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Abstract

The need for sustainable transportation solutions is urgent as the demand for
mobility of goods and people is expected to multiply in the upcoming decades. One
promising solution is truck platooning, which shows great potential in reducing
the energy consumption and operational costs of trucks. To utilize the benefits
of truck platooning to the fullest, trucks with different schedules and routes in a
road network need coordination to form platoons. This thesis addresses platoon
coordination when trucks can wait at hubs to form platoons. We assume there is a
reward for driving in a platoon and a cost for waiting at a hub, and the objective
is to maximize the overall profit. We focus on coordinating trucks from different
carriers, which is important considering that many platoon opportunities are lost
if only trucks from the same carrier form platoons.

In the first contributions of the thesis, we propose coordination solutions where
carriers aim to maximize their own profits through cross-carrier platoon coopera-
tion. We propose an architecture of a platoon-hailing service that stores reported
platooning plans of carriers and, based on these, informs carriers about the platoons
their trucks can join when they make platooning decisions. A realistic simulation
study shows that the cross-carrier platooning system can achieve energy savings of
3.0% and 5.4% when 20% and 100% of the trucks are coordinated, respectively. A
non-cooperative game is then formulated to model the strategic interaction among
trucks with individual objectives when they coordinate for platooning and make
decisions at the beginning of their journeys. The existence of at least one Nash
equilibrium is shown. In the case of stochastic travel times, feedback-based solu-
tions are developed wherein trucks repeatedly update their equilibrium decisions. A
simulation study with stochastic travel times shows that the feedback-based solu-
tions achieve platooning rates only 5% lower than a solution where the travel times
are known. We also explore Pareto-improving coordination guaranteeing each car-
rier is better off coopering with others, and models for distributing the profit within
platoons.

In the last contributions of the thesis, we study the problem of optimally re-
leasing trucks at hubs when arriving according to a stochastic process, and a priori
information about truck arrivals is inaccessible; this may be sensitive information
to share with others. First, we study the release problem at hubs in a hub-corridor
where the objective is to maximize the profit over time. The optimality of threshold-
based release policies is shown under the assumption that arrivals are independent
or that arrivals are dependent due to the releasing behavior at the preceding hub
in the corridor. Then, we study the release problem at a single hub where the aim
is to maximize the profit of trucks currently at the hub. This is realistic if trucks
are only willing to wait at the hub if they can increase their own profits. Stop-
ping time theory is used to show the optimality of a threshold-based release policy
when arrivals are independent and identically distributed. These contributions show
that simple coordination approaches can achieve high profits from platooning, even
under limited information.



Sammanfattning

Under de kommande decennierna förväntas efterfrågan på transport av varor och
passagerare mångfaldigas, vilket innebär att behovet av hållbara transportlösningar
är brådskande. En lovande lösning är konvojkörning, som visar stor potential att
minska bränsleförbrukningen och driftskostnaderna för lastbilar. För att utnyttja
fördelarna med konvojkörning till fullo behöver lastbilar med olika scheman och
rutter koordineras. Den här avhandlingen behandlar koordinering av lastbilar som
kan bilda konvojer på transporthubbar, där lastbilar kan vänta på andra lastbilar
för att bilda konvojer. Vi antar att det finns en vinst av konvojkörning och en
kostnad för att vänta. Vi fokuserar på koordinering av lastbilar från olika åkerier,
vilket är viktigt med tanke på att många konvojkörningsmöjligheter går förlorade
om bara lastbilar från samma åkeri bildar konvojer.

I avhandlingens första bidrag föreslår vi koordineringslösningar där åkerier strä-
var efter att maximera sina egen vinster från konvojkörning genom samarbete med
andra. Vi föreslår en arkitektur för en tjänst som lagrar åkeriers rapporterade kon-
vojkörningsplaner och, utifrån dessa, informerar åkerier om vilka konvojer deras
lastbilar kan ansluta sig till när de fattar konvojkörningsbeslut. En realistisk simu-
leringsstudie visar att konvojkörningsystemet kan uppnå energibesparingar på 3.0%
och 5.4% när 20% respektive 100% av lastbilarna koordineras. Ett icke-kooperativt
spel formuleras sedan för att modellera den strategiska interaktionen mellan lastbi-
lar med individuella mål när de koordinerar för konvojkörning och fattar beslut
i början av sina resor. Existensen av minst en Nashjämviktslösning visas. När
restiderna är stokastiska utvecklas även lösningar där lastbilarna tillåts uppdat-
era sina beslut längs med sina resor. I en simuleringsstudie visas att när lastbilarna
tillåts uppdatera sina väntetider uppnås en konjovkörningsgrad på endast 5% lägre
än i en lösning där restiderna är kända. Vi utforskar också Pareto-förbättrande
koordinering som garanterar att varje åkeri tjänar på att sammarbeta med andra,
och modeller för att fördela vinsten inom konvojer.

I avhandlingens sista bidrag studerar vi problemet med att optimalt släppa
iväg lastbilar vid hubbar där lastbilar ankommer enligt en stokastisk process, och
förhandsinformation om ankomsterna är otillgänglig; detta kan vara känslig infor-
mation att dela med andra. Först studerar vi ivägsläppningsproblemet vid hubbar
som ligger i en kedja och målet är att maximera vinsten över tid. Optimaliteten hos
tröskelregler för att släppa iväg lastbilar visas under antagandet att ankomsterna
är oberoende eller att ankomster är beroende pågrund av ivägsläppningsbeteendet
vid den föregående hubben i kedjan. Sedan studerar vi ivägsläppningsproblemet
vid en hubb där målet är att maximera vinsten för lastbilar som för närvarande
befinner sig vid hubben. Detta är realistiskt om lastbilar bara är villiga att vänta
vid hubben om de kan öka sin egen vinst. Stopptidsteori används för att visa opti-
maliteten hos en tröskelregel när ankomster är oberoende och identiskt fördelade.
Dessa bidrag visar att enkla koordineringslösningar kan uppnå höga vinster, även
under begränsad information.



Acknowledgments

Foremost, I would like to express my most profound appreciation to my supervisor
Jonas Mårtensson, for excellent guidance, feedback, inspiration, and encourage-
ment. I am thankful to my co-supervisor Karl Henrik Johansson, for many sharp
insights and advice. Thanks to Ehsan Nekouei for your generous sharing of knowl-
edge, persistent help, and enjoyable collaboration. The support from the three of
you has been invaluable.

I want to thank many people. To the partners in Sweden4Platooning and EN-
SEMBLE, thank you– especially to Björn Mårdberg, Jakob Axelsson, Pontus Sven-
son, Viktor Åkesson, and Torsten Bergh for many seminal discussions. I want to
thank Ting Bai for the rewarding collaboration during the later part of my Ph.D.
journey. Thanks to Xiaotong Sun for all the motivating discussions during the pan-
demic. Many thanks to Henrik Sandberg, Bart Besselink, and Jieqiang Wei for
inspiring me to begin this Ph.D. journey. Thanks to all current and former col-
leges at the Division of Decision and Control Systems and ITRL for an inspiring
environment and great times. Especially, I am grateful to Mladen Čičić, Yuchao
Li, Xiao Chen, Joakim Björk, and Sebastian van de Hoef for giving feedback and
proofreading parts of this thesis.

The work in this thesis is funded by the Strategic Vehicle Research and Inno-
vation Programme through the project Sweden4Platooning, Horizon2020 through
the project ENSEMBLE, Swedish Foundation for Strategic Research, and Swedish
Research Council. This thesis would not have been possible without funding.

A final thanks goes to Nazila for your endless love and support and to my friends
and family for giving me motivation in all kinds of ways.

Alexander Johansson
Stockholm, October 2022





Contents

Contents

1 Introduction 1
1.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2
1.2 Hub-based platoon coordination . . . . . . . . . . . . . . . . . . 5
1.3 Problem formulation . . . . . . . . . . . . . . . . . . . . . . . . . 7
1.4 Outline and contributions . . . . . . . . . . . . . . . . . . . . . . 11

2 Background 15
2.1 Intelligent transportation systems . . . . . . . . . . . . . . . . . . 15
2.2 Truck platooning . . . . . . . . . . . . . . . . . . . . . . . . . . . 16
2.3 Truck platoon coordination . . . . . . . . . . . . . . . . . . . . . 20
2.4 Concluding summary . . . . . . . . . . . . . . . . . . . . . . . . . 24

3 Cross-carrier system 27
3.1 Layered structure and functional architecture . . . . . . . . . . . 27
3.2 Cross-carrier coordination approach . . . . . . . . . . . . . . . . 31
3.3 Simulation study . . . . . . . . . . . . . . . . . . . . . . . . . . . 35
3.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40

4 Game-theoretic coordination 41
4.1 Open-loop coordination under deterministic travel times . . . . 42
4.2 Open-loop coordination under stochastic travel times . . . . . . 46
4.3 Feedback-based coordination under stochastic travel times . . . 50
4.4 Simulation study . . . . . . . . . . . . . . . . . . . . . . . . . . . 53
4.5 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 61
4.A Proofs . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 61

5 Pareto-improving coordination 65
5.1 System model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 66
5.2 Feasible platoons and platooning profit . . . . . . . . . . . . . . . 68
5.3 Coordination strategies . . . . . . . . . . . . . . . . . . . . . . . 70
5.4 Simulation study . . . . . . . . . . . . . . . . . . . . . . . . . . . 72



Contents

5.5 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 76

6 Profit-sharing models 79
6.1 System model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 79
6.2 Profit-sharing models and platoon coordination games . . . . . . 80
6.3 Solutions of the platoon coordination games . . . . . . . . . . . . 84
6.4 Simulation study . . . . . . . . . . . . . . . . . . . . . . . . . . . 85
6.5 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 86

7 Platoon release problem in a hub-corridor 89
7.1 System model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 90
7.2 Decentralized release policy: a single-hub approach . . . . . . . . 92
7.3 Decentralized release policy: a two-hub approach . . . . . . . . . 95
7.4 Distributed and centralized release policies . . . . . . . . . . . . . 100
7.5 Simulation study . . . . . . . . . . . . . . . . . . . . . . . . . . . 101
7.6 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 108
7.A Proofs . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 108
7.B Transition and observation probabilities . . . . . . . . . . . . . . 110

8 Platoon release problem as a stopping problem 113
8.1 System model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 114
8.2 Solutions to the platoon release problem . . . . . . . . . . . . . . 116
8.3 Simulation study . . . . . . . . . . . . . . . . . . . . . . . . . . . 118
8.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 122
8.A Proof . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 124

9 Conclusions and future work 127
9.1 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 127
9.2 Future work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 130

Bibliography 133



Chapter 1

Introduction

Transportation of goods and people stimulates economic growth, and economic
growth drives the demand for transportation. However, in order to be environmen-
tally sustainable, the efficiency of the transportation system needs to be improved.
Research in intelligent transportation systems (ITS) has led to developments that
can simplify operations and improve efficiency. One promising solution contributing
to a more sustainable transportation sector is truck platooning, enabled by modern
information, communication, and automation technologies. A truck platoon refers
to a group of trucks driving in a formation with small inter-vehicular distances. A
human driver typically maneuvers the lead truck in a platoon, and the maneuver-
ing of the follower trucks is supported or even handled by an automated driving
system. The main benefits of platooning are reduced energy consumption, reduced
workload of drivers, increased road capacity, and safer driving.

Coordination is needed for platoons to form, considering that trucks have dif-
ferent schedules and routes, as illustrated in Fig. 1.1. Platoon coordination is the
task of deciding which trucks will form platoons and how each platoon will form.
The objective is to maximize the benefits of platooning while respecting delivery
deadlines and other constraints. This thesis considers platooning systems where
platoons form at hubs, where trucks can stop and wait for others. The departure
times at hubs must then be synchronized for platoons to form. Typically, there is
a reward for platooning and a cost for waiting.

This thesis mainly focuses on platoon coordination when transportation com-
panies or carriers cooperate in forming platoons. This is of practical importance,
considering that many platooning opportunities are missed if mixed platoons are
not allowed. However, challenges arise because carriers have different objectives,
are unwilling to share mission information with others, and may be unwilling to
leave control of their trucks to a third-party coordinator.

This chapter is structured as follows. Section 1.1 discusses the drastic need for
transition to a more sustainable transportation sector and how truck platooning
can contribute to both environmental and commercial benefits. Section 1.2 intro-
duces the concept of forming platoons at hubs and demonstrates the potential of

1



2 Introduction

Figure 1.1: Fleet management system that aims to utilize a truck fleet to the fullest.
The tasks include routing, matching trucks with missions, and platoon coordination.

platooning in an example of the Swedish road network. Hub-based platoon coordi-
nation problems are formulated in Section 1.3. We first formulate the coordination
problem in a network of hubs when each truck has its individual objective. Then,
we formulate the platoon release problem at a hub under random arrivals. These
two base problems can be seen as the foundation upon which other more advanced
coordination problems are built, as will be presented later in the thesis. The outline
and contributions of this thesis are given in Section 1.4.

1.1 Motivation

Mobility of freight and people is a crucial enabler for economic growth and em-
ployment by broadening the access range of resources and markets. The connection
between economic growth and mobility is overviewed in [1, 2, 3]. The following
challenges must be tackled for maintained or increased mobility: greenhouse gas
emissions, air pollution, traffic congestion, long travel times, and road safety issues.
The most critical challenge for the transportation sector is reducing greenhouse gas
emissions.The global transportation demand is expected to increase drastically in
the upcoming decades, with the demands for passenger and freight transportation
predicted to double and triple from 2015 to 2050, respectively [4]. This motivates
the urgent need for sustainable and efficient mobility solutions.
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Figure 1.2: Greenhouse gas emissions in EU 2010–2021. Data source [10].

The greenhouse gas emissions need to be reduced to avoid an irreversible and
severe climate crisis [5]. Fig. 1.2 shows that greenhouse gas emissions by the trans-
portation sector in the EU increased by 9% from 2010 to 2019 and had a dip in
2020 and 2021 due to Covid-19. The increase in greenhouse gas emissions has been
due to increased transportation volumes [6] and despite improved fuel efficiency of
vehicles [7, 8]. The transportation sector accounts for a large share of greenhouse
gas emissions. In the EU, the transportation sector accounted for 11 % of the total
greenhouse gas emissions in 2021, as shown in Fig. 1.3. In the US, the transportation
sector accounted for 27 % of the total greenhouse gas emissions in 2020 [9].

Road transportation is a popular mode of freight transportation due to the
flexibility in scheduling and the feasibility of providing door-to-door services. Fig.
1.4 shows that over 75 % of tonne-kilometers of freight in EU 2020 were carried
on roads, and the share of road transportation has slightly increased from 2011
to 2020. In Sweden, 65 % of the total tonne-kilometers of freight was carried on
roads in 2014 [11]. Due to the popularity of the road transportation mode, the total
greenhouse gas emissions from trucks are substantial. Trucks accounted for 5 % of
the greenhouse gas emissions in EU 2016 [12].

A plethora of solutions is needed to reduce the greenhouse gas emissions of
trucks to sustainable levels. Such solutions are discussed in [14], where, for example,
increasing the truck dimensions for heavier cargo, employing advanced management
systems for improved traffic flow, and utilizing alternative fuels are brought up. The



4 Introduction

14%
1%

21%

21% 4%

2%

7%

11%

20%

Agriculture, forestry

and fishing

Mining and 

quarrying

Manufacturing

Electricity, gas, steam

and air conditioning supply
Water supply, sewerage, 

and remediation activities

Construction

Other services 

Transportation

and storage

Households

Figure 1.3: Greenhouse gas emissions by sector in EU 2021. Data source [10].

2011 2012 2013 2014 2015 2016 2017 2018 2019 2020

Year

0

10

20

30

40

50

60

70

80

90

100

M
od

al
 s

ha
re

 [%
]

Road
Rail
Water

Figure 1.4: Modal split of freight transportation in EU 2011–2020. Data source [13].



1.2. Hub-based platoon coordination 5

electrification of road transport has taken great leaps lately, and its implications for
greenhouse gas emissions were investigated in [15, 16]. Platooning is one promising
solution to reduce the greenhouse gas emissions of trucks. The field experiment in
[17] showed that platooning can reduce the fuel consumption by 13% when the
distances between trucks are 10–20 meters.

Truck platooning can reduce the operational cost of trucks, whose main contrib-
utors are driver wages and fuel expenses. These two contributors stand for around
one-third of the operational cost each [18, 19, 20]. In an early automation level
of truck platooning, both the lead and follower trucks are maneuvered by human
drivers, and the operational cost is reduced thanks to the reduced fuel consump-
tion. There is no consensus on whether this leads to a viable business case [21, 22].
However, the follower trucks are fully automated and may even be unmanned at
higher automation levels. Then platooning can reduce the cost of drivers and pro-
vide a solution to the driver shortage, significantly strengthening the business case
of platooning [23].

1.2 Hub-based platoon coordination

Platooning requires coordination of trucks at different levels. First, trucks need co-
ordination within platoons to drive safely and efficiently with small inter-vehicular
distances. Second, coordination is needed at a higher level for trucks to form pla-
toons, considering dissimilarities in routes and schedules. High-level platoon coor-
dination includes deciding which trucks will form platoons and how platoons will
form. This thesis considers high-level platoon coordination when trucks can stop
and wait for others at hubs, which can be, for example, resting areas, gas stations,
and freight terminals. The platoon coordination then includes synchronizing the
departure times at hubs.

