
their body gestures and hand signals, such as raising their arms to
stop the vehicle, or waving to let them pass first (Langton, Watt, and
Bruce, 2000). This informal communication becomes an indication to
the drivers to yield to pedestrians. Additionally, a vehicle (or driver)
slowing down is assumed to be yielding, while pedestrians tend to
yield for high-speed, heavy-duty or a queue of vehicles (Himanen
and Kulmala, 1988; Jensen, 2013; Lobjois and Cavallo, 2007). Such
type of informal negotiations, involving the exchange of social cues,
is necessary for maintaining safety on the roads and keeping the flow
of traffic moving. However, the current design of vehicle lacks negoti-
ation abilities. Social interaction involving self-driving vehicle is a rel-
atively understudied field, as such, this thesis particularly focuses on
describing self-driving vehicle-pedestrian negotiations at unmarked
intersections for the right of way.

2.1.2 Why is social interaction necessary?

In future, social interaction may play an important role in resolving
traffic conflicts. Given that self-driving vehicles will be interacting
with other users (for example, at road crossings), research implica-
tions in the area of human-robot interaction put further stress on the
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importance of social interactions in future vehicle design. Social intel-
ligence is necessary for many applications of robots where they are
directly or indirectly involved in interactions with humans (Goodrich
and Schultz, 2008). Researchers argue that robots should not just be
programmed to avoid objects, especially when humans are involved
(May, Dondrup, and Hanheide, 2015). Instead, humans should feel
safe and comfortable when interacting with robots and both should
have a mutual understanding of the situation. In the context of social
robots (such as in assisted living (Broekens, Heerink, and Rosendal,
2009)), robots should actively engage in both verbal and non-verbal
communications with humans, and human-robot mutual intentions
should be clear (Breazeal et al., 2001; Shattuck and Woods, 1997;
Watanabe et al., 2015).

Few empirical studies on human-robot interaction highlighted the
impact of intent communication by robots in the perceived comfort
of humans during the interaction. For example, May, Dondrup, and
Hanheide (2015) conducted experiments using ’robotic gaze‘ and ’di-
rection‘ indicators to communicate the robot’s navigation plan to the
human participants. Their findings show that both forms (gaze and
indicators) of communication improved human comfort during inter-
actions. But communicating motion intent through direction indica-
tors was the preferred mode among participants. The above study
shows that the purpose of interaction also matters in the design of
any form of communication. Similarly, other studies, using research
robot prototype (Chadalavada et al., 2015) or virtual testing methods
such as augmented reality (Bunz et al., 2016), show that projecting
near future robot’s trajectory information on the floor by the robot
is able to effectively improve the human response to the robot. The
above studies in social robotics emphasizes the importance of intent
communication (by machines) in human-machine interactions. This
importance is further strengthened by conclusions of a survey-based
study (Takayama, Dooley, and Ju, 2011), which suggested that a com-
municative1 robot is likely to be perceived as appealing, approachable,
and sure of its subsequent actions, compared to non-interactive robots.
Furthermore, a robot exhibiting social behavior appears more reli-
able and predictable to humans (Turnwald et al., 2016), which in turn,
guarantees safety of all, including humans involved in the interaction
(Dautenhahn, 2007; Hoff and Bashir, 2015; Hoffman and Ju, 2014; Lee
and See, 2004). Similar to social robots, future self-driving vehicles
are also required to communicate their intent to human road users in
order to maintain safety on roads and gain public acceptability. How-
ever, translating the communicative properties of social robots to self-
driving vehicles is not straightforward. Similar type of interaction is

1 A communicative robot is assumed to engage with humans using verbal (speech,
text display) or non-verbal (hand and arm gestures, facial expressions, etc.) mode of
communication



16 literature review

challenging for vehicles largely due to constraints on interaction dis-
tance and sensor capabilities; for example, in one of the study it has
been shown that speech recognition, and face/hand gesture recogni-
tion by robots performs adequately up to distances of 2.5m from the
human subject (Mead and Matarić, 2015). This means current technol-
ogy does not support gestural communication between self-driving
vehicles and pedestrians in which case interaction distances may be
more than 50m.

2.1.3 Theoretical reviews on safe vehicle design

In the context of social behavior capabilities of self-driving vehicles,
let us first highlight the reviews on the current state of self-driving
vehicle designs. An important motivation behind replacing human-
driven vehicles with self-driving vehicles is reducing the number of
accidents caused due to human driver errors (WHO, 2015). In a crash
report by the US motor vehicle department, around 4743 pedestrian
accidents and 726 cyclists fatalities were recorded in the United States
in the year 2012, which represents 14% of the total road incidents
(NHTSA, 2013). Around 70% of the fatalities reported were due to
human driver error.

Methods to ensure pedestrian safety have been particularly ex-
plored. For example, pedestrian collision avoidance mechanisms are
programmed in the vehicles to keep them away from pedestrians at
critical times (Llorca et al., 2011). Furthermore, to prepare the vehicle
for worst case scenarios they are deployed with pedestrian protection
systems to detect when a collision is unavoidable, and activate emer-
gency brakes and pedestrian airbags2 to minimize the expected ca-
sualties (Llorca et al., 2009). In context of self-driving vehicles, safety
will be a primary concern, and in order to maintain safety on the
road, it is expected that they will be programmed to drive carefully.

In other studies also it is pointed out that self-driving vehicles are
expected to be safer than human-driven vehicles (Winkle, 2016). This
is because self-driving vehicle will follow the rules of the road, in-
cluding the rule to yield to pedestrians whenever vehicle encounters
any pedestrian around them (Millard-Ball, 2018; Ohn-Bar and Trivedi,
2016). Theoretical reviews on this safe vehicle design suggest that as-
sertive pedestrians, in future, will have an adverse effect on the flow
of vehicles (Millard-Ball, 2018). The former argument also suggests
the following situations in future: In urban areas with a high density
of pedestrians, self-driving vehicles might come to a standby if they
are conservative; a similar situation can be imagined when playful
children may not allow the vehicle to move by standing in front of
them.

2 The pedestrian airbag concept was designed to protect pedestrians in the case of a
frontal impact with the car
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Notwithstanding their safe design, few researchers also highlighted
the safety concerns in mixed traffic scenarios where self-driving ve-
hicles will be sharing the road with human road users (Sivak and
Schoettle, 2015). Replacing human drivers with autonomous systems
may result in ambiguities in self-driving vehicle’s understanding of
other road users’ behavior, which is evident from the recent crashes
of these vehicle prototypes (Richtel and Dougherty, 2015a). The vehi-
cle might show erratic behavior towards pedestrians, or even run into
a social dilemma of running over pedestrians or sacrificing their pas-
senger to save the pedestrians (Bonnefon, Shariff, and Rahwan, 2016).
However, the question of unavoidable crashes in a social dilemma is
out of the scope of this thesis’s discussion.

Nevertheless, it is clear that if conservative vehicles are confronted
with any pedestrians, vehicles will prepare to slow down for the
pedestrians. Consequently, urban traffic will be slowed down. The
objective of this thesis is premised on the adverse impacts of conserva-
tive behavior of self-driving vehicles on traffic. To avoid a highly con-
servative behavior that may slow down the traffic, future self-driven
vehicles will have to negotiate with human road users, for example,
with pedestrians to resolve crossing conflicts – the impact (of which)
is discussed later in Chapter 8. The next two sections focus on explor-
ing the nature of interactions in traffic in the presence of conventional
(human-driven) and self-driving vehicles.

2.1.4 Studies on driver-pedestrian interactions

It is expected that various road users have a similar interpretation of
their surroundings including other users’ intent, otherwise collisions
are likely to happen (Endsley, 1995). The following review particu-
larly focuses on driver-pedestrian interactions. Pedestrians’ interac-
tions with conventional vehicles (or say drivers) have been studied
in the literature. These interactions may develop as a consequence
of safety concerns among road users (Lundgren et al., 2017; Sucha,
Dostal, and Risser, 2017); and the way they are developed are affected
by individual expectations from others on the road (Zhou, Horrey,
and Yu, 2009). Furthermore, the drivers’ interactions with pedestri-
ans become complex because of their different motivations and cog-
nitive states (Mwakalonge, Siuhi, and White, 2015). These interac-
tions are further affected by various factors such as behavior of other
road users (Rosenbloom, 2009; Zhou, Horrey, and Yu, 2009), pedes-
trians’ crossing speeds (Knoblauch, Pietrucha, and Nitzburg, 1996),
vehicle speeds and stopping distance (Schneemann and Gohl, 2016;
Sun et al., 2015; Varhélyi, 1998), traffic density (Wang et al., 2010),
road infrastructure and weather conditions (Knoblauch, Pietrucha,
and Nitzburg, 1996; Sun et al., 2015), and also the demographics of
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road users (Lobjois and Cavallo, 2007; Oxley et al., 1997; Tom and
Granié, 2011).

Some traffic situations might be ambiguous where it is not clear
who has the right of way, and that is where negotiation is needed.
In such situations, communication between drivers and pedestrians
happens with the exchange of non-verbal cues (such as hand signals,
gaze interaction, etc.). Several empirical studies on vehicle-pedestrian
interactions demonstrate the effect of non-verbal communication on
the nature of interactions, as discussed next. One of the important
cues in driver-pedestrian interactions is eye gaze. The study by Lu-
oma and Peltola (2013) shows that pedestrians, in general, face the
traffic while crossing to ensure their safe movement. Another related
study by Rasouli, Kotseruba, and Tsotsos (2017) on driver-pedestrian
interactions concluded that 90% of the times pedestrians are found
looking at the oncoming traffic before taking a decision to cross. They
also argue that cues like looking and glancing are the most used forms
to communicate intent to the vehicle (with a driver) in traffic. A field
study by Sucha, Dostal, and Risser (2017) also found that pedestrians’
crossing decisions are affected by cues from drivers such as gestures
and 84% pedestrians were observed to seek the attention of a driver
through an eye contact. However, only 34% of the drivers acknowl-
edged by seeking an eye contact which suggested a major difference
in their respective needs for mutual communication. This analysis,
however, is limited by the observations of the observers about evi-
dent “eye contact" between drivers and pedestrians during the study,
as the operationalization3 of eye contact was not done in the experi-
ments. The above review suggests that facing the approaching traffic,
involving gaze and body movements, is a more general form of seek-
ing attention among pedestrians.

Likewise, the driver’s behavior is also influenced by non-verbal
communications. Field experiments by Guéguen, Meineri, and
Eyssartier (2015) show that when when pedestrians attempted gaze
interactions with drivers, it increased the number of drivers who
stopped at crossings by more than 20%. Other positive influences on
driver behaviors are also demonstrated in the form of reduced cases
of sudden breaking and increase in their slowing down behaviors
(Ren, Jiang, and Wang, 2016). An exchange of gaze between drivers
and other road users not only confirms that road users are noticed,
but it also increases their compliance with road instructions (Ham-
let, Axelrod, and Kuerschner, 1984). Similar other empirical studies
show that non-verbal communications increase the driver’s tendency
to cooperate during negotiations and in turn yielding more easily
at crossings (Crowley-Koch, Van Houten, and Lim, 2011; Guéguen,
Eyssartier, and Meineri, 2016; Nasar, 2003; Zhuang and Wu, 2014).

3 Operationalization is a process of defining the measurement of a phenomenon that
is not directly measurable
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The above review suggests that informal negotiations happen every-
day on roads. Based on the above evidences, Chapter 4 proposes a
negotiation model between a vehicle and a pedestrian. The different
forms of interactions discussed above are a starting point for vehicle-
pedestrian negotiations which will be discussed in Chapter 4.

2.1.5 Analysing interactions with self-driving vehicles

Unlike pedestrians’ interactions with conventional vehicles, the na-
ture of interactions with self-driving vehicles is relatively understud-
ied. Till now, studies in the context of autonomous driving mainly
focused on analyzing pedestrian’s perceived risk of crossing when in-
teracting with them. It is expected that communication needs and the
nature of interaction will change when fully automated vehicles are
introduced in the traffic system (Habibovic et al., 2016). However, the
arguments on this issue are divided among researchers.

Millard-Ball (2018) relates the interaction between a self-driving ve-
hicle and a pedestrian to the game of crosswalk chicken in which a
player’s optimal choice depends on the possible action of their op-
ponent. He argues that when confronted with autonomous vehicles,
pedestrians will always choose to cross first. Pedestrians, knowing
that the vehicle will always yield to them, will be assertive and their
perceived risk, in this case, will not even exist. As such there will be
no need for any form of communication between them, he further
adds. Interestingly, in one of the field studies by Rothenbücher et al.
(2016) similar conclusions were drawn. The implication of their study
is that pedestrians’ behaviors at crosswalks do not change while en-
countering a (self-driving) vehicle with a ghost driver4, compared to
encounters with drivers; eventually, the pedestrians cross the street
without any hesitation. This study, however, is subject to bias in the
environment and participants selection. The study was conducted on
a university campus where participants had a better understanding
of the expectations from the experiment. Also, driving is usually safe
in the campus environment which affected the risk acceptance behav-
ior of the participants. As such it can be said that results from this
study do not align with the real-life settings.

On the contrary, other studies suggest that the introduction of self-
driving vehicles in traffic may lead to a notable change in the percep-
tion of pedestrians about self-driving vehicles compared to conven-
tional vehicles (Habibovic et al., 2016; Lundgren et al., 2017). Few
research groups conducted experiments on evaluating pedestrians’
crossing comfort against different autonomous driving behavior of
vehicles. In these experiments, different behaviors of ‘drivers’ were

4 In this study, participants encountered a vehicle that appeared to have no driver, but
which in fact was driven by a human confederate hidden inside, termed as a ghost
driver.
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disguised as autonomous driving behaviors, so pedestrians’ interac-
tions were typically linked to the changing role of the driver who be-
comes a more passive participant in the interaction. One such study
by Lagstrom and Lundgren (2015) considered several scenarios of
driver distraction at crossings during experiments. Pedestrians’ cross-
ing intent was observed against the drivers’ attention (eye contact),
and different driver distraction scenarios (staring on the road, reading
the newspaper, and talking over the phone). Their results show a posi-
tive interaction when the driver made an eye contact with pedestrians.
However, in other cases the drivers’ distraction led to an increased per-
ceived risk of crossing among pedestrians, and the majority of them
did not cross. In a similar study by Habibovic (2018), the pedestrians
stated in post-questionnaires that "they would look for confirmation from
the ‘driver’, and that future vehicle should clearly inform them about their
mode and intent". Their study implied that pedestrians’ acceptability
for future vehicles will increase if the intent is clear to them. A proper
communication channel would eliminate possible ambiguities which
may arise without the driver’s presence. The above conclusions, how-
ever, are also supported by other experiments in real-traffic settings
where interactions between self-driving vehicles and pedestrians have
been investigated (Böckle et al., 2017; Merat, Madigan, and Nordhoff,
2016). Yet, there are concerns that when the driver has no control of
the vehicle then pedestrians’ trust would significantly decrease (Stan-
ciu et al., 2017), which in turn will lead to misinterpretation of ve-
hicle’s intent (Habibovic and Davidsson, 2012). A further detailed
discussion on communication needs and challenges for self-driving
vehicles is discussed in Section 2.2.

2.2 embedding social capabilities in future vehicles

The mutual understanding of each other’s intent is crucial for safe in-
teractions between self-driving vehicles and pedestrians (Klien et al.,
2004). Negotiation by vehicles is not possible without social capabili-
ties in vehicles, and the major concern is their intent communication
to other road users. In self-driving vehicles, the major channel for
intent communication – the driver – is lost, thereby creating a com-
munication gap between them and pedestrians. The communication
gap and inattention between pedestrians and vehicles are the two ma-
jor concerns in the design of future vehicles (Rasouli, Kotseruba, and
Tsotsos, 2018). Communication needs will change with self-driving
vehicles. It is crucial that the communication interface is designed
carefully (Bunz et al., 2016), including a balance between how, when,
and what to communicate (Habibovic, 2018). The following review
provides a further discussion on this issue.
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2.2.1 Social contexts in vehicle design

In order to gain insights into pedestrians’ trust towards future self-
driving cars, social scientists are studying pedestrians’ action and
reaction towards these vehicles in different traffic situations (Kefer-
böck and Riener, 2015; Lagstrom and Lundgren, 2015; Sucha, 2014).
The primary research focus in social interaction context has been on
developing and testing different modalities of communication. For
instance, a team of researchers at Nissan is focusing on integrating
the understanding of social interaction contexts in their autonomous
vehicle design (Vinkhuyzen and Cefkin, 2016). The Nissan team in-
troduced their concept car which uses an array of LED lights around
the vehicle to alert surrounding road users. The different lighting
patterns and colors indicate the level of alert to the pedestrians and
whether the vehicle intend to yield/not yield to the pedestrians. In
addition, a vehicle interface to display courteous messages, such as
"After you!", to pedestrians on the vehicle’s front windshield is also
proposed (Nissan, 2015). The use of external displays for vehicle-
pedestrian communication has been suggested in other studies as
well (Mahadevan, Somanath, and Sharlin, 2018; Urmson et al., 2015;
Zimmermann and Wettach, 2017). Such displays can be used to broad-
cast informative messages to pedestrians such as speed of the vehicle
(Clamann, Aubert, and Cummings, 2017), yielding intention of the
vehicle (Matthews, Chowdhary, and Kieson, 2017), or graphics sug-
gesting an action to pedestrians (Clamann, Aubert, and Cummings,
2017; Daimler, 2014).

AutonoMI5 by Graziano (2014), an LED array display on the vehicle
for communicating with pedestrians, is another example of an exter-
nal display for vehicles in which LED array lights up to acknowledge
that the pedestrian has been detected. Moreover, when the pedestrian
begins to cross in front of the vehicle, the array lights up relative to
the pedestrian’s position in the crosswalk to assure that the vehicle
knows about their motion. In addition to LED display, other studies
suggest using a combination of various other modalities including
visual displays and audible warnings to increase the functionalities
of a vehicle communication system (Florentine et al., 2016; Siripanich,
2017).

Google’s efforts in this direction are indicated in one of their patents,
involving signage and audible warnings to notify the intent of the
vehicle (Urmson et al., 2015). The Google team integrated flashing
signage on the vehicle door to inform the pedestrians not to cross in
front of them. They also added audible warnings, mimicking the char-
acteristics of conventional vehicles, to alert the pedestrians – such as
honking like a patient driver, and in other cases beeping while swerv-
ing or reversing through the lane.

5 Autonomous Mobility Interface
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At the 2015 international CES6 event, Mercedes demonstrated their
interactive zebra crossing concept vehicle that projects a crosswalk in
front of the pedestrian to cross the road, along with light notifica-
tions (Mercedes-Benz, 2015). Similar concept was proposed by BMW,
and later Mitsubishi also revealed a concept where vehicle motion di-
rection is projected onto the road surface (Mitsubishi, 2015).

Earlier in 2012, Massachusetts Institute of Technology (MIT) re-
searchers came up with a biomimetic vehicle-pedestrian communica-
tion system named AEVITA (Pennycooke, 2012). Their system relied
on various sensors to express recognition of pedestrians by the vehicle
combined with a module to communicate vehicle’s intent. However,
their in-campus study does not guarantee positive results in real-life
settings, and the authors further clarify that their communication pro-
tocols may need to be fine-tuned with more robust testing.

The above different concepts of vehicle interface for communication
with the pedestrians provides a way to communicate the vehicle’s in-
tent, however such interfaces do not engage vehicle in a two-way
communication with the pedestrians. Yet another social challenge for
vehicles is decoding and reacting to the dynamic cues from its envi-
ronment, for example, how will they react to the nod or wave by the
pedestrians in complex traffic conditions. Till now, Google’s driver-
less vehicles are capable of detecting cyclist’s hand signals (the con-
ventions followed in North America) (Kretzschmar and Zhu, 2015).
There are few other works related to traffic hand controller’s gesture
recognition (Delp and Caveney, 2016; Guo, Tang, and Zhu, 2015; Tao
and Ben, 2010). However, a number of questions arise when related
to cultural differences in traffic interactions, such as whether the lan-
guage of traffic, including these conventions, are universal is not clear.
Chapter 3 in this thesis investigates this problem in detail.

Human-robot multi-modal interaction has been investigated in lit-
erature where machines can be trained to respond through gestures
and facial expressions (Bremner and Leonards, 2016; Han, Lin, and
Song, 2013; Wu et al., 2009). The concept of robotic eyes is also in-
troduced in the robotics literature (Fussell, Kraut, and Siegel, 2000;
Onuki et al., 2013) but these designs are limited by their application
context and cannot independently be involved in non-verbal commu-
nication with the humans. A similar concept of human-like eyes is
proposed for the vehicles as well (Chang et al., 2017; Pennycooke,
2012). For example, Pennycooke (2012) claimed to detect the gaze
of pedestrians and proposed a moving-eyes approach by vehicle es-
tablishing virtual eye contact with pedestrians. The moving-eyes of
vehicles were generated with the vehicle’s rotating front lights to give
an impression of eyes of the vehicle. In addition to these features, the
use of robotic hands to perform gestures is also recommended to be

6 CES is an international Consumer Electronics Conference – the global stage where next-
generation innovations are introduced to the marketplace (https://www.ces.tech/)

https://www.ces.tech/
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a part of future vehicles in an another study (Mahadevan, Somanath,
and Sharlin, 2018). Some researchers also suggest replacing a human
driver with a humanoid robot in the driver seat to perform human-
like gestures during communication (Mirnig et al., 2017). Neverthe-
less, the effectiveness of such interaction modalities is not clear in
the above studies, also different prototypes have not been tested and
validated in actual vehicle-pedestrian interaction scenarios.

2.2.2 Reviewing communication challenges

Industrial efforts in embedding social capabilities in future vehicles
are evident from the above review, but implementing them in real-life
settings requires more attention. For instance, in some situations, ve-
hicle notifications can be perceived as misleading to pedestrians (An-
dersson, 2017). In this section, we discuss the pedestrians’ perceived
effectiveness of different modes of intent communication by vehicle.

Few studies show that external communication interface for vehi-
cles such as intent displays will improve the experience of pedestri-
ans during interaction with vehicles. One such study by Matthews,
Chowdhary, and Kieson (2017) used a controlled golf cart to measure
the effectiveness of using an intent display in communication with
pedestrians. In their experiments, pedestrians encountered both types
of vehicles – with and without an intent display. It was observed that
there was 38% improvement in resolving conflicts when the vehicle
communicated with an intent display. This study further concluded
that pedestrians’ experience can be further improved if they have prior
knowledge about the vehicle’s communication mechanisms. Other re-
lated studies also support similar observations (Zimmermann and
Wettach, 2017) and indicate that an effective communication channel
is essential to increase pedestrians’ trust towards the self-driving ve-
hicles.

In contrast, few other studies do not agree to the above obser-
vations and argue over the effectiveness of visual intent displays.
For instance, Pennycooke (2017) conducted experiments with a hid-
den driver in the vehicle so that the vehicle appears to drive au-
tonomously. The vehicle was equipped with the display mounted on
the roof displaying the message "Safe to cross". Compared to pedestri-
ans’ initial resistance to cross in front of the test vehicle (autonomous),
the results show that there was no significant improvement in pedes-
trians’ crossing decisions when they encountered the vehicle with
an intent display. More specific reason for this observation was re-
vealed in the post-questionnaire of this study – the lack of pedestri-
ans’ trust for autonomous driving. These results can be further linked
to pedestrians’ reaction times which increased due to interpreting
messages from the external interface, and also the visibility of the dis-
plays from large distances. A similar experiment by Clamann, Aubert,
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and Cummings (2017), they tried to improvise the above experiment
and tested with large LCD displays of intent graphics on the vehi-
cle to rule out the visibility issues. Their conclusions suggested that
only a few participants had an actual effective experience with inter-
faces, while other participants reported that they ignored the displays
and relied on their safety intuitions. Further, they found that pedestri-
ans’ decision-making time increased in the presence of intent displays.
Clamann, Aubert, and Cummings (2017) further emphasized that in
any case, vehicle’s speed and distance are still significant parameters
in pedestrians’ crossing decisions.

In the context of autonomous driving, other modalities of commu-
nication with pedestrians are also investigated. Chang et al. (2017)
demonstrated the use of moving eyes installed at the front of the ve-
hicles for the interaction with pedestrians in a virtual reality environ-
ment. The majority of the participants in this study reported that their
decision-making was effective in the presence of mechanical eyes on
the vehicle, while the response was outstanding when vehicles’ eyes
looked directly to the pedestrians. The evaluation of this study, how-
ever, was limited to a few participants in a virtual reality environment
where risks involved were minimal.

Mahadevan, Somanath, and Sharlin (2018) extended the above ex-
periment design and further included audio, visual, and physical
cues (such as an actuated hand) in their vehicle-pedestrian interac-
tion test setup. The multi-modal approach in the design of communi-
cation interface for vehicles in this experiment provided a better un-
derstanding of the usability of different communication modalities.
For example, participants in their study appreciated the use of LED
strips as visual cues for intent communication, however, highlighted
its non-applicability to color blind or visually impaired people. Au-
dio feedback from the vehicle could help pedestrians but at the same
time, audio messages from multiple driverless vehicles will not work
well. On the other hand, physical cues proved to be a clear form of
communication to the pedestrians, while other cues such as vehicle
motion remain to be a convenient mode for pedestrians in terms of
interpretation. However this study is limited by the number of partic-
ipants (only 10) involved in their experiments, and all of them exhib-
ited a North American road culture. This study further suggests The
cultural differences in physical cues will be a challenge in designing
communication interface for vehicles.

Apart from above approaches, communication by implicit cues in-
volving vehicle motion patterns is also emphasized by other studies.
For example, Beggiato et al. (2017) studied different braking actions
by vehicle to communicate its yielding intentions to the pedestrians.
It was found that sudden changes in the vehicle’s speed caused pedes-
trian discomfort in traffic. In another similar study, it was also found
that pedestrians often perceive sudden speeding up or braking by a
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vehicle as an erratic behavior which confuses the pedestrians (Zim-
mermann and Wettach, 2017). These findings imply that interpreta-
tion of the vehicle motion varies among pedestrians, and is often
influenced by demographic factors such as pedestrians personalities,
and traffic situations. Pedestrian behavior will be further discussed in
detail in Section 2.3. Overall, based on the available findings it seems
that a multi-modal design of communication interface for self-driving
vehicles can reduce the communication gap between pedestrians and
vehicles which is necessary especially during negotiation situations.

2.2.3 Vehicle-to-Pedestrian (V2P) communication

So far I discussed external displays as potential communication chan-
nels between pedestrians and vehicles, and the associated communi-
cation challenges with them as observed in various studies. Next, I
further investigate other practical solutions for intent communication
among vehicles and pedestrians.

One way of direct and efficient information interaction is through
radio communication technology. Short-range communication with
vehicles is possible by exchanging information via radio signals,
while even wide area communication is possible with a cellular net-
work or satellite communication. Recently, there has been particu-
lar attention in developing Vehicle-to-Vehicle (V2V) and Vehicle-to-
Infrastructure (V2I) communication technology (Cheng et al., 2014;
Hobert et al., 2015). Their benefits involve the real-time exchange of
precise traffic information including each other’s precise speed and
location information, which ultimately helps in reducing inter-vehicle
collisions and traffic congestion (Narla, 2013). The extension of this
technology for communication with pedestrians – called as Vehicle-
to-Pedestrian (V2P) communication – has also been investigated, yet
is relatively understudied. Related solutions rely on sensors such as
camera, lasers, or wireless network components embedded in both
vehicles and pedestrians. For pedestrians, the most efficient and gen-
eral V2P communication interface solution is a smartphone equipped
with the required sensors for V2P communication functionalities.

Earlier in 2013, a Honda R&D group demonstrated Dedicated Short
Range Communications (DSRC) technology enabled V2P communica-
tion (Cunningham, 2013). Their vehicle-to-pedestrian (V2P) technol-
ogy used cooperative communication between a pedestrian’s DSRC
enabled smartphone and nearby vehicles. They also demonstrated
that such a system can be used to provide potential collision alerts to
pedestrians through high-volume beep and a warning on the screen
of their smartphone. On the other hand, their system also alerts the
vehicle through in-vehicle displays. In another similar work Hussein
et al. (2016) proposed the use of a smartphone application that broad-
casts the heading and location information of the pedestrian, and
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also receives similar information of nearby vehicles. Using this infor-
mation, the application displays the collision-related warning signals
to the pedestrians in their smartphones. Apart from smartphone no-
tifications, another option explored by researchers is wearable sensor
technology for pedestrians to receive warning signals from vehicles
(Gordon et al., 2016).

V2P technology seems to be promising however it also raises a
number of concerns among pedestrians. Surveys show that a large
number of pedestrians are unwilling to use such applications fearing
that these shift the responsibility of potential accidents to pedestrians
(McLeod, 2014). Another major concern is privacy issues associated
with sharing road users’ personal information (Schmidt, Philipsen,
and Ziefle, 2015). Other issues related to the performance of this tech-
nology includes channel congestion in dense traffic and communi-
cation delay or latency issues (Anaya et al., 2014). A more detailed
review of the effectiveness of V2P communication technology to re-
solve conflicts in traffic will be discussed in Section 2.5.

2.2.4 Other practical solutions - Smart roads

Smart roads concept, enabled by Vehicle-to-Infrastructure (V2I) com-
munications, is another promising technology that may facilitate sit-
uation awareness among self-driving vehicles and other road users.
Short-range communication technologies like V2V and V2P works
better when there are a number of nearby vehicles which can propa-
gate awareness information from one vehicle to another vehicle (or
pedestrian). However, if roads can also communicate information
then vehicles and pedestrians can even see the situation far away from
their location (such as an emergency situation or a potentially collid-
ing swerving vehicle) and hence can act accordingly. Recently, smart
road concepts have been gaining popularity among transport plan-
ners, exploring robust infrastructure planning to transmit the inten-
tions and whereabouts of the road users in real-time. There might be
situations when a vehicle’s intent display and warnings may get ig-
nored by distracted pedestrians. In such cases, smart roads can play
a role to inform all road users about the potential threats (Sieß et al.,
2015a) using visual and sound effects, or in other situations alert a
number of distracted road users with a common interface like alert
projections on the road (Sieß et al., 2015b).

One such example is Hybrid City Lighting project which suggests a
vehicle-warning system (Sieß et al., 2015a). When this system detects
any pedestrian who is not yet in the view of the vehicle and is trying
to cross the street , the system projects danger lights in the form of
circles in the pedestrian’s vicinity to warn oncoming vehicles about
the expected danger at an early stage. This way, the sensors on road
in conjunction with information from road users can provide an early
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information of the level of imminent danger. Moreover, the warning
lights projected on road as concentric circles appear more lumines-
cent depending on how acute the danger is, for example, they start
blinking if danger is high, and if the pedestrian stops then circles fade
out.

Infrastructure design initiatives for pedestrian-friendly communi-
cation have been recently demonstrated by the Umbrellium group, and
the Studio Roosegaarde design lab. The former group showcased an in-
teractive crossing concept – a projected crosswalk on road for pedes-
trians which reacts dynamically in real time prioritizing pedestrians’
safety (Umbrellium, 2017). For example, the width of the projected
crosswalk is automatically increased if there are a number of pedes-
trians crossing at the same time. Moreover, if a distracted pedestrian
is detected then a warning pattern of lights is projected around them
to fill their field of vision and alert the nearby vehicles about the
risk to such pedestrians. Similarly, as a part of the Smart Highway
project, Studio Roosegaarde implemented the glowing Van Gogh7 path
highlighting traversal paths for cyclists and pedestrians, and a similar
concept for highlighting boundaries of highways during night for the
vehicles (Roosegaarde, 2015).