A conceptual example of platoon formation at a hub is shown in Fig. 1.5. Trucks
at the hub decide whether to leave or wait for more trucks to arrive. Three time
instances are highlighted in Fig. 1.5. In the first time instance, the blue truck is
located at the hub and waits for others to arrive, while the green and red trucks
are driving towards the hub. In the second time instance, the blue and the green
truck form a platoon at the hub and depart immediately without waiting for the
red truck. In the third time instance, the blue and the green truck drive on the
road in the form of a platoon, while the red truck is located at the hub and waits
for other trucks to arrive.

Efficient high-level coordination solutions are essential to fully exploit the bene-
fits of platooning on a system level. Fig. 1.6 shows a simulation of the CO2 reduction
in the Swedish road network when the coordination solution that will be presented
in Chapter 4 is used. In the simulation setup, the trucks have different routes, start
their journeys within two hours, and follower trucks produce 10% less CO2 emissions
than lead and alone-driving trucks. Fig. 1.6 shows that platooning can potentially
reduce the CO2 emissions of 3000 trucks by 6%. Approximately 3000 trucks with a
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(a) 10:00 The blue truck is located at the hub and waits for others to arrive. The green
and red trucks are driving towards the hub.

(b) 10:15 The blue and green trucks decide to depart immediately from the hub in the
form of a platoon. The red truck is driving towards the hub.

(c) 10:25 The green and the blue trucks drive in a platoon formation on the road. The
red truck arrives at the hub and waits for others to arrive, and the purple truck drives
towards the hub.

Figure 1.5: Platoons form at a hub along the road, and trucks at the hub decide
whether to wait for others or depart immediately. Three time instances are high-
lighted in (a), (b), and (c).
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of trucks. The Swedish road network is shown to the right.

destination in another county or municipality start their journeys every two hours
in Sweden [11]. Fig. 1.6 also shows that the reduction of CO2 emissions increases
as the number of coordinated trucks increases. This stresses the importance of con-
necting as many trucks as possible to achieve substantial system-level benefits of
platooning as well as benefits for the truck operators.

1.3 Problem formulation

In this section, we formulate two simplified base problems that lay the foundation
of the coordination problems that will be developed further in this thesis. The first
base problem is the coordination of trucks with individual objectives and different
routes in a network of hubs. The objective of each truck is to maximize its profit
from platooning by deciding its waiting times at hubs along its route. The second
base problem is to optimally release trucks at a hub when the trucks randomly
arrive at the hub, and a priori knowledge about the arrivals is inaccessible. The
objective is to maximize the total profit of platooning at the hub by deciding how
many trucks to release. Last, the key research aims of this thesis are stated.

Coordination of trucks with individual objectives in a network of hubs

Consider trucks enumerated from 1 to N that can stop and wait at hubs along
their fixed routes to form platoons, as illustrated in Fig. 1.7. The roads on the
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Figure 1.7: A network of hubs where trucks can wait to form platoons.

route of truck i are enumerated 1 to P i, and each road connects two hubs. The
travel time between hub k and hub k` 1 of truck i is denoted τ ik. The waiting and
departure time of truck i at its kth hub are denoted wik and tik, respectively. The
collection of waiting times along the route of truck i is denoted wi “ pwi1, . . . , w

i
P iq

and the collection of waiting times of all other trucks is denoted w´i. In practice,
the waiting time of each truck can be decided by its driver, a computing device on
the truck, or a fleet management system.

The departure time from each hub of truck i is the arrival time plus the waiting
time. The departure times along the route of truck i are computed as

ti1 “ τ i0 ` w
i
1

ti2 “ ti1 ` τ
i
1 ` w

i
2

...

tiP i “ tiP i´1 ` τ
i
P i´1 ` w

i
P i ,

where τ i0 is the start time. Trucks departing simultaneously from a hub are assumed
to form a platoon. The platooning reward of truck i on its kth road thus depends on
its own and others’ waiting times and is denoted by Rikpw

i,w´iq. The reward for
platooning includes, for example, fuel savings or decreased workload of the drivers.
There is also a cost for waiting due to, for example, the risk of delayed freight or
paid overtime for drivers. The cost for waiting is denoted by Λipwiq.

We assume that each truck is interested in maximizing its own profit from
platooning. This is valid if trucks belong to different transportation companies or
carriers. The platoon coordination problem of truck i can be formulated as the
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optimization problem:

max
wi

P i
ÿ

k“1

Rikpw
i,w´iq ´ Λipwiq (1.1a)

s.t. wi PWi (1.1b)

ti1 “ τ i0 ` w
i
1 (1.1c)

ti2 “ ti1 ` τ
i
k ` w

i
2

...

tiP i “ tiP i´1 ` τ
i
P i´1 ` w

i
P i , (1.1d)

where (1.1a) is the objective, including the platooning rewards over the route and
the waiting cost. The constraint (1.1b) is the waiting time constraint capturing,
for example, delivery deadlines and rest time regulations. The constraints (1.1c) to
(1.1d) determine the departure times based on the waiting and travel times.

Since the trucks have individual but coupled objectives, they may behave strate-
gically when deciding their waiting times. Game theory will be used later in the
thesis to model strategic interaction. Moreover, we will consider both the case when
the travel times are deterministic and when they are stochastic. An alternative sce-
nario is when trucks belong to the same transportation company or have a common
objective. In that case, the trucks are coordinated to maximize the total profit of
all trucks. However, if trucks are coordinated to maximize the total profit of all
trucks, even though they have individual objectives, they may not follow or accept
the solution.

Platoon release problem under random arrivals

Consider a single hub, as in Fig. 1.5, when trucks do not announce that they will
arrive beforehand. This situation is realistic if transportation companies or carriers
are unwilling to share routes and schedules with others. The system is modeled as
a stochastic process, and the problem is to decide whether to release the trucks at
the hub as a platoon or wait for more trucks to arrive.

The system state is the number of trucks at the hub, and the decision is how
many trucks to release. The number of trucks located and released at the hub at
time step t are denoted by the stochastic variables Nt and Ut, respectively. These
are modeled as stochastic variables since they are not known a priori due to the
stochastic arrivals. The number of trucks that arrive at time step t is denoted by
the stochastic variable Xt. The realizations of Nt, Ut, and Xt are denoted nt, ut,
and xt, respectively. The system state evolves as

nt`1 “ nt ´ ut ` xt`1.

The reward for releasing ut out of nt trucks at time step t is denoted as Rpnt, utq,
which includes both the platooning reward of the released trucks and the waiting
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cost of the unreleased trucks. The problem is to find a release policy that maximizes
the reward over time and is formulated as

max
µ0,...,µT

E
”

T
ÿ

t“0

R
`

Nt, Ut
˘

ı

, (1.2)

where T is the time horizon, and µt is the release policy mapping the state to the
release decision at time step t. Later in the thesis, we will consider cases when the
arrivals are either independent or dependent over time. Dynamic programming will
be used to compute optimal release policies.

Key research aims

This thesis aims to study cross-carrier platoon cooperation and coordination. The
contributions in this thesis build on the base problems formulated above, and we
address the research aims through these. The key research aims of this thesis are:

• To develop coordination strategies for cross-carrier platooning. Car-
riers have different objectives and may not want to leave the control of their
trucks to a third-party coordinator. Coordination strategies are developed
where carriers cooperate in forming platoons but aim to maximize their own
profits from platooning. This differs from single-carrier platooning when car-
riers do not cooperate in forming cross-carrier platoons.

• To evaluate the importance of cross-carrier cooperation. The impor-
tance of cooperation across carriers is evaluated using the developed coordi-
nation strategies and comparing the archived profit and reduction in energy
consumption under cross- and single-carrier platooning.

• To develop and evaluate profit-sharing schemes for platooning. Profit-
sharing within platoons is essential for carriers to cooperate in forming pla-
toons due to the imbalanced benefits between platoon members. We propose
different profit-sharing schemes and compare their achieved profits and rate
of platooning.

• To develop coordination strategies under limited information shar-
ing. Carriers may want to keep schedule and route information private. For
such situations, we develop strategies to decide whether to release trucks at
hubs as platoons or wait for more trucks to arrive based on statistical esti-
mations of truck arrivals.

• To develop coordination strategies under uncertain travel times.
In practice, the travel times of trucks are uncertain, especially during peak
periods. Coordination strategies are developed to counter uncertain travel
times.
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1.4 Outline and contributions

The outline of the remaining chapters is provided, and the content of each chapter
is summarized.

Chapter 2: Background

The background of this thesis is provided in this chapter. We position truck platoon
coordination within the research field of intelligent transportation systems (ITS).
Then, the benefits of truck platooning and its role in the development of fully
autonomous trucks are discussed. We then overview the literature on truck platoon
coordination and relate it to the contributions of this thesis.

Chapter 3: Cross-carrier system

This chapter presents a system where carriers cooperate in forming platoons. We
start by describing the layered structure of the platooning system. The highest lay-
ers include high-level platoon coordination and other supportive services, and the
lowest layer includes low-level control of trucks. We then describe the functional ar-
chitecture of the cross-carrier system in which carriers cooperate in forming platoons
through a platoon-hailing service. After that, a cross-carrier platoon coordination
approach is presented in which each carrier optimizes its platooning plans according
to the predicted plans of other carriers. Finally, a simulation study over the Swedish
road network is performed to evaluate the potential of platooning under realistic
conditions. This chapter is based on the following publication:

• Alexander Johansson, Ting Bai, Karl H. Johansson and Jonas Mårtensson.
Platoon Cooperation Across Carriers: From System Architecture to Coordi-
nation. Under review for IEEE Intelligent Transportation Systems Magazine,
2022.

Chapter 4: Game-theoretic coordination

This chapter studies the platoon coordination problem in a network of hubs when
each truck aims to maximize its profit, including a benefit from platooning and the
cost of waiting at hubs. The strategic interaction among trucks is modeled using a
non-cooperative platoon coordination game. We show that the platoon coordination
game is a potential game when the travel times are either deterministic or stochastic,
and the trucks decide on their waiting times at the beginning of their journeys.
We also propose two feedback-based solutions for the coordination problem when
the travel times are stochastic, and trucks are allowed to update their waiting
times along their routes. The solutions are evaluated in a simulation study over the
Swedish transportation network. This chapter is based on the following publications:

• Alexander Johansson, Ehsan Nekouei, Karl H. Johansson and Jonas Mårtens-
son. Multi-fleet platoon matching: A game-theoretic approach. In 21st IEEE
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International Conference on Intelligent Transportation Systems (ITSC 2018),
pages 2980–2985, November 2018.

• Alexander Johansson, Ehsan Nekouei, Karl H. Johansson and Jonas Mårtens-
son. Strategic hub-based platoon coordination under uncertain travel times.
IEEE Transactions on Intelligent Transportation Systems, 2021.

Chapter 5: Pareto-improving coordination

This chapter studies the platoon coordination problem in a network of hubs when
trucks belong to different carriers interested in increasing their profits by platoon-
ing. We develop a Pareto-improving coordination strategy guaranteeing that each
carrier is better off than without cooperation across carriers. The Pareto-improving
strategy is evaluated in a simulation study over the Swedish transportation net-
work, which shows that cross-carrier platooning improves carriers’ profits compared
with single-fleet platooning, especially the profits from smaller carriers. The Pareto-
improving strategy also shows strong competitiveness in terms of the system-wide
profit compared to a strategy aiming to maximize the total profit of all carriers
without guaranteeing that all carriers are better off by cross-carrier cooperation.
This chapter is based on the following publication:

• Alexander Johansson, Xiaotong Sun, Jonas Mårtensson and Yafeng Yin. Real-
Time Cross-Fleet Pareto-Improving Truck Platoon Coordination. In 23st IEEE
International Conference on Intelligent Transportation Systems, pages 996–
1003, 2021.

Chapter 6: Profit-sharing models

This chapter studies profit-sharing among trucks in platoons. We propose different
profit-sharing models designed for the platoon coordination problem at a single hub,
where each truck decides on its departure time and aims to maximize its profit. The
strategic interaction among trucks when coordinating for platooning is modeled by
game theory, and we formulate a non-cooperative platoon coordination game for
each profit-sharing model. In a simulation study, we compare the outcomes of the
games associated with different profit-sharing models. This chapter is based on the
following publication:

• Alexander Johansson and Jonas Mårtensson. Game theoretic models for profit-
sharing in multi-fleet platoons. In 22st IEEE International Conference on
Intelligent Transportation Systems (ITSC 2019), pages 3019–3024, October
2019.

Chapter 7: Platoon release problem in a hub-corridor

This chapter studies a system where multiple hubs located along a stretch of high-
way are available, and trucks arrive at the hubs randomly. Platoons formed at a hub
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can re-enter a subsequent hub, and these trucks can form platoons with other trucks
again. We focus on the decentralized case without communication between hubs.
The coordinators at hubs, who control the release times for platoons, base their re-
lease decisions on the statistical estimations of truck arrivals and aim to maximize
the reward, including a profit from platooning and a cost of waiting. The optimal-
ity of a threshold policy is shown either when the arrivals are independent or when
the preceding hub has independent arrivals and follows an optimal release policy.
These release policies can be used as approximate release policies when arrivals are
dependent. For comparison with the decentralized case, we also develop distributed
and centralized release policies, requiring information to be shared among hubs.
The release policies are evaluated in a simulation study over three hubs along a
highway in northern Sweden. This chapter is based on the following publications:

• Alexander Johansson, Xiaotong Sun, Ehsan Nekouei, Karl H. Johansson and
Jonas Mårtensson. Platoon formation in a hub-corridor: Optimal release poli-
cies and approximations. Submitted to IEEE Transactions on Intelligent Trans-
portation Systems, 2022.

Chapter 8: Platoon release problem as a stopping problem

This chapter considers the platoon release problem at a single hub in which trucks
arrive according to a stochastic arrival process with independent and identically
distributed arrivals. At each time step, a platoon coordinator decides whether to
release the trucks from the hub as a platoon or wait for more trucks to arrive. The
release time problem is modeled as a stopping time problem wherein the objective
is to maximize the average reward of the trucks located at the hub. We use optimal
stopping time theory to show that the one-step look-ahead rule is optimal and that
it is optimal to release trucks when the number of trucks exceeds a certain threshold.
The performance of the optimal release policy is evaluated in a simulation study.
This chapter is based on the following publications:

• Alexander Johansson, Valerio Turri, Ehsan Nekouei, Karl H. Johansson and
Jonas Mårtensson. Truck platoon formation at hubs: An optimal release time
rule. In 21st IFAC World congress (IFAC 2020), pages 15312–15318, July
2020.

Chapter 7: Conclusions and future work

The content of the thesis is summarized and future research directions are discussed
in this concluding chapter.



14 Introduction

Other peer-reviewed publications

The following publications are not covered in the thesis.

• Alexander Johansson, Jieqiang Wei, Henrik Sandberg, Karl H. Johansson and
Jie Chen. Optimization of the H8-norm of dynamic flow networks. In 2018
Annual American Control Conference (ACC), 2018, pp. 1280-1285.

• Ting Bai, Alexander Johansson, Karl H. Johansson and Jonas Mårtensson.
Event-triggered distributed model predictive control for platoon coordination
at hubs in a transport system. In 2021 60th IEEE Conference on Decision
and Control (CDC) (pp. 1198-1204). IEEE.

• Ting Bai, Alexander Johansson, Shaoyuan Li and Jonas Mårtensson. A pric-
ing rule for third-party platoon coordination service provider. IEEE Asian
Control Conference, 2022.

• Ting Bai, Alexander Johansson, Karl H. Johansson and Jonas Mårtensson.
Approximate dynamic programming for platoon coordination under hours-of-
service regulations. Accepted to 2022 61th IEEE Conference on Decision and
Control (CDC). IEEE.

Other non-peer-reviewed publications

• Jonas Axelsson, Torsten Berg, Alexander Johansson, Björn Mårdberg, Pontus
Svenson and Viktor Åkesson. (2020). Truck platooning business case analysis.
Deliverable WP7 of FFI project Sweden4Platooning.

• François Combes, El-Mehdi Aboulkacem, Ting Bai, Alexander Johansson,
Karl Henrik Johansson, Jonas Mårtensson, Robin Vermeulen, Michael Samsu
Koroma, Daniele Costa, and Maarten Messagie. (2022). Analysis of market
needs, business models and life-cycle environmental impacts of multi-brand
platooning. Deliverable D4.3 of H2020 project ENSEMBLE.



Chapter 2

Background

This chapter provides the necessary background for this thesis. Section 2.1 overviews
the research field of intelligent transportation systems (ITS), which aims to stream-
line the transportation system using modern automation, information, and commu-
nication technologies. Truck platooning is an emerging technology within the field
of ITS, and its benefits and role in the development of fully autonomous trucks are
discussed in Section 2.2. Section 2.3 overviews the literature on truck platoon coor-
dination, and we discuss how the contributions of this thesis relate to the literature.
A concluding summary of this chapter is given in Section 2.4.

2.1 Intelligent transportation systems

Modern civilization relies on the transportation of goods and people. Most peo-
ple are involved in the transportation system; as travelers and receivers of goods.
Transportation systems are complex due to their large scales, diversity of modes,
and complicated interactions among humans, vehicles, and infrastructure. The field
of intelligent transportation systems (ITS) integrates automation and communi-
cation technologies to improve transportation efficiency, safety, and sustainability.
The field of ITS has grown in recent years due to, on the one hand, the high de-
mand for sustainable and efficient transportation solutions and, on the other hand,
developments of enabling technologies, for example, cloud computing, 5G, and net-
worked control systems. Fig 2.1 shows the characterization in [24] of technologies
in the ITS field as supported by vehicle automation, vehicle connectivity, or other
technologies not explicitly relying on these two. Coordinated platooning systems,
the topic of this thesis, are characterized as automated and connected ITS since
they involve real-time multi-vehicle decision-making that requires automation and
connectivity for platoon driving, tracking, and communication. Other automated
and connected ITS are, for example, automated highway systems [25] and connected
rapid personal systems [26].