Nevertheless, all the above communication solutions between
pedestrians and vehicles only provide situation awareness and intent
communication of a party. However, none of these solutions guaran-
tee conflict resolution among road users as these solutions do not
provide a way to reach an agreement and match the intentions of
different road users. Not only the communication solutions between
self-driving vehicles and pedestrians, but also negotiation capabilities
of a vehicle to reach an agreement (in their intentions) with the pedes-
trian will allow them to reduce their crossing conflicts, as this thesis
will show (Chapter 4).

2.3 insights on pedestrians road-crossing behaviors

The pedestrians’ road-crossing behaviors are well studied, however,
related studies in the context of autonomous driving are limited.
The pedestrians’ perceived risk in presence of self-driving vehicles
may vary depending on demographic factors such as age and gen-
der (Deb et al., 2017; Hulse, Xie, and Galea, 2018). Not only demo-
graphic factors, but also different types of social information from the
environment influence their crossing decisions. Apart from these fac-
tors, other factors like group size and social norms influence the risk-
taking behaviors of pedestrians. Moving away from the role of ve-
hicles’ communication channels and intent displays in pedestrians’
behaviors, this section further provides a detailed review on the in-

7 Read more about Van Gogh path here: https://www.studioroosegaarde.net/proj
ect/van-gogh-path

https://www.studioroosegaarde.net/project/van-gogh-path
https://www.studioroosegaarde.net/project/van-gogh-path
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fluence of above factors in pedestrians’ behaviors, and their role in
vehicle-pedestrian negotiations.

2.3.1 Perception of safe gap

Decision making while crossing is often influenced by the cognitive
abilities of the pedestrians to perceive a safe gap. This safe gap is a per-
ception of individuals rather than a general measure. The pedestrians
have a tendency to take risks if they have the ability to cross quickly,
which suggests that age has an impact on their crossing decisions. For
instance, children lack the perception of safe gaps and are found to
ignore rules more easily compared to adults (Demetre et al., 1992;
Schmidt and Färber, 2009). The lack of a safe gap perception makes
children’s behavior more varied, and often difficult to predict (Clay,
1995; Holland and Hill, 2007). Similarly, older people with reduced
cognitive abilities take some time to perceive their surroundings and
often show a cautionary behavior while crossing (Harrell, 1991; Oxley
et al., 1997). As a result, they take more time in assessing the traffic
situation before crossing (Rasouli, Kotseruba, and Tsotsos, 2017), and
are much slower in walking compared to young pedestrians (Ishaque
and Noland, 2008).

Moreover, in few studies it is argued that the perception of a safe
gap also depends on the gender of pedestrians (Heimstra, Nichols,
and Martin, 1969; Moore, 1953). Existing studies on pedestrians’ be-
haviors show that female pedestrians, in general, are more cautious
than male pedestrians while crossing (Heimstra, Nichols, and Martin,
1969; Holland and Hill, 2007). Female pedestrians tend to take less
risk and usually demonstrate a higher level of compliance with the
traffic laws (Jacobs and Wilson, 1967; Tom and Granié, 2011). As such
the reported frequency of unsafe crossing incidents is higher among
male pedestrians compared to female pedestrians. However, other
studies further argue that the reason for varied behaviors among dif-
ferent genders is mainly due to the differences in their beliefs, mo-
tives, and also situational factors (Yagil, 2000).

The analyses conducted by Yagil (2000) show that crossing deci-
sions by male pedestrians are generally predicted on the basis of
their perceived benefits of obeying the laws (normative motive); for fe-
male pedestrians, however, the crossing behavior is predicted by their
perceived danger of crossing (instrumental motive). Another similar
study by Tom and Granié (2011) focused on analyzing pedestrians’
patterns of visual search in their surroundings before taking a decision
to cross. Their study showed gender-specific differences in crossing
decisions related to the differences in their perceived situational fac-
tors. For instance, their study showed that male pedestrians predict
their crossing action based on the action by vehicle, however, female
pedestrians pay more attention to factors such as road structure, traf-
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fic lights, and other pedestrians, before crossing. However, in the pre-
vious study by Yagil (2000), no significant differences were observed
in the behavior of male and female pedestrians with regard to situa-
tional factors (i.e. the effect of traffic volume, darkness or bad weather
and presence of other pedestrians).

Nevertheless, the implications of various studies suggest that the
factors influencing pedestrians behaviors are not limited to age and
gender but also extend to individual visual perception of objects
around them. For example, moving pedestrians have a better per-
ception of the safe gap (in terms of vehicular speed, and distance)
compared to standing or waiting pedestrians; the latter ones are will-
ing to wait for approaching vehicle while walking pedestrians have a
better estimation of risk to act accordingly (Oudejans et al., 1996).

2.3.2 Social information

Furthermore, pedestrians’ decision-making process before crossing
involves the integration of multiple sources of information – the so-
cial information which they perceive through their environment. The
environment factors influencing their behaviors include the vehicular
traffic, infrastructure such as street lights or road markings, and the
presence of other pedestrians on road. For instance, pedestrians are
more likely to stop or wait at the uncontrolled crossing if the vehicle
is approaching at a higher speed. But this decision might be affected
by the presence of a crowd as pedestrians tend to take risks because of
their tendency to follow the crowd. In addition, pedestrians’ crossing
speeds are also often affected by road structures. This is evident from
the study by Crompton (1979) who analysed and reported pedestrian
crossing speeds at zebra crossings (1.49 m/s), and pelican crossings
(1.74 m/s). The increased pedestrians’ speeds at pelican crossings sug-
gest that different types of road markings give different perceptions
of safety to pedestrians. The impact of above factors on the road cross-
ing behavior of pedestrians are discussed more in detail below.

2.3.2.1 Effect of vehicular traffic

Previous studies considering the role of social factors in pedestrians
crossing behaviors analyze their perception of a safe gap in a sub-
jective manner (DiPietro and King, 1970; Harrell and Bereska, 1992;
Schmidt and Färber, 2009; Wang et al., 2010). However, there are also
studies which focus on analyzing the gap acceptance of pedestrians
with respect to the dynamic factors associated with the approaching
vehicles – such as the speed of the vehicle, and its direction and dis-
tance from the pedestrian (Lobjois and Cavallo, 2007). Their behavior
is also affected by the number of vehicles approaching towards them;
for instance, in one of the study it was observed that pedestrians often
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restrict their crossing movement when they encounter a large number
of vehicles (more than three) (Himanen and Kulmala, 1988).

Out of these factors, the effect of vehicles’ speed and distance from
pedestrians has been studied together to measure the gap acceptance
among pedestrians. The pedestrians’ gap acceptance is usually mea-
sured in terms of Time to Collision (TTC), i.e., the time required for
the vehicle to hit the pedestrian with its current speed (Das, Manski,
and Manuszak, 2005; Du et al., 2013; Rasouli, Kotseruba, and Tsotsos,
2017). In terms of this measure, the average pedestrian gap accep-
tance reported in the literature is between 3-7s (DiPietro and King,
1970; Schmidt and Färber, 2009), i.e. pedestrians do not generally ac-
cept TTC below 3s but feel safe to cross when it is more than 7s. This
gap acceptance measure, however, varies among individual pedestri-
ans depending on demographics and cultures, which aligns with the
observations in previous studies (Schmidt and Färber, 2009).

Furthermore, the pedestrians’ ability to estimate vehicle speed and
distance influence the way they react to it. With higher vehicle speeds,
pedestrians find it difficult to estimate the approaching vehicle’s
speed and often rely on vehicle’s distance for their crossing judg-
ments (Clay, 1995). This is also evident from one of the studies by
Sun et al. (2015) showing that pedestrians were able to correctly (or
closely) estimate the speed of the vehicle when it was moving below
45km/h, but they were better in judging the vehicle’s distance with
vehicle speeds up to 65km/h.

Apart from the speed and distance of the vehicle, other characteris-
tics of vehicles such as vehicle size and type have also been observed
to influence the pedestrian’s behavior. Das, Manski, and Manuszak
(2005) show that pedestrians confronted with large heavy duty vehi-
cles are more resistant to crossing compared to a small passenger ve-
hicle. Another study reveals that it is hard for pedestrians to predict
the speed and distance of large or heavy-duty vehicles (Caird and
Hancock, 1994). Also, the type of vehicle has an impact on the wait-
ing times of pedestrians, for example, it is observed that pedestrians
have better safe gap judgment and lesser waiting times for motorcy-
cles and vans compared to commercial vehicles (Caird and Hancock,
1994; Hamed, 2001).

The above review suggests that physical constraints between vehi-
cles and pedestrians influence the crossing intentions of pedestrians.
However, current literature do not reflect the impact of these factors,
including pedestrian’s crossing intentions, on the response of drivers
in those situations. Furthermore, the factors involved in achieving a
mutual agreement among drivers and pedestrians on a crossing de-
cision is also not studied. This problem is identified as a negotiation
problem in this thesis, Chapter 4 describes the negotiation process
and strategies between a vehicle and a pedestrian based on physical
constraints between them.



2.3 insights on pedestrians road-crossing behaviors 31

2.3.2.2 Effect of road infrastructure

Regulated road infrastructure, including pedestrian street lights and
marked road crossings, affects the way pedestrians behave in traf-
fic (Ceder, 1979; Moore, 1953; Teknomo, 2006). The traffic infras-
tructure has been improved over time to reduce the accident risks
(Burstedde et al., 2001), however, rules compliance by road users is
not always guaranteed (Keegan and O’Mahony, 2003; Mullen, Cop-
per, and Driskell, 1990; Wang et al., 2009). The pedestrian and vehicle
interactions occur even at signalized zones where some pedestrians
do not hesitate to cross against the rules of traffic (Lavalette et al.,
2009). Different designs have different impacts on traffic flow. For
instance, traffic is expected to be regulated at signalized junctions
where traffic lights direct the traffic, but the behavior is different at
zebra crossings where vehicles generally yield only when pedestrians
show their presence (Mortimer, 1973; Sucha, Dostal, and Risser, 2017).

Compared to signalized junctions, pedestrians’ level of attention is
higher at unmarked road crossings (Rasouli, Kotseruba, and Tsotsos,
2017); for instance, one related study shows that majority of pedestri-
ans looked out for vehicles at non-signalized junctions while ignoring
the same at signalized junctions (Tom and Granié, 2011). Apart from
attention, road structure also affects the walking pattern or trajectory
of pedestrians. For example, in the previous study, it was also ob-
served that pedestrians are likely to jaywalk at unmarked junctions
while they comply with crosswalk structure at signalized junctions.
Street widths also have an impact on the pedestrian behaviors (Oude-
jans et al., 1996); it is observed that pedestrians gap acceptance lowers
with wider streets (Chu, Guttenplan, and Baltes, 2004; Schmidt and
Färber, 2009) however it also leads to chances of road violations by
pedestrians (Lavalette et al., 2009). Pedestrians’ walking speed is also
affected by the road structure - they tend to walk fast on crosswalks
compared to sidewalks (Moore, 1953; Tian et al., 2013). Moreover, the
illumination level on the road also affects the movement of both vehi-
cles and pedestrians. Especially during night time, pedestrians ability
to estimate traffic risks decreases so they tend to show a cautious be-
havior (Harrell, 1991; Sun et al., 2015).

In summary, the above review on pedestrians’ behavior at unreg-
ulated roads is different than behaviors at regulated roads and junc-
tions. Also, it is not clear in the above studies whether pedestrians
always yield, or always assert their right of way whenever there is a
conflict of way with the drivers. This further suggests that pedestri-
ans and drivers are involved in a negotiation at unregulated areas if
there is a conflict among them for right of way.
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2.3.2.3 Attention and distraction factors

Another interesting behavior of pedestrians is their attention patterns
prior to or during the crossing, which can be used to predict the pos-
sible pedestrians’ trajectories (Klauer et al., 2005; Underwood et al.,
2003). The pedestrians’ attention patterns are consequences of either
the social information (as discussed before) they perceive from the
environment or their own sources of distractions. The effect of at-
tention has been extensively studied in the context of traffic safety
(Barnard et al., 2016; Underwood, 2007). For example, it is generally
observed that prior to crossing, the pedestrians tend to establish eye
contact with drivers which slow down the drivers (Ren, Jiang, and
Wang, 2016). Moreover, their attention patterns also depend on the
road infrastructure such as frequency of traffic signals, or the struc-
ture of road (Rasouli, Kotseruba, and Tsotsos, 2017); for instance, they
are more attentive at an unmarked crossing compared to a regulated
crossing (Tom and Granié, 2011). The attention patterns are also stud-
ied in terms of the pedestrians’ walking trajectory. A pedestrian, for
example, distracted by any electronic device during walking is likely
to be inattentive in the traffic. A study by Hyman Jr et al. (2010) show
that distracted pedestrians walk slower than others and their trajec-
tory is hard to predict. The study also emphasizes that pedestrian
walking direction plays a role in the way pedestrians make a crossing
decision, which is also important for the vehicles to predict their tra-
jectories. These attention cues of pedestrians may be used by drivers
to initiate a negotiation during any conflict, but this is not explicitly
studied or mentioned in the literature.

2.3.3 Interaction in groups

Among the various social factors influencing pedestrians crossing be-
haviors, perhaps, group interaction is one of the most common behav-
ior observed in traffic. The scenarios of group formation can be ob-
served in sidewalks closely related to lane formation in public places.
In theory, such behavior is described as a self-organized collabora-
tive pattern of motion originating from simple pedestrian interactions
(Helbing and Johansson, 2011). Similar theory can be applied to ex-
plain the formation of pedestrian queues, waiting or moving to cross.

Through empirical studies, it is observed that one of the reasons for
group interactions is the perception of safety. For example, Heimstra,
Nichols, and Martin (1969) performed field experiments to analyze
crossing behaviors among children, in which more than 80% of the
children were found to cross in groups and only a few of them pre-
ferred to walk individually. Also, Faria, Krause, and Krause (2010)
found that majority of the pedestrians in their experiments tend to
start crossing relatively later than other pedestrians in the group,
thus assuring less risk involved in the crossing. The group interac-
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tion among pedestrians has a social influence on individual pedes-
trians which indirectly impacts the discipline on roads (Rosenbloom,
2009). For instance, a study by Lefkowitz, Blake, and Mouton (1955)
reveals that individuals are more likely to wait with the groups when
the traffic signal is red for them, rather than following anyone vio-
lating the road rules. However, the former results seem to be biased
as the group behavior may vary at unmarked crossings, which is not
considered in their experiments.

Other studies, also do not support the above argument which cor-
relates group behavior with rules compliance behavior. For example,
Rastogi, Thaniarasu, and Chandra (2010) reported that pedestrians
who fall behind in a group of people crossing the road tend to in-
crease their speed to catch up the group flow and quickly cross the
road. It was also observed that the primary reason for rule viola-
tions by pedestrians was the influence of following the crowd moving
ahead of them. Other studies explain that this behavior is a result of
any individual’s goals to minimize their waiting times, which comes
at the cost of increased risk of injury to them (Faria, Krause, and
Krause, 2010).

The group size is another factor that has an impact on the crossing
behaviors of both pedestrians and drivers. During crossing as a part
of a group, pedestrians are less attentive towards the approaching ve-
hicle and tend to show less cautionary behavior (Sucha, Dostal, and
Risser, 2017). Moreover, their gap acceptance also lowers when they
move in a group (Harrell, 1991; Schioldborg, 1976; Wang et al., 2010).
Even drivers’ yielding behavior increases when the group of pedestri-
ans waiting to cross is more than three (Herwig, 1965; Sun et al., 2003),
compared to a single pedestrian waiting. In general, larger group size
is related to more waiting time for vehicles as the pedestrian flow is
slow in dense groups (Wiedemann, 1974).

The above implications relating to group interaction and its influ-
ence on individual pedestrian behaviors can be crucial for self-driving
vehicles to understand pedestrians’ intentions, especially when it
comes to their crossing decisions. Also, pedestrians’ movement in
groups and the size of groups is a cue for the vehicle to estimate
its chances of getting an agreement during negotiations for the right
of way. The former argument is not present in the existing literature.
In this thesis, Chapter 5 and Chapter 6 will describe vehicle’s nego-
tiation strategies considering the influence of other pedestrians on
any pedestrian’s behavior. Simulating pedestrian group behavior is
another challenge in demonstrating vehicle-pedestrian negotiations.
Pedestrian dynamics simulations are based on certain models, one
such example is the social force model. This model provides predictive
modeling of pedestrian crowds assuming the influence of environ-
ment geometry, and pedestrians’ individual goals to reach the des-
tination encoded as their preferred velocities (Helbing and Molnar,
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1995). But this model, and other similar models (Farina et al., 2017),
fail to address the issues of individual perceptions, such as waiting be-
haviors or similar behaviors influenced by other factors. In summary,
existing models do not explain (and simulate) negotiating behaviors
of pedestrians (and vehicles).

2.3.4 Informal social rules

The above review on pedestrians behaviors suggests that they fol-
low some social rules, yet informal, which play a significant role in
decision-making among road users in traffic (Färber, 2016; Wilde,
1980). For example, a pedestrian changing his posture towards the
oncoming vehicle, also followed by glancing the approaching vehicle
is an informal indication to the vehicle about pedestrian’s intention to
cross (Rasouli, Kotseruba, and Tsotsos, 2018). In the former case the
driver follows the social norm by yielding to the pedestrian. Another
example of social norms is demonstrated by Wilde (1980), who stud-
ied the acceptability of road speed limits by the drivers. The driving
patterns of majority of drivers in his study indicated deviations from
the rule-defined speed limits, about which the author argues that this
pattern indicates a different social norm (or informal rules) followed
by the drivers. Other studies also argue that social rules influence
the acceptability of actions by road users depending on the traffic
situations (Evans and Norman, 1998). Wilde (1976) argues that an in-
dividual takes decision in traffic in the collective context of behavior of
different road participants. This context is characterized by the local
social norms, as well as one’s individual expectations and communi-
cations on road. Johnston (1973) studied the road accident casualties
and argued that following the formal traffic rules does not always
guarantee safety in traffic. Furthermore, the former case study on
cautious behavior of drivers also illustrated that an individual’s lack
of sense for social norms can disturb the entire traffic flow. Wilde
(1980) also discussed the concept of the psychological right of way as an
influence of social norms. For instance, consider the scenario where a
driver wants to pass an unmarked intersection, and legally they have
to allow the traffic from right to pass first. However, the observed
crossing behaviors of drivers are found to depend on social factors
and not necessarily on the laws (Björklund and Åberg, 2005).

Another question is how these informal rules have been developed
in traffic. A number of studies relate the influence of local culture
on the different behaviors of road users (Clay, 1995; Lindgren et al.,
2008; Schmidt and Färber, 2009). Consider the traffic behavior of West-
ern countries compared to Asian countries. The former population is
found to be more conservative towards pedestrians, however, the lat-
ter population is found to make crossing decisions based on traffic
conditions and road structures (Clay, 1995). The common behavior
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of local people suggests that culture defines the beliefs and behavior
of people, which forms the general set of social norms they usually
obey (Lindgren et al., 2008). As such the behaviors in traffic vary
among cultures - among different countries, or regions, or even dif-
ferent parts of a country (Björklund and Åberg, 2005).

The above studies describing the influence of social cues on the
road user’s behavior and their cooperative actions based on those
cues show that informal social rules exist in traffic. It can be further
argued that social rules also play a role in describing negotiations
between vehicles and pedestrians when they confront each other in
a conflicting situation. However, no attempts have been made to sys-
tematically describe the social rules of interaction between drivers
and pedestrians. Thus, this thesis also conceptualizes the social rules
of negotiations between vehicles and pedestrians; negotiation by so-
cial rules is investigated in Chapter 5.

2.3.5 Risk-taking behaviors

The pedestrians long waiting times at intersections also have an im-
pact on their crossing decisions. In this context, few studies have fo-
cused on analyzing factors related to risk-taking behaviors of pedes-
trians. For example, Sun et al. (2003) argue that the risk-taking be-
haviors increase for pedestrians waiting at the crossings for long. In
addition, other studies argue that their waiting times and crossing
decisions can also be influenced by demographic factors, and their
individual personalities (Wang et al., 2010). This is also evident from
the discussion in Section 2.3.1 and 2.3.2 that various factors influence
the crossing decisions of pedestrians on roads, which influence the
risk-taking behaviors of pedestrians.

A conflict situation between drivers and pedestrians largely de-
pends on one’s behavior (pedestrians or drivers) towards others in
traffic. The risk of being hit keeps pedestrians typically on the side-
walk, but this behavior varies among places and cultures. For exam-
ple, pedestrians in Manhattan uphold their right of way at unmarked
crosswalks and do not hesitate to cross first; however, in other parts
of the United States, pedestrians are found to be more risk-averse due
to frequent road rules violations by drivers (Schneider and Sanders,
2015). In crowded spaces, on the contrary, the drivers adjust to the
unpredictability of pedestrians and modify their speed and behav-
ior accordingly. When it comes to self-driving vehicles, the trust of
pedestrians towards the predictability of vehicle’s behavior is less. Re-
cent human subject studies have shown pedestrians’ unwillingness to
cross in front of self-driving vehicle prototypes (Lagstrom and Lund-
gren, 2015). However, other similar studies report a mix of risk-taking
and risk-averse behavior of pedestrians encountering the self-driving
vehicle prototypes (Palmeiro et al., 2018).
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As discussed earlier, the perception of a safe gap in traffic is individ-
ually different (Section 2.3.1). Analytical approaches to risk analysis
of pedestrian’s crossing behavior have revealed their interesting wait-
ing time distributions. According to (Li, 2013)), the waiting time of a
population that consists of both risk-taking and risk-averse pedestri-
ans, in general exhibits a U-shaped distribution. This explains that
risk-taking pedestrians become impatient as their waiting time in-
creases. In contrast, the longer waiting risk-averse pedestrians are
less likely to cross the street (Li, 2014). However, their hesitation to
cross is reduced if their neighbor has started crossing, further sug-
gesting that groups may pursue more unsafe crossing behavior (Faria,
Krause, and Krause, 2010). The negotiation concepts presented in this
work will be considering different risk-taking behaviors of the pedes-
trians deduced from the above empirical studies, which is presented
in Chapter 6.

2.4 practical approaches to pedestrians detection and

intention estimation

From the point of view of negotiations by vehicle, the methods of
pedestrian detection and intention estimation play an important role
as future vehicles will rely on those methods for decision-making in
traffic. The methods for object detection and recognition has been
a focus of research in the robotics literature since past few decades.
However studies discussing methods for pedestrian detection and in-
tention estimation by self-driving vehicles are limited. The follow-
ing review on various pedestrian detection and intention estimation
methods highlights the current gaps in those methods, and also em-
phasizes their potential role in the vehicle-pedestrian negotiations.

2.4.1 Pedestrian detection

Compared to the methods in robotics, there are few challenges identi-
fied for algorithms concerning pedestrian detection. Firstly, the high
variability in the movement of pedestrians are difficult to analyze,
furthermore tracking them from different view angles by a moving
vehicle is another challenge (Geronimo et al., 2009). Secondly, the de-
tection methods have to work in a highly dynamic traffic environment
which adds further challenges like occlusions, unfavorable lighting
conditions, and identifying concerned pedestrians in a complex en-
vironment. Thirdly, these methods demand robust performance in
terms of reaction times as they are involved in time-critical events on
roads.

To overcome these challenges, a number of pedestrian detection
methods have been proposed in the past few years (Dollár et al., 2014;
Rajaram, Ohn-Bar, and Trivedi, 2015; Tian et al., 2016; Zhang, Benen-
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son, and Schiele, 2015). The state-of-the-art methods range from part-
based detection algorithms to deal with occlusions (Tian et al., 2015),
semantic-classification methods to distinguish pedestrians from back-
ground (Tian et al., 2016), and goes further by involving convolution
neural networks (CNN) to minimise errors in extracting pedestrians
in the scene (Brazil, Yin, and Liu, 2017; Du et al., 2017; Zhang et
al., 2016). In the context of autonomous driving, many of these ap-
proaches are based on pedestrian detection methods for Advanced
Driver Assistance Systems (ADAS). Most of the methods developed
for ADAS are a combination of pedestrian detection and collision mit-
igation mechanisms (Gandhi and Trivedi, 2006; Gandhi and Trivedi,
2007; Gavrila, 2001; Gerónimo, López, and Sappa, 2007; Sun, Bebis,
and Miller, 2006).

The major limitation in studying self-driving vehicle design is that
the technical literature of self-driving cars is not revealed by the indus-
try. However, it is evident from the collision avoidance and navigation
mechanisms in robotics that the focus is on the general context of hu-
man safety and therefore machines are programmed for safe mobility
(Gandhi and Trivedi, 2007; Geronimo et al., 2009; Hamid et al., 2016).
Thus, the above review provides further evidence that self-driving ve-
hicles will be conservative towards pedestrians, which is the premise
of the work presented in this thesis.

2.4.2 Intention estimation methods

In the context of autonomous driving, the major challenge for vehi-
cles is to estimate the behavior of moving objects and humans around
them. The intention estimation techniques for vehicles have been stud-
ied for predicting the behavior of surrounding vehicles (Laugier et
al., 2011; Li et al., 2016; Molchanov et al., 2015; Ohn-Bar et al., 2014).
Similarly, methods for predicting pedestrians’ intentions (Köhler et
al., 2012; Kooij, Schneider, and Gavrila, 2014), or intentions of both
nearby drivers and pedestrians (Bahram et al., 2016; Phan et al., 2014),
have been a focus of research in the past few decades. The major
challenge for these methods is to deal with the uncertainty in the be-
haviors in traffic and reduce the risks of any potential conflicts. In a
connected ecosystem where all vehicles are connected, a self-driving
vehicle can deal with the intention uncertainties of other vehicles in
the shared space through V2V cooperative control operations (Bertini
et al., 2016). In fact, the precise knowledge of other vehicle’s parame-
ters and signal timings at signalised junctions can provide an optimal
speed profile for every vehicle (Katsaros et al., 2011) to optimize their
overall trip in order to maximize the fuel efficiency (Asadi and Vahidi,
2011).

However, the vehicle will also be confronted with human road
users, and it has to deal with their uncertain behavior, for exam-
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ple, a pedestrian suddenly changing his direction to cross the street.
The latter agile behavior is, however, challenging to predict. One way
to model such behaviors is by using probabilistic models. There are
frameworks in decision theory to model the uncertainty in human be-
havior. For example, POMDP (Partially Observable Markov Decision
Processes) formulation provides a probabilistic model of predicting
behaviors which integrates uncertainty in human intention as a hid-
den state in the decision process (Broz, 2008; Kaelbling, Littman, and
Cassandra, 1998). This approach has been used to develop the human
driver’s behavior prediction model. For instance, Song, Xiong, and
Chen (2016) used POMDP to model uncertain intentions of human-
driven vehicles at an uncontrolled intersection and proposed an au-
tonomous driving decision-making method for vehicles. In another
related work, Wei, Dolan, and Litkouhi (2013) proposed Bayesian
probabilistic driving intention estimator which allows autonomous
vehicles to cooperate with human-driven vehicles while merging at
freeways. However, their application is limited to in-lane driving. In
the above studies, the observables are the position and acceleration of
the vehicle. These observables are good enough to predict the driver’s
intentions as the vehicle’s motion for the next few seconds can be pre-
cisely mapped with these parameters. However, in the case of pedes-
trians, similar estimation methodology may involve large uncertainty
as their intentions may change significantly in the next moment.

Further in this section, we only focus on pedestrian intention
estimation methods in the context of self-driving vehicles. Typi-
cally, these algorithms are similar to movement tracking systems in
robotics, i.e., one’s intention can be predicted by analyzing their past
and current trajectories. Related work in this field relies on the avail-
able information about pedestrians motion, which is used to pre-
dict their possible movements. Majority of these methods consider
dynamics of the pedestrians such as their speed and position, to es-
timate their intentions (Schulz and Stiefelhagen, 2015). In addition,
few methods also take into account physical constraints such as their
distance from the vehicle and moving direction, situational awareness
factors such as their head orientation (Brouwer, Kloeden, and Stiller,
2016), and other social contexts such as their distance from the curb,
group size, and infrastructure (Brouwer, Kloeden, and Stiller, 2016;
Hashimoto et al., 2015). A detailed review on different methods tak-
ing into account these factors is discussed next.

2.4.3 Vision-based intention estimation methods

In robotics, particularly in the field of human recognition and track-
ing, intention estimation is considered as a trajectory extrapolation
problem (Bai et al., 2015; Bandyopadhyay et al., 2013; Long, Liu, and
Pan, 2017). Related work on multi-person pose detection methods
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is relevant to self-driving vehicles as well. Tracking across multiple
frames should provide an estimate of future trajectories of pedes-
trians (Xiao, Wu, and Wei, 2018). Vision-based intention estimation
methods, for example, video tracking and analysis (Benenson et al.,
2014; Enzweiler and Gavrila, 2009), involve generally a three-step pro-
cess – image acquisition, extracting features, and the classification
process (Brunetti et al., 2018). The primary observations in these meth-
ods are the changes in the position, speed and orientation of pedestri-
ans in either two-dimensional (Goldhammer et al., 2014; Møgelmose,
Trivedi, and Moeslund, 2015) or three-dimensional (Quintero et al.,
2014) video acquisition configurations. Multi-sensor systems allow to
capture motion-specific information of pedestrians in a scene (Mobus
and Kolbe, 2004; Sachs et al., 2008; Wang et al., 2007), while ma-
chine learning techniques can be used to infer their intentions from
the available past and current data (Brunetti et al., 2018; Krizhevsky,
Sutskever, and Hinton, 2012; Tomè et al., 2016).

Recently deep learning methodologies and, in particular, convolu-
tional neural networks (CNN) have gained attention for pedestrian
intention estimation. For instance, Čermák and Angelova (2017) built
a neural network model to identify pedestrians crossing intention as
either stop or go, based on the current position of pedestrians. An-
other variation of this model takes into account the past few steps
taken by the pedestrian along with pedestrian’s current location to
identify their probable direction of movement (Köhler et al., 2015).
Another approach in the classification of behaviors is a State Vector
Machines (SVM) algorithm, which classifies pedestrian body postures
as ’not willing to cross’ or ’about to cross’ (Köhler et al., 2012). In this
study, the background subtraction method is used to extract pedes-
trian postures in successive image frames. A superimposition of pos-
tures in consecutive frames gives the final image to classify whether
the pedestrian is going to cross (Köhler et al., 2013, 2015).

Additionally, other models considered pedestrian’s speed and their
distance from the vehicle and curb to infer their crossing decision us-
ing an artificial recurrent neural network (RNN) (Völz et al., 2015). In
an extension of this experiment, the authors also used an awareness
factor and argued that inclusion of such factors improved the estima-
tion accuracy by identifying pedestrians who are less likely to cross if
they look towards the vehicle (Kooij et al., 2014; Völz et al., 2016). This
highlights the fact that if intention estimation is done using only tra-
jectory information, then data-driven machine learning methods are
vulnerable to false predictions. For example, a pedestrian walking
alongside the road may suddenly change his direction while based
on the motion history data current approach may not identify their
crossing intention (Schmidt and Färber, 2009).
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2.4.4 Social contexts in intention estimation

Social context, such as pedestrians’ head orientation relative to the
vehicle, is also utilized for intention estimation in few other methods
(Hariyono et al., 2016; Kooij et al., 2014; Kwak, Ko, and Nam, 2017).
Other factors, such as social forces in the form of pedestrians repul-
sion and attraction with other pedestrians, have also been studied to
predict future behaviors of pedestrians. Social forces are identified
as relationships between pedestrians which increase the likelihood
of collisions among pedestrians (Pellegrini et al., 2009). These type
of forces can be identified in image sequences capturing pedestrians
walking close to each other for a reasonable amount of time, which
can be used to predict their collective movements (Madrigal, Hayet,
and Lerasle, 2014).

Another social factor in intention estimation problem is the influ-
ence of various objects in the scene. For example, the presence of
phone co-located with pedestrian pose provides the level of pedes-
trian’s engagement in the street (Rangesh and Trivedi, 2018), which is
an indication that pedestrian is likely to have an inattentive crossing
intention. Similarly, other contextual factors such as road structure,
traffic signals, and road markings also influence the accuracy of in-
tention estimation in the model. For instance, Rasouli, Kotseruba, and
Tsotsos (2017) demonstrated the use of two neural network models,
one for social context elements and other for pedestrian’s posture, to
estimate their crossing intentions. The scores from both models were
used to classify the intention of the pedestrians. It was reported that
the intention estimation accuracy improved by using contextual fac-
tors in the process. In a similar study, Schneemann and Heinemann
(2016) used information about road structure including street zones,
sidewalks, and curb area to form an image descriptor, and developed
a SVM model to assess the pedestrians’ likelihood of crossing. In this
case also the estimation accuracy is reported to be improved.

By discussions so far, most of the techniques for pedestrian inten-
tion estimation relies on machine learning techniques which have
proven their application in classification and prediction of different
kinds of behaviors. The performance of these methods is reported
in terms of the classification or estimation accuracy, which is the most
common metric adopted since the development of these methods
(Provost, Fawcett, and Kohavi, 1998). This metric – estimation accu-
racy that pedestrian will yield – is used as an input in the proposed
negotiation model in Chapter 4.

2.5 conflict resolution by self-driving vehicles

As discussed so far the social behavior of a self-driving vehicle de-
pends on how they will perceive their surroundings which is con-
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strained by their sensing capabilities. Communication is necessary
among traffic participants to share each other’s intentions in order
to avoid any conflicting situation. However, conflicts exist even when
there is communication as there are chances of uncertainties in per-
ception of the other’s behavior (Elhenawy et al., 2015).

Cooperative behavior enabled by vehicle-to-vehicle (V2V) and
vehicle-to-pedestrians communication (V2P) should overcome
deficits of autonomous decision making. Cooperative behavior,
however, depends on many factors such as identifying the other
interacting agent, estimating each other’s motion intentions, and
exchanging accurate behavioral information about each other for
decision making. In the following section, various conflict resolu-
tion mechanisms for autonomous decision-making for self-driving
vehicles are investigated.

2.5.1 Cooperative behavior with connected vehicles

With existing road infrastructure, the most common form of control-
ling traffic is either using traffic lights to regulate the traffic flow or
traffic rules which are meant to instill road safety (Guberinic, Sen-
born, and Lazic, 2007). These methods introduce a regulated negoti-
ation in traffic whose efficiency depends on the level of compliance
by road users. Moreover, these methods are sometimes inefficient, for
example during less busy hours vehicles are required to wait at a stop
sign even when there is no traffic from other directions.

To overcome these shortcomings, smart traffic signal control algo-
rithms have been introduced to reduce traffic conflicts using vehicle-
to-infrastructure (V2I) communication (Kaths, Papapanagiotou, and
Busch, 2015; Pandit et al., 2013). For example, based on the motion
information of various vehicles smart traffic lights can adjust signal
timings to optimize the flow of vehicles (Xu et al., 2017). This is a
form of centralized traffic control mechanism often called as cooper-
ative adaptive cruise control (Zohdy, Kamalanathsharma, and Rakha,
2012) or centralized model predictive control (Murgovski, Campos,
and Sjöberg, 2015; Riegger et al., 2016). There are methods which uti-
lize V2I communication technology for scheduling the passing order
times for vehicles (Dresner and Stone, 2004, 2005). The advantage of
such methods is that vehicles are no more responsible for manag-
ing conflicts, as all vehicles are following the integrated scheduling
(Bashiri and Fleming, 2017). However, the above conflict-resolution
methods entirely rely on a centralized service which can be unsafe if
the system is broken.

Connected vehicles use a number of advanced communication tech-
nologies to exchange information with road infrastructure (V2I), and
even with other vehicles (V2V) and pedestrians (V2P). Communica-
tion among connected vehicles can substantially reduce the uncer-
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tainty in the perception of other vehicles’ intentions, thus ensuring
some degree of cooperation among them and thereby reducing con-
flicts at intersections. An example of a conflict-resolution method
using V2V communication is reservation-based intersection manage-
ment. According to this method, the vehicles broadcast their claim
to pass the intersection first, and the time-slot allocation is done
based on their request arrival timestamps (VanMiddlesworth, Dres-
ner, and Stone, 2008). Other similar methods are also introduced con-
sidering alternative scheduling options in cases of communication
failure (Savic, Schiller, and Papatriantafilou, 2017). However, the ap-
plicability of these methods are not confirmed in denser traffic and
the above methods do not guarantee a deadlock-free mechanism. An-
other popular multi-vehicle conflict resolution method is First-Come-
First-Serve (FCFS) or priority based intersection management. Using
this approach the passing order of vehicles is determined by giv-
ing priority to the vehicles based on their anticipated arrival times
at the conflict zone (Azimi et al., 2013). The scheduling strategy in
this method cannot be adjusted in real time, however other recent
methods claim to overcome this problem to some extent (Liu et al.,
2018).

In summary, multi-vehicle conflicts at intersections can be resolved
through connected automated vehicle technology, however, none of
these methods consider pedestrians in the traffic scenario. As such,
the efficiency of these methods in improving traffic flow in realistic
scenarios is not clear.

2.5.2 Connected vehicles and pedestrians

Applicability of similar technologies (as V2V and V2I) for communi-
cating with pedestrians has also been studied as vehicle-to-pedestrian
(V2P) communications (Andreone et al., 2006; David and Flach, 2010;
Ohn-Bar and Trivedi, 2016; Sugimoto, Nakamura, and Hashimoto,
2008). However, the efforts are limited in this direction compared to
studies in V2V communications. The primary objective of develop-
ing V2P technology is to reduce vehicle-pedestrian collisions by com-
municating early information regarding their position and trajectory.
One such example is the Walk-Safe application which uses camera em-
bedded in the smartphone to detect the approaching vehicle (Wang
et al., 2012). However, its application is limited by the sensor’s field
of view, and also weather and lighting conditions. The pedestrian
may carry their smartphone in any manner, and when the camera is
facing in random direction then vision-based techniques fail to work.
Radio-based communication has the potential to overcome field-of-
view problem in vision-based methods. Examples of this approach
are Watch-Over and Ko-TAG projects (Andreone et al., 2006; Naujoks
et al., 2015; Seeliger et al., 2014). Both these projects utilize radio sig-
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nal measurements from the pedestrian’s handheld device to estimate
the approximate location of the device. Nonetheless, the scope of
these projects is limited to detecting the presence of pedestrian by
measuring signal, with no further capabilities to deliver information
(Merdrignac, Shagdar, and Nashashibi, 2017).

Another solution is to use wireless communication that allows ve-
hicle sensors to exchange information with pedestrian handheld de-
vices (Liebner, Klanner, and Stiller, 2013). Typically, the communica-
tion range of Wi-Fi is much larger compared to the coverage of em-
bedded sensors. In the year 2013, Honda released its concept of V2P
communications technology in a specially built handheld device for
pedestrians which can communicate over Wi-Fi channel (Cunning-
ham, 2013). However, other researchers argued that their solution
would create channel congestion problems in denser traffic (Anaya et
al., 2014). Few others proposed to exploit the capabilities of both Wi-
Fi and cellular networks to reduce the communication delay (David
and Flach, 2010; Sugimoto, Nakamura, and Hashimoto, 2008). This is
particularly necessary to the risk of an accident by adopting a cen-
tralized communication scheme. For example, Sugimoto, Nakamura,
and Hashimoto (2008) proposed a centralized approach based on Wi-
Fi and cellular networks communication systems, in which a central
controller (e.g. a cellular network tower) can communicate with both
vehicles and pedestrians who are not in each other’s line of sight. If
there is any anticipated risk, then the controller can redirect the con-
cerned vehicle and pedestrian to directly communicate via the Wi-Fi
channel. This method can be effective in reducing accidents but the
limitation of this approach is that reliability on central controllers will
result in scalability issues.

From the above discussion, it is clear that V2P communication
technology can be used to estimate the collision risk and provide
early warnings to both vehicles and pedestrians. However, pedestrian
safety can only be ensured with these methods if there is no response
latency on the pedestrian’s side. Nevertheless, the above approaches
only provide cooperative awareness of the possible conflicts and help to
avoid them, but do not provide solutions to resolve conflicts if con-
flicts happen to occur. This argument holds because none of these
methods guarantee an agreement of non-conflicting actions among
self-driving vehicles and pedestrians. So it is clear that the vehicle-
pedestrian negotiation problem is still an open issue. In this regard,
previously discussed cooperative intersection management with con-
nected vehicles is a solution for negotiation among vehicles. However,
when pedestrians are introduced in the scenario then it becomes a
multi-party negotiation problem. To the best of our knowledge this
kind of negotiation problem is not investigated in literature.

In summary, this chapter identifies the current gaps in literature
in context of the vehicle-pedestrian negotiation problem. Firstly, the
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elements of non-verbal communication in traffic is discussed, how-
ever it is not clear whether such language in traffic is universal.
Secondly, existing studies, both theoretical and practical, focus on
analysing and predicting pedestrians’ intentions and are limited to
discussions on their specific behaviors, and the influence of vari-
ous factors on those behaviors. However, there is limited emphasis
on identifying the social rules of interactions between vehicles and
pedestrians which plays a more important role in influencing the
intentions of road users. Thirdly, different communication channels
between self-driving vehicles and pedestrians are proposed and dis-
cussed, but they only ensure one-way communication of vehicle’s in-
tent. Even the V2P communication technology only provides situa-
tion awareness, but the problem of reaching an agreement in traffic
is still not resolved. This thesis is an attempt to investigate all these
research questions and introduce the first negotiation model between
self-driving vehicles and pedestrians.



3
L A N G U A G E O F I N T E R A C T I O N I N T R A F F I C

This chapter is based on the publication “Conventionalized gestures
for the interaction of people in traffic with autonomous vehicles"
published in the Proceedings of the 9th ACM SIGSPATIAL International
Workshop on Computational Transportation Science by Gupta, Vasardani,
and Winter (2016). As such, most of the content in this chapter is com-
piled from this publication. My contribution as a first author in this
work includes proposing the research problem and hypothesis; col-
lecting the relevant information and performing analysis; evaluating
the hypothesis; and also providing related discussions and conclu-
sions. The entire work was supervised by my supervisor Prof Stephan
Winter, and co-supervisor Dr Maria Vasardani, who actively provided
their suggestions and feedback at each stage of this research.

3.1 gestural interaction in traffic

The role of non-verbal communication among road users in negoti-
ations has already been discussed in Chapter 2. Färber (2016) em-
phasizes that the language of traffic, especially in negotiation situ-
ations, is characterized by informal communications. For instance,
specific characteristics on road, yet informal, serve as basis for rea-
soning about road users’ behaviors – e.g. a driver’s driving behavior
is expected to be cautious in presence of children and elderly peo-
ple on road (Oxley et al., 1997). The presence of emergency vehicles
causes the traffic to self-organise to give them a priority. Similarly, cer-
tain movement actions of road users are predictable, for example, if a
pedestrian is approaching a crosswalk then their body language will
apparently make the driver assume that they intend to cross (Rasouli,
Kotseruba, and Tsotsos, 2017). Furthermore, one’s body orientation
can also describe their direction of movement as “turning left or right"
(Kita, 2003). In case of negotiations between vehicles and pedestrians,
the language of gestures and body movements is relevant as this form
of communication is customary among road users (Färber, 2016). For
instance, pedestrians use their hand signals to block the oncoming ve-
hicle, while drivers often move their hand down to signify the follow-
ing vehicle to slow down. Due to regular interactions in traffic, both
drivers and pedestrians are usually familiar with such informal sig-
nals and their interpretations in that context. However, the existence
of a universal pattern of these gestures in the traffic language cannot
be guaranteed. As such, gestures are sometimes difficult to interpret
due to cultural variations. For example, the thumbs-up gesture can
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be understood as a universal sign of “OK", but hand gestures used
for counting are culturally diverse. If even these elementary gestures
are not universal or unambiguous, then a work into the universality
of movement gestures is certainly necessary.

3.2 universality of gestures - preliminary study

In order to ground further research on some conventionalized human
behaviour, this chapter is focused on the study of traffic control offi-
cers’ gestures directing the general traffic at road intersections and
worksites. In particular, the aim of this research was to catalogue the
conventions related to particular tasks and find universal common-
alities as well as differences between cultures and regulatory frame-
works. This work answers the question whether there is a general and
universal language to interact with traffic. If so, then future work can
identify elements of this universal language in other road users, and
facilitate an understanding between them and self-driving vehicles.
Also, understanding these gestures via visual sensors can form the
basis for a self-driving vehicle to behave predictably.

3.2.1 Research summary

The hypothesis of this research is that a universally accepted set of
gestures can be identified from the rules used by traffic controllers to
direct road traffic. This leads to the following research questions:

1. Can the hand signals used by traffic control officers for stan-
dard situations such as directing the traffic at 4-way junctions,
directing the traffic at emergency spots or road maintenance
work areas, or guarding pedestrians at pedestrian crossings, be
catalogued and categorized?

2. What are the commonalities and differences between the con-
ventions in different regulatory frameworks?

3. Is there a universally accepted set of gestures for certain inten-
tions?

4. Do traffic control officers use other elements of expressions (like
eye gaze, instruction batons) along with hand signals to direct
vehicles on the road? What are these situations?

This work addresses the above research questions and catalogues
the universal hand signal rules used by traffic controllers at road inter-
sections and worksites. The conventions for these gestures followed
in different countries are explored, and then evaluated based on var-
ious elements of expressions involved and local agreements of their
execution.
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The contribution of this research is that it lays the foundation for
the understanding of traffic controllers’ gestures by self-driving ve-
hicles, by classifying different hand signal rules and identifying the
general language to direct traffic at controlled road sites. Furthermore,
elements of these gestures will be found in other road users’ behavior
as well, and thus will be part of a broader interaction with self-driving
vehicles.

3.2.2 Psychology of gestures

The fundamental human-machine interaction problem is how the in-
teraction among them can be understood and shaped (Goodrich and
Schultz, 2007). One of the components in an interaction is a gesture,
which is an integral part of a language and is often linked with some
semantic content (McNeill, 1992). Kurtenbach and Hulteen (1990) de-
fine a gesture as the “motion of the body that contains information",
which can be classified according to their functions and the process of
communication (McNeill, 1992; Mulder, 1996; Rime and Schiaratura,
1991). Gestures are often accompanied by speech, but are also stud-
ied as signs and signals for human interaction without speech, in
which case they are called semaphoric gestures. The term is bor-
rowed from telegraphy by visual signals. Quek et al. (2002) define
such gesturing system as a stylized dictionary of static or dynamic
hand or arm gestures for signalling. The categorization of non-verbal
behaviour by Ekman and Friesen (Ekman and Friesen, 1969) provides
five classes of gestures differentiated by their functions as follows: em-
blems (culturally established agreed-on gestures), illustrators (gestures
complementing the verbal message), regulators (gestures accompany-
ing speech to regulate what is being communicated), adaptors (ges-
tures indicating internal states), and affect displays (carrying emotional
meaning). The gestures in traffic fall in the category of emblems which
have a specific meaning mostly agreed within a culture (Ekman and
Friesen, 1969).

3.2.3 Approach

The research problem addressed in this work is targeting the gestures
involved in traffic control procedures at road intersections and work-
sites. The next section will discuss and compare the hand signal rules
which are used to control traffic at road intersections in the following
countries – UK, USA, Australia, Germany, India, and China. Traffic
officers are also employed at road worksites to warn incoming traf-
fic. The traffic control procedures involving hand gestures at road
worksites which are followed in the USA, UK, Australia and British
Columbia are also evaluated in this work. The selection of above coun-
tries for this research was restricted by traffic codes availability.



48 language of interaction in traffic

The first step in the study of traffic controllers’ hand gestures is to
explore the sources which define these hand signal rules. The hand
signal rules encoded in the traffic control manual of different states
of a country form the representative sample of gestures for that par-
ticular country. The comparison between gesture rules in different
countries is done by comparing certain attributes of a hand signal,
which can be still or in motion. According to kinesics theory of non-
verbal communications (Birdwhistell, 1952), the communication in-
volving eye behaviour and head movements shows signs of attention.
In this study, the hand signal is classified based on the following
attributes: the gestures involved (arm in some static position, arm
waving, arm/finger pointing, head movement, eye contact), arm and
body position (left/right arm direction, head direction), target traffic
direction (front, left, right, behind) and other traffic control devices
used (flashlights, reflective sticks, whistles, instruction batons). The
above classification of hand signal rules is used to identify the differ-
ences and commonalities in gestures involved in directing traffic in
different countries.

3.2.4 Traffic manual codes

There is no universal rulebook which states the conventions for traf-
fic controllers’ hand signals. Instead specific instructions manuals
are released by concerned authorities of different states. The various
sources of this study are discussed here. The UK Highway Code is pre-
pared by Department of Transport and Driver and Vehicle Standards
Agency. It contains signal rules used by authorised persons including
traffic officers, which applies to all road users in England, Scotland,
and Wales. In the USA, the police departments of individual states
have published manuals providing the basic techniques of traffic law
enforcement. This includes the hand signal rules to control traffic
at intersections. In this research, the rules have been compiled from
manuals provided by Florida Department of Law Enforcement, Seat-
tle Police Department, Wisconsin Department of Justice and North
Carolina Justice Academy. In Australia, the Western Australia Safety
Commission has published an easy to read guide to Western Australia
Road Traffic Act and Road Traffic Code 2000, which also contains the
hand signal rules for directing traffic. The Queensland Department
of Transportation conforms to the rules described in the Police Powers
and Responsibilities Regulations. The schedule 4 of the Police Powers and
Responsibilities Regulations illustrates ways that an officer may give a
direction to a driver or pedestrian by hand signals.

The German traffic code is based on Road Traffic Regulations
– Straßenverkehrsordnung (StVO, §36 Zeichen und Weisungen der
Polizeibeamten). In India, the transport department of individual state
regulates the various traffic rules and regulations. The traffic officer’s
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Table 1: Gesture classification for road intersection scenario

Command Country Gestures 
involved Arm and body Position Target 

traffic 
Traffic control devices 
used 

Stop 

UK Arm static 1. Right arm straight up
2. Left arm extend

1. Front
2. Behind Night time operations 

USA Arm static Extend the arm to gain attention and then 
raise hand up towards traffic  Front One long blast of 

whistle 

Australia Arm static 1. Right arm straight up
2. Left arm extend

1. Front
2. Behind

Traffic wand used in 
Queensland 

Germany Arm static Both arms extended Front & 
Behind Night time operations 

India Arm static 
1. Right arm straight up
2. Left arm extend
3. Right arm up/left arm extend

1. Front
2. Behind
3. Side

Whistle blow to gain 
attention of driver 

China Arm static Left arm straight up Front Night time operations 

Go 

UK 
Arm waving 
and/or head 
movement 

1. Right arm up and waving
2. Head sideways and arm waving
3. Head and waving arm in direction of

traffic 

1. Front
2. Behind
3. Side

Night time operations 

USA Arm pointing 
and static 

Arm pointing in direction of traffic, then 
raise palm past centre of the face Side Two short blasts of 

whistle 

Australia Arm waving Extend one arm and wave another arm in 
the direction of traffic Side Traffic wand used in 

Queensland 

Germany Arm waving 
and pointing 

One arm pointing in driver’s direction and 
other arm waving Side Night time operations 

India Arm static and 
waving 

1. Right arm up and waving
2. Right arm up and left arm waving
3. Left arm extended and right arm waving

1. Front
2. Left
3. Right

Whistle blow to gain 
attention of driver 

China Arm static and 
waving 

Both arms extend/one arm waving in 
direction to proceed Side Night time operations 

Left turn 

USA Arm pointing Extend left arm and pointing Left 
Several short blasts of 
whistle to get attention 
of driver 

China 

Arm static 
and/or waving 
and head 
movement 

1. Right arm extends, left arm at
rest/waving and head in direction of turn
2. Left arm extends, right arm at rest and
head in direction of turn 

1. Left
2. Right Night time operations 

Right turn 
USA Arm waving 

and pointing 

1. Point with extended left arm and then
swing arm in left direction
2. Point with extended right arm and then
swing arm in right direction 

1. Left
2. Right

Several short blasts of 
whistle to get attention 
of driver 

China Arm static and 
head movement 

Left arm extends, palm up and head 
towards traffic Side Night time operations 

Attention 
Germany Arm static Right arm straight up All Night time operations 

India Arm static Both arms raised straight up All Whistle blow to gain 
attention of driver 

Pullover 
Australia Finger pointing 

and eye contact Stand sideways and point to direction All Traffic wand used in 
Queensland 

China Arm pointing 
and eye contact Right arm pointing at a place to stop All Night time operations 

Left turn 
waiting China 

Arm pointing 
and head 
movement 

Left arm pointing to wait and head 
towards traffic Side Night time operations 

Slow down China 
Arm pointing 
and head 
movement 

Arm pointing down and head towards 
traffic Side Night time operations 

No change China Static posture Stand straight All Night time operations 

Command Gestures involved Arm Position Control device position Night operations 

Stop Arm static Straight up/Extended 
STOP baton held straight facing 
traffic/tilted by 45 degrees (in 
Victoria region & UK) 

Baton + Flashlight/reflective stick 
waved back and forth 

Release Arm waving 
and/or pointing 

Arm waving or pointing 
in the direction to go 

GO/SLOW baton held straight 
facing traffic 

Baton + Flashlight/reflective stick 
pointed in the direction to move 

Slow down Arm waving/No 
gesture 

Arm moving up and 
down 

SLOW baton held straight 
facing traffic 

Baton + Flashlight/reflective stick 
waved back and forth 
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Table 2: Gesture classification for worksite scenario

Command Country Gestures 
involved Arm and body Position Target 

traffic 
Traffic control devices 
used 

Stop 

UK Arm static 1. Right arm straight up
2. Left arm extend

1. Front
2. Behind Night time operations 

USA Arm static Extend the arm to gain attention and then 
raise hand up towards traffic  Front One long blast of 

whistle 

Australia Arm static 1. Right arm straight up
2. Left arm extend

1. Front
2. Behind

Traffic wand used in 
Queensland 

Germany Arm static Both arms extended Front & 
Behind Night time operations 

India Arm static 
1. Right arm straight up
2. Left arm extend
3. Right arm up/left arm extend

1. Front
2. Behind
3. Side

Whistle blow to gain 
attention of driver 

China Arm static Left arm straight up Front Night time operations 

Go 

UK 
Arm waving 
and/or head 
movement 

1. Right arm up and waving
2. Head sideways and arm waving
3. Head and waving arm in direction of

traffic 

1. Front
2. Behind
3. Side

Night time operations 

USA Arm pointing 
and static 

Arm pointing in direction of traffic, then 
raise palm past centre of the face Side Two short blasts of 

whistle 

Australia Arm waving Extend one arm and wave another arm in 
the direction of traffic Side Traffic wand used in 

Queensland 

Germany Arm waving 
and pointing 

One arm pointing in driver’s direction and 
other arm waving Side Night time operations 

India Arm static and 
waving 

1. Right arm up and waving
2. Right arm up and left arm waving
3. Left arm extended and right arm waving

1. Front
2. Left
3. Right

Whistle blow to gain 
attention of driver 

China Arm static and 
waving 

Both arms extend/one arm waving in 
direction to proceed Side Night time operations 

Left turn 

USA Arm pointing Extend left arm and pointing Left 
Several short blasts of 
whistle to get attention 
of driver 

China 

Arm static 
and/or waving 
and head 
movement 

1. Right arm extends, left arm at
rest/waving and head in direction of turn
2. Left arm extends, right arm at rest and
head in direction of turn 

1. Left
2. Right Night time operations 

Right turn 

USA Arm waving 
and pointing 

1. Point with extended left arm and then
swing arm in left direction
2. Point with extended right arm and then
swing arm in right direction 

1. Left
2. Right

Several short blasts of 
whistle to get attention 
of driver 

China 
Arm static and 
head 
movement 

Left arm extends, palm up and head 
towards traffic Side Night time operations 

Attention 
Germany Arm static Right arm straight up All Night time operations 

India Arm static Both arms raised straight up All Whistle blow to gain 
attention of driver 

Pullover 

Australia 
Finger 
pointing and 
eye contact 

Stand sideways and point to direction All Traffic wand used in 
Queensland 

China 
Arm pointing 
and eye 
contact 

Right arm pointing at a place to stop All Night time operations 

Left turn 
waiting China 

Arm pointing 
and head 
movement 

Left arm pointing to wait and head 
towards traffic Side Night time operations 

Slow down China 
Arm pointing 
and head 
movement 

Arm pointing down and head towards 
traffic Side Night time operations 

No change China Static posture Stand straight All Night time operations 

Command Gestures involved Arm Position Control device position Night operations 

Stop Arm static Straight up/Extended 
(behind traffic) 

STOP baton held straight facing 
traffic or tilted by 45 degrees 
(in Victoria Australia & UK) 

Baton + Flashlight/reflective stick 
waved back and forth 

Release Arm waving and 
pointing 

Arm waving or pointing 
in the direction to go 

GO/SLOW baton held straight 
facing traffic 

Baton + Flashlight/reflective stick 
pointed in the direction to move 

Slow down Arm waving/No 
gesture 

Arm moving up and 
down 

SLOW baton held straight 
facing traffic 

Baton + Flashlight/reflective stick 
waved back and forth 

hand signal rules can be accessed through the concerned state au-
thority’s website, although the same hand signal rules are followed
in every state. In China, the traffic control rules are regulated by the
Chinese Ministry of Public Security. The Chinese authority has re-
leased the hand signal rules encoded in a chart which is available to
general public through the government website.

The standards prescribed for traffic control procedures at worksites
are different. The general commands and associated hand signal rules
at worksites are evaluated in the next section. Section 6E of Manual
on Uniform Traffic Control Devices (MUTCD 2009 edition, revised May
2012) states the hand signal rules and control device standards for
maintenance work in US highways. In Australia, the worksite traffic
control operation and device standards comply with the Australian
Standards AS 1742.3-2009 Manual on Uniform Traffic Control Devices
(MUTCD). In the UK, the Highway Code is followed which conforms
to the laws stated in Traffic Management Act 2004. In British Columbia,
the rules for traffic control are stated in Occupational Health and Safety
Regulation and the Workers Compensation Act.

The next step is to classify these gestures. The hand gestures are
studied from the above sources and classified based on the attributes
discussed in the previous section. This leads to the gesture classifica-
tion listed in Table 1 and Table 2 for road intersection and worksite
scenarios respectively.

3.2.5 Evaluation

The general commands to control traffic at road intersections are Stop
and Go. Apart from these, the different countries depending on their
traffic codes may also follow one or more commands from the fol-
lowing – Right turn, Left turn, Pullover, Attention, Left turn waiting,
Slow down, and No change.

The classification reveals that the gesture used to stop traffic is the
same in all the countries listed in Table 1, except in Germany where
both arms are extended sideways to stop the traffic. This extended
arm gesture is used in USA to gain attention of vehicle to be stopped.
Attention command means all the vehicles must stop. In Germany, it
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is implemented by raising one hand straight up (palm facing traffic)
whereas in India both the hands are raised to indicate the same. Chi-
nese traffic rules allow one more command – No change which means
there is no change in current flow of traffic and is indicated by a static
standing posture of traffic controller.

Arm waving gesture is commonly used to move the traffic, where
one arm is extended towards the directed traffic and other arm is
waved to move the traffic. This gesture is executed with some lo-
cal variations in different countries. For example, in USA the officer
raises his palm past the face centre (static gesture) instead of waving,
and other arm is used to point towards the traffic. There is a slight
difference in gesture used in India where the officer raises either arm
to stop traffic at one side and wave the other arm to move the traffic
of the other side. In UK, this gesture also involves the head movement
towards the traffic addressed.

Hand signal to allow left turn or right turn is implemented in USA
and China, and the gesture for this command is same in both coun-
tries except the orientation of palm while extending the arm. In China,
the traffic controller uses an additional command – left turn waiting,
where officer points at the position where vehicle should wait to take
a left turn. The pullover command is used in Australia and China to
stop drivers who break the road rules. This is a pointing gesture and
requires eye contact with the driver directing to stop at a particular
point.

Another important component in these rules is the use of assisted
traffic control devices. In USA, use of whistle is extremely impor-
tant while directing traffic. Traffic wands are used along with hand
signal to direct traffic in the state of Queensland, Australia. In other
countries, traffic control devices like illuminated batons and reflective
sticks are used only during night-time traffic operations.

Next, the traffic management rules in work zones are discussed,
which are different from above stated rules at intersections. Flaggers’
advanced warning signs are positioned in the work zone to warn in-
coming traffic to follow the traffic controller’s signals ahead. The op-
erations to control traffic around worksite areas are found common in
traffic codes of different countries. These general commands are Stop,
Release, and Slow down. The traffic is directed using SLOW/STOP
signs in conjunction with the hand signals while watching the ve-
hicles. There are some equipment changes in the night-time flagging
operations. A retro-reflectorized vest along with reflective sticks (or
flashlights and flags) are used to gain the attention of the driver.

The hand signal rules defined in Table 2 are compiled from the
road traffic codes of the USA, Western Australia, Victoria Australia,
UK, and British Columbia, Canada. These rules involve the use of
instruction batons along with arm movements, and the execution of
these gestures is quite similar in these countries. Most of the state
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traffic rules describe that the controller should hold the baton straight,
except in UK and Victoria, Australia where the baton is extended at
an angle of 45 degrees. In the USA, a flagger can use the red flag to
direct traffic in an emergency situation which is not common in other
countries. But the general commands and their rules of execution at
worksites indicates that an underlying universal language is followed
in many states.

3.3 discussions

The differences and commonalities in traffic controllers’ hand signal
rules are studied based on the evaluation of various elements present
in the gestures involved. These gestures are different for road inter-
sections and worksite traffic control operations. The traffic operations
at intersections involve more use of gestural communication with lim-
ited use of traffic control assisted devices (such as flashlights, batons,
whistles etc.). However, at worksite operations the use of instruction
batons that conform to local conventions of traffic standards is neces-
sary along with signalling through hand gestures.