Advanced traffic management systems are part of ITS aiming to enhance driv-
ing conditions and counteract congestion by controlling the traffic flow using traffic

15
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Figure 2.1: Categorization of technologies in the field of ITS. Figure adapted
from [24].

information. The traffic information can be obtained from, for example, speed sen-
sors, road cameras, and vehicle GPS trajectories. Examples of advanced traffic
management systems are ramp metering and variable speed limits. Ramp metering
controls the traffic inflow at on-ramps and was studied in [27, 28, 29], and variable
speed limits controls the speeds and were studied in [30, 31, 32]. These systems do
not require on-board automation or vehicle communication. Other ITS technologies
without automation or communication are remote traffic monitoring [33], dynamic
message signs [34], incident detection and reporting [35], and smart parking [36].

Advanced fleet management systems are ITS aiming to automate and sup-
port the decision-making processes of fleet operators, such as real-time routing
and scheduling. Real-time decision-making of fleet operators is more important
now than ever because the importance of fast and cheap delivery has grown with
e-commerce [37, 38]. Advanced fleet management systems require vehicle connec-
tivity for tracking, diagnosis, and communication. The authors in [39, 40] studied
the problem of assigning drivers and trucks with dynamically arriving transporta-
tion missions. The authors in [41] studied the problem of routing a fleet of vehicles
through multiple customer depots. Coordinated platooning systems can be viewed
as integral to advanced fleet management systems.

2.2 Truck platooning

Truck platooning refers to the situation when trucks drive in formations with small
inter-vehicular distances, as shown in Fig. 2.2. The lead truck in a platoon refers to
the first driving truck, and the other trucks are referred to as the follower trucks.
Typically, advanced driving support systems handle the longitudinal maneuver-
ing of the follower trucks. In higher automation levels of platooning, longitudinal
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Figure 2.2: Multi-brand platooning demonstration in the ENSEMBLE project. Fig-
ures are screenshots from a video in [42].

and latitudinal maneuvering are autonomous, and follower trucks can even be un-
manned. We first discuss the benefits of truck platooning, and then discuss different
automation levels of truck platooning and their corresponding benefits. Last, a brief
overview of experimental research projects on truck platooning is provided.

2.2.1 Benefits

Environmental and commercial benefits drive the investments in truck platooning
technology. Most platooning benefits are consequences of the small inter-vehicular
distances or the automated driving. The main benefits of platooning are:

• reduced fuel consumption

• decreased workload of drivers

• improved traffic flow, road capacity, and safety.

Platooning reduces fuel consumption due to reduced air drag from small dis-
tances between trucks. The reduced fuel consumption leads to reduced green-
house gas production and operational costs. Reduced fuel consumption or air drag
was demonstrated in numerical studies in [43, 44] and by field experiments in



18 Background

[45, 46, 47, 17]. These studies reported fuel savings for the follower trucks of around
10%, and the studies also confirmed fuel savings for the lead truck of around 5%.

Platooning is a semi-automated driving technology that leaves some of the fol-
lower trucks’ maneuverings to an automated driving system. The automation can
potentially lighten the workload and cognitive stress of drivers. This was studied in
a driving simulator experiment in [48]. The driving support system in platooning
technology is similar to adaptive cruise control, for which an overview of its effect
on workload and situational awareness was given in [49]. When the platooning au-
tomation level increases further, the drivers in follower trucks may utilize their time
for other tasks, or follower trucks may even be unmanned. Then, platooning would
induce enormous savings for transportation companies.

Other benefits of truck platooning are increased road capacity, reduced conges-
tion, and safer driving. The road capacity is increased, and congestion is reduced
thanks to the small inter-vehicular distances, automation, and cooperative driving.
Driving safety is improved thanks to automation and cooperative driving. The sim-
ulations in [50, 51] demonstrated increased road capacity and driving safety. The
authors in [52] demonstrated increased road capacity and reduced travel times in a
simulation study of the South Korean transportation system.

2.2.2 Automation levels

Truck platooning is part of the development where the human driver is gradually
removed from the steering wheel. Truck platooning thus paves the way toward fully
autonomous trucks. Truck platooning is predicted in [23] to roll out in four waves
with increasing levels of automation, as shown in Fig. 2.3. In the first automation
level of truck platooning, all trucks are maneuvered by human drivers, and drivers
in follower trucks are supported by an advanced driving support system, similar
to adaptive cruise control. In the second level, the lead truck is maneuvered by a
human driver, and the follower trucks drive in the formation with full automation.
In the third level, all trucks in the platoon formation drive autonomously on some
roads, but on others, the lead truck must be maneuvered by a human driver. In
the fourth and final level, the lead and follower trucks drive with full automation
on all roads. The levels of truck platooning in [23] are consistent with the vehicle
automation levels in [53], which are shown in Fig. 2.4.

The benefits of platooning and, thus, the incentive to form platoons will change
with different automation levels, as shown in Fig. 2.3. In the first automation level
of truck platooning, where all trucks are human-driven, reduced fuel consumption is
the main incentive to form platoons. In the second and third levels of automation,
where the follower trucks are automated, the commercial benefits are enormous if
the drivers in the automated trucks can utilize their time for other tasks or if these
trucks can be unmanned. In the final automaton level, all platooning trucks drive
with full automation. By the time the final level of truck platooning is available,
trucks can drive with full automation even without platooning, and autonomy is,
therefore, not a platooning-specific benefit. Then, the incentives to form platoons
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are due to reduced fuel consumption, congestion, and improved driving safety. The
authors in [54] study the competitiveness of platooning as a freight transportation
mode under different automation levels of platooning. A simulation study of the
Italian transportation network showed that under the first level of truck platooning,
more than 25% of the total freight was transported by the platooning mode or partly
by the platooning mode. Under the second level of truck platooning, the share was
35%.

2.2.3 Overview of experimental research projects

Truck platooning has been studied and demonstrated by academic and industrial
actors in various research projects since the early 2000s. The first projects study-
ing truck platooning include PATH [45] in the United States, the Japanese ITS
project [55] and the European project CHAUFFEUR [56], and in the late-2000s,
the projects KONVOI [57], and SARTRE [58]. These projects focused on devel-
oping architectures and control schemes for safe and efficient platoon driving. In
the early 2010s, the projects COMPANION [59] and European Truck Platooning
Challenge [60] were launched. COMPANION broadened the platooning research by
including high-level coordination of platoon formation in its scope. The European
Truck Platooning Challenge project demonstrated platooning across borders, and
the truck manufacturers DAF, Daimler, IVECO, MAN, Scania, and Volvo sepa-
rately developed and demonstrated platooning functionalities.

The projects Sweden4Platooning [61] and ENSEMBLE [42] were launched in
the late 2010s. Sweden4Platooning demonstrated platooning with Volvo and Sca-
nia trucks and became the first to develop multi-brand platooning functionality,
i.e., platooning with trucks of different brands. In the ENSEMBLE project, multi-
brand functionality was jointly developed by the seven truck manufacturers DAF,
Daimler, IVECO, MAN, Scania, Volvo, and Renault. Besides demonstrating multi-
brand platooning, Sweden4Platooning and ENSEMBLE have studied coordination
for forming platoons, especially for trucks owned by competing carriers with self-
interests. The contributions in this thesis are developed under the projects Swe-
den4Platooning and ENSEMBLE.

2.3 Truck platoon coordination

Truck platoon coordination refers to the process of deciding which trucks will form
platoons and how platoons will form in the transportation system. Some trucks can
spontaneously form platoons with nearby trucks without coordination. However,
considering different schedules and routes of trucks, coordination can significantly
boost platooning opportunities. The literature on platoon coordination is reviewed
and classified as targeting either the case when platoons form on roads by adjusting
speeds or the case when platoons form at hubs by synchronizing departure times.
The two cases of platoon formation are illustrated in Fig. 2.5. We will also emphasize
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(a) Trucks speed up or slow down on the road to form platoons

(b) Trucks synchronize their departure times at a hub to form platoons

Figure 2.5: Platoon formation on a road (a) and at a hub (b)

whether the literature is suitable for single- or cross-carrier coordination. Extensive
reviews of platoon coordination approaches are given in [62, 63].

2.3.1 Formation on roads

Trucks can form platoons on roads without stopping at hubs by slightly slowing
down or speeding up, as illustrated in Fig. 2.5a. The main drawbacks of platoon
formation on roads are that speed limits may be violated, and surrounding traffic
may be disturbed by or disturb the formation phase. The experiments in [64] show
that even under light traffic, the catch-up distance is 10% longer than in the absence
of surrounding traffic. In the case of platoon formation on roads, the platoon co-
ordination tasks include deciding trucks’ speed profiles. When considering platoon
coordination of platoon formation on roads, there is typically a reward for forming
platoons and a cost for adjusting the speeds due, for example, to the risk of delays
or increased fuel consumption.

The authors in [64, 65, 66, 67] studied the coordination of a set of trucks with
fixed routes when platoons form on roads. These works aimed to maximize the
total profit of the considered trucks, which is realistic if the trucks have a common
objective or belong to the same carrier.

The fuel-optimal merging of two trucks on the road was considered by the au-
thors in [64]. Based on their method of evaluating whether it is fuel-optimal to
form two-truck platoons, the authors proposed a heuristic coordination algorithm
suitable for many trucks.

Platoon coordination in a road network with general topology was considered
in [65]. The authors formulated an integer linear program to minimize the total
fuel consumption of all trucks. The focus was platoon formation on roads, but the
formulated problem can also be viewed to cover platoon formation at hubs. The
authors showed that the optimization problem is NP-hard and proposed a heuristic
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solution to handle many trucks.
The authors in [66] considered platoon coordination of trucks driving in a road

network with general topology. A heuristic solution was proposed to solve the pla-
toon coordination problem. The solution is based on selecting a suitable set of lead
trucks and then optimally matching follower trucks to the lead trucks. The scala-
bility of the coordination solution was demonstrated in a simulation study over the
Swedish road network.

Platoon coordination of trucks of different types in a road network was con-
sidered in [67]. The problem was formulated as a multi-commodity flow problem
with binary decision variables, and approximations and heuristics were proposed to
handle large-scale instances of the problem.

The authors in [68] studied coordination at a road junction when trucks arrive
according to a stochastic process, and the objective is to maximize the total profit
over time. This is realistic if, for example, carriers allow cross-carrier platoons but
are unwilling to share routes and schedules with others. Under the assumption of
independent and identically distributed arrivals, the authors show that it is optimal
for a truck to catch up with a platoon if their predicted arrival times at the road
junction differ less than a certain threshold.

2.3.2 Formation at hubs

Trucks can form platoons at hubs along roads where they can wait for other trucks,
as illustrated in Fig. 2.5b. A group of trucks departing from a hub and entering the
road forms a platoon. In today’s transportation infrastructure, many locations could
function as platoon formation hubs, for example, freight terminals, gas stations,
parking areas, tolling stations, and harbors. The rest periods of drivers are strictly
regulated, and long-distance drivers are forced to rest along their journeys [69].
Resting areas are ideal hub locations since the drivers can rest while waiting for
other trucks to form platoons. Regarding hub-based platoon formation, the platoon
coordination tasks include deciding trucks’ waiting or departure times at hubs.
Typically, there is a reward platooning and a cost for waiting at hubs due to, for
example, the risk of delayed delivery or overtime payment to drivers.

The authors in [70, 71, 72, 73, 74, 75] studied the coordination of a set of trucks
when platoons form at hubs. These works aim to maximize the total profit of the
considered trucks and are therefore suitable for trucks with the same objective or
from the same carrier.

The authors in [71] considered platoon coordination of two trucks that can form
a platoon at a hub, and their arrival times at the hub are uncertain due to stochastic
travel times. The authors showed that it is optimal to form the two-truck platoon
if the predicted arrival times differ less than some threshold.

Platoon coordination of trucks with identical routes between a hub and a des-
tination was studied in [72]. The departure times of trucks are adjusted to form
platoons. The authors formulated the platoon coordination problem as a mixed-
integer program. The problem was shown through graph theory to be solvable in
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polynomial time under different assumptions on the platooning reward function.
The solution was used to study the profitability of platooning and the effect of
platoon length and waiting time limitations.

Platoon coordination at a hub when trucks have different destinations in a
road network was studied in [73]. The authors formulated a mixed-integer linear
program to maximize the total profit of all trucks. The solution was used in a
simulation study with realistic transportation demands to demonstrate the prof-
itability of forming platoons under different assumptions of the platooning benefit
and departure time windows.

The authors in [70, 74] studied meta-heuristic solutions for platoon coordination.
Genetic programming and ant-colony based optimization were explored in [70] and
[74], respectively.

The authors [75] considered coordinating the departure times of electric trucks at
hubs along a stretch of road, and trucks can charge at hubs while waiting for others
to form platoons. The incentive to form platoons then extends to time savings since
the driving ranges of follower trucks are increased due to lower energy consumption.
The problem was formulated as a mixed integer optimization problem and solved
by a heuristic method.

When trucks belong to different carriers allowing their trucks to form cross-
carrier platoons, it is valid to assume that trucks have different objectives. Trucks
with different objectives may not be willing to follow coordination solutions that
maximize the total profit of all trucks. The authors in [76, 77, 78] studied hub-based
coordination of a set of trucks when each truck or carrier is interested in optimizing
its profit.

The authors in [76] studied a scenario where cars and trucks with a common
stretch of road decide their departure times from a hub to maximize their utility
functions. The utility function of each truck includes a reward for platooning, a
cost of deviating from its default departure time, and a congestion cost. The utility
function of each car only includes the cost of deviating from its default departure
time and a cost of congestion. The strategic interaction among vehicles was studied
in a non-cooperative game, and pure Nash equilibrium was considered the solution
concept. The truck platoon coordination solution in [76] is limited to one-edge road
networks, where trucks have the same origin hub and the travel times are deter-
ministic. In Chapter 4 of this thesis, we will formulate a non-cooperative platoon
coordination game for trucks with individual objectives and arbitrary routes in a
road network with general topology and stochastic travel times.

Platoon coordination of trucks of different types that can platoon on a single
road segment was considered in [77]. A group of trucks having the same speed was
assumed to form a platoon. Each truck has an individual utility function, including
a reward for platooning and a cost for deviating from its default speed. The authors
proposed a solution to maximize the total profit of all trucks and a profit-sharing
mechanism such that trucks have no incentive not to accept the optimal solution
in a coalition game framework. In Chapter 6 of this thesis, we propose different
schemes to share the platooning profit within platoons and model the strategic
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interaction in a non-cooperative game framework. The main advantage of a non-
cooperative framework is that each truck can individually seek its platoon formation
to maximize its profit from platooning. In contrast, in a coalition game framework,
the decision-making of trucks needs to be handled by a third-party coordinator. The
main drawback of a non-cooperative framework is that the system-optimal solution
is generally not a Nash equilibrium.

The authors in [78] explored the potential of platooning as a transfer mode
between two ports when trucks are allowed to drive with full automation at ports
but not on the road in between the ports. The problem is scheduling the departure
times from the origin port, and trucks are assumed to belong to different carriers
that employ a set of trucks each. The strategic interaction among carriers is mod-
eled as a Stackelberg game. In Chapter 3 and Chapter 5 of this thesis, we also
consider the coordination of trucks that belong to different carriers that employ
a set of trucks each. However, in contrast to the work in [78], we consider trucks
with arbitrary routes in a network of hubs, making the Stackelberg game approach
computationally intractable. Instead, in Chapter 3, the trucks decide their waiting
times at hubs in a decoupled manner based on predictions of others’ decisions, and
each truck aims to maximize its carrier’s profit. Furthermore, in Chapter 5, we
develop a Pareto-improving solution that guarantees that each carrier is better off
cooperating with others than in a single-carrier solution.

The author in [79] studied the platoon release problem at a hub where trucks
arrive according to a stochastic process, which is realistic if routes and schedules
are not shared. The authors showed that releasing trucks from the hub is optimal
over time when the number of trucks exceeds a threshold under independent and
identically distributed arrivals. In Chapter 7 and Chapter 8 in this thesis, we study
similar platoon release problems. However, in Chapter 7, we study optimal release
policies when arrivals are dependent over time due to coordination at preceding
hubs in the system, in difference to the work in [79]. In Chapter 8, the objective is
to maximize the profit of the trucks currently at the hub, which is valid if trucks
are only willing to wait for others if they increase their own profits. This is different
from [79] and Chapter 7, where the objective is to maximize the profit over time.
The optimality of a release time policy in Chapter 8 is shown through stopping
time theory by assuming independent and identically distributed arrivals.

2.4 Concluding summary

In this chapter, we outlined the necessary background for the remaining thesis.
We started by introducing the research field of ITS, which aims to develop and
study effective and sustainable transportation solutions by utilizing automation,
communication, and information technologies. Truck platooning was presented as an
innovation that can reduce the fuel consumption and the operational costs of trucks,
and we described how the platooning benefits change with different automation
levels. In particular, the operational costs of trucks will significantly drop when



2.4. Concluding summary 25

follower trucks are fully automated. The literature on truck platoon coordination
was then overviewed, and the contributions of this thesis were positioned to existing
literature. This thesis will study the coordination of platoon formation at hubs,
especially when each truck or carrier has its own profit to optimize. In that case,
system-optimal solutions where the total profit of all trucks is maximized may
not be followed or accepted by individual trucks or carriers. This thesis will also
study cases when trucks arrive at hubs according to a stochastic process, and the
coordination is based on statistical estimations of arrivals at hubs. This is realistic
when carriers are unwilling to share routes and schedules with others.