The common instructions to control traffic at road intersections
are to stop and move the traffic. Other commands are also listed in
the manuals of individual states, which are followed locally. Though
some elements of the gestures for particular operations overlap in all
the cases, the overall gesture rules are not universal. For example, the
most common gesture to indicate a stop command is to raise one
of the arms up facing towards the vehicle while the other arm can
be extended in parallel. But the German rule requires the extended
arms gesture to indicate the same. The lack of universality in gestures
for this command can be explained by recurring to affordance theory
(Gibson, 1979): the two different gestures simply express two different
image schemata, one – raising the arm towards the vehicle – express-
ing repulse, the other – extending both arms – expressing blockage.
This explanation, however, raises the expectation that (a) the gestures
for other commands can also be explained by affordance, and thus
that (b) despite the lack of universal gestures for certain actions their
individual forms can be universally understood (via affordance).

Similarly, arm waving is a common gesture to move the traffic, but
there are local variations in the ones used in the USA where traffic
is indicated to move using two motions – a pointing gesture to gain
attention, followed by a static arm position to move traffic. The rules
for certain commands in some countries involve the movement of
the head which may not necessarily be present in other countries.
These examples confirm that traffic controller rules are not universal,
but they are supporting the explanation that any rule is based on
embodied affordance.
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Generally, worksite operations are regulated with more commonal-
ities between countries than operations at intersections. Also, the clas-
sification of hand gestures corresponding to these commands shows
more similarities. Few differences are observed in the holding posi-
tion of a baton. In Victoria, Australia and the UK the baton is tilted at
an angle of 45 degrees to make sure that it is visible to the traffic row,
but in other countries it is preferred to hold it straight. Nevertheless,
in this case the significant overlap in hand gestures can be inferred as
a sign of a common underlying language to control worksite opera-
tions.

3.4 conclusions

The hand signal rules used by traffic controllers for controlling traffic
in standard situations such as road intersections and worksites can be
catalogued from the sources provided by transport authorities of dif-
ferent states. Research in classification of hand and body movements
has contributed to understanding of the psychology of these gestures.
The proposed categorization of hand rules provides revelations about
the various elements involved in such gestures, which includes arm
movement, eye behaviours, body postures and head movements.

For traffic control at worksites the commands are found to be com-
mon across the countries, but the gestures involved in these rules
exhibit only some similarities. The hand signal rules for traffic con-
trol at road intersections vary more broadly among countries, with
overlap in gestures followed in some countries, but stark contrasts
between groups of countries.

Thus out of the two scenarios considered in this study it can be
concluded that significantly similar hand gestures are observed for
worksite operations worldwide. On the contrary, the operations at
road intersections do not show the same degree of overlap for some
commands and thus fail to support the hypothesis. However, it has
become clear that all gestures have a base in affordance, and thus an
affordance-based vehicle control (Moratz and Tenbrink, 2008; Mur-
phy, 1999; Saffiotti and Broxvall, 2008) may be the key for interaction
with self-driving vehicles. Affordance, in this case, is exuded by the
visually perceivable functional aspects of the hand gestures, which
must be shared by the self-driving vehicle.
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V E H I C L E - P E D E S T R I A N N E G O T I AT I O N
F R A M E W O R K

This chapter is based on the publication “Negotiation between vehi-
cles and pedestrians for the right of way at intersections" published
in the journal IEEE Transactions on Intelligent Transportation Systems by
Gupta, Vasardani, and Winter (2018). As such, most of the content in
this chapter is compiled from this publication. My contribution as a
first author in this work includes proposing the research problem and
hypothesis; developing the model; designing experiments and per-
forming the analysis; evaluating the hypothesis; and also providing
related discussions and conclusions. The entire work was supervised
by my supervisor Prof Stephan Winter, and co-supervisor Dr Maria
Vasardani, who actively provided their suggestions and feedback at
each stage of this research.

4.1 introduction

This chapter presents a negotiation framework between pedestrians
and self-driving vehicles describing the processing and exchange
of negotiation cues among them, addressing the following research
questions (Section 1.3).

1. What are the steps in self-driving vehicle-pedestrian negotia-
tions?

2. Can self-driving vehicle successfully negotiate with pedestrians
for their right of way at intersections with an understanding of
physical constraints along with pedestrian’s intentions, in order to
reduce their waiting times?

The research hypothesis is that the negotiation between self-driving
vehicles and pedestrians will result in a better coordination among
both parties, reduce the travel time of vehicles, and thus improve the
overall traffic flow at these crossing points.

To prove the above hypothesis, this work first conceptualizes
the vehicle-pedestrian negotiation process. Secondly, the conceptual
model is realized through agent based simulation using SUMO and
MATLAB. The simulation focuses on the interaction of a pedestrian
with the leader vehicle (in a random vehicle flow) approaching the in-
tersection. Particularly, it compares the proposed negotiation model
to the conservative assumption that a self-driving vehicle always
stops for a pedestrian with an intention to cross. The considered pa-
rameters are the traffic disturbance and pedestrian delay. The traffic
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disturbance is measured in terms of the average travel time of vehi-
cles, the time headway between vehicles, and the overall intersection
throughput.

Different road scenarios may be complex due to the presence of
multiple interacting agents. Before considering those complexities, as
a first step in defining negotiation concepts on roads, this chapter
only focuses on the simple case of negotiation between a single self-
driving car and a single pedestrian. The simulation results show that
the travel time of negotiating vehicles is significantly reduced, thus
improving the overall traffic flow. This basic model demonstrates the
positive impact of negotiation on traffic flow which motivates to do fu-
ture research in more complex scenarios. This model can be extended
to multi person-multi vehicle interaction which is the next step in this
work.

4.2 negotiation framework

This section discusses the process of negotiation, and then describes
a conceptual model for the vehicle-pedestrian negotiation.

4.2.1 What is negotiation?

In business literature, negotiation is defined as the ‘process of combin-
ing conflicting positions into a common position, under a decision rule of
unanimity’ (Zartman, 1988). This means, negotiation parties have to
agree upon a solution for a conflict. The agreement is advanced by
their common interest, mutual perception and dependence (Tanya
and Azeta, 2008). The theory of principled negotiation (seeking win-
win solutions) defines seven prescriptive components for negotiation
comprising interests, people, options, legitimacy, alternatives, com-
mitments, and communication. As a starting point for defining a ne-
gotiation process in traffic, these elements of negotiation theory are
explored below:

a. Identifying parties and their interests: The parties involved in the
negotiation have underlying interests which can be identified
from the parties’ hidden or stated objectives.

b. Identifying the options: The possible solutions to the problem
shared by both parties should be explored during negotiation.

c. Criteria: Fair criteria for a joint decision-making should be estab-
lished to reach an agreement among parties.

d. Commitments: Once an agreement is reached the parties should
make commitments to honor it.

e. Alternatives: The alternative solutions must be available to meet
one’s goals if there is no cooperation from the other side.
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f. Communication: An effective communication is important to de-
scribe one’s intention to the other party and also to learn about
the other party’s intentions during the negotiation process.

The above elements of the negotiation theory are used for defining
the process of negotiation in traffic, which is discussed in the next
section.

4.2.2 Conceptual model

The situation to be studied is depicted in Fig 1. The vehicle and the
pedestrian are approaching an unmarked intersection and their goal
is to pass the intersection with minimum waiting time. Each party es-
timates its time to reach the conflict point (Tveh, Tped). In a conflicting
situation, both parties will try to negotiate for the right of way and
at least one of them has to change their intention to allow the other
party to pass first.

Figure 1: Vehicle-pedestrian interaction scenario: The interaction environ-
ment is restricted to unregulated junctions where the pedestrian
appears at the curbside and is attempting to cross the road (screen-
shot in SUMO).

The conceptual model of a negotiation framework is presented in
Fig. 2. At any time t, the two agents (vehicle and pedestrian) have
a particular speed and direction of movement. It is assumed that both
agents are able to communicate their intentions through a commu-
nication channel. For example, the vehicle can blow the horn, use
light indicators, or send text messages to alert the pedestrian, and the
pedestrian can use eye gaze and gestures to indicate their intentions.
It is assumed that the vehicle is able to detect the gaze and gestures
of pedestrian through appropriate sensors with a known accuracy of
detection. This assumption is reasonable as technologies such as face
and gesture recognition already exist in other domains (Section 2.4).
So it can be expected that the future self-driving cars will also be able
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to detect and decode cues from human road users (gaze, hand signals,
and body movement).

Figure 2: The proposed vehicle-pedestrian negotiation framework.

The vehicle continuously looks for any pedestrian around, and
whenever a pedestrian is detected near the curbside, it checks for
any conflict with the estimated trajectory of the pedestrian. It per-
ceives the speed, direction, and other cues of the pedestrian to esti-
mate their intention to yield or not to yield. Similarly, the pedestrian
also perceives speed, direction, and other cues of the vehicle. Each
party estimates the intention of the other party as a function of these
parameters1.

If there is a conflict in the intentions of two parties, then negotia-
tion starts at that instance. The vehicle estimates its chance to pass
first and communicates its intentions in the form of a communication
act (for example, speeding up or slowing down, or using indicators
to warn the pedestrian). The pedestrian also has an interest to pass
first. Both parties form a negotiation strategy based on social rules
and physical constraints. However, this work only focuses on physical
constraints to formulate the negotiation strategy as social rules play a
more significant role in presence of multiple vehicles and pedestrians,
which is discussed in the extension of this work in Chapter 5.

Both parties are looking for an agreement during the negotiation
process. The pedestrian is expected to react to the vehicle’s action.
This reaction may be a change in their intentions. The pedestrian may

1 In the context of intention estimation, algorithms have already been developed
in the existing literature to detect the possible actions of pedestrians and drivers
(Molchanov et al., 2015; Rasouli, Kotseruba, and Tsotsos, 2017)
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honor the vehicle’s intention to pass first and stop at the curbside
(or wave allowing the vehicle to pass first). In this case an agreement
between two parties is established.

In another case, the pedestrian may show an aggressive behavior
and continue to cross (speeding up action). The vehicle will either
decide to stop (slow down) in the next step or continue to negotiate
its chance to pass first based on its assessment of the physical con-
straints. In this negotiation process, non-verbal cues are exchanged
continuously till an agreement is reached (in which case the negotia-
tion ends).

The negotiation model benefits the vehicle if it encounters a cooper-
ative pedestrian, but this model also ensures that the vehicle exhibits
conservative behavior towards an aggressive pedestrian to maintain
safety on the road. In case of large uncertainty in the pedestrians’ in-
tention to yield, the vehicle always slows down for a pedestrian to
cross. Note that in the actual scenarios, self-driving vehicles will use
machine learning methods to learn pedestrian’s intentions based on
their gestures and other behavior. This sensing and data analytical
process by the vehicle is out of the scope of this work. Instead, we
start with a certainty estimate. A certain agreement or disagreement
in this work means that the vehicle is nearly able to predict the pedes-
trian’s intentions, for example, it can clearly distinguish between a
moving and a stopped pedestrian - this assumption is based on ex-
isting literature and promising advancement in the machine learn-
ing technologies with applications to automated driving (which is
already reviewed in Chapter 2). Thus, safety is the overarching princi-
ple, but in contrast to a standard conservative behavior the one-to-one
negotiation is also providing gains in throughput.

4.2.3 Vehicle-pedestrian interaction scenarios

The different scenarios of everyday negotiation between vehicles2 and
pedestrians are discussed below. Note that in these examples the com-
munication is through non-verbal cues and the parties can perceive
each other’s intentions through their actions (such as indicating one’s
intention of not to yield by speeding up or gesturing to stop).

In the first three scenarios, the vehicle indicates its desire to pass
first as its estimated time to cross is less than that of the pedestrian
(Tveh < Tped, Fig. 1). This message is communicated to the pedestrian
through some communication channel.

Scenario 1: The pedestrian shows an aggressive behavior and de-
cides to cross first (reacts by starting to cross). The vehicle perceives
this intention of the pedestrian and prepares to slow down.

Scenario 2: The pedestrian honors the social rules and agrees to
yield to the vehicle. The pedestrian slows down (acknowledgement

2 In current traffic the interaction is with drivers of vehicles
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in negotiation) which is perceived by the vehicle as an agreement,
and in the next step the vehicle speeds up to pass the intersection.

Scenario 3: Another case is when the vehicle can’t stop before the
crossing point due to acceleration constraints, and thus generates an
alert to the pedestrian. In this scenario, the vehicle indicates to pass
first but the pedestrian shows an aggressive behavior by starting to
cross anyway. In the next step, the vehicle generates an alert and the
pedestrian reacts by stopping for the vehicle.

Scenario 4: The pedestrian initiated the negotiation by indicating to
pass first (through gestures). The vehicle perceives this intention and
prepares to slow down for the vehicle. The slowing down action of the
vehicle is assumed as an agreement by the pedestrian. The pedestrian
crosses first.

4.2.4 Negotiation strategy

The negotiation strategy is based on pedestrian’s behavior, which may
be either aggressive or cooperative. In this work the focus is to formu-
late negotiation strategies for the vehicle to deal with these two types
of pedestrian behavior which have some indirect benefits to pedes-
trian as well. This section describes the formulation of advisory speed
for vehicle.

The negotiation starts when a vehicle detects a pedestrian ap-
proaching the curbside. First, the vehicle estimates the intention of
the pedestrian in terms of chances of them yielding (Y) or not yield-
ing (NY) to the vehicle.

Secondly, the vehicle forecasts the speed limits within which it can
move in the current situation:

a. Lower Speed Bound (LSB): The required speed of the vehicle
such that the pedestrian crosses the end of the intersection be-
fore the vehicle reaches the starting edge of intersection.

b. Upper Speed Bound (USB): This is the required maximum
speed to pass the intersection before the pedestrian steps on
the starting edge of the intersection.

To initiate the negotiation, next the vehicle offers to pass first, if (i) it
can pass before the pedestrian based on its knowledge of current mo-
tion parameters of both parties, (ii) or it cannot stop before the pedes-
trian finishes crossing (alert generated). If the pedestrian expresses an
intention to pass first then the vehicle estimates its chances of negoti-
ation based on the conditions described above.

Advisory speed for vehicle: The advisory speed for the vehicle is based
on the vehicle understanding of pedestrian’s intentions at any in-
stance. If the chance of the pedestrian yielding is high then the vehicle
speeds up (within limits) to pass first and reduce the waiting time for
the pedestrian as a reward, rather than moving with the same speed
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towards the crossing point. On the other hand, if the chance of yield-
ing is low, then the vehicle should slow down and negotiate again its
chance to pass first. Human drivers do this intuitively and adjust their
speed considering the confusion in estimating what a pedestrian is
going to do next. The uncertainty involved in estimating pedestrian’s
intention should be considered to calculate advisory speed of vehicle.
Thus, the advisory speed can be computed by taking the weighted
average of predicted lower and upper speed bounds (LSB and USB).

advisory speed = Y ×USB+NY × LSB

Here, weights are taken as the perceived pedestrian’s chances of yield-
ing or not yielding (Y and NY), where Y > NY for a yielding pedes-
trian.

The stepwise algorithm for negotiation process by the vehicle is
presented in Algorithm 1. The advisory speed for vehicle is computed
at the end of each negotiation cycle. The associated terminology is
listed in Table 3.

Table 3: Terminology

Term Description

dveh distance of vehicle from the starting edge of intersection

dped distance of pedestrian from the starting edge of intersection

vveh current speed of vehicle

vped current speed of pedestrian

TTRped time taken by pedestrian to reach starting edge of intersection

TTRveh time taken by vehicle to reach starting edge of intersection

w width of the lane

l length of the vehicle

MAXIMUM maximum allowed speed for vehicles

accelToStop required deceleration to stop before intersection

accelLimit acceleration or deceleration limit of the vehicle

ALERT status variable to alert pedestrian

gaze accuracy of pedestrian’s gaze detection by the vehicle

gesture accuracy of pedestrian’s gesture detection by the vehicle



62 vehicle-pedestrian negotiation framework

Algorithm 1 Pseudo-algorithm for negotiation by vehicle

Input: Motion and indicator parameters of agents
Output: Advisory speed for vehicle

1: check if pedestrian has reached 2m before the curbside
2: for each negotiation cycle do
3: if no trajectory conflict with the pedestrian then
4: no negotiation required; CONTINUE
5: else
6: estimate intentions of the pedestrian
7: Y = IntentionEstimator(gaze,gesture, vped)
8: NY = 1− Y;
9: if acknowledgement to yield by the pedestrian with some

action (Y >> NY) then
10: (agreement is reached in favour of vehicle);
11: else if ALERT is true then
12: vehicle generates an alert to the pedestrian
13: else
14: (conflict in intentions)
15: if Tveh < Tped then
16: vehicle indicates to pass first
17: else
18: (vehicle waits for pedestrian’s action)
19: end if
20: end if
21: compute minimum required speed (LSB)
22: TTRped := (dped +w)/vped
23: LSB := dveh/TTRped

24: compute maximum required speed (USB)
25: USB := (dveh +w+ l)/TTRped

26: USB := min(USB,MAXIMUM)

27: compute the advisory speed
28: advisoryspeed := Y ∗USB+NY ∗ LSB
29: check whether advisory speed satisfies acceleration limits
30: update advisory speed keeping the acceleration limits
31: compute required deceleration to stop before start of inter-

section (accelToStop)
32: compute ALERT status:
33: if accelToStop > accelLimit OR dveh < 0 then
34: ALERT := true
35: advisory speed = USB
36: else
37: ALERT := false
38: end if
39: end if
40: return advisory speed

41: end for
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4.3 experiment design

The above model is tested in a simulation environment. This section
explains the details of the experiments involved.

4.3.1 Simulation environment

The simulation of vehicle-pedestrian interaction scenario is done us-
ing MATLAB and SUMO (Simulation of Urban Mobility). The TraCI
(Traffic Control Interface) protocol is used to interact with SUMO in
a client-server scenario. A random vehicle flow of 800 vehicles/hour
is generated in SUMO3, and the simulation is run for about 7 hours
(24000 steps of 1s). The flow of vehicles generated by SUMO is by de-
fault binomially distributed which approximates a Poisson distribu-
tion. This simulation is run for two different frequencies of pedestrian
flow – every 35s (total 685 pedestrians) in the first experiment, and
every 14s (total 1714 pedestrians) in another experiment. The pedes-
trian frequency was set low to avoid the cases of vehicle’s interaction
with multiple pedestrians at intersection which is not the concern of
this chapter. The pedestrian behavior modeling is described in Sec-
tion 4.3.3.

4.3.2 Negotiation model

In the proposed negotiation model, the interaction with a pedestrian
starts when the pedestrian reaches a distance of 2m or less from the
curbside4. From this instance, the negotiation model algorithm is ap-
plied. At the time of their appearance, their distance from the lead
vehicle is different each time. In the free flow of vehicle, each vehicle
starts (enters the simulation) with zero speed and accelerates (upto
maximum allowable speed). Most of the vehicles have accelerated to
the maximum speed at a distance of around 40m from the conflict
point. Thus, the speed of leader vehicle at the time of pedestrian en-
counter depends on its distance from the conflict point. For each step
in the simulation, parameters recorded are speed and position of ve-
hicle and pedestrian, and their respective distance from the crossing
point (both at lane center and at curbside). The assumptions in this
modeling are:

i) The environment considered is an unregulated road intersec-
tion and the vehicles are moving along a straight line on the
road; there is no lane changing or passing around the pedes-
trian.

3 This value is considered to be a medium traffic flow in SUMO, maximum flow rep-
resenting peak hour traffic allowed in SUMO is 1200 vehicles/hour.

4 An arbitrary threshold is assumed here; in real life settings this value depends on
the pedestrian detection range of the vehicle
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ii) Vehicles enter and exit the simulation in the same order; there
is no overtaking.

iii) Different road scenarios may be complex due to the presence of
multiple interacting agents. Before considering those complexi-
ties, as a first step in defining negotiation concepts on roads, this
work only focuses on the simple case of negotiation between a
single self-driving car and a single pedestrian.

iv) The approaching pedestrian interacts only with the next ap-
proaching vehicle.

v) The current model considers only a vehicle’s interaction with a
pedestrian approaching from a conflicting direction whose goal
is to cross the intersection; other road users as well as other
pedestrian behaviors are not considered.

Assumptions (i-iv) allow a proof of concept for the negotiation model.
Assumption (v) suggests that the negotiation model has to be embed-
ded in a multi-agent framework in future.

4.3.3 Pedestrian behavior modeling

Pedestrians are modeled with a dynamic behavior in the simulations.
In the first experiment, a pedestrian is introduced into the environ-
ment every 35s from a fixed origin (at some distance from the crossing
point). In a second experiment the pedestrian frequency is changed
to 14s. By default, the pedestrian is moving with an average walking
speed (assuming 1.2m/s). The pedestrian stops if (i) the oncoming
vehicle is at less than a distance of 30m from the intersection, or (ii)
an alert is generated by the vehicle because it cannot stop before the
pedestrian crosses due to its deceleration constraints.

Apart from the motion dynamics, there is an intention value as-
sociated with pedestrian behavior at any simulation step. Here, the
intention value means: the pedestrian’s chances of yielding (Y) or not
yielding (NY = 1 − Y) as perceived by the vehicle. Since gaze and
gestures of pedestrians cannot be modeled in SUMO, and neither can
the perception of these by vehicles, the initial intention values are
assigned randomly to show cooperative (Y > NY) or aggressive be-
havior (NY > Y). This value changes depending on the distance of
the vehicle. The waiting time is minimum for the vehicles if pedes-
trian always shows a cooperative behavior towards them. The wait-
ing time is maximum for the vehicles if they always encounter an
aggressive pedestrian in which case the negotiation and conserva-
tive model would produce same results. The assumption here of 50%
likelihood of encountering an aggressive or cooperative pedestrian
demonstrates the average between the two extremes. The model can
be adjusted for local culture.
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Initially, the pedestrian is approaching the intersection to pass first
with an average walking speed so the intention value is assigned as
Y = 0.2. But during negotiation, if the pedestrian slows down or stops
for the vehicle to pass first then the intention value changes (value of
Y changes proportionally to the change in speed of pedestrian). The
possible interaction scenarios in the simulation have been discussed
in Section 4.2.3.

4.3.4 Conservative vehicle model

A second simulation with a conservative vehicle behavior provides
the benchmark for comparing the performance of the proposed ne-
gotiation model. A vehicle shows conservative behavior if it always
stops when it detects a pedestrian within 2m of the curbside, i.e., with
the intention to cross. The arbitrary threshold of 2m is an assumption
in the simulation, where pedestrians only move in order to cross the
street; it is not intended to state that real-world vehicles apply this
threshold. In the real world, vehicles have to use machine learning
methods to detect pedestrians and to detect their intentions, for ex-
ample, from trajectory extrapolation (Bai et al., 2015; Bandyopadhyay
et al., 2013; Long, Liu, and Pan, 2017). In this case the vehicle waits
until the pedestrian finishes crossing. This mimics the current state
of self-driving vehicles. The pedestrian behavior, in this case, is mod-
eled to show an aggressive behavior and always gets the right of way
(passes first). The simulation environment is the same as the negotia-
tion model.

4.3.5 Observables

For each model, the following parameters are observed at the time of
simulation to measure the traffic disturbance:

a. Travel time of vehicles: This is the time vehicle takes to pass the
intersection from the starting point. The timestamps at which
a vehicle enters the simulation environment (entry) and passes
the other end of the intersection (exit) are recorded for each ve-
hicle in the simulation. The entry and exit timestamps provide
the travel time for each vehicle.

b. Time headway: This is the difference in passing time of successive
vehicles in the traffic flow. The time headway for each vehicle
pair is calculated by taking the exit timestamps difference of the
current and last vehicle which passed the intersection.

c. Pedestrian delay: This is measured in terms of the time taken by
the pedestrians to cross the road (from curbside to curbside).
This includes the waiting time for a pedestrian at the curbside.
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d. Overall intersection throughput: Throughput is the number of ve-
hicles passing the crossing point per hour. The overall crossing
point throughput is calculated as the total number of vehicles
which passed the crossing point divided by the simulation run
time.

4.4 results and discussion

The performance of the proposed model is measured in terms of
travel time analysis of vehicles, time-headway analysis, and the over-
all intersection throughput analysis. This section provides the results
and related discussions for each of the analysis.

4.4.1 Travel time analysis

The travel time series for the first 30 vehicles is shown in Fig. 3. It is
clear from the graph that the travel time of vehicles is less for negoti-
ating vehicles (in blue color) as compared to the conservative vehicles
(in red color). The peak indicates the increase in travel time of vehi-
cles due to waiting for pedestrian to cross. This waiting time is higher
for leader vehicles interacting with the pedestrian.

4.4.1.1 Pedestrian frequency 35s

The first three data points in the conservative model (Fig. 3a, red)
show that the leader vehicle interacting with a pedestrian is delayed
with maximum waiting time. This delay is propagated to the vehi-
cles queuing up behind. After a few of delayed vehicles have passed,
the vehicle flow stabilizes again (represented in red data points 4-8)
until another pedestrian is encountered. On the other hand, this situ-
ation is improved in the negotiation model (blue color) as negotiating
vehicles can anticipate the situation and slow down or speed up in
agreement with the pedestrian. The results show that the first vehicle
is able to negotiate and pass first with minimum total travel time. The
second vehicle slows down for the pedestrian and experiences some
delay but the following vehicles are not affected. The negotiating ve-
hicle travel pattern shows that vehicles in queue are less affected as
compared to the conservative model.

4.4.1.2 Pedestrian frequency 14s

If the pedestrian frequency is increased to 14s, then the travel time
for vehicles further increases (Fig. 3b). The first three vehicles in both
models pass without conflicting with a pedestrian. The fourth con-
servative vehicle (red) stops for the pedestrian and experiences some
delay, which is propagated to the following vehicles. Due to frequent
encounters with pedestrians more vehicles are experiencing delays,
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Figure 3: Travel time series: Travel time of first 30 vehicles in the simulation
for negotiation model (blue) and conservative model (red).
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which indicates that traffic density increases over time, thus causing
disturbance in traffic flow and congestion on roads. This is evident
from the simulation results as the average travel time for the first 100

vehicles is 16.2s, which increases to 43.5s for around 5000 vehicles
at the end of simulation. This high increase in average travel time of
conservative vehicles reveals the accumulation of delays over time af-
fecting the flow of vehicles near the points of crossing. In case of the
negotiation model (blue), the travel time of vehicles is higher than
in the previous experiment due to the higher pedestrian frequency.
But the lower peaks in the negotiation model still show less traffic
disturbance as compared to the conservative model. This is also evi-
dent from the average travel time for negotiating vehicles, which re-
mains almost constant at the end of the simulation (average travel
time 11.8s).

4.4.2 Time headway analysis

The traffic disturbance can also be understood in terms of the time
headway distribution for vehicles in both models, which is repre-
sented in Fig. 4 and Fig. 5. In road traffic, a minimum time headway
of two seconds to the vehicle in front is to be maintained to avoid any
rear-end collisions and the same is implemented in SUMO by default.
In simulations, the average headway of vehicles in the initial vehicular
flow is 5s. The quantitative distribution of time headway of vehicles
(numbers represent the % of total vehicles) for both models is listed
in Table 4 and Table 5, respectively. This will be further discussed in
the following sections.

4.4.2.1 Pedestrian frequency 35s

Interestingly, the average time headway for both models is the same
(about 4.5s) but the variance in the distribution of the conservative
model is higher. An analysis of variance using F-Test showed that
this difference is significant (F1,5330 = 2.97,p < 0.05). This indicates
that traffic disturbance is higher in conservative model. The graphical
representation of the time headway distribution for the conservative
model is presented in Fig. 4b.

Table 4: Time headway (TH) distribution for negotiation (NM) and conser-
vative (CM) model (pedestrian frequency 35s).

TH 2s 4s 6s 8s 10s 12s 14s

NM (%) 10.9 42.7 35.6 9.0 1.7 0 0

CM (%) 27.0 36.3 23.6 0.7 4.6 6.4 1.4

In Fig. 4b, the higher time headway values (10s, 12s, and 14s) re-
flect the higher waiting time for leader vehicles. These leader vehicles
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Figure 4: Time headway analysis with the pedestrian frequency of 35s.



70 vehicle-pedestrian negotiation framework

interact with the pedestrians and count for 12.3% of the total vehi-
cles in the flow. Table 4 shows that the stopping of leader vehicles
has delayed another 27% of the total vehicles as they have the min-
imum time headway (2s). This implies that the flow of conservative
vehicles is not uniform and vehicles are stacking up (waiting behind
leader) during pedestrian encounters, causing disturbance or conges-
tion. However, in the negotiation model (Fig. 4a) the maximum head-
way is 10s, and 80% of the total vehicles have a time headway between
4s to 6s representing a smoother flow of vehicles (Table 4). Negotia-
tion improves the flow of 20% of those vehicles that were affected
by delay in the conservative model, thus reducing the disturbance in
traffic.

4.4.2.2 Pedestrian frequency 14s

It is expected that increasing the pedestrian frequency will increase
the waiting time for vehicles. The results show that negotiation
performs better in this case as well. The graphical representation
shows that the time headway distribution is uniform for negotiations
(Fig. 5a) as compared to the conservative model, which still shows a
large variance in the distribution (Fig. 5b). In this case also, the anal-
ysis of variance using F-Test showed that this difference is significant
(F1,5127,5330 = 2.05,p < 0.05).

Table 5: Time headway (TH) distribution for negotiation (NM) and conser-
vative (CM) model (pedestrian frequency 14s)

TH 2s 4s 6s 8s 10s 12s 14s

NM (%) 26.3 34.6 13.2 19.4 6.5 0 0

CM (%) 49.1 17.8 0.0 3.2 29.6 0.1 0.0

In the conservative model, the number of leader vehicles stopping
for pedestrians increases by 30% when the pedestrian frequency is
increased to 14s (Table 5). Also, the number of following vehicles de-
layed due to frequent pedestrian encounters is about 50% (headway
of 2s) in this case. But with negotiation, about 50% of the total vehicles
passed with time headway between 4s to 6s, while only 26% of the
total vehicles are affected by slowing down of the lead vehicles. The
results show that negotiation has improved the traffic flow as com-
pared to the conservative vehicles in line of the arguments stated in
previous sections. Both travel time and time headway analysis results
support the hypothesis of this research.

4.4.3 Throughput analysis

Throughput is measured as described in Section 4.3.5. The following
section discusses throughput analysis for both experiment cases.



4.4 results and discussion 71

TIME HEADWAY (SEC)
0 2 4 6 8 10 12

N
U

M
B
E
R

O
F

V
E
H

IC
L
E
S

0

500

1000

1500

2000

2500

3000

(a) Negotiation model

TIME HEADWAY (SEC)
0 2 4 6 8 10 12

N
U

M
B
E
R

O
F

V
E
H

IC
L
E
S

0

500

1000

1500

2000

2500

3000

(b) Conservative model

Figure 5: Time headway analysis with the pedestrian frequency of 14s.
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4.4.3.1 Pedestrian frequency 35s

The results of experiments with pedestrian frequency of 35s reveal
an interesting fact: Although travel time of vehicles show significant
differences in the two models, overall throughput at crossing points
does not change. This observation can be explained by the analysis of
crossing point exit timestamps of vehicles in the two models (Fig. 6a).
The peaks in the time series show the interruption in free flow of
traffic by the pedestrians. These peaks are higher for conservative ve-
hicles (red color). The dots in the curve around these peaks represent
the waiting vehicles.
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Figure 6: Exit time analysis: The exit timestamp of vehicles in SUMO is plot-
ted against the simulation runtime. The above plot is shown for
first 30 vehicles to visualize the pattern in traffic flow.
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The above results show that negotiation brings down these peaks
by reducing the waiting time of vehicles (blue color). The difference
in exit timestamps for the same vehicles in both models is higher for
the first few waiting vehicles. Then the delay in waiting of the con-
servative vehicles reduces, and after some time conservative model
converges to the negotiation model (Fig. 6a). The delayed vehicles are
queued up behind a leader vehicle while they are waiting for a pedes-
trian to cross. As the pedestrian passes, the stacked vehicles accelerate
to pass one after the other without any interruption. The time head-
way in this case is minimum (2s), which is reflected in the headway
distribution (Table 4). After the delayed vehicles are cleared up from
the road near the crossing point, the traffic density stabilizes again
until the next pedestrian is encountered.