Chapter 3

Cross-carrier system

This chapter focuses on platoon cooperation and coordination across carriers. Co-
operation across carriers is essential for the viability of platooning; otherwise, many
platooning opportunities are lost. This is challenging because carriers have differ-
ent objectives, want to keep their routes and time schedules private, and are often
unwilling to leave control of their trucks to a third-party coordinator. The main
contribution of this chapter is a cross-carrier platooning system addressing the chal-
lenges above. We first present the layered structure of the platooning system and
the functional architecture of a platoon-hailing service through which carriers co-
operate in forming platoons. Then, we present a cross-carrier platoon coordination
approach in which each carrier optimizes its platooning plans based on informa-
tion provided by the platoon-hailing service. A profit-sharing mechanism to even
out the platooning profit in each platoon is embedded in the platoon coordination
approach. Finally, a simulation study over the Swedish road network is performed
to evaluate the potential of platooning under realistic conditions. The simulation
study shows that proposed coordination approach can yield a reduction in energy
consumption of trucks in Sweden by 5.4% and that cooperation across carriers is
essential to achieve significant platooning benefits.

This chapter is organized as follows. Section 3.1 presents the layered structure
of the platooning system, the functional architecture of a platoon-hailing service,
and the decision-making procedure for forming platoons. The system is described
mathematically, and the cross-carrier platoon coordination approach is given in
Section 3.2. Results from a simulation study over the Swedish road network are
presented in Section 3.3, and the chapter is concluded in Section 3.4.

3.1 Layered structure and functional architecture

The layered structure of the platooning system and the functional system architec-
ture of the platoon-hailing service, through which carriers can cooperate in forming
platoons, are presented. Finally, we describe the decision-making procedure for
forming platoons triggered when a truck arrives at a hub.

27
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3.1.1 Layered structure of the platooning system

The platooning system consists of layers needed to integrate platooning technology
into today’s transportation system, form platoons seamlessly, and maintain safe and
efficient platoon driving. The layered structure shown in Fig. 3.1 was developed in
the ENSEMBLE project and shows the primary function of each layer. The layers
are the service, strategical, tactical, and operational layers, where the former two
layers are off-board systems and the latter two layers are on-board systems.

The tactical and operational layers are needed for safe and efficient platoon
driving. The tactical layer includes the in-platoon coordination to maintain pla-
toon cohesion and perform safe maneuvers, such as opening up inter-vehicular gaps
when trucks join or leave platoons. The outputs from the tactical layer are refer-
ence accelerations, speeds, and inter-vehicular distances and are passed on to the
local controllers of trucks. The operational layer includes the local control of indi-
vidual trucks. Depending on the platooning technology, the local control includes
longitudinal and possible lateral control. Trucks in platoons communicate through
vehicle-to-vehicle communication.

The service and strategical layers are needed for trucks with different routes and
schedules to form platoons, integrate platooning into the transportation system, and
enable carrier cooperation. The strategical layer includes the high-level coordination
of platoons, and its primary function is to match trucks into platoons based on their
routes and mission constraints. The strategical layer also computes how platoons
will form, for example, by syncing departure times at hubs or adjusting speed
profiles on roads. The strategical and tactical layers communicate through vehicle-
to-everything communications.

The service layer includes services that provide the high-level platoon coordina-
tion in the strategical layer with inputs and constraints. For example, carrier ser-
vices provide the high-level coordination with routes and mission constraints used
to match trucks into platoons. Other services useful for high-level coordination are
data services, such as travel time and weather predictions, and authorities services,
providing traffic management inputs and platooning restrictions. The service layer
in Fig. 3.1 also includes a platoon-hailing service that stores platooning plans and
informs which platoons are feasible for trucks to join. The strategical and service
layers communicate through cellular communication, long-distance communication,
and cloud services.

3.1.2 Architecture of platoon-hailing service

We consider a platooning system where carriers enumerated 1 to F cooperate in
forming platoons, but each carrier keeps control of its truck fleet. Each carrier
employs a carrier-specific coordinator with access to routes and timing constraints
of the carrier’s trucks and aims to optimize their platooning plans. We refer to the
carrier-specific coordinator of carrier f as coordinator f .

Cooperation across carriers is enabled by a platoon-hailing service, which stores
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Figure 3.1: Layered structure of the platooning system
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Figure 3.2: Functional system architecture of platoon-hailing service

platooning plans of trucks and informs the carrier-specific coordinators which pla-
toons their trucks can join along their routes. The functional system architecture of
the platoon-hailing service is shown in Fig. 3.2. The input to coordinator f from car-
rier f ’s module is the routes and timing constraints of trucks from carrier f , and the
input from the platoon-hailing service is the platooning plans of other carriers that
are stored in the platooning plan database. Coordinator f uses this information to
optimize the platooning plans of carrier f ’s trucks. The optimized platooning plans
are then reported back to the platooning plan database for other carrier-specific
coordinators to use when making platooning decisions. We consider the case when
platoons form at hubs where trucks can wait for others, and a group of trucks forms
a platoon when they depart from a hub and enter the road simultaneously. Thus,
the platooning plans of trucks consist of departure times from hubs.

The decision-making procedure of the platooning system is illustrated in Fig. 3.3
and is triggered when a truck arrives at a hub. The carrier-specific coordinator of
the arrived truck then requests the platooning plans of other trucks along the
route of the arrived truck from the platoon-hailing service. The carrier-specific
coordinator decides which platoons the arrived truck will join based on the truck’s
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(a) (b)

(c) (d)

Figure 3.3: Decision-making procedure. (a) A truck arrives at a hub, and the
decision-making procedure is triggered. (b) The carrier-specific coordinator of the
truck receives the platooning plans of other trucks along its remaining route from
the platoon-hailing service. (c) The carrier-specific coordinator computes the op-
timal platoons to join for the truck and informs the platoon-hailing service about
the decision. (d) The truck departs with its platooning partners at the computed
departure time.

route, timing constraints, and platooning plans of others. The arrived truck will
depart at the decided departure time at the current hub, and the platoon-hailing
service is informed about the decided departure at the hubs of the arrived truck.

3.2 Cross-carrier coordination approach

We present the method used by each carrier-specific coordinator to compute the
platoons that one of its trucks will join when it triggers decision-making. We start
by giving necessary notations regarding trucks and carriers connected to the system
and information stored and shared by the platoon-hailing service. Then, we present
the model of how the departure times at hubs are controlled by the waiting times
at hubs, and we give the platooning reward function in which a profit-sharing
mechanism that evens out the platooning profit in each platoon is embedded. Last,
we present the optimization problem that each carrier-specific coordinator aims to
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solve when one of its trucks triggers decision-making.

3.2.1 Carriers and trucks connected to the system

Multiple carriers with truck fleets are connected to the platooning system. The
index set of trucks is N “ t1, . . . , Nu and the index set of trucks from carrier f is
Ff Ď N . Each truck belongs to precisely one of the carriers enumerated 1 to F , and
carrier f ’s coordinator is called coordinator f . The trucks have routes in a region
including a network of hubs and road segments connecting the hubs. The set of
hubs in the region is V, and the set of road segments is E , where each road segment
is directed and connects two hubs. The route of each truck i P N is a sequence of
road segments and is denoted Pi Ď E . The kth road segment on the route of truck
i is eik P Pi. The predicted time of truck i to depart from a hub and enter road
segment eik is t̂ik.

3.2.2 Information shared by the platoon-hailing service

The platoon-hailing service stores platooning plans in the form of predicted depar-
ture times at hubs of trucks connected to the service. For each road segment in the
region over which the platoon-hailing service operates, the platoon-hailing service
stores the predicted departure times of trucks that will depart from a hub and enter
the road segment. The set of stored departure times at road segment e P E is De.
The elements of De are repeatedly updated when the carrier-specific coordinators
update the predicted departure times of trucks.

The platoon-hailing service shares platooning plans when decision-making is
triggered, as illustrated in Fig. 3.3. Assume truck i from carrier f , that is, i P Ff ,
arrives at its kth hub. Then, coordinator f receives the predicted departure times
of other trucks at the hubs along the remaining route of truck i, that is, the road
segments eik, . . . , e

i
|Pi|

. The predicted departure times of others are given in the form
of the functions Nf

l ptq and N
´f
l ptq, for l “ k, . . . , |Pi|. The function Nf

l ptq is the
number of trucks from carrier f predicted to enter road segment eil at time t and
the function N´fl ptq is the number of trucks from other carriers that are predicted
to enter road segment eil at time t. The functions Nf

l ptq and N
´f
l ptq are obtained

by the platoon-hailing service by De for e “ eil.

3.2.3 Waiting and departure times

A platoon is formed when a group of trucks depart from a hub and enter a road
segment simultaneously. Thus, the platoons a truck will join are determined by its
departure times at the hubs along its route, which is controlled by its waiting times.
Assume truck i P Ff arrives at its kth hub, then its waiting times at the remaining
hubs are wik, . . . , w

i
|Pi|

and the departure times are tik, . . . , t
i
|Pi|

. Moreover, assume
the arrival time at the kth hub is τ‹, then the departure time at the kth hub is
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computed as tik “ wik` τ
‹ and the departure times at the other hubs are computed

as
til`1 “ wil`1 ` t

i
l ` τ

i
l ,

for l “ k, . . . , |Pi| ´ 1, and where τ il is the travel time on the lth road segment.
The trucks are constrained to arrive at their destination before a deadline. The

deadline of truck i is t̄i, and, therefore, we require ti
|Pi|
` τ i

|Pi|
ď t̄i. We also assume

a cost for waiting due, for example, overtime for drivers or risk of being delayed.
The cost of waiting for truck i at its lth hub is Λlpw

i
kq.

3.2.4 Platooning reward and profit-sharing

The platooning benefit differs between platoon members and is typically higher for
the follower trucks than for the lead truck; for example, if the reduced energy con-
sumption or reduced workload are considered platooning benefits. Profit-sharing is
therefore needed for different carriers to cooperate in forming platoons. We propose
a simple profit-sharing mechanism where compensations even out the platooning
profits. This profit-sharing mechanism falls into the class of proportional profit-
sharing methods discussed in [80].

The total platooning profit of a platoon in our model is a function of the num-
ber of platoon members. This is accurate if the platooning benefit only depends
on the platoon member count and is independent of the platoon members’ types,
brands, freight, and other individual characteristics. The platooning benefit at a
road segment with index k of a truck driving in a platoon at position j in a platoon
of n members, counted from the lead truck to the last truck, is denoted as bkpn, jq.
The total platooning benefit of the platoon is

bkpnq “
n
ÿ

i“1

bkpn, jq,

and typically, bkpnq “ 0 for n ă 2 and bkpnq ě 0 otherwise.
The average platooning benefit in the platoon is b̄kpnq “ bkpnq{n, for n ą 0,

which is the profit of each truck; after that, the profit is evened out by compen-
sations. The compensation that the truck at position j either sends or receives is
ckpn, jq and is positive if the truck receives compensation and is otherwise negative.
To be more explicit, the compensation ckpn, jq is computed by

b̄kpnq “ bkpn, jq ` ckpn, jq ùñ ckpn, jq “ b̄kpnq ´ bkpn, jq.

Given this profit-sharing mechanism, the platooning profit for carrier f of a
platoon including nf trucks from carrier f and n´f trucks from other carriers is

Rkpn
f , n´f q “ nf b̄kpn

f ` n´f q, (3.1)

for nf ` n´f ą 0, and Rkp0, 0q “ 0. The incremental profit of carrier f if one more
truck from carrier f is joining the platoon is

∆Rkpn
f , n´f q “ Rkpn

f ` 1, n´f q ´Rkpn
f , n´f q,
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and by using (3.1), we have

∆Rkpn
f , n´f q “ pnf ` 1qb̄kpn

f ` 1` n´f q ´ nf b̄kpn
f ` n´f q.

In the simulation study later, the platooning reward includes the monetary savings
due to reduced energy consumption. Additionally, our platooning reward model can
capture other platooning benefits, such as reduced workload of drivers.

3.2.5 Optimization problem

We formulate the optimization problem where a carrier-specific coordinator maxi-
mizes the incremental profit by deciding which platoons one of its trucks will join
along its route under the premise that the profit of each platoon is shared equally.
The compensations will not explicitly be part of the optimization problem as the
objective function captures the average profit of platoon members. In practice, the
average profit can be achieved by the compensations after platoons are formed.

Assume truck i P Ff arrives at its kth hub at time t‹. Then, coordinator f
computes the optimal waiting and departure times at the hubs along the remaining
route of truck i, which includes its road segments indexed k to |Pi|. The optimiza-
tion problem of coordinator f is

max
wi

l , l“k,...,|Pi|

|Pi|
ÿ

l“k

∆RlpS
f
k , S

´f
k q ´ Λlpw

i
lq (3.2a)

s.t. tik “ t‹ ` wik, (3.2b)

til`1 “ wil`1 ` t
i
l ` τ

i
l , l “ k, . . . , |Pi| ´ 1 (3.2c)

ti|Pi|
` τ i|Pi|

ď t̄i (3.2d)

wil ě 0, l “ k, . . . , |Pi| (3.2e)

Sfl “ Nf
l pt

i
lq, l “ k, . . . , |Pi| (3.2f)

S´fl “ N´fl ptilq l “ k, . . . , |Pi|. (3.2g)

The objective function in (3.2a) includes the incremental platooning profit and
waiting cost over the remaining route of truck i. The constraints (3.2b) and (3.2c)
determine how the departure times at hubs are affected by the waiting times at
hubs. The constraint (3.2d) restricts the arrival time at the destination to be before
the deadline. The constraint (3.2e) restricts the waiting times to be positive. The
constraints (3.2f) and (3.2g) determine the number of trucks that truck i is predicted
to platoon with over its remaining route from its carrier f and of other carriers,
respectively. Note that the platooning partners are determined by the departure
times from hubs. The functions Nf

l ptq and N
´f
l ptq, for l “ k, . . . , |Pi|, are obtained

from the platoon-hailing service.
The optimal waiting times is denoted ŵil , for l “ k, . . . , |Pi|, and the correspond-

ing departure times is denoted t̂il, for l “ k, . . . , |Pi|. Truck i will depart from its kth
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hub at time t̂ik, and the departure times at the other hubs in its route are updated
once it arrives at its next hub. The computed departure times are communicated to
the platoon-hailing service and used as predicted departure times by others when
they make platooning decisions. The optimization problem in (3.2) can be solved
by dynamic programming. A comprehensive review of dynamic programming was
given in [81].

3.3 Simulation study

We investigate the potential of cross-carrier platooning and study platooning pat-
terns in the Swedish road network. The setup of the simulation study is first pro-
vided, then the results.

3.3.1 Setup

The Swedish road network with 105 hubs, at which trucks can wait and form pla-
toons, is shown in Fig. 3.4. The hub locations are obtained from actual road termi-
nals in the Swedish national freight model, SAMGODS [82]. The roads between hubs
and their travel times are obtained from the open source routing service Openroute-
service [83] that builds on the open source mapping service OpenStreetMap [84].
The SAMGODS model also gives the truck count per year of the origin-destination
pairs based on data on where goods are produced and consumed and prices for
using different modes of transportation. We generate the distribution of origin-
destination pairs based on their normalized frequencies, which is used to randomize
the origin-destination pair of each truck. In Fig. 3.4, the width of each road indi-
cates the average number of trucks traveling on the road per hour in both directions.
We compute the average number of trucks traveling on each road per hour from
the truck count per year of the origin-destination pairs from SAMGODS and the
routing between hubs from Openrouteservice.

The trucks in the simulation study start their trips within one hour and the
starting time of each truck is uniformly randomized within the one-hour period.
The platooning system is evaluated for 1,000 trucks, 3,000 trucks, and 5,000 trucks,
which corresponds to 20%, 60%, and 100% of all trucks starting their trips in average
in Sweden during one hour, respectively [85].

The trucks belong to different carriers, and Fig. 3.5 shows the percentage of
trucks that belongs to carriers of different sizes. The carrier-size distribution in
Fig. 3.5 is obtained from the data in [86], which gives the distribution of the number
of employees of transportation companies in Sweden. We generate the carrier size
distribution by assuming the number of trucks of a carrier is proportional to its
number of employees.

The monetary savings from the reduced energy consumption is considered the
platooning benefit in the simulation. The energy consumption of each follower truck
is assumed to be reduced by 10% and the energy price per kilometer of other trucks
is SEK7.2, which is realistic if considering diesel trucks. Moreover, we assume that
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Figure 3.4: The Swedish road network and the number of trucks traveling between
hubs per hour. The hub locations and the number of trucks traveling between hubs
is obtained from the SAMGODS model.

Figure 3.5: Percentage of trucks that belong to carriers of different sizes
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the waiting cost per hour is SEK260, which is approximately the average hourly
cost of drivers in Sweden [11]. We assume that each truck is allowed to increase its
trip time by 10% due to waiting.

3.3.2 Evaluation of the platooning system

The platooning system is evaluated in terms of reduced energy consumption, total
profit, including saved energy expenses and increased waiting cost, and the trip
delay caused by waiting at hubs to form platoons.