Thus, overall throughput does not change at the end of simulation.
However, if throughput is computed at a time when a queue of vehi-
cles is waiting at the crossing point, then the throughput difference in
the two models will be significant. This leads to another hypothesis
that if pedestrian frequency is increased then there should be sig-
nificant difference in intersection throughput, i.e., negotiation model
should perform better than conservative model. This is discussed next
by changing the pedestrian frequency to every 14s.

4.4.3.2 Pedestrian frequency 14s

By increasing the pedestrian frequency the distance between exit
timestamps of both models increases as well (Fig. 6b). The above hy-
pothesis is supported by the throughput analysis results in Fig. 7.
The graph shows the total number of vehicles that passed the in-
tersection in the simulation. The results show that by negotiation
around 200 more vehicles passed in total as compared to the con-
servative model. This observation also supports the observations in
Sections 4.4.1 and 4.4.2 that traffic flow is improved by negotiation as
more vehicles are passing through the intersection.
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Figure 7: Throughput analysis: The graph shows the exit timestamp of each
vehicle at intersection until the end of simulation (24000s). The two
time series represent the negotiation (blue) and conservative (red)
model.

4.5 conclusions

This chapter presents a conceptual model for negotiation between
self-driving vehicles and pedestrians which is realized through agent
based simulation in SUMO and MATLAB. The proposed model is
compared to the conservative behavior of self-driving vehicles of al-
ways stopping for the pedestrians stepping into the road to cross.
This model suggests a negotiation framework for vehicles to negoti-
ate with pedestrians based on physical constraints given that a vehicle
is certain of the pedestrian’s intentions. This research answers the re-
lated research questions in this chapter. The simulation results show
that the average travel time for negotiating vehicles is improved and
the traffic disturbance is reduced as compared to the conservative
vehicles. These results support the hypothesis of this research.

Another interesting observation from this model is that although
the travel time of vehicles is improved, there is no difference in the
overall intersection throughput in the two models when pedestrian
frequency is low. However, this difference in throughput increases
when the pedestrian frequency is increased in a different experiment
– negotiation model performs better and allows more vehicles to pass
the intersection. This indicates that current conservative behavior of
self-driving cars will cause congestion on roads and negotiation is a
solution to this problem.

The negotiation process has some costs and benefits to both parties.
The waiting time for vehicles at intersections is reduced but pedestri-
ans may experience some delay in crossing. However, this pedestrian
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delay is much less than the waiting time for conservative vehicles.
This means, negotiation will benefit multiple vehicles by reducing
their waiting times, and allow them to maintain a smooth speed pro-
file and reduce congestion on roads. On the other hand, at the cost of
some delay (which is less than waiting time for vehicles) pedestrians
have better coordination with the driverless vehicles. The other indi-
rect benefits to them are reduced emission hazards and congestion-
free surroundings providing them a liveable community.

The proposed model only considers the simple cases of negotiation
between one vehicle and one pedestrian. Also, the negotiation strate-
gies are based on physical constraints. But in a more realistic scenario
negotiation strategies of both parties are affected by the presence of
multiple vehicles and pedestrians around the interaction site. While
the presented single vehicle and single pedestrian negotiation model
is based on one-to-one interactions, the negotiation among multiple
vehicles and multiple pedestrians relies to a larger degree on infor-
mal social rules including groups. Thus, in the next chapter the above
model will be encapsulated in an expanded model that will deal with
multiple vehicles and multiple pedestrians by incorporating social
rules of groups in the negotiation criteria. Formulating such informal
social rules will be challenging as they also depend on the behavior of
pedestrians. The focus of the next experiments will be to identify and
formulate negotiation strategies in complex scenarios which should
mimic the everyday negotiation on roads.





5
I N T R O D U C I N G S O C I A L R U L E S I N N E G O T I AT I O N

This chapter is based on the article “Social rules for negotiating the
right of way among self-driving vehicles and pedestrians" submit-
ted to a journal for review by Gupta, Vasardani, Lohani, and Win-
ter (2019c). As such, most of the content in this chapter is compiled
from this publication. My contribution as a first author in this work
includes proposing the research problem and hypothesis; develop-
ing the model and rules; designing experiments and performing the
analysis; evaluating the hypothesis; and also providing related discus-
sions and conclusions. The entire work was supervised by my super-
visor Prof Stephan Winter, and co-supervisor Dr Maria Vasardani, and
external supervisor Prof Bharat Lohani, who actively provided their
suggestions and feedback at each stage of this research.

5.1 introduction

The following research questions from Section 1.3 are investigated in
this chapter:

1. Which informal social rules exist among human drivers and
pedestrians affecting their crossing decisions?

2. In addition to physical constraints, can social rules increase the
chances for self-driving vehicles’ successful negotiations with
pedestrians for their right of way?

This chapter focuses on self-driving vehicles’ negotiations with
pedestrians based on informal social rules. This negotiation process
assumes an estimation of the pedestrians’ intentions (Chapter 4), and
goes further by implementing informal and fuzzy social rules for
interaction. The latter is novel for a self-driving vehicle, enabling it
to take human-like decisions to resolve conflict situations. The rules
will be embedded in a negotiation process for an agreement with the
pedestrians about who is getting the right of way, without ever com-
promising safety. The proposed vehicle-pedestrian negotiation model
is suited for multiple vehicles on the road and multiple pedestrians
queuing up. The hypothesis of this research is that the introduction
of social rules in the negotiation between self-driving vehicles and
pedestrians will reduce the waiting times for vehicles and increase
the intersection throughput.

To examine this hypothesis, the social rules of negotiations are con-
ceptualized, and the negotiation model introduced in the previous
chapter is expanded to include those social rules. In order to test

77
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the hypothesis in a controlled environment, this conceptual model is
also implemented in a simulation similar to the experiments in previ-
ous chapter. The vehicle-pedestrian interaction environment is an un-
marked intersection. Compared are the accumulated waiting time of
the vehicles, the average number of vehicles in the waiting queue, and
the overall throughput at crossing points. Six different conditions of
traffic are considered by varying the frequency of vehicles and pedes-
trians, and the overall impact of negotiation is discussed in each case.

To our knowledge, a negotiation model introducing social rules
for decision making in traffic is novel. This work demonstrates how
negotiation reduces the conflict of interests between groups of vehicles
and pedestrians in typical traffic conditions and balances the right of
way among them. The simulation results show that the negotiations
reduce the waiting times and waiting queues of vehicles compared to
the conservative vehicle behavior. The reduction of waiting times for
the vehicles is coming at the cost of pedestrians, but the simulation
shows also that these waiting times for pedestrians do not exceed
those at signalized intersections.

5.2 extended negotiation framework

The following negotiation model aims for agreement among a party
of (potentially multiple) vehicles and a party of (potentially multiple)
pedestrians on who will pass first at an unregulated intersection. An
example is presented in Fig. 8.

Figure 8: Interaction at an unregulated junction where the vehicles moving
in a flexible and variable queue are negotiating for the right of way
with pedestrians waiting at the curbside to cross the road.

5.2.1 Elements of the negotiation model

The following terms and assumptions are required:

1. Vehicle queue: A vehicle queue is defined by at least a lead vehi-
cle. Further vehicles qualify to be in a queue of the lead vehicle
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if they are maintaining a time headway of about 2s (Ayres et
al., 2001). In floating traffic, vehicles may join or leave a moving
queue at any time.

2. Pedestrian group: A pedestrian group is an informal formation
of at least one lead pedestrian and (potentially) multiple pedes-
trians following this lead person. A pedestrian qualifies to be in
the group of the lead pedestrian if they are within an arbitrary
fix threshold of any pedestrian already in the pedestrian group.
In the movement dynamics on sidewalks, pedestrians may join
or leave a group at any time.

3. Vehicle safe distance: This is the distance required so that a ve-
hicle can stop before the intersection with given deceleration
constraints. If a vehicle reaches the safe distance and no agree-
ment has been made, the vehicle will brake but may continue
to communicate and negotiate.

4. Gap: A gap in the vehicle or pedestrian flow occurs between
consecutive vehicle queues, or between consecutive pedestrian
groups respectively.

5. Pedestrian’s maximum waiting time: This is the maximum time a
pedestrian is willing to wait at the intersection.

6. Alert: A vehicle generates an alert when the required decelera-
tion to stop before the intersection is greater than the physically
possible deceleration, in which case the vehicle cannot stop be-
fore the pedestrian crosses.

The lead vehicle perceives pedestrian groups arriving near the in-
tersection. The first person from the intersection is perceived as the
group leader. Similarly, pedestrians assume the first vehicle in a ve-
hicle queue as the lead vehicle. The lead vehicle also has knowl-
edge about the positions and speeds of vehicles following it through
vehicle-to-vehicle communication. The negotiation is led by the two
leaders representing the two parties.

Each follower pedestrian in the pedestrian group follows the social
norms and cooperates with the lead pedestrian’s decision (following
a group behavior). This means, if the lead pedestrian has decided
to stop (yield to the vehicle), then the following pedestrians in the
group also stop. However, while they resume walking after waiting
and when the lead pedestrian has stepped out of the curbside, the
next pedestrian in the group becomes the lead pedestrian. The current
lead pedestrian interacts with the lead vehicle and decides whether
to follow the previous lead pedestrian, or to allow the vehicle to pass
first (keeping in mind the social rules and physical constraints). Simi-
larly, each following vehicle in the vehicle queue follows the decision
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of the lead vehicle. Once the lead vehicle passes through the intersec-
tion, the next vehicle in the queue (which becomes the lead vehicle
now) interacts with the lead pedestrian and negotiates its chance to
pass first.

5.2.2 Conceptual negotiation model

The conceptual model for the negotiation framework is extended
from the previous chapter and shown in Fig. 9. The first step, i.e. com-
munication, is similar to the previous model except the group size pa-
rameter which is also included in the extended model. It is assumed
that sensors in the vehicles detect and process movement and ges-
tures of pedestrians or any changes in the environment, along with
the number of pedestrians in their group. The model of negotiations
between the two leaders representing the two parties is characterized
by the following elements.

Figure 9: The proposed vehicle-pedestrian negotiation framework.

Trajectory conflict: The leaders of the parties approaching the inter-
section first check whether there is any potential conflict in their re-
spective trajectories. If this is the case then as a next step, the leaders
are interested in knowing the intentions of the opposite party.

Intention estimation: The two leaders perceive the location, speed
and direction of movement of the members of the other party, and
additionally the signals from the leader of the other party. The inten-
tion of the opposite party — yield (Y) or not-yield (NY = 1− Y) — is
estimated as a function of these parameters.
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Matching intentions: If there is a conflict of the intentions, i.e., both
parties have either the intention to pass first or to yield, then negotia-
tion starts in order to match the intentions. If there is no conflict, no
negotiation is required.

Negotiation criteria: Both party leaders form a negotiation strategy
based on physical constraints and social rules. They estimate their
chances to pass first and communicate their intentions. In the follow-
ing iteration, both party leaders, now aware of the intentions of the
respective other party leader, reconsider their own intentions. There
may be a concession by one party, which when communicated leads
to an agreement between the parties. But there may be also a refusal
to concede (two aggressive negotiators still within safety constraints),
or it could be a case of hesitation from both parties (two modest ne-
gotiators), in which case negotiation continues.

The iterative negotiation process concludes when either an agree-
ment has been reached with one party committing to yield and the
other party to pass first, or when safety constraints require the vehi-
cle to concede anyway. Also, if matching intentions seem to have been
emerged but the lead vehicle is not certain about the intentions of the
pedestrians, it is also falling back to its safety-first principle (Luetge,
2017). In contrast to a standard conservative behavior, the negotiation
is providing self-driving vehicles a fair chance of crossing first.

Advisory speed for vehicle: Similar to the previous model, the lead
vehicle adjusts its speed at the end of each negotiation iteration to an
advisory speed based on the estimated intentions of the pedestrians
to yield, i.e., to the certainty of knowledge Y. The computed speed
is also adjusted to acceleration constraints. The detailed algorithm
for this speed adjustment has been discussed in the previous chapter
(Chapter 4).

5.2.3 Social rules formulation

The following set of social rules are formulated for the negotiation
process. They are derived from cases, or contexts, but should apply
generically.

Case 1: Multiple pedestrians are arriving, and one vehicle is approaching
towards the intersection.

R1: The vehicle sends an alert if it cannot stop before the pedestri-
ans can finish crossing.

R2: The vehicle indicates to pass first (including a willingness to
speed up within legal limits), if a pedestrian group is arriving.

R3: The lead pedestrian indicates to cross first, if the distance of the
lead vehicle from the point of intersection is greater than, or equal to
the vehicle safe distance, or if they have waited beyond their waiting
time limit.
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R4: In case the lead pedestrian has not provided any acknowledg-
ment, the vehicle slows down.

Rule R2 minimizes the waiting time for the vehicle, while R3 en-
sures that pedestrians do not have to wait beyond their maximum
waiting time. Rules R1, R3 and R4 ensure safety in this process. R1
and R3 account for physical constraints while R4 keeps check on the
condition of uncertainty about the lead pedestrian’s intention to agree
during the negotiation.

Case 2: A single pedestrian is arriving and a vehicle queue is approaching
towards the intersection.

R5: The lead vehicle indicates to pass first if there are more than
two vehicles in its queue.

In this case, Rule R5 gives the opportunity to release a number of
vehicles at the intersection, as waiting for a single pedestrian causes
a longer waiting time for multiple vehicles. Rule R3 allows the pedes-
trian to cross when there is a safe gap from the lead vehicle.

Case 3: The pedestrian count increases while waiting, and a vehicle queue is
approaching.

R6: The lead pedestrian indicates to cross when identifying a gap
between queues of vehicles, or when the pedestrian group’s waiting
time has reached its maximum.

If the number of waiting pedestrians increases with time while the
vehicles are passing first, Rule R6 balances the traffic flow by allow-
ing the pedestrian group to cross when either there is a safe gap in
the vehicle flow, or the lead pedestrian starts negotiation when their
group waiting time has exceeded its maximum limit. In the latter case,
the lead pedestrian indicates to cross.

Case 4: The vehicle queue waiting at the intersection is increasing in length
while a pedestrian group is crossing.

R7: The lead vehicle indicates to pass if it has identified a gap be-
tween the groups of pedestrians, or the number of waiting vehicles in
the queue is more than three.

R8: The current lead pedestrian indicates to pass if their waiting
time has exceeded the maximum waiting time limit (while waiting
for the previous pedestrians in the group to cross) and is also willing
to cross.

The above rules, in this case, balance the waiting time for vehicles
and pedestrians in denser traffic. Rule R7 allows the waiting vehicle(s)
to negotiate by finding a gap between groups of pedestrians at the
point where the current lead pedestrian has not yet started crossing.
While in the case of a lead pedestrian, Rules R8 and R3 allow them to
move with the group if they have waited for too long. The workflow
of vehicle-pedestrian negotiation incorporating these social rules is
described in the next section.
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5.2.4 Negotiation criteria

This section formulates negotiation strategies for vehicles and pedes-
trians based on the above social rules. The strategies aim to balance
chances of crossing first to both parties every so often, preventing
them from waiting for too long.

If a single vehicle approaching the intersection encounters a group
of pedestrians intending to cross (Case 1), then the vehicle initiates
the negotiation (Rules R1 and R2). If the lead pedestrian yields to the
vehicle, the vehicle continues to pass. If the lead pedestrian is willing
to negotiate for the right of way on behalf of their group (Rule R3),
then negotiation continues. If pedestrians start crossing without any
acknowledgment, then the vehicle applies Rule R4, or sends an alert
to stop pedestrians if it is not feasible to decelerate enough in time
(Rule R1).

If the vehicle stops, then pedestrians start crossing. In this case the
vehicle queue waiting at the intersection starts increasing in length
(Case 4). The vehicle is trying to find a gap between groups of pedes-
trians and initiates the negotiation if its queue size increases to more
than three (Rule R7). If the current lead pedestrian in the group is
willing to cross (Rule R8) then they may not yield, in which case the
vehicle keeps waiting till the next negotiation opportunity (Rule R3).
Otherwise, if the pedestrian yields, the waiting vehicles start moving.

While the vehicles are passing through the intersection and the ve-
hicle flow is heavy, the pedestrian count waiting near the intersection
will increase with time (Case 3). Similar to the previous case, the wait-
ing pedestrians will try to negotiate for the right of way. If pedestrians
have waited beyond their maximum waiting time or a gap is identi-
fied between the vehicle queues, then at this point the lead pedestrian
signals the current lead vehicle to stop (Rules R6 and R3). The vehicle
may yield if there are no physical constraints to prevent stopping at
the start of the intersection, or if the pedestrians show an aggressive
behavior (Rule R4). In case the vehicle cannot stop at the intersection,
it generates an alert (Rule R1).

However, if a single pedestrian is waiting for the vehicle queue to
pass (Case 2), then vehicles can negotiate to continue moving until the
waiting time for the pedestrian has exceeded their maximum waiting
time, or there are physical constraints that prevent stopping (Rules
R5, R1 and R2). The pedestrian yields, but starts negotiating when
either their waiting time has exceeded the maximum limit or they
identified a gap between the moving vehicles (Rules R3 and R6). In
the latter case, the lead vehicle of the next queue accepts to negotiate
and slows down for the pedestrians.
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5.2.5 Negotiation examples

An example negotiation is shown in Fig. 10. At time t1 the pedestri-
ans are waiting for too long (waiting time > pedestrian’s maximum
waiting time, and thus Y << NY). The lead vehicle decides to slow
down and stop (Fig. 10a).

(a) At time t1

(b) At time ti, i > 1

(c) At time ti+j, j > 0

Figure 10: Example scenario: vehicle is finding gap between pedestrian
groups.

Meanwhile, there may be new pedestrians appearing closer to the
pedestrian group. By the time ti, the lead vehicle has waited for a
group of five pedestrians to finish crossing (who have waited beyond
their maximum waiting limit and not willing to yield) and the current
size of the pedestrian group has increased to eight (Fig. 10b). The ve-
hicle may find a negotiation opportunity here as the sixth pedestrian
(highlighted, who joined the moving group later) has not yet stepped
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beyond the curb, so the vehicle will initiate negotiation with this cur-
rent lead pedestrian. The highlighted pedestrian may acknowledge
by stopping, in which case an agreement is reached and the vehicle
queue starts moving (Fig. 10c). Similarly, pedestrians also find gaps
in vehicle queues using the same strategy.

5.3 experiment design

This section describes the simulation environment, different experi-
ment cases to study the proposed negotiation process, and the ob-
servables.

5.3.1 Simulation environment

Again, the proposed negotiation model is also simulated using
SUMO (Simulation of Urban Mobility) and MATLAB; the simulation
is run for around seven hours (24000 steps of 1s each) for each sce-
nario with varying pedestrian and vehicle flows. Compared to previ-
ous chapter, the scenarios are more varied as discussed below. Obser-
vations are averaged.

5.3.2 Pedestrian modeling

At different timestamps, pedestrians are introduced into the environ-
ment starting at a random distance from the crossing point. By de-
fault, the pedestrians approach the curbside with an assumed aver-
age walking speed of 1.2m/s. The pedestrians’ rate of appearance is
varying to simulate different density scenarios:

1. High frequency (PHF): Pedestrians appear randomly every 1s−4s

for a total of 9603 pedestrians over the 24000 iterations. Group
formation is frequent, and the group sizes are larger than in the
following cases.

2. Moderate frequency (PMF): Pedestrians appear randomly every
1s− 10s for a total of 4395 pedestrians. Group formation is less
frequent compared to the previous case, and also the group
sizes are moderate in this case.

3. Low frequency (PLF): Pedestrians appear randomly every 1s−20s

for a total of 2292 pedestrians. Group formation is even less
frequent and group sizes are small.

Again, the gaze and gestures of the pedestrian cannot be modeled
in SUMO, and neither the detection of gaze and gestures by vehicles.
Instead, the approaching vehicles model an intention value associ-
ated with pedestrian behavior at every simulation step. These inten-
tion values define the aggressive (Y < NY) or cooperative (Y > NY)
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behavior of pedestrians. It is assumed that initially, the pedestrian is
approaching towards the intersection with the intention to cross first,
so the intention value Y to yield is assigned a low value, Y = 0.2 (not
set to zero to account for uncertainty). During the negotiation process,
the intention value changes in proportion to the change in speed of a
pedestrian. To define a group behavior, whenever a pedestrian joins
the pedestrian group their intention value changes to that of the lead
pedestrian in the group.

5.3.3 Experiment cases

The vehicle flow is also modeled randomly. It is generated by SUMO’s
default, a binomial distribution, to approximate a Poisson distribu-
tion. For this experiment, two cases of traffic flow density are de-
fined: (i) normal traffic flow VNT (800 vehicles/hour), and (ii) heavy
traffic flow VHT (1200 vehicles/hour). The different combinations of
vehicle-pedestrian flows are summarized in Table 6. With these cases
two types of models are tested: the proposed negotiation model (NM),
and the conservative model (CM).

Table 6: Vehicle-pedestrian flow combinations

Vehicle
Pedestrian frequency

High Moderate Low

Normal traffic VNT -PHF VNT -PMF VNT -PLF

Heavy traffic VHT -PHF VHT -PMF VHT -PLF

Negotiation model: In the experiments, a vehicle enters the simulation
with zero speed and accelerates up to the maximum allowable speed.
This is achieved before reaching a distance of around 100m from the
intersection (the total lane length before the intersection is 200m in
this experiment). It is assumed that interaction starts when the lead
pedestrian reaches a distance of 2m or less from the curbside. At this
encounter point, the speed of the leader vehicle depends on its dis-
tance from the intersection. The parameters recorded at each step of
the negotiation are the speed and position of vehicle and pedestrian;
the position of the pedestrian also with respect to distance from both
lane center and curbside. Few assumptions in the modelling are:

i) The environment is an unregulated road intersection and the
vehicles are moving along a straight line on the road; there is
no lane changing or passing around the pedestrian.

ii) Vehicles and pedestrians enter and exit the simulation in the
same order; there is no overtaking.
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iii) The current model considers only the lead vehicle’s interaction
with a pedestrian group approaching from one direction and
intending to cross the intersection; other road users are not con-
sidered.

Conservative model: Similar to the previous chapter, the conservative
behavior of the vehicle is simulated for comparing the performance
of the proposed negotiation model. Again, the conservative behavior
of vehicles means that the vehicle always stops whenever any pedes-
trian is detected within 2m of the curbside. Thus in the conservative
model, pedestrians always show an aggressive behavior and keep on
moving with the average walking speed, and the vehicle(s) wait until
the pedestrian(s) have finished crossing.

5.3.4 Observables

The performance of the proposed negotiation model is measured in
terms of traffic disturbance analysis. For each case in each model (ne-
gotiation and conservative), the following parameters are observed:

1. Waiting time for pedestrian group: The pedestrian group wait-
ing time is computed as the difference in timestamp when the
leader pedestrian stopped for the vehicle(s) and the timestamp
when the pedestrian group resumes walking.

2. Waiting time for each vehicle: Also, the waiting time for each vehi-
cle is computed from the timestamps at which a vehicle enters
the simulation environment and crosses the end of the inter-
section. The difference between the entry and exit timestamps
provides the travel time for each vehicle. The waiting time of a
vehicle is computed as the difference between the travel time of
the vehicle in each model, and its travel time in the case of no in-
terruptions (i.e., crossing the intersection without encountering
pedestrians).

3. Waiting group density: The waiting group density is defined as
the number of pedestrians or vehicles in the pedestrian group
or vehicle queue, respectively, during the waiting phase at the
intersection. The waiting group density is measured to analyze
the pedestrian and vehicle accumulation at the intersection.

4. Overall intersection throughput: Throughput is the number of ve-
hicles passing the crossing point per hour. The overall crossing
point throughput is calculated as the total number of vehicles
which passed the crossing point divided by the simulation run
time.
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5.4 results and discussion

This section discusses the results of three types of analysis to measure
the traffic disturbance: waiting time analysis, accumulation analysis,
and the overall throughput analysis at the intersection.

5.4.1 Waiting time analysis

In first part of this analysis, the average waiting time is computed for
vehicles and pedestrians, and then compared between the two mod-
els. Secondly, the frequency distribution of waiting times for vehicles
in both models is discussed to understand the overall flow of traffic.
At last, the waiting time pattern of vehicles and pedestrians in the
negotiation model is also discussed.

5.4.1.1 Waiting time

For both negotiation and conservative models, the average waiting
time of vehicles and pedestrians is computed at the end of the sim-
ulation run for each case (2× 6 entries in Table. 7). In CM, vehicles
always stop for pedestrians, so the waiting time for pedestrians is
zero and their average waiting time is computed only for the NM
(1× 6 entries in Table. 7). It is clear that the vehicle’s average waiting
time is lower in NM in typical traffic conditions, at the cost of some
waiting time for pedestrians. However, this waiting time for pedestri-
ans does not exceed those at regulated intersections with predictable
average waiting times. The average pedestrian delay measured at sig-
nalized intersections is more than 20s for an average cycle time of 90s
(Nash-Traffinity, 2014).

Table 7: Waiting time analysis of vehicles and pedestrians for negotiation
model (NM) and conservative model (CM)

VHT -PHF VNT -PHF VHT -PMF VNT -PMF VHT -PLF VNT -PLF

Vehicle
NM 14.7s 11.8s 6.47s 10.72s 4.53s 2.04s

CM 626.5s 624.6s 92.2s 93.26s 28.75s 2.73s

Pedestrian NM 13.8s 5.64s 8.89s 3.26s 5.69s 2.32s

Pedestrian high frequency: The average waiting time for vehicles is
significantly less for negotiating vehicles (14.7s) as compared to the
conservative vehicles (626.5s). This difference is maximum for peak
traffic conditions (cases VHT -PHF and VNT -PHF) when pedestrians
and vehicles are appearing in high frequency, and thus have more
frequent conflicts at crossing zones. Also, the waiting time for pedes-
trians is higher (13.8s) in the first case VHT -PHF when compared to
other cases. The pedestrian waiting time is much lower when com-
pared to the waiting time of conservative vehicles. However, it is sim-
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ilar to the waiting time for negotiating vehicles. This shows that ne-
gotiation balances the right of way among vehicles and pedestrians.

Pedestrian moderate frequency: For moderate pedestrian frequencies
(cases VHT -PMF and VNT -PMF), this difference in waiting time for
both models is reduced when compared to the above cases, as the
number of vehicle-pedestrian interactions decreases. Negotiation per-
forms better in this case as well.

Pedestrian low frequency: In this case the chances of a vehicle en-
countering a pedestrian is low and thus the waiting time for the CM
is less as compared to other cases. With a lower pedestrian frequency
in heavy traffic conditions (VHT -PLF), the NM performs better. How-
ever, in normal traffic conditions (VNT -PLF) both models converge.

5.4.1.2 Frequency distribution

The overall traffic flow (of vehicles) can be understood by the fre-
quency distribution of waiting times for different vehicles. The quan-
titative distribution of waiting time for vehicles in both models (ne-
gotiation and conservative) is shown in Fig. 11. It is clear from the
distribution in Fig. 11a and Fig. 11b that in heavy traffic conditions
(VHT -PHF and VNT -PHF) about 80% of the negotiating vehicles have
waited for less than 20s at intersections while 80% of conservative
vehicles have considerably longer waiting time exceeding 600s.

In other cases when pedestrian frequency is decreased (VHT -PMF

and VNT -PMF), around 90% of negotiating vehicles have waiting time
of less than 10s as compared to 100s waiting time for 90% of the
conservative vehicles (Fig. 11c and Fig. 11d). This analysis supports
the hypothesis that negotiation improves the waiting time of vehicles
at intersections.

For lower pedestrian frequency with heavy traffic (VHT -PLF and
VNT -PLF), most of the negotiating vehicles experience much less de-
lay as compared to conservative vehicles (Fig. 11e), while in normal
traffic with low pedestrian frequency both negotiating and conserva-
tive vehicles experience less waiting time (Fig. 11f).

5.4.1.3 Traffic movement pattern in negotiation model

The traffic movement can be understood in terms of the waiting time
pattern of vehicles and pedestrians. The waiting time series for vehi-
cles and pedestrians in the negotiation model for a time window of
∼200 seconds (out of total 24000s) is shown in Fig. 12.

In the NM, the waiting time for vehicles is high when the waiting
time for pedestrians is zero (and vice-versa). This alternating move-
ment pattern of both parties shows the balance of right of way among
them (Fig. 12). For the case of highest traffic density (VHT -PHF), the
height and width of the peaks are maximum as compared to other
cases but the decreasing peaks indicate the release of traffic at the
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crossing point from time to time (Fig. 12a). When the vehicle flow is
normal with high pedestrian frequency (VNT -PHF), there is a larger
number of peaks with less height and width, which shows the more
frequent release of traffic (Fig. 12b).

For moderate pedestrian frequency (VHT -PMF and VNT -PMF), a
similarly balanced movement pattern is observed for both vehicles
and pedestrians but with a lower waiting time (Fig. 12c and Fig. 12d).
In case of lower pedestrian frequency (VHT -PLF and VNT -PLF), the
waiting time is significantly reduced for both vehicles and pedestri-
ans due to fewer interactions. The peaks in the graph show the traffic
movement during a pedestrian encounter with vehicle (Fig. 12e and
Fig. 12f). Thus, the above analysis supports the hypothesis that ne-
gotiation will improve the coordination among both parties, and the
overall traffic flow is smoother for negotiating vehicles as compared
to the conservative vehicles.

5.4.2 Waiting group density analysis

The flow of traffic can also be understood in terms of waiting group
density of parties near the intersection (accumulation analysis). The
queue size-time series (first 200s of simulation) for vehicles and pedes-
trians in the negotiation model relative to the waiting time series dis-
cussed in the previous section are shown in Fig. 13. It is clear from the
increasing and decreasing pattern of peaks in the graph that the ac-
cumulation of vehicles (caused by waiting for a pedestrian) decreases
in the next few seconds once the vehicle has negotiated for the right
of way. A similar pattern is observed for the pedestrian queue.

When pedestrian frequency is high and the vehicle flow is heavy
then the waiting group density is highest among all cases (case VHT -
PHF, Fig. 13a). The vehicle queue size is higher in heavy vehicle traffic
cases as compared to normal vehicle traffic cases (Fig. 13a, Fig. 13c,
Fig. 13e), while the pedestrian queue size is lower in cases of moder-
ate and low pedestrian frequency (Fig. 13c, Fig. 13d, Fig. 13e, Fig. 13f).

The quantitative waiting queue size distribution in NM and CM
in terms of the time fraction for which there is a given number of
vehicles in the waiting queue is computed in Table. 8 (6 cases × 8

queue sizes × 2 models entries in the table).
Case VHT -PHF: In NM, about 80% of the time the waiting vehicle

queue size is between 8-12 while the queue size is much larger in
the CM. The distribution shows that 99.6% of the time in the CM
the queue size is between 24-28, which clearly indicates that after a
certain point of time the lane gets congested.

Case VNT -PHF: In NM, about 80% of the time the waiting queue
size is less than 4 and few times it reaches 8 (about 16%). While in the
CM, the waiting queue size does not improve from the previous case
(99.4% of the time queue size is between 24-28). This indicates that
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Table 8: Vehicle queue size distribution for negotiation model (NM) and con-
servative model (CM)

Queue size Model VHT -PHF VNT -PHF VHT -PMF VNT -PMF VHT -PLF VNT -PLF

0
NM 0.1% 0.1% 0.2% 0.7% 16.6% 75.7%

CM 0.1% 0.1% 0.1% 0.3% 0.6% 70.4%

4
NM 7.5% 83.5% 34% 94% 45% 24.3%

CM 0% 0.1% 0.1% 0.1% 0.9% 19.3%

8
NM 35.1% 16.2% 64.5% 5.3% 38.2% 0%

CM 0% 0.1% 0.1% 0.1% 2.6% 10.3%

12
NM 43.4% 0.2% 1.3% 0% 0.2% 0%

CM 0.1% 0.1% 0.1% 0.2% 27.6% 0%

16
NM 12.6% 0% 0% 0% 0% 0%

CM 0.1% 0.1% 0.5% 1% 57.6% 0%

20
NM 1.1% 0% 0% 0% 0% 0%

CM 0% 0.1% 80.1% 78.8% 10.6% 0%

24
NM 0% 0% 0% 0% 0% 0%

CM 49.3% 49.4% 19% 19.6% 0% 0%

28
NM 0% 0% 0% 0% 0% 0%

CM 50.3% 50% 0% 0% 0% 0%

in both these cases the vehicle waiting queue reaches the maximum
capacity of the lane and results in congestion.

Case VHT -PMF: In NM, about 98% of the time the waiting queue
size is between 4-8 (reduced as compared to the first case), and in this
case, for CM the queue size is 20 for 80% of the times.

Case VNT -PMF: The distribution for the CM, in this case, is similar
to the previous case, but the NM shows improved performance as the
queue size is less than 4 for 94% of the time.

Case VHT -PLF: In case of the NM, about 17% of the time the queue
size is zero and 45% of the time, it is less than 4. The waiting queue
size is reduced in this case for the CM as well, as 90% of the time
the queue size is between 12-16 and the maximum queue length is
around 20.

Case VNT -PLF: In this case, the waiting queue size is reduced signif-
icantly and both models converge. About 75% of the times the queue
size is zero in NM as compared to 70% of the times for CM, and for
the rest of the time, the queue size is less than 4. Thus, in this case,
there is no significant difference between the models.

For higher pedestrian frequency cases, about 80% of the time the
waiting vehicle queue size is between 8-12 in NM, while the queue
size is much larger in the CM. The distribution shows that 99.6% of
the time in the CM the queue size is between 24-28, which clearly
indicates that after a certain point of time the lane gets congested.
While for moderate pedestrian frequency, the NM performs even bet-
ter with a waiting queue size of around 4 for more than 90% of the
time and CM still does not show much improvement in congestion
(waiting queue size around 20 for 80% of the time).
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However for normal traffic and low pedestrian frequency (Case
VNT -PLF), the waiting queue size is reduced significantly and both
models converge. About 75% of the time the queue size is zero in
NM as compared to 70% of the time for CM, and for the rest of the
time, the queue size is less than 4. Thus, in this case, there is no sig-
nificant difference between the models. By reducing the amount of
congestion on roads, the overall traffic flow is reduced in the negotia-
tion model when compared to the conservative model. These results
of accumulation analysis support the hypothesis.

5.4.3 Throughput analysis

The number of vehicles per hour crossing the intersection in differ-
ent experiment cases for the negotiation (NM) and conservative (CM)
model is listed in Table. 9.

Table 9: Intersection throughput analysis for negotiation model (NM) and
conservative model (CM)

VHT -PHF VNT -PHF VHT -PMF VNT -PMF VHT -PLF VNT -PLF

NM 1187 800 1195 800 1195 800

CM 140 140 667 664 1139 800

In the NM for heavy traffic scenarios, almost all the vehicles
that were introduced in the simulation passed (throughput ≈ 1200

veh/hour). For high pedestrian frequency, the throughput in the con-
servative model is only 140 veh/hour (about 12% of the through-
put in negotiation model) which increased up to 667 veh/hour

(about 50% of the throughput in negotiation model) with moderate
pedestrian frequency. While in case of low pedestrian frequency, the
throughput for both models is the same and almost equal to the regu-
lar vehicle flow. It is clear then, that more vehicles are passing through
the intersection in the NM, which supports the hypothesis.

Normal traffic scenarios (VNT=800 veh/hour): In CM, the through-
put is the same as in the previous case for high and moderate pedes-
trian frequency, which indicates that the lane becomes congested af-
ter some time, while the NM improves the throughput to the regular
flow level. In case of low pedestrian frequency, the throughput for
both models is the same and almost equal to the regular vehicle flow.

5.5 conclusions

This chapter presented a negotiation model between groups of pedes-
trians and self-driving vehicles and is implemented using SUMO and
MATLAB. The informal social rules of negotiations in a complex sce-
nario are conceptualized and then formulated as negotiation strate-
gies. The negotiation framework takes into account the effect of social
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rules on pedestrians’ behaviors, and further demonstrate their ability
to give vehicles a fair chance to pass fist in certain situations. This
research answers the related research questions in this chapter.

Dynamic behavior of groups of pedestrians who interact with a
random flow of vehicles is simulated and tested for different traffic
conditions by varying the frequency of agents in the simulation. The
experiments present more complex interaction situations compared
to previous chapter. This simulation study shows the potential of ne-
gotiations with social rules to reduce the estimated congestion prob-
lems due to conservative self-driving vehicles in presence of multiple
vehicles and pedestrians.

Compared to previous model (Chapter 4), the average waiting
times of both parties increased in peak hours due to more frequent
encounters among them. However, the simulation results support the
hypothesis of this research that negotiations will improve the wait-
ing time of vehicles and the overall throughput at intersections, thus,
maintaining a smoother flow of traffic. The waiting time and accumu-
lation analysis results also reveal the movement patterns of vehicles
and pedestrians, showing a balanced right of way among them. Re-
sults also reveal the adverse impact of the conservative design of self-
driving vehicles on the traffic flow, producing longer waiting queues
during peak traffic hours.

The social rules concept presented in this chapter is limited to inter-
action among groups. The proposed model is based on the assump-
tion that every pedestrian and vehicle follows the actions of their
leaders which may not always be the case in real life scenarios. The
focus of the next work is to eliminate this assumption and expand
the model considering individual decision-making of pedestrians.
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P E D E S T R I A N ’ S R I S K - B A S E D N E G O T I AT I O N S

This chapter is based on the article “Pedestrian’s risk-based negotia-
tion model for self-driving vehicles to get the right of way" published
in the journal Accident Analysis and Prevention by Gupta, Vasardani,
Lohani, and Winter (2019a). As such, most of the content in this chap-
ter is compiled from this publication. My contribution as a first author
in this work includes proposing the research problem and hypothe-
sis; developing the model; designing experiments and performing the
analysis; evaluating the hypothesis; and also providing related discus-
sions and conclusions. The entire work was supervised by my super-
visor Prof Stephan Winter, and co-supervisor Dr Maria Vasardani, and
external supervisor Prof Bharat Lohani, who actively provided their
suggestions and feedback at each stage of this research.

6.1 introduction

This research further extends the previous model to overcome the
assumptions of group behavior. The model allows for multiple vehi-
cles and multiple pedestrians, individual decision making, and dif-
ferent personalities, following some social rules. The possible nego-
tiation opportunities for vehicles are modeled considering different
risk-taking behaviors of pedestrians. This work particularly focuses
on introducing a pedestrian’s risk-based model for negotiation between
multiple vehicles and multiple pedestrians. The following research
question from Section 1.3 is addressed in this chapter – Does pedes-
trian’s risk-averse attitude along with the influence of social rules
increase the chances of successful negotiations for self-driving vehi-
cles?

The model is tested against the same overarching hypothesis – the
vehicle’s chances for the right of way increase with negotiation, which
will consequently reduce their average waiting time and improve the
overall throughput at intersections when compared to the vehicle’s
conservative behavior. Also, the simulation environment is the same
(SUMO and MATLAB), but with different experiment settings. In
the experiments, the waiting times of vehicles and the intersection
throughput are analyzed for different distributions of risk-averse and
risk-taking pedestrians in the pedestrian flow. These parameters are
then compared to the conservative behavior model in which vehicles
are slowing down when sensing pedestrians intending to cross the
road.

97
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The implemented negotiation model demonstrates how negotia-
tions with risk-averse pedestrians improve the flow of vehicles. Com-
pared to the conservative model, the waiting time of the vehicles is
significantly improved in the negotiation model when the chances of
encountering a risk-averse pedestrian are high. The results show that
the overall average waiting time and intersection throughput is im-
proved with negotiations even in the case of fewer risk-averse pedes-
trians in the pedestrian flow. Thus, the contributions in this chapter
are:

• an improved negotiation model between multiple self-driving
vehicles and multiple pedestrians allowing individual decision-
making;

• the consideration of different risk-taking attitudes of pedestri-
ans in order to improve vehicle throughput without compro-
mising safety.

6.2 risk-based vehicle-pedestrian negotiation model

Similar to the previous models, the negotiation is conceptualized as a
process in which both parties—vehicles, and pedestrians—take steps
to agree on an outcome, i.e., on who has the right of way to pass
the conflict point first. Also, every party seeks to make that outcome
favorable to them, i.e., minimize the waiting time considering the risk
involved.

The interaction environment is any unmarked location along the
road network where at least one passenger shows intend to cross.
This intention can happen at unmarked intersections, or the pedes-
trian can consider jaywalking. In the implementation of the proposed
model, an unmarked intersection is assumed, where pedestrians ap-
proach the road of the vehicle from the intersecting road (Fig 14).
Pedestrian and vehicle trajectories can be extrapolated from their cur-
rent location, speed, and heading. These extrapolated trajectories will
be on collision or near collision with the vehicle considering its op-
tions. For these selected pedestrians a negotiation must entail. In
this work, this factor is called as risk (of collision). It can be imple-
mented for example by a simple linear model which is discussed in
Section 6.2.1.

Negotiation also depends on the risk-taking attitude of pedestri-
ans towards vehicles. Pedestrians may or may not accept the street-
crossing risk when the vehicle is approaching from a conflicting direc-
tion. The perception of a safe gap from the vehicle is individually dif-
ferent (Cohen, Dearnaley, and Hansel, 1955); few people tend to take
higher risks than others. Pedestrian behavior, in literature, is studied
as two types: a risk-taking pedestrian who is willing to cross first when
confronted with a vehicle, and is less likely to yield; another type is a
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risk-averse pedestrian who is likely to yield to the vehicle as they are
not willing to accept the risk. This model considers these two types
of pedestrian behaviors during negotiation. However, this pedestrian
behavior is dynamic and is often influenced by other social factors1.
This change in behavior is also considered in the proposed model
which is further discussed in Section 6.2.2. After discussing the im-
plementation details of pedestrians’ risk and behaviors in this model,
this section then describes the possible negotiation cases based on the
risk to a pedestrian (Section 6.2.3). This is followed by a description of
the overall proposed conceptual model of negotiation (Section 6.2.4).

Figure 14: Interaction scenario with pedestrian’s risk computation

6.2.1 Pedestrian risk computation

The situation studied here is depicted in Fig 14. The conflict point,
represented by red dots in Fig 14, is where the pedestrian’s trajectory
intersects with the vehicle’s trajectory. At any instance, tv denotes the
current predicted time required by the vehicle to reach the conflict
point, and tpi denotes the current predicted time required by the ith

pedestrian to reach the same point. These times can be estimated with
their current locations, speeds, and headings.

Different pedestrians intending to cross the road are at different
degrees of risk of collision with the vehicle. This risk depends on the
overlap in their predicted time to reach the conflict point (tpi) with
that of the approaching vehicle (tv). Moreover, it also depends on the
total time taken by the pedestrians to walk from the starting edge of
the intersection until the end of the lane crossing (denoted by crossing
time c).

In this model, the risk to each pedestrian is mapped in the range
[0,1]. As represented in Fig 14, this risk linearly increases if the pedes-
trian is expected to reach a location between the starting edge of the
intersection and the conflict point, when the vehicle is expected to
pass the conflict point (tp > tv). Similarly, the pedestrian’s risk de-
creases if the pedestrian is expected to pass the conflict point but is
still before the end of the lane edge (tp < tv). The risk to a pedestrian

1 Studies in behavioral psychology have identified the factors influencing the social
behavior of pedestrians (Harrell, 1991; Ishaque and Noland, 2008)
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is maximum (= 1) if their time to reach the conflict point is the same
as that of the approaching vehicle (tp = tv), i.e., a collision is immi-
nent if none of the parties changes their behavior. The risk is zero if
the difference in their arrival times is greater than the crossing time c

of pedestrians. Thus, the pedestrians are at no risk when either they
are expected to finish crossing before the vehicle reaches the conflict
point, or if the vehicle will pass before they arrive near the curbside.
Hence the risk2 to a pedestrian is formulated as in Eq 1

risk =


1−

tv−tp
c/2 , tp < tv

1−
tp−tv
c/2 , tp > tv

0, |tv − tp| > c/2

(1)

Note that the vehicle and pedestrian are considered as point objects
for risk computations, and the width of the vehicle is not taken into
account. In the latter case, the risk mapping can be done by consid-
ering a conflict zone instead of a conflict point which doesn’t change
the concepts presented here. Also, this work assumes that pedestri-
ans are walking at a constant speed. Negotiation is a continuous
process until an agreement is reached which is explained in detail
6.2.4 This means that the risk to a pedestrian is re-assessed at every
timestep which captures any changes in the pedestrian’s behavior at
the next instance, including any change in their walking speed or in
their action to stop at the curb for safety reasons. So assuming a con-
stant walking speed for pedestrians until they stop doesn’t affect the
model.

6.2.2 Pedestrian behavior

In reality, people (even risk-averse), have limited patience. Literature
has shown that with growing waiting time they become impatient
(Li, 2013, 2014). Empirical studies on pedestrians’ waiting times have
found that their impatience and risk-taking behavior increase after
20s of delay (Kaiser, 1994). Similarly, even risk-taking pedestrians
do not want to compromise their safety and consider physical con-
straints before taking a decision to cross (Li, 2014). Pedestrians may
also be affected by the behavior of others at crossings; they are more
likely to cross if pedestrians next to them have started crossing (Faria,
Krause, and Krause, 2010).

In this research, every pedestrian is categorized based on their risk-
taking behavior as either risk-taker (RT ) or a risk-averse (RA). A risk-
taking pedestrian is not willing to yield to the approaching vehicle
unless the vehicle has notified an alert that it cannot stop in time

2 The metric quantifies the risk of conflict based on the current position and speed of
vehicle and pedestrian, rather than presenting an actual probability of impact.
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(called as alert status of the vehicle). In the latter case, every pedes-
trian waits for the vehicle to pass. A risk-averse pedestrian, in general,
waits and yields to the vehicle when the risk to them is high. How-
ever, risk-averse pedestrians do not wait longer than their maximum
waiting time limit (around 20s) and trigger a stepping out action af-
ter this time. This model also assumes that if there is any risk-taker
next to them who sets off first, then a risk-averse pedestrian will start
following them. In such situations, if physical constraints do not al-
low the vehicle to stop before time, then it notifies the pedestrians
through an alert. Else, the vehicle slows down.

6.2.3 Possible negotiation opportunities for vehicle

The possible actions by the vehicle for different degrees of perceived
risk to the pedestrians are shown in Table 10. If the risk to the pedes-
trian is zero, then there is no negotiation required and both parties
can move with their current or maximum speed. As the approaching
vehicle and pedestrians come closer to the conflict point with time,
the risk to the pedestrians starts increasing (risk > 0). Initially, when
the risk is low (< 0.5), the vehicle keeps moving at the current speed
while monitoring the movement of pedestrians. However, when the
overlap in the time of arrivals of both parties increases, the risks to
pedestrians also increases (risk > 0.5).

Table 10: Possible cases of risk to the pedestrians and corresponding action
by the vehicle in that situation

Pedestrian’s risk Action by the vehicle

risk = 0
no negotiation required, vehicle keeps accelerating

until it attains the maximum speed

0 < risk < 0.5
vehicle keeps moving with the current speed and

monitors the pedestrian’s action

risk > 0.5

vehicle starts negotiating as follows:

(a) if (alert by vehicle) then vehicle moves

(b) if (pedestrian is RA) then vehicle moves

(c) if (pedestrian is RT ) then vehicle slows down

The traffic situation at any time will be a mix of pedestrians who
are at different degrees of risk – some may be at high risk and few
may be at no risk. The vehicle, however, can only broadcast a com-
mon signal to the approaching pedestrians, so it waits until there are
only high-risk pedestrians near the curb side to negotiate with. In the
implementation of this process, if some pedestrians moving ahead
in the crowd are at no risk, then the vehicle waits to broadcast its
negotiation request till they finish crossing. Once the zero-risk pedes-
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trians have finished crossing, the vehicle broadcasts its negotiation
request to those at risk. At this stage, if the vehicle cannot stop then
it broadcasts the message to pass first and notifies an alert status to
the pedestrians. Else, negotiation by vehicle depends on the behavior
of the pedestrians at risk. The vehicle has an opportunity to pass first
if the pedestrian is risk-averse (RA) who hesitates to take the high
risk. However, if any pedestrian (at risk) is a risk-taker then they are
tempted to cross first despite being in a risky situation. In the latter
case, the negotiation request by vehicle is ignored or rejected by a
risk-taker and the vehicle yields to the pedestrians. In the next sec-
tion, the overall stepwise negotiation process is discussed which is
followed by a simulation example to explain the proposed model.

6.2.4 Conceptual negotiation model

The previous conceptual model for negotiation is extended to a risk-
based model and is presented in Fig 15. This model shows the nego-
tiation of a vehicle with the ith pedestrian at a time instance t. It is
assumed that the vehicle’s intentions are broadcasted as a common
signal to all the competing pedestrians in the scene. The vehicle esti-
mates the model parameters for every pedestrian in the scenario who
is competing for the right of way. The first step pf communication and
detection of parties remains same as the previous model. In the next
step, the vehicle first checks for any trajectory conflict with the pedes-
trian. If there is no conflict then there is no need for any negotiation,
else the following steps apply:

Figure 15: The proposed vehicle-pedestrian negotiation framework.

1. Estimate risk to pedestrian: In case of a potential trajectory conflict,
next the vehicle estimates the risk to the pedestrian using Eq. 1

as described in Section 6.2.1. If the risk is zero or less than 0.5
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(low risk), then the vehicle acts as described in Table 10. How-
ever, if the pedestrian is at a higher risk then the vehicle has to
know the intention of the pedestrian.

2. Predict intention and behavior of the pedestrian: The vehicle esti-
mates the pedestrian’s intention based on the perceived pedes-
trian parameters. The intention of a pedestrian, in this model,
is represented in terms of chances of them yielding (Y) and not
yielding (NY = 1− Y) to the vehicle. This intention value gives
an idea to the vehicle whether the pedestrian is risk-averse (RA
when Y >> NY) or a risk-taker (RT when NY >> Y). In case the
vehicle is unsure about this behavior, it falls back to the safety
principle and eventually slows down.

3. Is there an agreement? The vehicle is continuously looking for an
agreement with the pedestrian. An agreement in the negotiation
is reached when the intentions of the two parties match. For a
vehicle-favored negotiation, matching intentions means that the
pedestrian has indicated to stop for the vehicle when the ve-
hicle intended to pass first. Conversely, a negotiation in favor
of the pedestrian intending to cross first requires that the vehi-
cle indicates to slow down (intentions of both parties matched).
However, if both parties have conflicting intentions to get the
right of way first then the vehicle has to start negotiating.

4. Negotiation: At this stage, the vehicle has an opportunity to ne-
gotiate as the pedestrian is at risk. This, however, depends on
the behavior of the pedestrian. The behavior depends on the
pedestrian types and is influenced by social rules and physical
constraints; all this is already discussed in Section 6.2.2. Based
on the vehicle’s perceived behavior of a pedestrian (in Step 2), it
decides to move or slow down as discussed in Table 10.

5. Action mapping: After this step, both parties indicate their in-
tentions in the form of some signal3 and the negotiation cycle
continues until an agreement is reached. At the next instance,
there may be a change in the intentions of any party. For ex-
ample, a pedestrian may slow down and gesture to stop (ac-
knowledging the vehicle’s right of way request), in which case
an agreement is reached, and the vehicle passes first. If there is
no acknowledgment from either side, the negotiation cycle con-
tinues to seek an agreement till it is safe to do, else the vehicle
prepares to slow down.

3 As described in Chapter 4
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6.2.5 Example scenario

Two negotiation scenarios are presented below. The negotiation pro-
cess is discussed for each of them. In these examples, six pedestrians
are approaching the intersection ordered by their time of arrivals at
the intersection: P1, P2,..., P6. The vehicle is approaching the intersec-
tion from another direction. These examples show the risk to each
pedestrian at different timestamps as the vehicle approaches the con-
flict point, along with the estimated time taken by them to reach that
point (tp and tv).

case 1 : encountering risk-averse pedestrians Suppose
these pedestrians are risk-averse. Initially, no negotiation is happen-
ing as risk is zero for pedestrians in front of the queue (P1 and P2)
and they have not yet finished crossing (Fig 16). Meanwhile, the ve-
hicle keeps accelerating if its speed is not maximum. For pedestrian
P3, the risk is high, but all parties keep moving as the vehicle is not
negotiating yet.

Figure 16: Interaction example with risk-averse pedestrians at time t = 8s

Figure 17: Interaction example with risk-averse pedestrians at time t = 12s

When P1 and P2 have finished crossing (Fig 17, the vehicle starts
negotiation as P3 is at a high risk (risk > 0.5). The negotiation mes-
sage is broadcasted by the vehicle to the pedestrians (who have not
yet started crossing).

These pedestrians (including P3) are risk-averse, so P3 signals to
yield to the vehicle and stops, and the other pedestrians being risk
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Figure 18: Interaction example with risk-averse pedestrians at time t = 15s

Figure 19: Interaction example with risk-averse pedestrians at time t = 17s

averse also stop (Fig 18). The vehicle broadcasts the message that it is
speeding up to pass first (agreement), and the vehicle passes through
the intersection in the next few seconds (Fig 19).

case 2 : encountering risk-taking pedestrians In the
same example after Step 2 in Fig 18, if P3 is a risk-taker then the
situation is different. P3 takes a risk and keeps moving towards the
intersection with the intention to cross first. This movement signal
from the pedestrian forces the vehicle to slow down or even to stop
(Fig 20.

Figure 20: Interaction example with risk-taking pedestrians at time t = 15s

The slowing down of the vehicle reduces the risk to other approach-
ing pedestrians P4 and P5 who were also at high risk before (they
were walking closely behind P3). Whether these pedestrians are risk-
takers or risk-averse, the slowing down signal from the vehicle en-
courages them (P4 and P5) to cross with P3. Now P6 is far behind
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Figure 21: Interaction example with risk-taking pedestrians at time t = 25s

P5 due to the temporal gap, so the vehicle still has an opportunity to
negotiate with P6. In this example, since P6 is also a risk-taker who
is not willing to wait so the vehicle continues to wait until P6 finishes
crossing.

In the above examples for the same interaction scenarios but differ-
ent types of pedestrian behavior, the exit timestamps of the vehicle
differ by about 8s. This is a simple example. The experiment design
to test the research hypothesis, in the next section, aims to assess the
overall traffic flow when a number of vehicles are interacting with a
mix of RA and RT pedestrians.

6.3 experiment design

Similar to the previous chapters, the proposed negotiation model is
simulated using SUMO and MATLAB. Again, the simulation runtime
is around seven hours (24000 steps of 1s each) for each of the experi-
ment cases. Few assumptions in the design are:

1. The environment considered is an unregulated road intersec-
tion and the vehicles are moving along a straight line on the
road; there is no lane changing or passing around the pedes-
trian.

2. Vehicles enter and exit the simulation in the same order; there
is no overtaking.

3. The current model considers only the vehicle’s interaction with
the pedestrians approaching from a conflicting direction whose
goal is to cross the intersection; other road users are not consid-
ered.

This section further explains the interaction environment, model
implementation, pedestrian behavior modeling, different experiment
cases, and observables in the simulation.
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6.3.1 Interaction environment

An unmarked intersection is set up in SUMO as shown in Fig 22. The
length of the lane on which vehicle moves, from the start of the lane
to the intersection, is 200m in this experiment. The pedestrian lane is
meeting at the intersection which is orthogonal to the vehicle lane.

Figure 22: The interaction environment setup in SUMO. This is a zoomed
view of the scene. The lane actually starts from a distance of 200m
from the right.

The vehicle and pedestrian behavior is modeled as a free flow. For
this experiment, a flow of vehicles at the rate of 1200 vehicles/hour
is generated in SUMO. This flow is by default the maximum flow
allowed in SUMO; flow is binomially distributed, approximating a
Poisson distribution.

6.3.2 Negotiation model

The vehicle starts accelerating from a zero speed at the start of the
lane and achieves a maximum speed at a distance of about 100m

from the intersection. The parameters recorded at each simulation
step are speed and position of the vehicle and pedestrian, along with
their respective distances from both lane center and curbside. The risk
to each pedestrian in the scene is also computed at each simulation
step. Also, the behavior type of the pedestrian is recorded which is
discussed in Section 6.3.4. The interaction starts, and the negotiation
workflow applies when the pedestrian’s risk becomes greater than
zero.

6.3.3 Base model for comparison

Similar to the previous chapters, the performance of the proposed
model is compared to the conservative behavior model. In the im-
plementation of this model, the vehicle prepares to stop whenever a
pedestrian is detected within 2m from the curbside. The pedestrians
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keep on moving with the average walking speed, and the vehicle(s)
waits until the pedestrians have finished crossing.

6.3.4 Pedestrian behavior modeling

The pedestrian flow is generated by introducing pedestrians in the
simulation environment at different timestamps. Every pedestrian
starts walking from a random distance from the conflict point with an
assumed average speed of 1m/s. Also, the waiting time limit for each
pedestrian is randomly chosen from a normal distribution with mean
waiting time of 20s and standard deviation 3.33s (reasons already dis-
cussed in Section 6.2.2). The following two types of pedestrian flow
are generated for different experiments:

(a) Pedestrian high-frequency (PHF): The pedestrian flow, in this case,
is generated by varying the pedestrian rate of appearance in the
simulation between 1s and 10s. With this frequency, the negoti-
ation model is tested by vehicles’ interaction with a total of 4382
pedestrians at the end of the simulation.

(b) Pedestrian low-frequency (PLF): In another experiment, the pedes-
trian appearance in the simulation is randomly assigned be-
tween 1s and 20s, generating a total of 2273 pedestrians.

Rather, the vehicle’s understanding of the pedestrian behavior (RA
or RT ) is modeled by associating a binary value with each pedestrian
(RA = 1,RT = 0). In a real-world implementation of this model, the
human behavior prediction algorithms will predict the behavior of
pedestrians, which is out of the scope of this work. The experiment
cases with different distributions of RA and RT in a pedestrian flow
are discussed in the next section.

6.3.5 Experiment cases

The cases for different distributions of risk-averse (RA) and risk-
taking (RT ) pedestrians are as follows:

1. With 80% risk-averse pedestrians (RA80): In simulations, the
pedestrian flow is generated by assigning the risk-averse (RA)
behavior to a pedestrian with a probability of 0.8, and a risk-
taking (RT ) behavior with a probability of 0.2. Thus, there are
80% chances that a vehicle will encounter a risk-averse pedes-
trian, while only 20% chances of encountering a risk-taker.

2. With 50% risk-averse pedestrians (RA50): Here the probability of
assigning a risk-averse (RA) or risk-taking (RT ) behavior to a
pedestrian is 0.5 each in the simulation.
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3. With 20% risk-averse pedestrians (RA20): In this case the probabil-
ity of assigning the risk-averse (RA) behavior to a pedestrian is
reduced to 0.2 while the probability of assigning a risk-taking
(RT ) behavior is increased to 0.8.

Each of the above cases with different frequencies of pedestrian
flow forms six different experiment cases, represented as following-
PHF-RA80, PHF-RA50, PHF-RA20, PLF-RA80, PLF-RA50, and PLF-
RA20. The performance of the proposed model is tested for these six
experiment cases against the conservative model.

6.3.6 Observables

The timestamps at which a vehicle enters the simulation environment
(entry) and crosses the end of the intersection (exit) are recorded for
each vehicle. Similarly, the entry and exit timestamps of each pedes-
trian are also recorded. The difference between the entry and exit
timestamps provide the travel or walking time for each vehicle and
pedestrian respectively. The following parameters are observed for
each experiment case at the end of the simulation:

1. Waiting time of each vehicle: For each vehicle, the waiting time
in both models is computed as the difference between the ob-
served travel time of the vehicle, and its travel time without
encountering any pedestrians.

2. Waiting time of each pedestrian: Similarly for each pedestrian in
the negotiation model, the waiting time is computed as the dif-
ference between the observed walking time of the pedestrian,
and their travel time when there are no interruptions. There is
no waiting for pedestrians in the conservative model.

3. Intersection throughput: The intersection throughput is defined
as the number of vehicles passing the conflict point per hour.
The overall throughput is computed by dividing the total num-
ber of passed vehicles at the end of the simulation, by the total
simulation run time.

6.4 results and discussions

Two types of analysis were performed: waiting time analysis of vehicles
and pedestrians and overall intersection throughput analysis. The dif-
ferent experiment cases in the negotiation model (NM) are compared
to the results of conservative model (CM).
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6.4.1 Waiting time analysis of vehicles

The average waiting time of vehicles is computed at the end of each
simulation run in each case. Next, the histogram representations are
used to assess the central tendency and variability of the waiting time
distributions. Lastly, a cumulative distribution graph of waiting times
is discussed and compared among different experiment cases.

waiting time statistics The waiting time statistics are
recorded below in Table 11. The results show that the average wait-
ing time of vehicles in NM is significantly lower compared to the
CM. For high pedestrian frequency with 20% risk-averse pedestrians
(case PHF-RA20), the average waiting time of vehicles is 44.3s, com-
pared to an average waiting time of 95.3s for conservative vehicles.
In this case, 50% of the total negotiating vehicles are delayed by less
than 20s, while most of the conservative vehicles experienced a delay
of 99s. Moreover, the negotiations have further reduced the average
waiting times to 4.2s and 0.9s in the presence of more risk-averse
pedestrians (cases PHF-RA50 and PHF-RA80, respectively). Even for
a low pedestrian frequency, the NM performs better with an average
waiting time of less than 4s compared to 28.7s in CM.