Fig. 3.6 shows the reduced energy consumption on the roads in the Swedish
road network for 1,000 trucks, 3,000 trucks, and 5,000 trucks connected to the
cross-carrier platooning system. The reduced energy consumption on each road is
aggregated in both directions. Fig. 3.6 shows that more roads generally have a
high energy consumption reduction when more trucks are connected to the system.
On a few roads, the percental energy reduction is decreased when the number of
trucks is increased. This is possible if, by chance, the additional trucks drive alone,
decreasing the percental energy reduction due to platooning. We see from Fig. 3.4
and Fig. 3.6 that roads where many trucks travel generally have a higher reduction
in energy consumption. This is because the number of platooning opportunities
increases with the number of trucks.

Fig. 3.7 shows the total reduced energy consumption in the Swedish road net-
work due to platooning, the total profit, and the average trip delay per truck due
to waiting. These measures are evaluated for 1,000 trucks, 3,000 trucks, and 5,000
trucks. The cross-carrier platooning system is compared to a single-carrier platoon-
ing system where each truck is only allowed to form platoons with trucks from the
same carrier.

Fig. 3.7a and Fig. 3.7b show that the energy consumption is decreased and
the total profit due to platooning is increased with more trucks connected to the
system, which is in line with the patterns seen in Fig. 3.6. These figures show that
cross-carrier platooning can achieve significant environmental benefits and that the
monetary benefit of platooning in the simulation study is relatively low compared to
the operational cost of trucks. However, if considering other profits than monetary
savings due to reduced energy consumption or if considering the accumulated profit
over time, the platooning profits can still be substantial. Fig. 3.7a and Fig. 3.7b
also show that cooperation across carriers is essential to achieve significant benefits
from platooning. This is due to the carrier-size distribution in Fig. 3.5, which shows
that many trucks belong to carriers with few trucks in their fleets, causing a massive
loss in platooning opportunities when cross-carrier platooning is not allowed.

Fig 3.7c shows that the average waiting time per truck is small compared to
their total travel times; trucks only need to delay their trip times by a few percent.
This indicates that platoons can form relatively seamlessly without considerable
trip delays.
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Figure 3.6: The reduction in energy consumption on the road segments in the
Swedish road network when (a) 1,000 trucks, (b) 3,000 trucks, and (c) 5,000 trucks
participate in the platooning system.
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(a) Reduced energy consumption

(b) Total profit

(c) Average trip delay

Figure 3.7: The reduced energy consumption in the Swedish road network (a), the
total profit due to platooning (b), the average trip delay per truck due to waiting
(c) when 1,000 trucks, 3,000 trucks, and 5,000 trucks participate in the platooning
system.
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3.4 Discussion

This chapter presented a platooning system where carriers cooperate in forming
platoons. We proposed a cross-carrier platooning system architecture where the
carriers keep control of their trucks but cooperate through a platoon-hailing service.
The function of the platoon-hailing service is to inform each carrier about the
feasible platooning options for its trucks, and each carrier decides which platoons
its trucks will join. We also presented a coordination approach that each carrier
uses when computing the platooning decisions for its trucks based in information
from the platoon-hailing service.

The cross-fleet platooning system was evaluated in a simulation study. The sim-
ulations showed substantial energy savings in Sweden due to platooning for a suf-
ficiently high penetration rate of platooning technology. More precisely, the energy
consumption was reduced by 3.0%, 4.8%, and 5.4% for 1,000 trucks, 3,000 trucks,
and 5,000 trucks connected to the platooning system, respectively. This suggests
that energy savings thanks to platooning will increase over time as more trucks get
equipped with platooning technology. The simulations also showed significant en-
ergy savings on roads where many trucks travel, even for low penetrations rates of
platooning technology. We also compared the cross-carrier platooning system with
a system where trucks are only allowed to platoon with trucks from the same car-
rier. According to the simulation study, cross-fleet platoon cooperation is essential
to obtain significant savings from platooning.



Chapter 4

Game-theoretic coordination

Platoon cooperation across different transportation companies or fleets is crucial for
achieving substantial benefits from platooning in the transportation system, as was
shown in the previous section. Transportation companies are commercially driven
and therefore aim to maximize their profits. Thus, platoons will only form when it
is economically rational for everyone involved. In this chapter, we consider trucks
that decide on their waiting times at hubs along their fixed routes to maximize
their individual utilities from platooning, as illustrated in Fig. 4.1. The individual
utility functions include a platooning reward and a cost for waiting at hubs. The
main difference between this and the previous chapter is that here we study the
interaction among trucks in a game theoretic framework. First, we consider deter-
ministic travel times between hubs, and later we introduce stochastic travel times
to account for travel-time uncertainty. The strategic interaction among trucks when
deciding on their waiting times is modeled as a non-cooperative game. We consider
pure Nash equilibria as solutions to the coordination game and show that at least
one pure Nash equilibrium (NE) exists. When the travel times are deterministic,
the waiting times can be decided once and for all before the journeys begin. For the
case with stochastic travel times, we propose two feedback-based solutions where
the waiting times are updated throughout the journeys.

This chapter is structured as follows. The platoon coordination problem when
the travel times are deterministic is considered in Section 4.1. The decisions of
trucks, their departure times at hubs, and their utility functions are first introduced
in this section. Then, the deterministic platoon coordination game is formulated,
and we show that it admits at least one pure NE. The platoon coordination problem
when the travel times are stochastic is considered in Section 4.2. The notation
from the case with deterministic travel times is extended to include stochastic
travel times. Then, we formulate the stochastic platoon coordination game and
show that it admits at least one pure NE. The feedback-based solutions where
trucks can update their decisions along their journeys are provided in Section 4.3.
In Section 4.4, the proposed coordination solutions are evaluated in a simulation
study. A discussion regarding this chapter is provided in Section 4.5.

41
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Figure 4.1: Trucks have origins, destinations, and fixed routes in a transportation
network, and they decide on their waiting times at hubs (nodes) in their routes to
form platoons. Trucks that depart at a hub and enter a road (edge) at the same
time form a platoon.

4.1 Open-loop coordination under deterministic travel
times

In this section, we define the platoon coordination problem when the trucks’ travel
times are known a priori, and they decide their waiting times once and for all before
starting their journeys. This assumption is valid during off-peak hours when the
highways are not congested. First, the system model is presented, including the
graph representation of the road network, trucks’ waiting times at hubs, departure
times from the hubs, and their benefit from platooning. Then, a game that models
the platoon coordination is presented, and we show that it admits an NE.

4.1.1 Graph representation of transportation network

We consider a road network represented by a directed graph G “ pV, Eq. The nodes
V represent locations (hubs) where trucks can wait to platoon with others. The edges
E represent roads connecting hubs. Let τpe, tq P Z` denote the travel time on edge
e P E of trucks that enter e at time instance t P Z`. The trucks to be coordinated
are enumerated 1 to N , and the set of trucks is denoted N “ t1, . . . , Nu. Each
truck has a fixed route in the road network to traverse. An example of the route
of truck i is illustrated in Fig. 4.2. This figure illustrates the nodes, edges, and
travel times on the route of truck i as well as other factors of truck timing that
will be introduced later. The set of edges on the route of truck i is denoted Pi.
The kth edge and kth node on the route of truck i are denoted eik P E and vik P V,
respectively. The edge eik thus connects nodes vik and vik`1. The time instance when
truck i starts its journey (arrives at its first node vi1) is denoted τ i0 P Z`. With a
slight abuse of notation, we define τ to be the set containing both the travel times
τpe, tq, for all e P E and all t P Z`, and start times τ i0, for all i P N . In our setup,
time is discrete, and we assume that the time step length is small compared to the
travel times between hubs.
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Figure 4.2: The nodes and edges along the route of truck i, its waiting and travel
times, and its location as a function of time are illustrated in (a), (b), (c), respec-
tively. The location is a node or an edge. The start, waiting, travel, and departure
times are marked on the time axis.
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4.1.2 Waiting and departure times

The trucks decide to wait at nodes in order to form platoons with others. Fig. 4.2
shows an overview of various factors of truck timing, including waiting times, along
the route of truck i. The waiting time of truck i at the node vik (the kth node in its
route) is denoted wik P Z`. The waiting times of truck i at the nodes in its route is
denoted wi “ pwi1, . . . , w

i
|Pi|
q. The action space of truck i is denoted by Wi and

is assumed to be finite due to various restrictions such as mission deadlines or rest
period restrictions. The waiting times of all trucks are denoted by w, and by w´i
we denote the waiting times of all trucks except truck i.

The departure time of a truck at a node is determined by its arrival and its
waiting time at the node. Trucks’ departure times at nodes determine which trucks
that will form platoons. The departure time of truck i from the node vik is denoted
tik. The departure time of truck i at node vi1 (its first node) is

ti1 “ τ i0 ` w
i
1, (4.1)

where τ i0 is the time instance when truck i arrives to node vi1. The departure times
of truck i at the other nodes in its route are recursively calculated as

tik`1 “ wik`1 ` t
i
k ` τpe

i
k, t

i
kq, (4.2)

where τpeik, t
i
kq is the travel time on edge eik if it is entered at time instance tik.

Note that the departure times of trucks from nodes depend on the elements in τ
and w, that is, the travel times on edges, the start times of trucks, and their waiting
times at nodes. From (4.1) and (4.2), truck i can calculate its departure times from
all nodes in its route. The departure times are used next to indicate which trucks
form platoons, at which edges the platoons are formed, and when the platoons are
formed.

Remark 4.1. Recall that here we consider the time to be discrete. In the physical
world, this would correspond to that once a truck arrives at a hub, it can depart at
the end of the time period represented by the current time step or at the end of a
time period represented by a later time step.

4.1.3 Utility functions

The trucks aim to maximize their individual utility functions, including a reward
for platooning and a cost for waiting. The platooning reward of each truck depends
on which other trucks it forms platoons with along its route. We consider that
a group of trucks forms a platoon if they depart from a node and enter the same
edge simultaneously. Hence, the platoon formations depend on the departure times,
which depend on the waiting times. The set of trucks that enters edge e at time t
is denoted

C pe, t,w, τq “ ti P N |eik “ e, tik “ tu. (4.3)
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From (4.1) and (4.2), we see that C pe, t,w, τq depends on τ and w. The set
C pe, t,w, τq is important since it indicates the trucks that start platooning on edge
e at time t.

The platooning reward of a truck that traverses edge e in a platoon of n trucks is
denoted by Rpn, eq. In our model, the platooning reward only depends on the edge
and the number of trucks, so the platoon members get equal rewards for simplicity.
This assumption is valid if the platooning benefit is shared equally within each
platoon. The platooning benefit may be, for instance, the reduced fuel consumption
and workload of the drivers. The platooning reward on each edge may depend on its
length, road gradient profile, and other factors that impact the platooning benefit.

The reward of each truck in the platoon, which is formed at time instance t on
edge e is Rp|C pe, t,w, τq |, eq. Each truck’s utility function includes the platooning
reward and waiting cost along its route. The utility function of truck i is

U i
`

wi,w´i, τ
˘

“

|Pi
|

ÿ

k“1

R
`

|C
`

eik, t
i
k,w, τ

˘

|, eik
˘

´ Λipw
iq, (4.4)

where Λipw
iq denotes truck i’s cost of waiting at nodes. Note that the elements of

w consist of the elements of wi and w´i.

4.1.4 Deterministic platoon coordination game

We model the interaction among trucks by a non-cooperative game, where each
truck aims to maximize its utility function. The players of the game are the trucks
in the set N . The action of each truck i P N is its waiting times wi P Wi. The
action space of the game is W “ W1 ˆ ¨ ¨ ¨ ˆWN , where ˆ denotes the Cartesian
product. The platoon coordination game with deterministic travel times is defined
by the triplet Gd “

`

N ,W,Ud
˘

, where Ud “ tU ipwi,w´i, τqui. We consider a
pure NE as the solution concept of the game, which is a stable coordination solution
in the sense that no truck can increase the value of its utility function by changing
its waiting times while other trucks’ waiting times remain unchanged.

The theory of potential games is utilized and explored later to show the exis-
tence and computation of a pure NE. Potential games were defined, and their most
important properties were studied in [87]. Congestion games, which were introduced
in [88], fall under the class of potential games. In [89], and [90], multi-agent systems
were analyzed within the framework of potential games.

Existence of pure Nash equilibrium

Before stating our result on the existence of pure NE, we start by defining the
notions of pure NE and exact potential games. A pure NE of the game Gd is an
action profile 8w PW such that, for all i P N and all wi PWi, we have

U ip 8wi, 8w´i, τq ě U ipwi, 8w´i, τq. (4.5)
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The game Gd is an exact potential game if there exists a function Φ :W Ñ R such
that, for all i P N and all pwi, qwi

PWi and all w´i PW´i, we have

Φp pwi,w´i, τq ´ Φp qwi,w´i, τq “ Uip pw
i,w´i, τq ´ Uip qw

i,w´i, τq. (4.6)

Every finite potential game admits at least one pure NE [87].

Theorem 4.1. The deterministic platoon coordination game Gd is an exact poten-
tial game with potential function

Φpw, τq “
ÿ

tPZ`

ÿ

ePE
rp|C pe, t,w, τq |, eq ´

ÿ

iPN
Λipw

iq, (4.7)

where

rpn, eq “
n
ÿ

j“1

Rpj, eq, (4.8)

and it thus admits at least one pure NE.

Proof. See Appendix 4.A.

NE seeking algorithm

In finite potential games, if players update their actions one at a time according to
the best response function, the action profile converges to a pure NE [87], [91]. The
best response function of truck i, given w´i, is defined as

Bipw´iq “ arg max
wiPWi

U ipwi,w´i, τq (4.9)

and can be computed by looping over all actions in Wi. Algorithm 1 is an NE-
seeking algorithm based on the best response dynamics. The algorithm converges
since the game Gd is a finite potential game. Later, in the simulation study, Algo-
rithm 1 is used to find a pure NE for the trucks. In practice, the NE of the game
can be computed by a trusted computing entity, e.g., a cloud-computing service.
In this approach, each truck sends the necessary information, e.g., its location, ori-
gin, and destination, to the computing entity via the Internet and mobile network.
The computing entity then computes the NE of the game using the best response
algorithm and informs each truck about its NE strategy.

4.2 Open-loop coordination under stochastic travel times

In the previous section, we assumed the travel times to be known a priori. This
section considers the platoon coordination problem when travel times are stochas-
tic and trucks decide on their waiting times before starting their journeys. This is
realistic if transportation companies are unwilling to dynamically adjust the trucks’



4.2. Open-loop coordination under stochastic travel times 47

Algorithm 1: NE seeking algorithm
input : Initial action profile, w “ pw1, . . . ,wN q

output: NE, 8w

wold “ w `∆, where ∆ ‰ 0
while wold ‰ w do

wold “ w
for i P N do

w “ pw1, . . . ,wi´1, Bipw´iq,wi`1, . . . ,wN q

end
end
8w “ w
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Figure 4.3: Illustration of Algorithm 1. The trucks, one at a time, update their
waiting times to maximize their utility functions. The algorithm converges to a
pure NE when no truck can increase its utility by updating its waiting times.
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waiting times. When the travel times are stochastic, the trucks that form platoons
and, therefore, trucks’ platooning rewards are unknown initially, even if the waiting
times of trucks are given. Fig. 4.4 shows the travel time and its standard deviation
between two locations on a highway close to Stockholm, Sweden. According to the
data in this figure, there is substantial uncertainty about the travel time during
the peak period. This motivates considering the uncertainty in travel times, espe-
cially when trucks travel on highways near urban regions. In this section, we first
extend notations to cover stochastic travel times, and we define utility functions
that include the expected platooning reward and waiting cost. Then, the game that
models the platoon coordination scenario with stochastic travel times is presented,
and we show that it admits a pure NE.

4.2.1 Stochastic travel times and utility functions

The stochastic travel time over edge e of trucks that enter it at time instance t is
denoted by the stochastic variable τ pe, tq. The start time of truck i is denoted by
the stochastic variable τ i0. We define τ to be the set that contains the stochastic
variables τ pe, tq and τ i0, for all e P E , t P Z` and all i P N . The realization of τ pe, tq,
τ i0 and τ are denoted by τpe, tq, τ i0 and τ , respectively. The probability of the event
τ “ τ is denoted Prpτ “ τq. Given the event τ “ τ and the waiting times wi,
the departure times at the nodes on the route of each truck i are calculated by the
recursions in (4.1) and (4.2). Therefore, given the event τ “ τ and waiting times
w, the set of trucks that form platoons are indicated by (4.3) and the utility of
truck i is given by (4.4). When the travel times are stochastic, the utility function
of truck i is defined as U ipwi,w´iq “ E

“

U ipwi,w´i, τ q
‰

, which can be written

U ipwi,w´iq “
ÿ

τ

Prpτ “ τqU ipwi,w´i, τq

and includes the expected platooning reward and cost of waiting.

4.2.2 Stochastic platoon coordination game

The non-cooperative game that models the interaction among trucks when the
travel times are stochastic is defined by the triplet Gs “ pN ,W,Usq, where
Us “ tU ipwi,w´iqui. Note that the stochastic platoon coordination game Gs and
the deterministic platoon coordination game Gd differ in their utility functions, but
their sets of players and action spaces are the same.