Table 11: The vehicles’ waiting times statistics (in sec) for different experi-
ment cases.

PHF-RA20 PHF-RA50 PHF-RA80 CM-PHF PLF-RA20 PLF-RA50 PLF-RA80 CM-PLF

Mean/SD 44.32/57.40 4.23/7.85 0.95/1.52 95.32/14.34 3.83/10.23 1.32/2.54 0.71/1.09 28.79/9.98

Median 20 1 1 95 1 1 0 29

Mode 0 0 0 99 0 0 0 31

Furthermore, the distributions in CM (in both high and low pedes-
trian frequency experiments), are close to a normal distribution cen-
tered around the mean waiting time as discussed above in the respec-
tive cases (Fig 23d and 23h). However in NM, the histogram plots
of the waiting times of vehicles reveal a right-skewed distribution for
all experiment cases (Fig 23a-23c and Fig 23e-23g). The right tails of
these distributions suggest that a few vehicles are long delayed com-
pared to others. The number of such vehicles with large waiting times
is more in case of high pedestrian frequency compared to cases with
lower pedestrian frequency.

cumulative distribution function (cdf) graph The wait-
ing time pattern in the corresponding cumulative distribution graphs
(Fig 24) is more interpretable. It can be observed that few negotiating
vehicles (case PHF-RA20) waited longer than the conservative vehi-
cles (>200s). This is a result of the accumulation of waiting pedes-
trians for a long time before they exceeded their waiting limits and
started crossing. Another reason is the waiting pedestrians’ tendency
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(a) PHF-RA20 (b) PHF-RA50

(c) PHF-RA80 (d) CM-PHF

(e) PLF-RA20 (f) PLF-RA50

(g) PLF-RA80 (h) CM-PLF

Figure 23: Density graph for the waiting time data of vehicles recorded in
different experiment cases in the negotiation model (a-c, e-g), and
in the conservative model (d,h).
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to follow a risk-taker, so frequent encounters with a risk-taker are also
causing few vehicles to wait longer. In such situations, the temporal
gap between arrival times of pedestrians decreases and the chances
of risk-taking behavior among pedestrians increases. In these cases,
the vehicles have to wait longer for a negotiation opportunity.

(a) High pedestrian frequency
(PHF)

(b) Low pedestrian frequency
(LHF)

Figure 24: Cumulative distribution function (CDF) graph for waiting times
of vehicles in different experiment cases.

frequency distribution The above results suggest that behav-
ior of pedestrians and their frequency of appearance had a signif-
icant impact on the vehicles’ waiting times. This is also supported
by the quantitative analysis of waiting time distributions presented
in Table 12 and Table 13. The results suggest that if the chances of
encountering a risk-averse or risk-taker pedestrian are equal (case
PHF-RA50), then negotiations can reduce the waiting times up to 20s

for 95% of the traffic. On the other hand, when the vehicle encoun-
tered risk-taking pedestrians frequently (which is case PHF-RA20
here) then around 30% of the total vehicles waited for more than
100s. However, the reduced waiting times for other 70% vehicles is a
result of vehicles’ negotiation achieved with fewer (in this case 20%)
risk-averse pedestrians.

Table 12: Waiting time frequency distribution of vehicles for different exper-
iment cases when pedestrian frequency is high.

0s < 10s < 20s < 50s < 100s < 200s < 300s

PHF-RA20 10.11% 31.39% 8.89% 17.94% 17.04% 11.99% 2.64%

PHF-RA50 31.05% 57.68% 6.37% 4.54% 0.35% 0% 0%

PHF-RA80 48.64% 51.10% 0.25% 0% 0% 0% 0%

CM 0% 0.11% 0.09% 0.30% 65.11% 34.39% 0%

This table shows that even fewer successful negotiation opportu-
nities for the vehicles would allow the frequent release of vehicles
through the intersection, thus reducing the possible congestion on
roads. In contrast, the conservative vehicles have to wait until a safe
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Table 13: Waiting time distribution of vehicles for different experiment cases
when pedestrian frequency is low.

0s < 10s < 20s < 50s < 100s < 200s < 300s

PLF-RA20 32.66% 60.65% 2.62% 2.55% 1.40% 0.11% 0%

PLF-RA50 44.46% 54.27% 0.83% 0.44% 0% 0% 0%

PLF-RA80 53.65% 46.27% 0.09% 0% 0% 0% 0%

CM 0.28% 3.02% 17.04% 78.14% 1.53% 0% 0%

gap from the pedestrians is identified which leads to traffic conges-
tion when the frequency of pedestrians is high. Also, the overall traf-
fic movement is improved through negotiations with reduced waiting
time for vehicles, compared to the conservative model.

6.4.2 Waiting time analysis of pedestrians

The reduced waiting time for vehicles in NM is at the cost of some
waiting time for pedestrians which is discussed in this section. Sim-
ilar to the previous analysis of vehicle waiting times, the following
section discusses the average waiting times of pedestrians, and also a
comparison of their distributions in different cases.

waiting time statistics The waiting time statistics for pedes-
trians are recorded in Table 14. In case of simulation with 80% risk-
averse pedestrians, their average waiting time is 13.2s. It shows that
a risk-averse pedestrian is most likely to wait for not more than 14s.
This number is even less than the pedestrians’ intended average wait-
ing times observed in various empirical studies (Kaiser, 1994; Li, 2013)
on pedestrian behaviors. Moreover, their waiting time is significantly
less compared to the waiting time of vehicles. Thus, the pedestrians’
compromise on waiting times during negotiations can reduce the fu-
ture traffic congestion problems, also increasing their coordination
with self-driving vehicles on roads.

Table 14: The pedestrians’ waiting times statistics (in sec) for different exper-
iment cases.

PHF-RA20 PHF-RA50 PHF-RA80 PLF-RA20 PLF-RA50 PLF-RA80 CM

Mean/SD 5.86/10.84 8.23/8.43 11.93/8.31 6.01/7.49 9.13/8.46 13.28/9.26 0

Median 0 6 11 4 7 13 0

Mode 0 0 0 0 0 0 0

frequency distributions and cdf The pedestrians’ waiting
time distributions (Fig 25) further reveal the movement patterns of
vehicles and pedestrians. The peaks of the extremely right-skewed
distributions in Fig 25a and 25c show that most of the pedestrians
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(risk-takers) crossed the intersection without waiting. While in cases
of 50% likelihood of risk-taking behavior Fig 25b and 25d, the oc-
currences at longer waiting times show the successful negotiation by
vehicles which improved the traffic flow.

(a) PHF-RA20 (b) PHF-RA50

(c) PHF-RA80 (d) PLF-RA20

(e) PLF-RA50 (f) PLF-RA80

Figure 25: Density graph for the waiting time data of pedestrians recorded
in different experiment cases.

However, experiments with 80% risk-averse pedestrians reveal a
random distribution of waiting times with few higher peaks around
their waiting time limit of 20s (Fig 25c and 25f). The cumulative dis-
tribution graph for these waiting times is shown in Fig 26. The jump
in CDF around 20s waiting time (Fig 26b) suggests the case of ac-
cumulation of risk-averse pedestrians for a long time which makes
them impatient. This confirms the discussion on patterns observed in
vehicles’ waiting time distributions where few vehicles have to wait
much longer until the next negotiation opportunity. This shows that
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negotiations allow the frequent release of traffic from both sides - ve-
hicles and pedestrians, thus reducing the chances of congestion as
compared to CM.

(a) High pedestrian frequency
(PHF)

(b) Low pedestrian frequency
(LHF)

Figure 26: Cumulative distribution function (CDF) graph for waiting time
of pedestrians in different experiment cases.

6.4.3 Throughput analysis

The intersection throughputs for different experiment cases are pre-
sented in Table 15. In the NM, except for the case with fewer risk-
averse pedestrians (PHF-RA20), in other cases, almost all the vehicles
that were introduced in the simulation passed (throughput ≈ 1200

veh/hour). For high pedestrian frequency and more risk-takers in the
scene, the throughput in NM is reduced to 70%.

Table 15: Intersection throughput (vehicles/hour) for different experiment
cases.

PHF-RA20 PHF-RA50 PHF-RA80 CM-PHF PLF-RA20 PLF-RA50 PLF-RA80 CM-PLF

857 1189 1195 659 1180 1194 1195 1139

The NM performs better compared to the conservative model in
which only 659 vehicles were able to pass (about 50% of the through-
put in negotiation model). While in case of low pedestrian frequency
the throughput for both models is the same and almost equal to the
regular vehicle flow. It is clear then that more vehicles are passing
through the intersection in the NM, which supports the hypothesis.

6.5 conclusions

This work is build upon the previous models to allow vehicles to ne-
gotiate with multiple pedestrians considering also social rules in mak-
ing individual decisions, without compromising pedestrians’ safety.
It also includes different personalities in terms of risk-taking behav-
ior, which are included in the social rules. Compared to the group
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behavior in the previous model, this research demonstrates a more
realistic scenario: negotiation by vehicles with a mix population of
risk-averse and risk-taking pedestrians, every pedestrian taking own
negotiation decisions. The model is realized through simulations us-
ing SUMO and MATLAB.

In the above experiments, the waiting time distributions for both
vehicles and pedestrians give insights into the flow of traffic in both
cases (negotiating v/s conservative behavior). Even with fewer risk-
averse pedestrians, the traffic discharged frequently from both sides
during negotiations, compared to a congested vehicle lane in the con-
servative model. Thus, risk-averse attitude of pedestrians increases
the chances of vehicle to pass first which answers the research ques-
tion for this chapter. In general, the simulation results show that ne-
gotiations reduce the waiting time for vehicles at intersections at the
cost of some waiting time for pedestrians, resulting in a smooth flow
of traffic. This supports the hypothesis of this study. Also, the waiting
times for risk-averse pedestrians are not longer than their maximum
waiting time limits observed in existing empirical studies.

However, the model presented here is subjected to a few constraints.
The study so far was restricted to vehicles and pedestrians moving in
a fixed and single direction, also the road design factors around in-
tersections were not considered. Negotiations may be complex when
there is an influence of traffic from other directions. The former issues
are addressed in the next chapter.
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M U LT I - PA RT Y N E G O T I AT I O N S

This chapter is based on the conference paper “Scaling social rules
to multi-party traffic negotiations" accepted in the Proceedings of the
26th ITS World Congress by Gupta, Vasardani, Lohani, and Winter
(2019b). As such, most of the content in this chapter is compiled from
this publication. My contribution as a first author in this work in-
cludes proposing the research problem and hypothesis; collecting the
relevant information and performing analysis; evaluating the hypoth-
esis; and also providing related discussions and conclusions. The en-
tire work was supervised by my supervisor Prof Stephan Winter, and
co-supervisor Dr Maria Vasardani, and external supervisor Prof Bharat
Lohani, who actively provided their suggestions and feedback at each
stage of this research.

7.1 introduction

The negotiation concepts in the previous chapters were demonstrated
only as a two-party interaction between a vehicle (with potential fol-
lowing vehicles) and pedestrians at an unmarked intersection. This
chapter particularly aims to test the scalability of the negotiation
model to a multi-party, multi-direction traffic scenario, i.e., vehicles
approaching from multiple directions and of crossing paths, and
pedestrian in multiple groups. It demonstrates its applicability to re-
solving right-of-way conflicts among these multiple parties, such that
traffic throughput can be improved. The following research question
from Section 1.3 is investigated in this chapter – Will social rules also
improve the flow of multi-directional incoming traffic at intersections,
while reducing the risk of collisions?

The concern of the previous studies was to demonstrate ways of
improving the flow of traffic with negotiations between self-driving
vehicles and pedestrians. With this ability being proven, social rules
were introduced into the negotiation strategies involving individual
decision making, also considering different risk-taking attitudes of
pedestrians (Chapter 5 and Chapter 6). However, the interaction envi-
ronment was restricted to pedestrian and vehicle traffic approaching
each other from intersecting roads, disregarding traffic from other
directions including vehicles intending to take a left or a right turn.
The latter case introduces more right-of-way conflict problems. This
research aims to investigate the applicability of those social rules to
a more complex environment, i.e., also adding vehicles from other
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directions intending to take a left turn through the same intersection.
This becomes a multiparty negotiation problem and is presented here.

In the previous chapters, negotiation by social rules has shown sig-
nificantly lower waiting times for vehicles compared to their conser-
vative counterpart. The question addressed in this research is whether
these social rules may also improve the flow of multi-directional in-
coming traffic at intersections, while reducing the risk of collisions.
The hypothesis of this research is that compared to the vehicle’s con-
servative behavior, social rules of negotiations between connected ve-
hicles and pedestrians approaching the intersections from different
directions will improve the intersection throughput and their waiting
times.

The methodology to realize the above goals is threefold: (a) scaling
the environment complexity, (b) scaling the previous negotiation solution to
this environment, and (c) analyzing negotiation’s impact on waiting times
of vehicles. For this research again, the multi-party negotiation model
is implemented using the SUMO and MATLAB toolboxes. The ob-
servables in this experiment are the waiting times of vehicles and
the intersection throughput, analyzed for different frequencies of the
pedestrian and vehicle flow. These parameters are then compared to
the conservative behavior model in which vehicles are slowing down
when sensing pedestrians intending to cross the road. The results
show reduced waiting time for vehicles with negotiation, which also
proves that the proposed concepts of negotiation are applicable to a
multi-directional traffic scenario, given the vehicles are connected.

7.2 theory

The negotiation problem between self-driving vehicles and pedestri-
ans is defined as a process in which the two parties take steps to
agree on who has the right of way to cross the conflict zone first.
The previous work assumed the scenario of an unmarked intersec-
tion where pedestrians approach the road of the vehicle from an or-
thogonal direction. Traffic from other directions was not considered.
This research work examines a more complex interaction scenario
by adding traffic from other directions, making it now a multi-party
conflict problem. The term party refers to the traffic from any direc-
tion, involving either pedestrians or vehicles. Considering traffic from
different directions in a 4-way junction, the possible cases of non-
conflicting movement of vehicles are represented in Fig 27. In general,
the pedestrians can move in the direction(s) which does not conflict
with the trajectories of moving vehicles. For example, in Fig 27a the
pedestrians can move between points A and D. Similarly, in other
cases (Fig 27b, Fig 27d, Fig 27e) the pedestrians can move between
AB, DC, and BC respectively.
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(a) (b)

(c) (d)

(e) (f)

Figure 27: Multi-party traffic scenarios with non-conflicting movement of
vehicles (in a right-hand traffic system).

Pedestrians can also move in non-conflicting directions in Fig 27c
and Fig 27f. In the latter case, the vehicles can also take left turns
while there are no trajectory conflicts with other vehicles, which is not
shown in Fig 27f. While these parties move, the traffic from all other
directions would, by social conventions and by traffic regulations de-
manding such social conventions, wait until they get a chance to pass.
In all these cases, if any party wins the right of way then it also
gives a chance to other non-conflicting parties to move at the same
time. The major challenge in multi-party traffic negotiations is deal-
ing with three different movements of traffic, i.e., movement conflict
of straight going vehicles, vehicles crossing their direction, such as
oncoming vehicles turning, or crossing vehicles, and pedestrians. The
model proposed here is intended to be the simplest possible which
captures the problem dynamics common to above cases, but which
can also serve as a foundation for many more complex ones. Next,
the negotiation process in a multi-party traffic scenario is discussed.
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7.2.1 V2V negotiation

If there are no pedestrians trying to cross, then only the vehicles ne-
gotiate among themselves, which is the conventional case for con-
nected and cooperative vehicles. To resolve the conflict at an intersec-
tion, conventionally the first-come-first-serve (FCFS) rule is used for
collision-free movement of these vehicles (Tachet et al., 2016). Here,
FCFS acts as a social rule which gives the right of way to the vehicle
that approached the intersection’s starting edge first. If two vehicles
approach an intersection at the same time, for example, if in Fig 29

both a straight-going and an oncoming left-turning vehicle reach the
intersection at the same time, then the straight-going vehicle get the
right of way, which is also a generally accepted social rule.

7.2.2 Negotiation workflow

The negotiation concepts are adapted from the previous conceptual
model presented in Chapter 6 (Fig 15). The following negotiation pro-
cess is further explained considering the current traffic complexity
and how these negotiation concepts are applied to the multiparty
conflict scenarios. The overall workflow is presented in Fig 28.

Figure 28: Extending the previous negotiation model to multi-party negoti-
ations seeking agreement with other conflicting parties to cross
first. Here, (i, j = 1 . . . n;n > 1).

Negotiation between vehicles and pedestrians is required when
there is a possible conflict in their trajectories. Note that vehicles
follow ‘no overtaking’ policy in this work, so negotiation happens
usually with the vehicles leading the queues. Each party’s trajectory
can be extrapolated using their current position, speed, and heading
parameters (Møgelmose, Trivedi, and Moeslund, 2015). Any pedes-
trian having a risk of collision with a vehicle from any direction, in
principle, enters into a negotiation process with that vehicle.
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7.2.2.1 Social cues exchange

The model in Figure 15 shows the negotiation of any vehicle with the
ith pedestrian at a time instance t. Similar to the previous models, let
us assume that any changes in the environment, including a pedes-
trian’s movement, gestures, and gaze, can be detected by the vehicle’s
sensors using advanced machine learning technologies (Molchanov et
al., 2015; Rasouli, Kotseruba, and Tsotsos, 2017). However, the model
now applies to multiparty traffic scenario. The vehicle’s intention can
be broadcasted as a common signal to all the competing pedestri-
ans and other vehicles in the scene. This is assumed to be communi-
cated to pedestrians via electronic channels such as text messages or
light and sound indicators (Löcken et al., 2014), and among vehicles
through V2V communication. The vehicle estimates these model pa-
rameters for every pedestrian in the scenario who is competing for
the right of way. For connected vehicles, their motion parameters can
be exchanged via V2V communication.

Based on perceived motion parameters of pedestrians, vehicles
from all directions also estimate the risk of collision to the pedestri-
ans, generally mapped in the range [0, 1]. The traffic situation at any
time will be a mix of pedestrians who are at different degrees of risk.
The vehicles, however, can only broadcast a common signal to the ap-
proaching pedestrians and other vehicles, so they wait for any further
action until there are only high-risk pedestrians (risk > 0.5) near the
curbside to negotiate with. In case there is a conflict with the vehicles
from the other direction, they follow the FCFS principle. If the risk to
the pedestrian with respect to any vehicle is high, then that vehicle
tries to predict the intentions of the pedestrian. The possible cases are
listed in Table 16 which are extended from the prior model discussed
in Section 6.2.1. A more detailed method for risk-based negotiation
with pedestrians is already explained in Chapter 6.

7.2.2.2 Seeking agreement

The vehicle estimates the pedestrian’s intention to yield based on the
perceived pedestrian parameters such as gestures, gaze, and move-
ment. However, as said earlier the discussion about intention estima-
tion methods is not a part of this work. Having estimated the pedes-
trian’s intention, and using information from the connected vehicles
from other directions, the vehicle tries to seek an overall agreement
with the other conflicting parties (Fig 28). An agreement is reached
when either (i) the pedestrian has indicated not to yield and other
conflicting vehicles have indicated to slow down, or (ii) the pedestrian
has indicated to one of the vehicles to yield, and vehicles resolve their
right of way with FCFS agreement. This is presented in Fig 28. How-
ever, if both pedestrians and vehicles have conflicting intentions to
cross first, then vehicles must negotiate with the pedestrians.
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Table 16: Possible cases of risk to the pedestrians and corresponding action
by the vehicle in that situation

Pedestrian’s risk Action by the vehicle

risk = 0
no negotiation with pedestrian required,

vehicle coordinates with other vehicles

0 < risk < 0.5
vehicle coordinates with other vehicles

while monitoring pedestrian’s action

risk > 0.5

negotiation with pedestrian as follows:

(a) if (alert by vehicle) then vehicle

follows FCFS policy

(b) if (pedestrian is RA) then then vehicle

follows FCFS policy

(c) if (pedestrian is RT ) then vehicle

slows down

7.2.2.3 Social rules and negotiation

In case there is no agreement, the vehicle with respect to which the
pedestrians are at risk takes the opportunity to negotiate with them.
Negotiation success, however, also depends on the risk-taking behav-
ior of pedestrians (described in Chapter 6). They may be assertive
and not yield, or may be too averse to take a risk. As discussed ear-
lier, their behavior is also influenced by social rules and physical con-
straints. Social rules considered here are that pedestrians consider
the queue length of waiting vehicles (> 3) and physical constraints
before taking a decision to cross. Again, their impatience and risk-
taking behavior increase after 20 s of delay (Kaiser, 1994) and, thus,
their willingness to cross increases. Any such behavior is reflected
in their intentions. Based on their perceived behavior of pedestrians,
vehicles prepare to slow down or speed up in the next step.

After this step, all parties indicate their intentions in the form of
some signal and the negotiation cycle continues until an agreement is
reached. At the next instance, there may be a change in the intentions
of any party. For example, a pedestrian may acknowledge the vehi-
cle’s right of way request by stopping, in which case an agreement is
reached, and the vehicles from different directions cooperate among
themselves for the right of way using FCFS policy. If there is no ac-
knowledgment from either side, the negotiation cycle continues until
an agreement is reached, while keeping safety constraints. Else, the
vehicles prepare to slow down.
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7.3 implementation

To investigate this multi-party negotiation process, an implementa-
tion of the scenario presented in Fig 29 is presented. This multi-party
scenario includes pedestrians (P), and vehicles from two directions:
straight-going (SG), and oncoming but left-turning (LT ). The envi-
ronment considered is an unmarked intersection, where the different
parties are approaching and only one party can cross safely the in-
tersection at any given time. As before, it is also assumed that the
vehicles have a vehicle-to-vehicle (V2V) communication channel to
exchange information including each other’s motion parameters.

Figure 29: Multiparty interaction scenario

The proposed model is again simulated using SUMO and MAT-
LAB and simulation is run for 24000 s (around seven hours) with a
simulation timestep of 1 s each. An unmarked intersection is set up
in SUMO as shown in Fig 30, where the length of the lane on which
vehicle moves, from the start of the lane to the intersection, is 200m.

Figure 30: The multi-party interaction environment implemented in SUMO.

The pedestrian lane is meeting at the intersection, which is orthog-
onal to the vehicle lane. Again, the detection and perception of a
pedestrian’s communication, such as gaze and gestures, cannot be
modeled in SUMO so this process is not simulated. The vehicle and
pedestrian behavior is modeled as a free flow. The left-turning ve-
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hicles (LT ) are introduced at the rate of 500 vehicles/hr from the left,
while the straight going vehicles (SG) are introduced at the rate of 700

vehicles/hr from the right (Fig 30). The maximum intersection through-
put is 1200 vehicles/hr. This flow is by default binomially distributed,
approximating a Poisson distribution. The pedestrians are assumed
to walk with an average walking speed of 1 m/s. Also, the waiting
time limit for each pedestrian is randomly chosen from a normal dis-
tribution with mean waiting time of 20 s and standard deviation of
3.33 s. A binary value representing risk-taking or risk-averse behav-
ior is randomly assigned to the pedestrian each with a probability of
50%. Two different frequencies of pedestrians are tested:

1. High frequency (HF), where a total of 4382 pedestrians are gen-
erated with a rate of appearance in the simulation between 1 s
and 10 s.

2. Low frequency (LF), where a total of 2273 pedestrians are gener-
ated with a rate of appearance in the simulation between 1 s
and 20 s.

The parameters recorded at each simulation step are speed and
position of the vehicle and pedestrian, along with their respective dis-
tances from both lane center and curbside. The risk to each pedestrian
in the scene is also computed at each simulation step. The interaction
starts, and the negotiation workflow applies when the pedestrian’s
risk becomes greater than zero.

The performance of the proposed negotiation model (NM) is com-
pared to the conservative behavior model (CM) similar to the base
model in the previous chapters. In the implementation of this model,
the vehicle prepares to stop whenever a pedestrian is detected within
2 m from the curbside. The vehicle waits until all pedestrians have
finished crossing and there is no other pedestrian detected nearby.

7.4 results and discussion

The observables in the simulation are the waiting times of pedestri-
ans and vehicles at the intersection. Also, the total number of SG and
LT vehicles which crossed the intersection at the end of the simula-
tion are recorded to estimate the intersection throughput. The exper-
iments are run for both negotiation and conservative models (NM

and CM), for two different input frequencies of pedestrians (HF and
LF).

7.4.1 Average waiting time

The average waiting times of vehicles in different experiment cases
are reported in Table 17. The average waiting time for both ST and
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LT negotiating vehicles is about 200 s. The vehicle waiting time has
increased compared to the two-party negotiation scenario in the pre-
vious model (Chapter 6), which was around 44 s, due to the increase
in the number of competing parties in the negotiation. However, the
waiting times are significantly less compared to the conservative vehi-
cles. The conservative vehicles are delayed for more than 500 s when
the pedestrian frequency was low. For high pedestrian frequency, the
lane reached saturated congestion state and after 600 s of the simu-
lation run, only a few vehicles were able to pass through. This oc-
curred due to the short temporal gap between the arrival of pedes-
trians. Without any negotiation capabilities, the conservative vehicles
didn’t find a gap in the pedestrian flow and hence they come to a
standstill.

Table 17: Average waiting times of vehicles in different experiment cases

SG-HF LT-HF SG-LF LT-LF SG-CM LT-CM

Mean 213.06 s 211.99 s 186.65 s 186.01 s 507.81 s 504.61 s

SD 25.11 s 23.83 s 22.56 s 21.25 s 87.74 s 80.48 s

The waiting time distribution for vehicles and pedestrians is shown
in Fig 31 and 32 respectively. Clearly, the waiting times for most of
the conservative vehicles are significantly more compared to negoti-
ating vehicles. While most of the negotiating vehicles are delayed by
less than 250s, the conservative vehicles are delayed for more than
500s.

Figure 31: Waiting times distribution for vehicles in Negotiation model
(NM) and Conservative model (CM) for high pedestrian fre-
quency.
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Figure 32: Waiting times distribution for pedestrians (high pedestrian fre-
quency)

On the other hand, the average pedestrian waiting times are less
than 20s, but a few pedestrians have waiting times up to 30s. As
discussed in the previous chapter, the longer waiting pedestrians be-
long to the risk-averse category who follow social norms and allow
the waiting vehicles to pass first. Nevertheless, the pedestrian wait-
ing times fall within the acceptable average waiting time limits for
pedestrians (Li, 2014), and is less than 20 s (SD = 8.96s) in both
experiments. The pedestrians’ waiting time allows other negotiating
parties (vehicles) to clear their queues. Also, the FCFS policy among
vehicles makes it possible to remove a few long waiting vehicles from
the waiting queue.

7.4.2 Frequency distribution of waiting times

The frequency distribution of waiting times of vehicles is presented
in Table 18. More than 90% of both SG and LT vehicles experienced
delays between 180 s - 240 s, while most of the conservative vehicles
were delayed for more than 300 s. The latter indicates severe conges-
tion problems during peak hours of vehicular and pedestrians traffic.

Existing studies in the literature have reported that waiting times
above 90 s at a single intersection increase the risk-taking behavior
among human drivers (Bijl et al., 2011). On contrary, studies have
also proved drivers’ acceptance for up to 4 min (240 s) of ramp de-
lay combined with increasing freeway travel speed (Levinson et al.,
2006). Similar waiting tolerance of drivers has been observed at level
crossings as well (Larue, Blackman, and Freeman, 2018). This means



7.5 conclusions 127

Table 18: Frequency distribution of waiting times of vehicles in different ex-
periment cases

30 s 60 s 120 s 180 s 240 s 300 s >300 s

SG-HF 0.17% 0.38% 0.64% 4.39% 86.65% 7.74% 0%

LT-HF 0.13% 0.22% 0.56% 5.71% 86.38% 7.00% 0.00%

SG-LF 0.23% 0.43% 0.93% 31.94% 65.51% 0.97% 0.00%

LT-LF 0.16% 0.35% 0.62% 35.23% 62.67% 0.97% 0.00%

SG-CM 0.27% 0.18% 0.73% 0.54% 0.64% 0.36% 97.25%

LT-CM 0.27% 0.09% 0.46% 0.37% 0.55% 0.18% 98.05%

that conservative behavior of vehicles will be quite frustrating for the
passengers, while negotiation is able to improve these waiting times
within waiting tolerance limits, while also keeping the pedestrians
safe.

7.4.3 Throughput analysis

Out of the total intersection capacity of 1200 vehicles/hr, LT vehi-
cle flow is 500 vehicles/hr and SG vehicle flow is 700 vehicles/hr.
With lower pedestrian frequency, negotiation allows 65% of vehicles
to pass through providing throughput value of 774 vehicles/hr. For
high pedestrian frequency, it is reduced to 695 vehicles/hr which is
around 57% of the total throughput. With the conservative model, the
throughput is less than half of that of the negotiation model, around
326 vehicles/hr (27%). Thus, these results support the hypothesis of
this research.

7.5 conclusions

This research supported the applicability of the previous model of
negotiation for self-driving vehicles and pedestrians to more com-
plex and realistic scenarios. The right-of-way conflict was considered
between pedestrians, straight going and left turning vehicles and a
demo study was implemented using SUMO and MATLAB. Negotia-
tion between these parties is demonstrated using concepts from the
previous model. This study shows the scalability of social rules to
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multiparty traffic negotiation and overall improvement in the traffic
flow at intersections.

The results also prove that negotiations will reduce the waiting
time for vehicles and improve the overall throughput at intersections
even in complex traffic scenarios, compared to vehicles’ conservative
behavior. However, the study also revealed that compared to previous
studies, these waiting times have increased in multi-party scenarios
due to competition among more parties intending to get the right of
way. On the other hand, the pedestrians’ waiting times depend on
their risk-taking behavior, and do not exceed their impatience limit.
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D I S C U S S I O N

This chapter provides a discussion of major results from the experi-
ments along with the limitations of the analysis in this work. Firstly,
a cost-benefit analysis of negotiations is provided based on the ma-
jor results of this thesis. This is followed by a discussion of potential
challenges indicated by this research which are not yet solved. This
chapter concludes by providing an evaluation of the overall hypothe-
sis of this research.

8.1 cost-benefit analysis

The costs and the benefits of the negotiation model can be discussed
in terms of the social, economic, and environmental impacts of the
negotiations.

social impact

As demonstrated in Chapters 4, 5, 6, and 7, negotiation increases the
throughput for vehicles as compared to the slower conservative vehi-
cles by providing them better chances to pass through a continuous
flow of pedestrians competing for road space. The reduced waiting
times and smoother speed profiles for vehicles reduce the chances of
congestion on the roads. As there is no delay for pedestrians in the
conservative model, the benefits to the negotiating vehicles come at
the cost of some waiting time for pedestrians. However, the simula-
tion results show that the pedestrians’ waiting time (13s in the worst
case) is much less than the waiting times for a large number of conser-
vative vehicles (> 600s), and also relatively short compared to the av-
erage waiting times at traffic-light regulated intersections. Hence, the
waiting times of pedestrians are socially acceptable (Li, 2013, 2014).

economic impact

Both waiting times and smoother speed profiles can also be expressed
as economic utility. For example, simulations of the conservative
model demonstrate that the ‘stop-and-go’ behavior when encounter-
ing a pedestrian impacts also a number of the following vehicles as
well. Negotiation improves the speed profile of negotiating vehicles
as well as the following vehicles, and allows them to run smoothly on
the road, thus consuming less fuel as compared to conservative vehi-
cles (Alessandrini et al., 2012). Also, sudden breaks causing stronger
wear and tear of tires and road surfaces can be reduced by improved
traffic flow (Stalnaker et al., 1996).
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environmental impact

There is also an indirect impact on the surroundings of the inter-
sections. Smoother running traffic not only consumes less fuel, but
also produces lower CO2 and particle emissions in the environment
(Alessandrini et al., 2012) – one harmful to the climate, the other
harmful especially to the pedestrians. Thus, the consequent benefits
of negotiation are a more liveable environment and a reduced risk of
health hazards. Should, in the future, self-driving cars be equipped
with electrical powertrains, the environmental benefit will depend on
the way the electrical power is generated, and the wear and tear of
batteries.

8.2 major discussions and limitations

The following section analyses the potential challenges and limita-
tions associated with this work.

8.2.1 Cultural variations in language of traffic

The interpretation of pedestrians’ gestures is a crucial factor for ne-
gotiations by self-driving vehicles. Chapter 3 concludes that traffic
controllers’ hand signals for the same commands vary across differ-
ent countries, and hence are not universal. The study in this research
is restricted to regulated codes of traffic control. In a broader sense,
the above results further raises other concerns related to cultural vari-
ations in the language of traffic. However, the above results also show
that all gestures have a base in affordance. Thus, future work in this
direction can extend the study to people’s interpretation of these ges-
tures - it is possible that people understand gestures even across cul-
tures or traffic codes due to their affordance.

Another open question is whether any of these agreed (codified)
gestures are also used by pedestrians and human vehicle drivers, for
example to negotiate their right of way. Even future vehicles can be
enabled to learn affordances in road users’ gestures, to perceive dif-
ferent traffic gestures across cultures and their associated meanings.
Additionally, the contextual knowledge of certain situations, e.g. dur-
ing a negotiation, along with gesture interpretation may allow them to
anticipate the intentions of various human users on roads. Ultimately,
self-driving vehicles need to understand the intentions of other road
users exhibiting the language of gestural interaction.

8.2.2 Simulation constraints

Simulation was used to forecast the performance of the proposed
negotiation model. One of the most challenging aspect of this the-
sis is relating the traffic modelling to real-world scenarios. The func-
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tional safety of any automated vehicle is an important part of de-
sign (Schöner, 2018), i.e. the self-driving vehicle software should be
able to handle any type of situation on road. However, the simulation
test bed in this thesis does not guarantee that every type of vehicle-
pedestrian encounters are captured and tested in the experiments. For
example, jaywalking behavior of pedestrians is not included in the
current experiments, and similarly it was difficult to simulate their
interaction with non verbal cues. Rather, these cues were mapped to
probabilistic numbers for inclusion in the simulations.

For the development and testing of any models related to self-
driving vehicles, thorough verification and validation procedures are
required. Practically, these tests can only be performed in the field or
in special testing sites. But the limited availability of self-driving vehi-
cle prototypes makes it difficult to validate the model for real traffic
applications. In this context, several research groups are working on
other ways to create autonomous vehicle testbed. Their interaction
studies involve virtual-reality based simulation testbeds or driving
current level 3 vehicles with a ghost driver, and pilot studies to test
various external human-machine interfaces (see more details in Sec-
tion 2.2.1 and 2.2.2). However, these methods have limited applica-
tions depending on the level of research. Also, these methods often
induce a bias in testing as the human subjects involved in the study
don’t perceive the same risk as they do in real-life situations.

Though this research validates the scalability of negotiations to
multi-party traffic scenarios, yet there are a few assumptions and lim-
itations. Currently, it is assumed that a vehicle from any direction is
moving in a single lane, in a fixed direction, with no option to change
lane at any time (except the left turning operation of the vehicle in
multiparty negotiations in Chapter 7). The road design factors around
intersections are also not considered in this work. Future work in this
direction can consider environmental constraints and more complex
negotiation scenarios such as vehicles’ lane merging operations or
pedestrians suddenly changing their movement direction. On similar
grounds, the work could be expanded to mimic the actual negotiation
happening on roads.

8.2.3 Pedestrian behavioral risks

Current simulations capture different pedestrians’ risk-taking cross-
ing behaviors at a macroscopic level. However, the model and its
simulation has a few limitations, especially when dealing with the
unpredictability of pedestrian behavior in real-life situations. Some
road users can more easily change their behavior at the last minute.
From the pedestrians’ point of view, there may be concern regarding
the perception or comprehension of future vehicle’s intentions. Also,
the above results may vary in real-life settings as it is difficult to de-
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termine the road users’ accurate behavior in any situation. The above
results can be further tested with better pedestrian behavior models
(Helbing and Molnar, 1995; Johansson, Helbing, and Shukla, 2007; Ma
et al., 2010), demonstrating their characteristics at microscopic level.
However even these theoretical behavioral models do not fully cap-
ture the complex behavior of humans.

Besides the above issues, the negotiations by vehicles will also rely
on the robustness of pedestrian’s intention estimation methods. For
example, jaywalking is common among pedestrians and will confuse
the future vehicles about pedestrian’s intentions. If future vehicles
can learn such behaviors and be able to detect them, then they can act
accordingly. The proposed model assumes intention estimation prob-
abilities in terms of pedestrians’ chances of yielding and not yielding
and uses that estimate to compute its motion strategy. However, the
effect of a false positive behavior estimation is not considered in this
work. The former case may cause the vehicle to wrongly proceed,
which increases the risk of collision. The frequency of such cases will
depend on how often the artificial intelligence models correctly pre-
dict the motion of pedestrians. Arguably, the performance of vehicles’
vision models should be looked at more closely to eliminate such
errors before the deployment of these vehicles on roads. Accuracy
in comprehension of the other party’s behavior also matters. These
concerns are indirectly related to a major question – whether artifi-
cial intelligence in future vehicles is capable of capturing the complex
behavior of humans, and if so then to what extent.

8.2.4 Ensuring an agreement

The key component of the proposed model is ensuring an agreement
during negotiation and the level of commitment to a given behav-
ior matters in an agreement. The proposed model assumes that the
vehicle is continuously tracking the action of pedestrians which incor-
porates any changes in pedestrian’s behavior in the next negotiation
cycle. However, the above results are limited by simulated pedestrian
behaviors. Not surprisingly, in some actual road situations the vehi-
cle may encounter unexpected change in pedestrian’s behavior. Such
unexpected and negligent pedestrian behaviors may happen in sub
seconds time interval which is currently not captured in the simula-
tions1. The negotiation model can be further made more reliable with
sub-seconds intervals of interaction. For example, if the timestamp is
changed to 0.5s then the vehicle can better capture quick changes in
the behavior of pedestrians and include that in its negotiation strat-
egy. A finer interaction interval would benefit the vehicle to capture
any unexpected changes in pedestrian’s agreed behavior during an

1 In simulations, the negotiation cycle is set to 1s as the accepted simulation time-step
value in SUMO is an integer value in seconds.
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agreement. This would also mean that the risk of taking a wrong
decision by vehicle will also reduce as the vehicle’s motion strategy
can be planned on a finer scale. Since this modification (and further
decreasing time intervals) would improve the quality of the engage-
ment but does not change the model of engagement it can be left for
future work that also considers the computational load on vehicles in
estimating pedestrian intentions.

So, minimizing the negotiation cycle interval will be a challenge
while designing self-driving vehicle’s software. Also, it will be crucial
in the design of future vehicles that they are able to correctly estimate
the degree of likelihood that a pedestrian will suddenly change an
agreed action. Moreover, the vehicles should also be programmed for
best possible preventive measures in such situations.

8.3 evaluation of overall hypothesis

As pointed out in the game theoretical analysis by Millard-Ball (2018),
most of the times pedestrians would seize the opportunity to cross be-
fore self-driving vehicles making vehicles a much slower participant
in the traffic. The simulation results, considering different approaches
and test scenarios, confirms the overall hypothesis of this research -
in future, negotiations can reduce the average waiting time of self-
driving vehicles and improve the overall throughput at intersections,
compared to their conservative behavior.

A summary of overall results from different models presented
in this thesis is listed in Table 19. Chapter 4 demonstrated a sim-
ple scenario of one-to-one negotiation in less congested traffic sce-
nario and there was not much difference in the traffic throughput
from two models. As the complexity increased to more frequent
vehicle-pedestrian interaction scenarios (Chapters 5– 7), the negotia-
tion model showed better performance in reducing vehicles’ waiting
times and traffic throughput. The results also reflect that the average
waiting times for vehicles increase when there are more competing
parties (Chapter 7), but the pedestrian waiting times do not exceed
their maximum limits (Li, 2014). Furthermore, the adverse impacts
of the conservative behavior of vehicles on the overall flow of traffic
(causing lane congestion) further validates the above hypothesis.

The above results however largely depend on pedestrians’ behav-
iors. All the models described in this thesis assume that a certain ac-
tion by the pedestrian clearly reflects their action to yield or not yield
in the next few seconds. However, few actions of pedestrians may be
unpredictable, for example, a pedestrian busy looking at their smart-
phone while walking near the curbside. A better insights into pedes-
trian behaviors would do the essential improvements in the model
and results, yet for this research hypothesis it is reasonable to cate-
gorise pedestrians’ behaviors at crossings as either of the following
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Table 19: Summary of performance for different models. WT denotes aver-
age waiting time

Negotiating

vehicles

Conservative

vehicles
Pedestrians

One-to-one

negotiation

WT: 11.8 s

Throughput: ∼100%

WT: 44 s

Throughput: ∼100%
WT <20 s

Social rules
WT: <15 s

Throughput: 98%

WT: >100 s

Throughput: 50%,

worst case 12%

WT <20 s

Risk-based

model

WT: 44.5 s

Throughput: 98%,

worst case: 72%

WT: >100 s

Throughput: 50%
WT <20 s

Multi-party

negotiations

WT: 180 s - 240 s

Throughput: 65%

WT: >500 s

Throughput: 27%,

saturated congestion

WT <20 s

two types - the ones willing to yield to the vehicles, i.e. risk-averse,
and the other ones who assert their right of way i.e. risk-takers. It is
known that not every pedestrian is same in terms of their road cross-
ing behavior – some might show less alertness in traffic compared to
others which leads to their risky behaviors on roads. Moreover, any
pedestrian’s behavior depends on their individual cognitive abilities
to perceive risk, besides individual characteristics their behavior can
be influenced by some social factors. This research captures those fac-
tors and different pedestrian behaviors while evaluating the above
hypothesis, and thus the above results hold true to show the effec-
tiveness of the proposed model.

These results are subjected to few simulation constraints as dis-
cussed before, yet this thesis is able to demonstrate possible direc-
tions for innovations in future human-vehicle interactions. As said in
this thesis, instead of yielding to the approaching pedestrian, future
self-driving vehicles can increase their chances of passing the crossing
point first with negotiations. This would lead to the strategic advan-
tage of having a smoothly running traffic in future along with a better
coordination among various road participants.

The vision of this thesis is to ensure that there is an optimum
level of pedestrian trust that makes pedestrians feel comfortable to
cross the roads while reducing pedestrians’ risky, inattentive and
aggressive behavior to avoid unnecessary delays to future vehicles.
The broader contribution of this thesis is to highlight the opportu-
nities of fair negotiations to overcome the undesirable consequences
of pedestrians always having the preference. Here, the pedestrian’s
compliance with the fair negotiation theory can be weighed with the
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strategic incentives it brings to them. The most relevant advantage
to pedestrians is maintaining their situational awareness, which may
diminish if conservative self-driving vehicles will be on roads. Not
only awareness but the fact that these vehicles engage (in contrast to
react) may contribute to trust and useability of future vehicles. The
other aspect is pedestrians’ tendency to social conformity – pedes-
trians are social in nature; they largely adhere to social norms and
adapt their behaviors to new situations. For example, anyone as a
tourist (as a driver or a pedestrian) has experienced for themselves
a change in culturally embedded social rules and local behaviors in
traffic. Despite of initial confusion and irritation, local traffic culture
is unconsciously adapted over time. Similarly, it can be expected that
pedestrians will shape their perception and attitude towards future
vehicles to make the most of self-driving vehicles’ advantages and
avoid the disadvantages, which will also develop their negotiating
behavior with vehicles.

This chapter highlighted the limitations of the work presented in
this thesis and provided an evaluation of the overall hypothesis of
this research. The next, and the last chapter of this thesis provides
concluding remarks and future research directions. These future di-
rections are build on the limitations of this research identified in this
chapter.





9
C O N C L U D I N G R E M A R K S A N D F U T U R E
D I R E C T I O N S

Looking into the future of self-driving vehicle’s engagement with
other road users, as initiated in this thesis, there are yet many chal-
lenges to make it a reality in the future. This chapter outlines the
general implications of this research, and concludes with recommen-
dations for future research directions.

9.1 contributions of this thesis

Existing studies concerning the interaction of vehicles and pedestri-
ans are limited to human behavioral psychology, to algorithms for
the pedestrian intention recognition, and empirical research to un-
derstand pedestrians’ trust towards future self-driving vehicles. This
research, however, is an attempt to describe another aspect of traffic
behavior – right-of-way negotiations among self-driving vehicles and
pedestrians. The aim of the research is a more natural interaction of a
self-driving vehicle with the intentions and behaviours of pedestrians,
and thus make the road cohabitation of people and machines (here
vehicles) less stressful for people. Also, we argue that a more natural
behaviour of the robotic vehicle (in the eyes of the pedestrian) also
leads to gains in throughput. As such, this thesis proposes a vehicle-
pedestrian negotiation framework realized in three stages of concep-
tualization. To our knowledge, the proposed negotiation model(s) for
decision making in traffic is novel.

The highlights of this thesis are an investigation into gestures in
traffic, three vehicle-pedestrian negotiation frameworks, concluded
with a study on scalability and validation of the model in multi-party
traffic scenarios as listed below:

1. Universality of gestures (Chapter 3): This thesis first studied the
traffic controllers’ hand signal rules to investigate whether there
are universal gestures to interact in traffic. The identified differ-
ences in regulated codes confirm non-universality of gestures
in traffic, but a further exploration reveals their common base
through affordance. This study, hence, provides a motivation to
look into an affordance-based vehicle control system. Also, the
findings of this study reveal various elements involved in a ges-
ture which in future have to be understood by a self-driving
vehicle (especially during negotiations).
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2. Negotiation framework (Chapter 4): To start with, a proof of con-
cept for negotiation model is established first. In the first stage
of research, negotiation between a single vehicle and a single
pedestrian at a time is modeled based on physical constraints be-
tween them. The results of reduced waiting times of vehicles
with negotiations lays the foundation for further research in the
topic.

3. Social rules in negotiation (Chapter 5): To further investigate
decision-making among multiple pedestrians and vehicles, a
revised model is proposed introducing social rules to replicate
informal social norms followed by traffic participants in every-
day traffic interactions. However, the rules are applicable only
to groups of pedestrians and vehicles. This kind of negotiation
strategy demonstrated reduced the conflict of interests among
groups of pedestrians and vehicles, and a balanced flow of traf-
fic.

4. Pedestrian’s risk-based negotiation model (Chapter 6): To address
the previous group constraint the model is further extended in-
troducing pedestrians’ individual decision-making while also fol-
lowing the social rules, along with a consideration of their dif-
ferent risk-taking attitudes towards vehicles. This model demon-
strated the potential of negotiations to reduce vehicles’ waiting
times while confronting a mix-population of pedestrians at the
intersections.

5. Scalability validation (Chapter 7): The last stage of this thesis in-
volved scaling social rules to multi-party negotiations. The objec-
tive is to validate the scalability of the revised model presented
in Chapter 6 to multi-party traffic scenarios. The results validate
the applicability of proposed negotiation concepts to more com-
plex scenarios and also confirms the overall hypothesis of this
research as discussed in Chapter 8.

The simulation results confirm the effectiveness of the negotiation
model in improving the waiting times of vehicles and the intersection
throughput. This thesis demonstrates that future self-driving vehicles
will be slowed down significantly if they are programmed to be con-
servative towards pedestrians. Overall, the research emphasizes that
there is a need to engage future self-driving vehicles in interaction
with other road users to maintain the flow of traffic. The findings
from this research demonstrate the positive impact of those interac-
tions on traffic throughput, but also highlights the challenges to real-
ize the goal of replicating human-like decision making in self-driving
vehicles. Few of these challenges related to this work are outlined
in Chapter 8. The implications along with associated challenges of
this research can be further exploited to address wider issues in this
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domain, a few of them are discussed next in the last section of this
thesis.

9.2 future directions

This thesis concludes by listing a few directions where this research
can further help in improving the decision making of self-driving
vehicles to ultimately make them capable of sharing the roads with
humans.

affordance-based vehicle control system

The work in Chapter 3 identifies that gestures in traffic vary across
cultures, which further motivates to look into people’s interpretation
of traffic gestures across cultures due to affordances identified in traf-
fic codes. Similarly, affordance can also enable a vehicle to perceive
signals of pedestrians in relation to kinematic characteristics of pedes-
trians’ gestures. Further work is required to confirm this hypothesis.
A perception and action model for the vehicle is feasible but the chal-
lenge here lies in identifying the close-to-truth match across multiple
affordances possible for a given gesture. This type of vehicle model
recognizing the generalised meaning of different traffic gestures is im-
portant to resolve intention conflicts, especially during negotiations.
This way pedestrian can also develop their behavior to engage in two-
way communication with future vehicles knowing that the vehicle can
recognize and respond to their actions. Research on affordance learn-
ing for autonomous driving is gaining attention (Marti, Morice, and
Montagne, 2015; Ryu et al., 2016), and future work can also look into
ways of incorporating the representations and meanings of various
traffic gestures as well.

communication channels

Closely related to the question of gesture interpretations is the
issue of communicating intent of vehicles, and more importantly
ensuring that the message is delivered to the pedestrian in the correct
context. The negotiation model in this thesis works on the underly-
ing assumption of a clear communication channel to communicate
intent among vehicles and pedestrians. However, reaching that level
of communication technology is still a challenge. The industrial
solutions discussed in Chapter 2 are limited in their functionality
due to a variety of reasons. Firstly, pedestrians have limited ability to
assess the visual indicators (such as text messages on windshields)
in vehicle especially due to their motion and large distance. Similarly,
robotic gestures and gaze installed in vehicle can only be recognised
during slow motion of the vehicles. In contrast, the audio and light
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indicators can attract pedestrian’s attention, but then assuring a
feedback from pedestrians is time-critical in this case. This is an
ongoing area of research and future work can look into combining
V2P technologies with other communication modalities to mitigate
the current issues.

behavior prediction models

Pedestrian intention estimation is central to the proposed model
for vehicles presented in this thesis. During an anticipated crossing
conflict with pedestrians, it is necessary for the vehicle to understand
pedestrians’ intentions and respond within safe time limits. The vehi-
cle can encounter any situation – in an ideal case, vehicle can confi-
dently recognize a pedestrian’s intention based on their head looking
one direction. However, in other situations there can be perceivable
risks in believing the vehicle’s machine learning models when the
pedestrians are negligent to social rules, for example situations where
pedestrians are engaged with their smartphones near crossing areas,
or inadvertent children suddenly coming in the path of vehicle. The
latter situations have been not considered in the proposed model.

Enabling future vehicles to learn all kinds of predictable and ir-
rational behaviour of pedestrians is still a major challenge for the
automakers. This is evident from the recent incident of Uber hitting
a pedestrian at Arizona. The incident report by the National Trans-
portation Safety Board (US) outlined the main cause of accident as
follows: “the self-driving system software classified the pedestrian as an un-
known object and the vehicle operator intervened less than a second before
the impact (pp. 2)" (NTSB, 2018). This limitation of current technology
is also crucial in context of enabling negotiations in future vehicles.
As such, future autonomous vehicle behavior prediction models have
to essentially deal with the following challenges – (1) near prediction
of all kinds of human behavior within the scope of the safe response
times; (2) evaluating and reducing the risk of predicting false pos-
itives1 (and negatives) in the machine learning models; (3) further-
more, for dynamic decision-making the system has to deal with the
computational complexity involved in comprehending vehicle’s sur-
roundings every sub-seconds of driving.

variety of social behaviors and norms

Besides identifying the normal road behaviors, self-driving vehicle
needs to learn everyday social behaviors as well. This thesis presented
a few social rules among vehicles and pedestrians to demonstrate ne-

1 A false positive or negative is a prediction outcome where the model incorrectly
predicts the behavior as a positive/negative class
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gotiations, however not every type of social behavior and rules is
covered in this thesis. The factors such as place of interaction and sit-
uation context are not considered in the current model. For example,
the social rules of driving are different at busy city centers compared
to a highway, in the former case pedestrians are expected to ignore
the rules more often and drivers expect to drive slow around pedes-
trians as a general accepted rule. Another example of context-based
behavior is: a pedestrian waiting at the road side near parking space
may not necessarily intend to cross the road, but may be waiting for
their vehicle to arrive. In this case, drivers are already aware of these
kind of intentions which they have learned through experience. But
self-driving vehicles lack such capabilities to identify situation depen-
dent road users’ behaviors. The context of the situation also plays a
major role in learning road behaviors – the amount of traffic flow,
time of the day, type of place, cultural norms of a place, etc.

In particular, these social norms vary widely among cultures. As
such, a universal rule database of social norms is difficult to program
into the behavior of vehicles. The probable future research direction
is to look into methods to make the self-driving vehicles learn these
social rules, possibly the country-specific behaviors. Current trials of
different vehicle prototypes aim to improve their perception of differ-
ent behavior through experiences, i.e. training their machine-learning
models with real-situation data. Yet the concern is: Is learning by ex-
perience enough to ensure that the vehicle can interpret all types of road
behaviors and social rules?

connected public transport and emergency vehicles

The other aspect of road scenarios that this thesis does not cover is
the presence of public transport. The question is whether social rules
will be different in their presence. Negotiations can be studied fur-
ther by considering pedestrian’s crossing strategy against heavy duty
vehicles. Another interesting question is how well will self-driving
vehicle handle awareness of the vehicles with special rights, such
as emergency vehicles and police patrolling vehicles. In case of any
emergency, drivers are required to get out of the way of any ambu-
lance, police vehicle, or fire brigade. However, in few circumstances it
may not be safe for the driver or self-driving vehicles to give way to
emergency vehicles. The vehicle might be stopped at red light when
it detects the emergency siren, or a pedestrian might be crossing at
that time and it is not safe to pull over the vehicle. In many situations,
road users cooperate among themselves to facilitate a safe passage for
the emergency vehicles. The self-organisation among connected vehi-
cles to give way to emergency vehicles is possible in future, however
when pedestrians are also involved then cooperation becomes chal-
lenging. Also, it is not clear how the presence of emergency vehicles
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among self-driving vehicles affect the flow of traffic. This opens up
a new perspective of negotiation problem when emergency vehicles
are also involved. Future work can investigate the psychological fac-
tors involved in the road users’ response to emergency vehicles, and
also research into the acceptable behavior of future vehicles in any
emergency situations.

The benefits of improved safety and transport efficiency with au-
tomated and connected vehicles can only be leveraged when the ve-
hicles can take dynamic decisions in presence of humans – as this
thesis has demonstrated. Yet it will take a few years to shape the
socially acceptable behavior of self-driving vehicles; even if they are
deployed earlier they have to continuously update their perception of
the environment.



B I B L I O G R A P H Y

Alessandrini, A., A. Cattivera, F. Filippi, and F. Ortenzi (2012). “Driv-
ing style influence on car CO2 emissions.” In: 20th International
Emission Inventory Conference. Emission Inventories - Meeting the
challenges posed by emerging global, national, regional, and lo-
cal air quality issues.

Anaya, J. J., P. Merdrignac, O. Shagdar, F. Nashashibi, and J. E.
Naranjo (2014). “Vehicle to pedestrian communications for pro-
tection of vulnerable road users.” In: 2014 IEEE Intelligent Vehicles
Symposium Proceedings. IEEE, pp. 1037–1042.

Andersson, J. (2017). Hello Human, Can You Read My Mind? Accessed:
2018-03-12. url: https://ercim-news.ercim.eu/en109/special/
hello-human-can-you-read-my-mind.

Andreone, L., A. Guarise, F. Lilli, D. M. Gavrila, and M. Pieve (2006).
“Cooperative systems for vulnerable road users: The concept
of the watch-over project.” In: 13th ITS World Congress, London.
Vol. 4.

Asadi, B. and A. Vahidi (2011). “Predictive cruise control: Utilizing
upcoming traffic signal information for improving fuel economy
and reducing trip time.” In: IEEE Transactions on Control Systems
Technology 19.3, pp. 707–714.

Ayres, T., L Li, D Schleuning, and D Young (2001). “Preferred time-
headway of highway drivers.” In: IEEE Intelligent Transportation
Systems. IEEE, pp. 826–829.

Azimi, S. R., G. Bhatia, R. R. Rajkumar, and P. Mudalige (2013). “Reli-
able intersection protocols using vehicular networks.” In: Proceed-
ings of the ACM/IEEE 4th International Conference on Cyber-Physical
Systems. ACM, pp. 1–10.

Bahram, M., C. Hubmann, A. Lawitzky, M. Aeberhard, and D. Woll-
herr (2016). “A combined model-and learning-based framework
for interaction-aware maneuver prediction.” In: IEEE Transactions
on Intelligent Transportation Systems 17.6, pp. 1538–1550.

Bai, H., S. Cai, N. Ye, D. Hsu, and W. S. Lee (2015). “Intention-aware
online POMDP planning for autonomous driving in a crowd.” In:
IEEE International Conference on Robotics and Automation (ICRA).
IEEE, pp. 454–460.

143

https://ercim-news.ercim.eu/en109/special/hello-human-can-you-read-my-mind
https://ercim-news.ercim.eu/en109/special/hello-human-can-you-read-my-mind


144 Bibliography

Bandyopadhyay, T., C. Z. Jie, D. Hsu, M. H. Ang, D. Rus, and E.
Frazzoli (2013). “Intention-aware pedestrian avoidance.” In: Ex-
perimental Robotics. Springer, pp. 963–977.

Barnard, Y., F. Utesch, N. van Nes, R. Eenink, and M. Baumann
(2016). “The study design of UDRIVE: the naturalistic driving
study across Europe for cars, trucks and scooters.” In: European
Transport Research Review 8.2, p. 14.

Bashiri, M. and C. H. Fleming (2017). “A platoon-based intersection
management system for autonomous vehicles.” In: 2017 IEEE In-
telligent Vehicles Symposium. IEEE, pp. 667–672.

Beggiato, M., C. Witzlack, S. Springer, and J. Krems (2017). “The right
moment for braking as informal communication signal between
automated vehicles and pedestrians in crossing situations.” In:
International Conference on Applied Human Factors and Ergonomics.
Springer, pp. 1072–1081.

Benenson, R., M. Omran, J. Hosang, and B. Schiele (2014). “Ten years
of pedestrian detection, what have we learned?” In: European Con-
ference on Computer Vision. Springer, pp. 613–627.

Bertini, R. L., H. Wang, T. M. Borkowitz, and D. H. Wong (2016). 2015
Automated Vehicle Literature Review as Part of Preparing a Possible
Oregon Road Map for Connected Vehicle/Cooperative Systems Deploy-
ment Scenarios. Report FHWA-OR-RD-16-12. California Polytech-
nic State University.

Bijl, B. Van der, J. Vreeswijk, J. Bie, and E. van Berkum (2011). “Car
drivers’ perception and acceptance of waiting time at signalized
intersections.” In: 14th International IEEE Conference on Intelligent
Transportation Systems (ITSC). IEEE, pp. 451–456.

Birdwhistell, R. L. (1952). Introduction to kinesics: An annotation system
for analysis of body motion and gesture. Louisville, Kentucky: Uni-
versity of Louisville.

Björklund, G. M. and L. Åberg (2005). “Driver behaviour in inter-
sections: Formal and informal traffic rules.” In: Transportation Re-
search Part F: Traffic Psychology and Behaviour 8.3, pp. 239–253.

Böckle, M.-P., A. P. Brenden, M. Klingegård, A. Habibovic, and M.
Bout (2017). “SAV2P: Exploring the Impact of an Interface for
Shared Automated Vehicles on Pedestrians’ Experience.” In: Pro-
ceedings of the 9th International Conference on Automotive User Inter-
faces and Interactive Vehicular Applications Adjunct. ACM, pp. 136–
140.

Bonnefon, J. F., A. Shariff, and I. Rahwan (2016). “The social dilemma
of autonomous vehicles.” In: Science 352.6293, pp. 1573–1576.



Bibliography 145

Brazil, G., X. Yin, and X. Liu (2017). “Illuminating pedestrians via si-
multaneous detection & segmentation.” In: Proceedings of the IEEE
International Conference on Computer Vision, pp. 4950–4959.

Breazeal, C., A. Edsinger, P. Fitzpatrick, and B. Scassellati (2001). “Ac-
tive vision for sociable robots.” In: IEEE Transactions on systems,
man, and cybernetics-part A: Systems and Humans 31.5, pp. 443–453.

Bremner, P. and U. Leonards (2016). “Iconic gestures for robot avatars,
recognition and integration with speech.” In: Frontiers in Psychol-
ogy 7.

Broekens, J., M. Heerink, H. Rosendal, et al. (2009). “Assistive social
robots in elderly care: a review.” In: Gerontechnology 8.2, pp. 94–
103.

Brouwer, N., H. Kloeden, and C. Stiller (2016). “Comparison and eval-
uation of pedestrian motion models for vehicle safety systems.”
In: 2016 IEEE 19th International Conference on Intelligent Transporta-
tion Systems (ITSC). IEEE, pp. 2207–2212.

Broz, F. (2008). “Planning for human-robot interaction: representing
time and human intention.” PhD dissertation. Carnegie Mellon
University.

Brunetti, A., D. Buongiorno, G. F. Trotta, and V. Bevilacqua (2018).
“Computer vision and deep learning techniques for pedestrian
detection and tracking: A survey.” In: Neurocomputing 300, pp. 17–
33.

Bunz, E., R. T. Chadalavada, H. Andreasson, R. Krug, M. Schindler,
and A. Lilienthal (2016). “Spatial Augmented Reality and Eye
Tracking for Evaluating Human Robot Interaction.” In: RO-MAN
2016 Workshop: Workshop on Communicating Intentions in Human-
Robot Interaction, New York, USA, Aug 31, 2016, pp. 1–8.

Burstedde, C., K. Klauck, A. Schadschneider, and J. Zittartz (2001).
“Simulation of pedestrian dynamics using a two-dimensional cel-
lular automaton.” In: Physica A: Statistical Mechanics and its Appli-
cations 295.3, pp. 507–525.

Caird, J. and P. Hancock (1994). “The perception of arrival time for
different oncoming vehicles at an intersection.” In: Ecological Psy-
chology 6.2, pp. 83–109.

Casner, S. M., E. L. Hutchins, and D. Norman (2016). “The challenges
of partially automated driving.” In: Communications of the ACM
59.5, pp. 70–77.

Ceder, A. (1979). “An algorithm to assign pedestrian groups dispers-
ing at public gatherings based on pedestrian-traffic modelling.”
In: Applied Mathematical Modelling 3.2, pp. 116–124.



146 Bibliography
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