The notions of pure NE and exact potential games in case of the stochastic
platoon coordination game is similar to the deterministic case. The pure NE of Gs
is defined as in Section 4.1.4, but with U ipwi,w´iq instead of U ipwi,w´i, τq. The
potential game in case of stochastic travel times is defined as in Section 4.1.4, but
with Φpwi,w´iq instead of Φpwi,w´i, τq, with obvious modifications.
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Figure 4.4: Travel time and its standard deviation on the highway between Botkyrka
and Västertorp close to Stockholm, Sweden, for vehicles departing from Botkyrka
in 5-minute intervals between 5:00 and 11:00 a.m. The data are collected during 10
working days. The travel time during the off-peak periods is approximately 15 min.
The standard deviation is significantly higher during the peak period than during
the off-peak periods.
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Theorem 4.2. The stochastic platoon coordination game Gs is an exact potential
game with potential function

Φpwq “
ÿ

τ

Prpτ “ τqΦpw, τq, (4.10)

where Φpw, τq is given in (4.7), with τ being the realization of the travel times and
start times of the trucks. Hence, Gs admits at least one pure NE.

Proof. See Appendix 4.A.

The best response function of the game Gs can be defined as in (4.9), but with
U ipwi,w´iq instead of U ipwi,w´i, τq. Then, Algorithm 1 can be used to find an
NE. Algorithm 1 is guaranteed to converge since Gs is a finite potential game.

4.3 Feedback-based coordination under stochastic travel
times

In this section, we propose a competitive stochastic decision-making process model
for the platoon coordination problem under stochastic travel times. As illustrated
in Fig. 4.5, the state of each truck i in this model is its location (a node or an
edge) and its control input is its waiting times. In this model, the disturbance is
the uncertainty of the stochastic travel times on the edges. Two feedback solutions
are developed for this problem, where trucks can update their waiting times at
decision-making instances. First, we explain the model and extend notations to
cover multiple decision-making instances. Then, the feedback solutions are given.

4.3.1 Decision-making instances and experienced travel times

In the feedback solution, we allow trucks to update their decisions at time instances
when at least one truck is located at a node. Hence, we allow trucks to improve
their decisions based on the observed information, such as the history of travel times
and current locations of the trucks. The nth decision-making instance is denoted
t‹n P Z`. Note that decision-making instances are stochastic. The history of travel
times up to the nth decision-making instance is denoted by the stochastic variable
τ h
n and its realization is denoted by τh

n . The conditional probability of τ “ τ ,
given the history τ h

n “ τh
n , is denoted Prpτ “ τ |τ h

n “ τh
nq. Note that the

travel times in τ that have been observed up to the decision-making instance t‹n
are known to the trucks, given the history of travel times τh

n . Let the stochastic
variable τ in denote the number of time steps left until truck i arrives at a node in
its route, at the decision-making instance t‹n. The realization of τ in is denoted by
τ in. If truck i is located at a node at the decision-making instance t‹n, then τ in “ 0.
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Figure 4.5: The decision-making process. When truck i is located at a node, it
decides whether to stay at the node or leave. If truck i decides to stay, it remains
at the node until the next time instance when it decides again whether to stay or
leave. If truck i decides to leave, it departs from the node and enters its next edge.

4.3.2 Decision variables

Trucks update their waiting times at each decision-making instance. If truck i
is located on edge eik, then it computes its waiting times at its H next nodes
vik`1, . . . , v

i
k`H . If truck i is located at node vik, then it computes its waiting times

at nodes vik, . . . , v
i
k`H . The waiting time of truck i at node vik, computed at the nth

decision-making instance, is denoted wik|n . The waiting times computed by truck
i, at the decision-making instance t‹n, are denoted wi

n “ pw
i
k`1|n , . . . , w

i
k`H|n q or

wi
n “ pw

i
k|n , . . . , w

i
k`H|n q, depending on whether it is located on edge eik or at node

vik. The waiting times of all trucks are denoted wn. The action space of truck i at
the nth decision-making instance is denoted Wi

n, and the action space of all trucks
is denoted by Wn. The action space is updated at each decision-making instance
according to the history of actions.

Trucks located at nodes at a decision-making instance leave their nodes if their
calculated waiting times are zero. That is, if truck i is located at vik at the nth
decision-making instance, then it leaves node vik if wik|n “ 0, and truck i stays at
node vik if wik|n ą 0. If truck i stays, it will have a chance to update its waiting
time at the node vik since it triggers decision-making in the next time instance.

4.3.3 Departure times and utility functions

The trucks update their waiting times to maximize their utility functions, including
a platooning reward and a waiting cost. The platooning reward of a truck depends
on how many other trucks it forms platoons with, which in turn depends on trucks’
departure times from nodes. Let tik|n denote truck i’s departure time at node vik
calculated at the nth decision-making instance. Given τ “ τ and wi

n, if truck i is
located on edge eik, then its departure time from node vik`1 is computed as

tik`1|n “ t‹n ` τ
i
n ` w

i
k`1|n , (4.11)
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where τ in is the number of time steps left until it arrives to node vik`1. If truck i is
located at node vik`1 at the nth decision-making instance, then the departure time
from vik`1 is computed by equation (4.11) with τ in “ 0. The departure times from
the remaining nodes are computed as

til`1|n “ til|n ` τpe
i
l, t

i
l|n q ` w

i
l`1|n , (4.12)

where l ą k.
Given τ “ τ and wi

n, the set of trucks that enter edge e at time instance t is
denoted by Cn pe, t,wn, τq, and if truck i is located on edge eij at the nth decision-
making instance, its utility function is

U in
`

wi
n,w

´i
n , τ

˘

“

j`H
ÿ

k“j`1

R
´

|Cn
´

eik, t
i
k|n ,wn, τ

¯

|, eik

¯

´ Λipw
i
nq, (4.13)

where the first term is the platooning reward over the horizon and Λipw
i
nq is the

waiting cost for its entire trip. Here, the dependency on the waiting times at nodes
outside the horizon is not indicated explicitly.

4.3.4 Deterministic receding horizon solution

Under this solution, the trucks compute their waiting times at their remaining
waiting nodes using the conditional mean of the travel times on edges. The mean
is rounded to the nearest integer since the travel times are required to be integer-
valued. The conditional (rounded) mean of τ given the experienced travel times
τ h
n “ τh

n , is denoted τ̄n. The departure times of trucks are computed by the recur-
sions (4.11) and (4.12) with travel times given by τn “ τ̄n. Each truck aims to
maximize its own utility function U in

`

wi
n,w

´i
n , τ̄n

˘

, which is given in (4.13). The
solution is an NE of the non-cooperative game defined by Gdn “

`

N ,Wn,Udn
˘

,
where Udn “ tU in

`

wi
n,w

´i
n , τ̄n

˘

ui.

Corollary 4.1. The game Gdn is an exact potential game and thus admits at least
one NE.

Proof. The game Gdn is a deterministic platoon coordination game, so the result
follows from Theorem 4.1.

4.3.5 Stochastic receding horizon solution

Under this solution, the trucks compute their waiting times at their remaining
waiting nodes using the conditional distribution of the stochastic travel times. Given
τ “ τ and wn, the departure times at nodes of trucks are computed as (4.11) and
(4.12), and the individual utility of truck i is U in

`

wi
n,w

´i
n , τ

˘

, as in (4.13). When
the travel times are stochastic, each truck i aims to maximize its expected individual
utility, i.e.,

U inpw
i
n,w

´i
n q “ E

“

U inpw
i
n,w

´i
n , τ q

ˇ

ˇ τ h
n “ τh

n

‰

,
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where the conditional probabilities of the travel times are used to compute the
expected utility. The solution is an NE of the non-cooperative game defined by
Gsn “ pN ,Wn,Usnq, where Usn “ tU in

`

wi
n,w

´i
n

˘

ui.

Corollary 4.2. The game Gsn is an exact potential game and thus admits at least
one NE.

Proof. The game Gsn is a stochastic platoon coordination game, so the result follows
from Theorem 4.2.

4.4 Simulation study

In this section, we perform a simulation study over the Swedish road network to
evaluate the proposed solutions to the stochastic platoon coordination problem.
After explaining the simulation setup, we first study the platooning rate, the average
waiting time of trucks, and the total profit due to platooning. Then, we inject trucks
into the network at two different time periods and study the number of followers
as a function of time. Finally, we vary the waiting time budget and the platooning
benefit to study how it affects the platooning rate and the average waiting times of
trucks.

4.4.1 Simulation setup

We consider the Swedish road network in Fig. 4.6. The nodes in the figure represent
hubs near cities, where trucks can wait for others to platoon. The edges represent
roads that connect hubs. The network in Fig. 4.6 has 33 nodes and 52 edges. The
origin of each truck is drawn randomly from the set of nodes in the road network.
The probability that a node be an origin is proportional to the population of the
closest city to the node. The areas of the nodes in Fig. 4.6 are proportional to their
city populations. Then, the destination is drawn randomly from the set of nodes
that fulfill that the shortest path between the origin and destination is more than
300 km and less than 800 km. For the nodes that fulfill the destination criteria,
the probability that a node be a destination is also proportional to the size of the
closest city to the node. The start times of the trucks are uniformly randomized
within a time period of two hours. The numerical results are obtained by Monte
Carlo simulations with 50 samples. New origins, destinations, and start times are
randomly generated for each sample.

The travel times on the edges are time-varying and stochastic. Let τpeq denote
the travel time on edge e at off-peak periods, which is assumed to be determin-
istic. Then, the travel time of trucks on edge e that enters at time instance t is
τpe, tq “ τpeq `∆pe, tq, where ∆pe, tq is the stochastic time-delay (in number of
time steps) that occurs at peak periods near urban areas. The time step length is
5 minutes. For each edge e, the time-delay ∆pe, tq is drawn randomly from one of
the time-delays at days 1–10 in Fig. 4.4, with equal probability. In the feedback
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Figure 4.6: Map of Sweden and the considered road network.
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solutions, at each decision-making instance, we compute the conditional expected
utilities and the conditional mean of the travel times by excluding the time delays
for which trucks on links would already have arrived at their next nodes.

We assume that leaders have zero benefits from platooning, followers have equal
benefits, and the benefits are shared equally between platoon members. The pla-
tooning reward is defined as Rpn, eq “ blpeqpn´ 1q{n, where lpeq is the length of
edge e and b is the platooning benefit per kilometer in SEK (Swedish Krona). The
waiting cost of truck i is Λipw

iq “ cpwi1`¨ ¨ ¨`w
i
|Pi|
q, where c is the cost of waiting

per time step. At first, we assume b “ 1.7 SEK/km and c “ 22 SEK/time step.
This is reasonable if the followers save 10% of fuel and their driver cost is reduced
by approximately one-third. Then, we will vary the platooning benefit b to study
its impact on the overall performance.

The waiting budget of each truck is 20 minutes (4 time steps) along its journey.
That is, the initial action space of truck i is Wi “ twi|wi1 ` ¨ ¨ ¨ ` wi

|Pi|
ď 4u. The

action space of the trucks in the feedback solutions is updated so that trucks do
not violate their initial waiting budget.

When the trucks are many, the feedback solutions are slow to compute. One
reason is that many computations are required when calculating a pure NE of
many trucks. Another reason is that decision-making is triggered in almost every
time instance when trucks are many. To speed up the computation of the feedback
solutions, only trucks that would arrive at a node within 20 minutes, if they were
traveling at free-flow speed, update their waiting times. The horizon length of the
feedback solutions is H “ 2 (two nodes).

4.4.2 Evaluation

We compare the proposed solutions to the stochastic platoon coordination prob-
lem with two additional cases: (1) Trucks do not wait at nodes but platoon spon-
taneously if they enter an edge at the same time instance, and (2) trucks have
non-causal information about their future travel times (the solution is an NE of the
deterministic platoon coordination game in Section 4.1). The results presented next
are obtained by trucks randomly entering the network between 6:30 and 8:30 a.m.

The platooning rate and the average waiting time when the number of trucks
is varied are shown in Fig. 4.7. Here SRHS and DRHS denote the stochastic and
deterministic receding horizon solution, respectively. The platooning rate is the
ratio between the total traveled distance as followers in platoons and the total
traveled distance of all trucks. Fig. 4.7a shows that the platooning rate increases
with the number of trucks. Moreover, the platooning rate is around 5% higher for
the stochastic receding horizon solution than for the deterministic receding horizon
solution, and the difference is smaller when the number of trucks is many. The
difference in platooning rate of the receding horizon solutions and when the travel
times on edges are known is less than 10%. The receding horizon solutions have
a significantly higher platooning rate than when the trucks only plan initially and
when the trucks only platoon spontaneously. Furthermore, Fig. 4.7a indicates that
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Table 4.1: Total utility [Million SEK]

Number of trucks

600 1000 1800 2200 3000

KTT 0.159 0.344 0.778 1.015 1.502

SRHS 0.152 0.326 0.741 0.966 1.438

DRHS 0.140 0.310 0.719 0.943 1.420

IP 0.010 0.244 0.599 0.801 1.245

SP 0.073 0.186 0.506 0.691 1.089

non-cooperative platooning can have significant benefits on a societal scale. For
example, the feedback solutions have a platooning rate of approximately 40% when
1000 trucks are considered in the Swedish transportation network. This corresponds
to a reduction of 4% of the overall fuel consumption if each follower truck saves
10% of fuel.

Fig. 4.7b shows that for all proposed solutions, the average waiting time of the
trucks increases with the number of trucks to a point, after which it slowly decreases.
This is because, when trucks are few, they have few platooning opportunities within
their time windows, and it might be more beneficial to leave immediately without
waiting for others. When the trucks are many, they do not need to wait for long to
form platoons with others.

Table 4.1 shows the total utility of the trucks when the number of trucks is
varied. KTT, IP, and SP denote known travel times, initial planning, and sponta-
neous platooning, respectively. The table shows that the feedback solutions obtain
a higher total utility than the initial planning and the spontaneous solution. The
table also shows that the highest total utility is achieved when the travel times are
known a priori.

4.4.3 Impact of the starting times and the platoon length
distribution

In Fig. 4.8, the number of follower trucks in platoons during the day is shown when
the start times of trucks are randomly distributed in the intervals of 6:30–8:30 a.m.
and 4:30–6:30 a.m., respectively. In both cases, the number of trucks is fixed to
1,000. Fig. 4.8 shows that the number of followers increases during the periods
when trucks start their journeys, and the number of followers is significantly higher
for the feedback solutions than for the solution where the trucks only plan initially.
This is because, in the feedback solutions, trucks update their waiting times and
are therefore able to adapt to the uncertainty and thus more likely to form platoons
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(b) Average used waiting time.

Figure 4.7: Platooning rate (a) and average used waiting time (b) as a function of
number of trucks injected into the network.
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along their journeys. It is observed that the differences between the solutions are
much smaller when the trucks’ start times are before the peak period than when the
trucks’ start times are during the peak period. This is because when trucks start
their journeys before the peak period, platoons are formed without being exposed
to uncertainty in travel times, and platoons remain intact during the peak period.

Fig. 4.9 shows the platoon length distribution as a function of time when 1,000
trucks are injected into the network in the interval 6:30–8:30 a.m. and the deter-
ministic receding horizon is used. The figure shows that the most common platoon
lengths are 2 and 3 trucks and that less than 5% of the trucks drive in platoons of
7 trucks or more.

4.4.4 Impact of the platooning benefit and waiting time budget

The benefit of platooning (b) and the waiting time budget (w̄) affect the platoon
formation in the network since it affects the incentive and feasibility to form pla-
toons. In Tables 4.2 and 4.3, the platooning rate and average waiting time are shown
when 1,000 trucks are injected into the network during the period 6:30–8:30 a.m.
and the deterministic receding horizon solution is used to coordinate the trucks.
The waiting budget is varied from 5 minutes to 25 minutes. The platooning benefit
is 0.5 SEK, 1.7 SEK, or 4 SEK per kilometer. The first case corresponds to when
fuel consumption is the only platooning benefit. The second case corresponds to
when, in addition to the reduced fuel cost, the drivers cost is reduced by one-third
due to platooning, and the third case is when the driver cost is eliminated due to
platooning. Table 4.2 shows that the platooning rate increases with the platoon-
ing benefit as well as the trucks’ waiting budget. Table 4.3 shows that the average
waiting time per truck increases when the waiting budget increases and when the
platooning benefit increases.
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(a) Trucks are injected into the network during the period 6:30–8:30 a.m.

(b) Trucks are injected into the network during the period 4:30–6:30 a.m.

Figure 4.8: Number of follower trucks as a function of time when trucks are injected
into the transportation network before (a) and during (b) the morning peak period.
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Figure 4.9: Platoon length distribution as a function of the time of the day.

Table 4.2: Platooning rate

Platooning rate [%]

5 10 15 20 25

4 31.0 35.5 37.4 38.8 38.9

b 1.7 30.9 35.3 37.2 38.2 38.3

0.5 29.8 31.6 32.1 32.1 32.1

Table 4.3: Waiting time per vehicle

Waiting time budget [min]

5 10 15 20 25

4 1.97 3.11 3.64 4.01 4.01

b 1.7 1.92 3.02 3.48 3.70 3.71

0.5 1.18 1.55 1.60 1.60 1.60



4.5. Discussion 61

4.5 Discussion

In this chapter, the platoon coordination problem was formulated as a non-cooperative
game where each truck decides on its waiting times at hubs to maximize its profit
from platooning. Two platoon coordination games were developed: one with deter-
ministic travel times and one with stochastic travel times. The pure NEs of the
games form open-loop solutions, where trucks calculate their waiting times at the
initial time instance. We showed that both games are potential games and therefore
admit at least one pure NE. In the case of stochastic travel times, we proposed two
feedback solutions, where trucks update their waiting times along their journeys.

The proposed solutions were evaluated in a simulation study over the Swedish
road network, where the travel times were stochastic, time-varying, and generated
from real data. The simulation study shows that uncertainty in the travel times can
have a large negative impact on the platooning rate, and the feedback solutions have
a significantly higher platooning rate than the open-loop solution. The platooning
rate of the feedback solutions was almost as high as in the case where trucks had
ideal non-causal information of their future travel times. Furthermore, the simu-
lation study shows that significant benefits from platooning can be obtained at a
societal scale, even when trucks aim to optimize their individual profits.

We also studied the impact of the platooning benefit on the platooning rate. This
ratio reflects the automation level of platooning since the automation level affects
the benefit of platooning, as discussed in Chapter 2. The platooning benefit is
typically higher in higher automation levels, where the reduced workload of drivers
is included as one of the platooning benefits. The simulations showed that the
platooning rate increases with the benefit of platooning since the incentive to wait
for others increases.

4.A Proofs

In this appendix we provide the proofs of Theorem 4.1 and Theorem 4.2.

Proof of Theorem 4.1. We show that property (4.6) holds for the candidate poten-
tial function in (4.7). Consider two feasible actions of truck i denoted by pwi

“

p pwi1, . . . , pw
i
|Pi|
q and qwi

“ p qwi1, . . . , qw
i
|Pi|
q. The action profiles corresponding to pwi

and qwi are denoted by pw “ p pwi,w´iq and qw “ p qwi,w´iq, respectively, for an
arbitrary w´i. Given τ , the departure time of truck i from node vik is t̂ik under ac-
tion pwi and ťik under action qwi. Let Pid be the collection of edges with uncommon
entering times under the actions pwi and qwi, i.e., Pid “ teik P Pi|t̂ik ‰ ťiku. Then,
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Φp pwi,w´i, τq and Φp qwi,w´i, τq can be written as

Φp pwi,w´i, τq “ (4.14)
ÿ

eikPP
i
d

“

rp|C
`

eik, t̂
i
k, pw, τ

˘

|, eik
˘

` rp|C
`

eik, ť
i
k, pw, τ

˘

|, eik
˘‰

´ Λip pw
i
q ` pOi,

Φp qwi,w´i, τq “ (4.15)
ÿ

eikPP
i
d

“

rp|C
`

eik, t̂
i
k, qw, τ

˘

|, eik
˘

` rp|C
`

eik, ť
i
k, qw, τ

˘

|, eik
˘‰

´ Λip qw
i
q ` qOi,

where pOi and qOi denote the remaining terms in the summations. Note that, the
terms in pOi ( qOi) correspond to the travel times and edges which are not affected
by changing the decision of truck i from pwi to qwi. Thus, we have pOi “ qOi. Using
this fact, the difference between Φp pwi,w´i, τq and Φp qwi,w´i, τq can be expressed
as

Φp pwi,w´i, τq ´ Φp qwi,w´i, τq “

ÿ

eikPP
i
d

ˆ

“

rp|C
`

eik, t̂
i
k, pw, τ

˘

|, eik
˘

´ r
`

|C
`

eik, t̂
i
k, qw, τ

˘

|, eik
˘‰

´
“

rp|C
`

eik, ť
i
k, qw, τ

˘

|, eik
˘

´ rp|C
`

eik, ť
i
k, pw, τ

˘

|, eik
˘‰

˙

´ Λip pw
i
q ` Λip qw

i
q (4.16)

Similarly, the difference between the utility of truck i under pwi and qwi can be
written as

U ip pwi,w´i, τq ´ U ip qwi,w´i, τq “
ÿ

eikPP
i
d

´

R
`

|C
`

eik, t̂
i
k, pw, τ

˘

|, eik
˘

´R
`

|C
`

eik, ť
i
k, qw, τ

˘

|, eik
˘

¯

´ Λip pw
i
q ` Λip qw

i
q (4.17)

Under pwi, truck i leaves node vik and enters edge eik P Pid at time t̂ik. Since t̂
i
k is

different from ťik when eik P Pid, truck i will not be part of the platoon which might
form at node vik at time ťik. Thus, we have

|C
`

eik, t̂
i
k, pw, τ

˘

| “ |C
`

eik, t̂
i
k, qw, τ

˘

| ` 1 (4.18)

for all k such that eik P Pid since only truck i changes its strategy. Similarly, we have

|C
`

eik, ť
i
k, qw, τ

˘

| “ |C
`

eik, ť
i
k, pw, τ

˘

| ` 1 (4.19)

for all k such that eik P Pid. From (4.8), we have

r pn` 1, eq ´ r pn, eq “ R pn` 1, eq (4.20)
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for all n P Z`. Using (4.18)-(4.20), we have

R
`

|C
`

eik, t̂
i
k, pw, τ

˘

|, eik
˘

“ rp|C
`

eik, t̂
i
k, pw, τ

˘

|, eik
˘

´ rp|C
`

eik, t̂
i
k, qw, τ

˘

|, eik
˘

and

R
`

|C
`

eik, ť
i
k, qw, τ

˘

|, eik
˘

“ rp|C
`

eik, ť
i
k, qw, τ

˘

|, eik
˘

´ rp|C
`

eik, ť
i
k, pw, τ

˘

|, eik
˘

.

It follows that the game is an exact potential game by the above equations and by
the following equation

Φp pwi,w´i, τq ´ Φp qwi,w´i, τq ´ U ip pwi,w´i, τq ` U ip qwi,w´i, τq “ (4.21)
ÿ

eikPP
i
d

ˆ

”

rp|C
`

eik, t̂
i
k, pw, τ

˘

|, eik
˘

´ r
`

|C
`

eik, t̂
i
k, qw, τ

˘

|, eik
˘

´R
`

|C
`

eik, t̂
i
k, pw, τ

˘

|, eik
˘

ı

`

”

rp|C
`

eik, ť
i
k, pw, τ

˘

|, eik
˘

´ rp|C
`

eik, ť
i
k, qw, τ

˘

|, eik
˘

`R
`

|C
`

eik, ť
i
k, qw, τ

˘

|, eik
˘

ı

˙

The game thus admits at least one NE [87].

Proof of Theorem 4.2. We show that property (4.6), with obvious modifications,
holds for the candidate potential function in (4.10). Consider two feasible actions
of truck i denoted by pwi and pwi, respectively. Moreover, let pw “ p pwi,w´iq and
qw “ p qwi,w´iq, for an arbitrary w´i. By the result in Theorem 4.1, for a given τ ,
for all i P N , all pw, qw PW, we have

Φp pw, τq ´ Φp qw, τq “ U i p pw, τq ´ U i p qw, τq .

Furthermore, we have

U i p pwq ´ U i p qwq “
ÿ

τ

Prpτ “ τq
`

U i p pw, τq ´ U i p qw, τq
˘

and

Φ p pwq ´ Φ p qwq “
ÿ

τ

Prpτ “ τq pΦ p pw, τq ´ Φ p qw, τqq .

It follows that the game is an exact potential game by the three above equations.
The game thus admits at least one NE [87].





Chapter 5

Pareto-improving coordination

This chapter considers a platooning system with multiple fleets, where each fleet
aims to maximize its own profit through platoon cooperation. The platooning sys-
tem in this chapter is of practical importance, considering that freight carriers
usually employ multiple trucks and have commercial interests in optimizing their
own revenues. To ensure that all fleets are willing to participate in the system, we
develop a Pareto-improving coordination strategy that guarantees higher fleet prof-
its than a coordination strategy without cross-fleet platoons. This differs from the
previous section, where each truck aimed to maximize its individual profit, and a
game theoretic framework was considered. This chapter also differs from Chapter 3,
where trucks decided their departure times at hubs in a decoupled manner based
on predicted departure times of other trucks.

This chapter considers trucks with fixed routes in a road network, and trucks
can wait at hubs to form platoons, as illustrated in Fig. 5.1. A coordinator at
each hub is deployed to compute the departure times and platoon partners for the
approaching trucks. Therefore, each truck’s overall platooning plan is provided by
a set of coordinators at hubs along its route, and each coordinator provides event-
triggered real-time coordination. By leveraging multiple hubs for platoon formation,
the coordination strategy can be implemented in a real-time and distributed fashion.
We evaluate the proposed Pareto-improving cross-fleet strategy in a simulation
study. The Pareto-improving cross-fleet strategy significantly improves fleets’ profits
compared with single-fleet platooning, especially the profits of smaller fleets. The
cross-fleet platooning strategy also shows strong competitiveness in system-wide
profit compared to when each coordinator optimizes all fleets’ total profit.

The outline of this chapter is as follows. The basic setting of the platoon coordi-
nation system is introduced in Section 5.1. In Section 5.2, we describe the derivation
of feasible platoons of a set of approaching trucks to a hub, and the platooning profit
per fleet, which is used as input for coordination strategies established in Section
5.3. A simulation study is presented in Section 5.4, where we evaluate the gain of
cross-fleet platooning. Conclusions and future work are given in Section 5.5.

65
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Figure 5.1: Network with roads, junctions, and hubs where trucks from different
fleets can form platoons.

5.1 System model

This section first mathematically describes the basic model setting, including the
studied transportation network and trucks’ travel information. Then we introduce
how the overall coordination is conducted dynamically through an information-
sharing process and a sequence of coordination instances triggered under certain
conditions.

5.1.1 The basic settings

A directed graph, denoted as G “ pV, Eq, is used to represent the transportation
network. The set of nodes V includes road junctions and hubs, and the set of edges
E includes roads that connect the nodes.

The set of trucks is denoted as N “ t1, . . . , Nu, where N is the number of
trucks in the network. The set of fleets is denoted by F “ t1, . . . , F u with F
being the number of fleets. The set of trucks in fleet f is denoted N f Ď N , with
Ť

fPF N f “ N and N fXN f 1 “ H, @f ‰ f 1 P F . Each truck i P N has a predefined
route Pi Ď E in the transportation network connecting its origin and destination.
Path Pi can be further decomposed into a set of route segments separated by hubs:
Pi “ tP1

i , . . . ,Phi ,Ph`1
i , . . . ,PHi

i u, where Hi is the number of segments in truck
i’s route. Each route segment starts from a hub or from truck i’s origin and ends
at a hub or at the truck’s destination. For instance, Phi starts at hub h and ends
at hub h` 1. The intermediate nodes in each route segment are junctions. With a
slight abuse of notation, hub h will later refer to a hub’s global hub index instead
of the hth hub in a truck’s route. Each truck has a waiting time budget that it can
spend at the hubs during its trip. The waiting budget of truck i is denoted as w̄i.
We assume that all trucks travel on edges with a constant speed v.

5.1.2 Information-sharing

Each truck is assumed to share travel information with the next hub along its route
once it departs from the current hub or its origin. In this way, trucks only share
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Figure 5.2: Trucks share information with their next hub. Truck i share its arrival
time, ti, its latest departure time, ti, and the subsequent route segment, Phi .

information with one hub at a time. As illustrated in Fig. 5.2, truck i informs hub
h about its arrival time at the hub, ti, its latest possible departure time from the
hub, ti, and the route segment after hub h, Phi Ď Pi. Specifically, truck i’s latest
possible departure time is limited by how much of its waiting budget has been spent
at previous hubs along its route.

5.1.3 Triggering of platoon coordination

Since travel information arrives at a hub dynamically in the system, the coordina-
tion process at a hub is decomposed into a sequence of event-triggered coordination
instances. The triggering condition of one instance is when an uncoordinated truck
will arrive at the hub within the next ∆Ttrigger time units. That is to say, a coordi-
nation instance at hub h is triggered at time t, if there exists some uncoordinated
approaching truck i whose arrival time satisfies t ě ti ´∆Ttrigger. A truck is un-
coordinated if it has not received its planned departure time. The coordination
triggering is illustrated in Fig. 5.3.

The batch of uncoordinated trucks being considered for platooning at time t is
denoted as Bhptq. We select the batch size to ensure the computational time for
the coordination instance is within ∆Ttrigger time units. The details are explained
in Sections 5.3.4 and 5.4.3. Once the coordination results for trucks in Bhptq are
computed per proposed strategies, the coordinator informs the trucks who will
depart in platoons about their departure times and platoon partners. They will
neither trigger nor be part of future coordination at the hub. Trucks who will
depart alone, according to the computed coordination results, will not be informed
about their departure times and will be considered in the next batch unless they
were the trucks that triggered the coordination, if its waiting budget is not zero.
Trucks approaching the hub in the form of a platoon are treated as individuals
in the coordination. Hence, platoons are dissembled but may be assembled again
depending on the coordination results.
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Figure 5.3: Illustration of the coordination triggering process at a hub. Trucks
i, j, k, l are uncoordinated and approaching the hub. Coordination is triggered at
time t since truck i is uncoordinated and will arrive within ∆Ttrigger time units.

5.2 Feasible platoons and platooning profit

This section first introduces the notion of the pairwise feasibility graph used to
generate feasible potential platoons efficiently. Then the profit function associated
with each fleet and platoon is introduced. It is composed of a platooning reward and
a cost for waiting at a hub. The feasible platoons and their platooning profits are
computed at each coordination instance. These are components used to formulate
the optimization problems associated with the coordination strategies.

5.2.1 Pairwise feasibility graph and batch selection

To compute the feasible platoons out of a batch, we first introduce the concept of
The pairwise feasibility graph. Fig. 5.4 illustrates the construction of a pairwise
feasibility graph and the associated feasible platoons. The nodes in the pairwise
feasibility graph represent trucks. An edge between any truck pair, say truck i and
j, exists, if they have at least one common edge in their subsequent route segments
and their departure time windows overlap, that is, if maxpti, tjq ď minpti, tjq. For a
platoon to be feasible, all platoon members must be pairwise feasible to each other.
Therefore, the set of feasible platoons is obtained by checking the feasibility of all
cliques1 in the pairwise feasibility graph. The platoon p is feasible if maxpti|i P
Npq ď minpti|i P Npq, where Np Ď Bhptq denotes the set of trucks in the platoon
p. If the condition above is satisfied, there must exist a departure time at hub h
that is feasible for all trucks in Np. If trucks in a platoon formed at a hub have
different subsequent routes, then the platoon splits into sub-platoons at junctions
when their routes diverge. This is captured in the platooning reward, introduced
in Section 5.2.2. The approach of computing the feasible platoons of a set of trucks
by the pairwise feasibility graph is similar to the approach of matching groups of
riders to a fleet of shared vehicles in [92].

1In graph theory, a clique is a subset of vertices of an undirected graph such that every two
distinct vertices in the clique are adjacent.
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Arrival times and latest departure times Pairwise feasibility graph 

Feasible platoons (cliques)

Figure 5.4: Illustration of the process of determining the feasible platoons from the
arrival times and the latest feasible departure times.

The number of trucks in the considered batch and the number of feasible pla-
toons are crucial for the computational efficiency of the coordination problems. The
batch Bhptq is selected such that it includes less than b̄ trucks and the number of
feasible platoons is less than c̄. This is executed by sorting the uncoordinated trucks
according to their arrival time and adding one truck at a time to the batch until the
number of trucks exceeds b̄ or the number of feasible platoons exceeds c̄. The set of
feasible platoons in the selected batch Bhptq is denoted Chptq. The thresholds b̄ and
c̄ are chosen to achieve acceptable computational time for real-time coordination,
which is explained in details in Sections 5.3.4 and 5.4.3.

5.2.2 Platooning profit

The profit of each platoon includes a platooning reward and a waiting cost. The set
of trucks involved in platoon p P Chptq is Np “

Ť

fPF N f
p , where N f

p Ď Bhptq is the
set of trucks from fleet f . As mentioned before, a platoon p departing from a hub
can further split into several sub-platoons when platoon members have different
subsequent route segments. Therefore, we track the platooning reward per edge
and fleet. The set of trucks from fleet f in platoon p with edge e in their route
segments is denoted N f

p,e Ď N f
p . The edges on the route segments of the trucks in

N f
p is denoted Pfp “

Ť

iPN f
p
Phi , where each edge starts and ends with a hub or a

junction. Fleet f ’s profit associated with platoon p is

rfp “
ÿ

ePPf
p

Rfe pN 1
p,e, . . . ,NF

p,eq ´ Λf pN 1
p , . . . ,NF

p q,
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where the first term is the platooning reward over the edges on the route segments
and the second term is the waiting cost. The total profit of platoon p is

rp “
ÿ

fPF
rfp .

The simulation study presented in Section 5.4 adopts the following platooning
reward function:

Rfe pN 1
p,e, . . . ,NF

p,eq “ ρe

˜

ÿ

fPF
|N f

p,e| ´ 1

¸

|N f
p,e|

ř

fPF
|N f

p,e|
, (5.1)

where ρe is the platooning profit per following truck on edge e, which can be cus-
tomized to include length and road grade information of edge e into consideration.
This platooning reward function implies that each following truck has the same
platooning profit, and the platooning profit on each edge is shared among the par-
ticipating fleets in proportion to the number of trucks from each fleet.

The waiting cost function in the simulation study is specified as follows:

Λf pN 1
p , . . . ,NF

p q “
ÿ

iPN f
p

λpt˚p ´ tiq, (5.2)

where
t˚p “ maxpti|i P Npq

is the earliest feasible departure time of platoon p, and λ is the waiting cost per
time unit. This waiting cost model is accurate if the waiting cost is minimized when
the platoon departs at the earliest feasible departure time and the waiting cost of
each truck is linearly increasing.

5.3 Coordination strategies

In this section, we first present our Pareto-improving cross-fleet coordination strat-
egy used to compute the departure times of trucks and platoons when coordination
is triggered at a hub. The strategy mathematically confines feasible solutions to
those that increase all fleets’ individual profits by cooperation across fleets. As a
comparison, we provide two other strategies that require different degrees of coop-
eration among fleets. The second strategy models a scenario where fleets maximize
their profits without cooperating across fleets, which can be viewed as a benchmark
solution. The third strategy models a scenario where fleets have a common objec-
tive of maximizing all trucks’ total profit without requiring that cooperation across
fleets increases all individual fleets’ profits. Last, we discuss the number of deci-
sion variables and constraints in the proposed coordination strategies’ optimization
problems.
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5.3.1 Pareto-improving cross-fleet strategy

In this strategy, the coordinator optimizes all fleets’ total profit while ensuring that
each fleet obtains more profit than that without cross-fleet platoon cooperation.
The solution is a Pareto optimal solution, which is acceptable to all fleets. The
Pareto-improving cross-fleet strategy is formulated as the following optimization
problem:

max
εp:pPChptq

ÿ

pPChptq

rpεp (5.3a)

s.t.
ÿ

pPCh,iptq

εp “ 1, @i P Bhptq (5.3b)

ÿ

pPChptq

rfp εp ě
ÿ

pPChptq

rfp ε
1
p, @f P Fhptq (5.3c)

εp “ t0, 1u, @p P Chptq. (5.3d)

In this optimization problem, there is one decision variable εp for each feasible
platoon p P Chptq. The decision variable εp equals one if platoon p is used and equals
zero if platoon p is not used (5.3d). The set Ch,iptq Ď Chptq denotes the platoons that
truck i is a member of, and constraints in (5.3b) ensure that each truck is assigned
to exactly one platoon. Constraints in (5.3c) ensure that the solution is a Pareto
improvement from the single-fleet strategy that platoon coordination happens only
within each fleet. The parameter ε1p is the solution obtained by the single-fleet
strategy introduced in the following subsection. The set Fhptq Ď F includes the
fleets involved in the batch Bhptq. Problem (5.3) is ensured to admit at least one
feasible solution since the single-fleet solution is feasible.

5.3.2 Single-fleet strategy

In this strategy, the coordinator optimizes the fleets’ profits when fleets do not
cooperate in forming platoons across fleets. The single-fleet strategy for fleet f is
formulated as the following optimization problem:

max
εp:pPCf

hptq

ÿ

pPCf
hptq

rfp εp (5.4a)

s.t.
ÿ

pPCf
h,iptq

εp “ 1, @i P Bfhptq (5.4b)

εp “ t0, 1u, @p P Cfhptq, (5.4c)

where Cfhptq Ď Chptq denotes the platoons exclusively consisting of trucks from fleet
f , and the set of platoons that truck i is a member of is denoted Cfh,iptq. The set
Bfhptq includes the trucks from fleet f in the batch Bhptq. Similar to the optimization
problem in (5.3), constraints in (5.4b) ensure that each truck is assigned to exactly
one platoon, and constraints in (5.4c) ensure that the decision variables are binary.
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5.3.3 System-maximum strategy

In this strategy, the coordinator optimizes all fleets’ total profit without ensur-
ing each of the fleets will be Pareto-improving by platooning across fleets. It is
therefore uncertain if fleets are willing to accept such a solution, different from the
Pareto-improving cross-fleet strategy. This strategy serves as an upper bound of
the achievable total profit of all trucks in a batch. The system-maximum strategy
is modeled as the following optimization problem:

max
εp:pPChptq

ÿ

pPChptq

rpεp (5.5a)

s.t.
ÿ

pPCh,iptq

εp “ 1, @i P Bhptq (5.5b)

εp “ t0, 1u, @p P Chptq, (5.5c)

with parameters and variables defined as those in problem (5.3).

5.3.4 Size of optimization problems

The optimization problems in (5.3), (5.4), (5.5) are integer linear programs. The
number of variables and constraints in these problems depends on the number of
feasible platoons and trucks in the considered batch. For example, the number of
variables and constraints in the Pareto-improving optimization problem (5.3) are
|Chptq| and |Bhptq| ` |Fhptq|, respectively. The number of feasible platoons |Chptq|
depends on the batch size |Bhptq|. In particular, |Chptq| ď 2|Bhptq|, where equality
occurs when any subset of the trucks in Bhptq can form a feasible platoon, making
the pairwise feasibility graph a complete graph 2. This emphasizes the importance
of explicitly limiting the number of variables and the number of constraints in the
optimization problems. These are limited in the batch selection process, explained
in Section 5.2.1, by selecting the batch such that the number of trucks in the batch
and the number of feasible platoons are below selected thresholds. In practice, the
thresholds are selected to achieve an acceptable computational time.

5.4 Simulation study

In this section, we evaluate the cross-fleet Pareto-improving coordination strategy
by comparisons with single-fleet and system-maximum coordination strategies. We
first explain the simulation setup, then present the evaluation of the numerical re-
sults. Apart from the profit obtained by the proposed strategies, we also present
the computational time required to compute the coordination solutions and demon-
strate the importance of proper batch size selection.

2a complete graph is a simple undirected graph in which every pair of distinct vertices is
connected by a unique edge.
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5.4.1 Setup

We consider the Swedish transportation network in Fig. 5.5, which includes 33 hubs
and 52 roads connecting the hubs. Each truck’s origin and destination are randomly
drawn from the set of hubs with an equal probability. The trucks’ routes are their
shortest routes between their origins and destinations. Each of the trucks belongs to
one of four considered fleets. The percentage of all trucks that belong to the fleets
are 40%, 30%, 20%, and 10%, respectively. We will consider the cases when the
total number of trucks in the network are 500 and 2500, respectively. The trucks
have starting times during a period of three hours.

We use the platooning reward function in equation (5.1), where the platooning
reward is shared among the fleets in proportion to the number of trucks from each
fleet. We assume that the platooning reward for each following truck is $5.25{100 km.
This is accurate if the platooning reward is due to reduced fuel consumption and
each following truck saves 10% of fuel. The waiting cost function in equation (5.2)
is used, and we assume that the cost of waiting is $20 per hour. Each truck has a
waiting budget of w̄i “ 20 minutes. Coordination is triggered at a hub when an un-
coordinated truck will arrive within ∆Ttrigger “ 5 minutes. To achieve acceptable
computational times, we limit the batch such that the number of trucks is less than
b̄ “ 25 and the number of feasible platoons is less than c̄ “ 6000.

5.4.2 Benefits of cross-fleet platooning

This section compares the fleets’ profits and the reduced fuel consumption under
cross-fleet Pareto-improving, single-fleet, and system-maximum strategies. Fig. 5.6
shows the fleets’ profits and their profit gains of cross-fleet Pareto-improving and
system-maximum strategies from single-fleet strategy. When comparing the profits
in Figs. 5.6a and 5.6b, one can see that the more trucks in the system, the greater
platooning profits are. It also can be seen that cross-fleet platooning significantly
increases all fleets’ profits, especially for the smaller fleets. For example, when the
number of trucks is 2500, the profit increase due to cross-fleet platooning of fleet
1 and 4 are 46% and 152%, respectively. This is intuitive since larger fleets have
more within-fleet platooning opportunities than smaller fleets.

Fig. 5.7 shows the reduced fuel consumption due to platooning, which increases
with the number of trucks connected to the coordination system. Cross-fleet pla-
tooning can increase the reduction significantly. For example, when the number
of trucks in the network is 2500, single-fleet platooning achieves a reduction of
4% and cross-fleet Pareto-improving platooning achieves a reduction of nearly 6%.
System-maximum platooning achieves a reduction slightly above that of cross-fleet
platooning. Note that an upper bound of the reduced fuel consumption due to pla-
tooning is 10%, which is unattainable as it requires all trucks driving as platoon
followers during their entire trips.
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Figure 5.5: Map of Sweden and the considered road network. The injected trucks
are from different fleets.
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Figure 5.6: The average utility of the trucks and the platooning rate for the platoon
coordination games that are based on the proposed profit-sharing models.
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Figure 5.7: Reduced fuel consumption due to platooning when the number of trucks
is 500 and 2500, respectively.
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Figure 5.8: Computational time as a function of the number of variables

5.4.3 Computational efficiency

We demonstrate the computational efficiency of the proposed platoon coordination
strategies, which is crucial for real-time platoon coordination. We evaluate the
computational time at coordination instances in the simulation with 2500 trucks.
Figs. 5.8-5.10 shows the computational time with respect to the number of variables
and batch size, and the relationship between the number of variables and batch
size. Figs. 5.8 and 5.9 show that the computational time is marginally higher for
the cross-fleet Pareto-improving strategy than for the other strategies. The figures
indicate that when the number of variables (feasible platoons) is less than 6000
and the batch size is less than 25 trucks, the computational time is still less than
20 seconds, except for an outlier of 93 seconds. Fig. 5.10 shows that the batch is
limited by both the number of trucks and the number of feasible platoons since
both entities reach their limits of b̄ “ 25 and c̄ “ 6000 during the simulation.

5.5 Discussion

In this chapter, we proposed a cross-fleet platoon coordination system that accom-
modates multiple hubs in the transportation network to provide real-time cross-fleet
coordination. A coordination strategy based on Pareto-improvements is developed
that guarantees that each fleet is better off than performing single-fleet platooning.
To evaluate the performance of the Pareto-improving strategy, we also developed
a single-fleet strategy where only single-fleet platoons are allowed, and a system-
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Figure 5.9: Computational time as a function of the number of variables
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Figure 5.10: Computational time as a function of the number of variables
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maximum strategy that can not guarantee each fleet is better off than single-fleet
platooning. As the number of variables in the coordination strategy’s optimization
problem grows with the number of trucks, we explained how the batch of trucks
considered for a coordination instance is selected to achieve an acceptable compu-
tational time.

The coordination strategies were compared in a simulation study, which in-
dicated that cross-fleet platooning can increase the profit significantly and that
smaller fleets gain more from cross-fleet platooning than larger fleets. This suggests
that cross-fleet platooning may be essential for smaller fleets to invest in platooning
technology. Compared with the system-maximum strategy, the cross-fleet Pareto-
improving strategy also achieves most of the total profits, making the envisioned
cross-fleet platoon coordination viable. The simulation study also demonstrated
that cross-fleet platooning can significantly reduce the environmental impact of
trucks.



Chapter 6

Profit-sharing models

The platooning benefit is not equal for all trucks in a platoon; in particular, the lead
truck will often benefit significantly less than the follower trucks. Transportation
companies may therefore be unwilling to form platoons with trucks from other
companies unless the platooning profit is shared. In this chapter, we propose three
profit-sharing models for platooning. The first profit-sharing model is based on
compensation from each follower truck to the lead truck to even out the difference
in platooning profit. This is similar to the assumed profit-sharing models in the
previous chapters. The second profit-sharing model is based on a score system that
fairly assigns the lead truck based on the history of which trucks have been driving
as leaders. The platooning profit is then balanced among trucks over time. The
third profit-sharing model is auction-based, where some trucks sell follower spots
to the other trucks, and the other trucks decide on which seller truck to follow.
To evaluate the profit-sharing models, we study the platoon formation scenario
at a single hub, where each truck decides on its departure time to maximize its
profit. The trucks are assumed to have a common destination. We formulate a non-
cooperative platoon coordination game based on each profit-sharing model, and the
pure Nash equilibrium (NE) is considered the solution concept of the games.

This chapter is structured as follows. The truck platoon coordination problem
is formulated in Section 6.1. In Section 6.2, we formulate the three profit-sharing
models and define their associated non-cooperative platoon coordination games.
In Section 6.3, the solutions of the games in terms of pure NEs are defined. The
outcomes of the games are evaluated in a simulation study in Section 6.4. Finally,
we discuss the content of this chapter in Section 6.5.

6.1 System model

We consider trucks with identical routes between a hub and a common destination.
The trucks decide their departure times from the hub to form platoons. A group of
trucks departing simultaneously from the hub forms a platoon. The scenario in this
chapter is a particular case of the previous three chapters that considered a network

79
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of hubs. However, this chapter does not require as extensive notation; therefore, we
redefine the notations for the sake of simplicity.

The set of trucks is denoted by N “ t1, . . . , Nu. The trucks’ departure times
from the hub are their decision variables, and each truck aims to maximize its
profit. The departure time of truck i is denoted by di P Z`. Here we assume
that the departure times are integer-valued. The set of feasible departure times of
truck i is denoted by Di. This set depends on when truck i arrives at the hub,
rest period regulations, delivery deadlines, etc. The collection of departure times of
all trucks is denoted by d “ pd1, . . . , dN q. The collection of departure times of all
trucks, expect truck i, is denoted by d´i “ pd1, . . . , di´1, di`1, . . . , dN q. The set of
feasible departure times of all trucks is denoted by D “ D1 ˆ ¨ ¨ ¨ ˆDN .

We consider two or more trucks to form a platoon if they depart from the hub
at the same time. The set of trucks departing from the hub in form of a platoon
at time t P Z` is denoted by Cpd, tq “ ti P N |di “ tu. If truck i decides to depart
from the hub at time di, then it will be part in a platoon of length |Cpd, diq|. Note
that Cpd, diq depends on di as well as d´i.

The lead truck platooning benefit differs from the follower truck platooning
benefit. The platooning benefit of truck i for being a lead or follower truck is
denoted by Rli and R

f
i , respectively. Typically, the lead truck benefit is lower than

the follower truck benefit, that is, Rli ă Rfi . This is because, for example, follower
trucks’ fuel consumption and workload of drivers are reduced more than that of
lead trucks. We explain later how the lead truck in each platoon is assigned.

Each truck has a default departure time which it can deviate from for an asso-
ciated cost. The default departure time of truck i is denoted by d‹i P Z`. Truck i’s
cost for deviating from its default departure time is represented by the function
Λipdiq. We assume Λipd

‹
i q “ 0 and Λipdiq ą 0 for di ‰ d‹i .

6.2 Profit-sharing models and platoon coordination games

In this section, we propose three profit-sharing models describing how the pla-
tooning benefit is shared within truck platoons. Since a truck’s platooning benefit
depends on whether it is a lead or a follower truck, a mechanism for assigning the
lead trucks associated with each profit-sharing model is also proposed. For each
profit-sharing model, we formulate a non-cooperative game that models the strate-
gic interaction among trucks when each truck decides on its platoon formation to
maximize its profit. We also formulate a cooperative game describing the interac-
tion among trucks when each truck aims to maximize the total profit of all trucks.
Last, we formulate a model representing the case when uncoordinated trucks spon-
taneously form platoons if they have the same default departure time from the
hub.
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6.2.1 Profit-sharing model 1: Even out

In this profit-sharing model, the lead truck receives compensation from each follower
truck to even out the platooning benefit. The compensation from the follower trucks
to the lead truck is according to standard values of the platooning benefit, to which
transportation companies have agreed. In this way, trucks do not have to reveal their
actual individual benefit from platooning; this might be information that they want
to keep secret. The standard values of the benefit for being a lead and follower truck
are denoted Rl and Rf , respectively. The compensation from each follower truck
to the lead truck in a platoon of n ą 1 trucks is pRf ´Rlq{n. If truck i is the lead
truck in a platoon of n ą 1 trucks, its profit after receiving the compensation is

Rli `
n´ 1

n
pRf ´Rlq, (6.1)

and if truck i is a follower truck in a platoon of n ą 1 trucks, its profit after sending
the compensation is

Rfi ´
1

n
pRf ´Rlq. (6.2)

Remark 6.1. If the standard values of the platooning benefit equals the actual
platooning benefit, that is, Rf “ Rf1 “ ¨ ¨ ¨ “ RfN and Rl “ Rl1 “ ¨ ¨ ¨ “ RlN , then
the profit for the lead and follower trucks equals after the compensation. That is,
(6.1) equals (6.2).

The lead truck in each platoon is randomly drawn from the members with equal
probability. In a platoon of n ą 1 trucks, the probability of each truck being drawn
to be a follower or lead truck are pn ´ 1q{n and 1{n, respectively. The expected
profit of truck i is then

1

n

ˆ

Rli `
n´ 1

n
pRf ´Rlq

˙

`
n´ 1

n

ˆ

Rfi ´
1

n
pRf ´Rlq

˙

,

which equals

1

n
Rli `

n´ 1

n
Rfi .

Remark 6.2. The expected profit after the compensation is independent of the
agreed standard values of the platooning benefits Rl and Rf .

Platoon coordination game 1 (Even out). Each truck decides on its departure
time from the hub to maximize its utility function. If truck i decides to depart at
time di, it will form a platoon with the other trucks in Cpd, diq. If the platoon length
is |Cpd, diq| ą 1, the utility function of truck i is

ueoi pdi,d´iq “
1

|Cpd, diq|
Rli `

|Cpd, diq| ´ 1

|Cpd, diq|
Rfi ´ Λipdiq,
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where Λipdiq is the cost for deviating from the default departure time. Note that
the elements of d includes di and d´i. If truck i departs alone, then ueoi pdi,d´iq “
´Λipdiq. The strategic interaction among the trucks is modeled by the non-cooperative
platoon coordination game Geo “ pN ,D,Ueoq, where N is the set of trucks, D is
the set of feasible departure times and Ueo “ tueoi pdi,d´iq|i P N u is the set of utility
functions.

6.2.2 Profit-sharing model 2: Score system

The concept of this profit-sharing model is a score system that balances the pla-
tooning benefit over time. The score system keeps track of the history of lead trucks
and fairly assigns new lead trucks. Each truck has a score that increases every time
it is a lead truck and decreases every time it is a follower truck. In each platoon, the
truck with the lowest score becomes the lead truck. The score of truck i is denoted
by si. The collection of scores of all trucks is denoted by s “ ps1, . . . , sN q. Truck i
becomes a lead truck if it departs in a platoon with other trucks and has the lowest
score in the platoon, that is, si ă sj for all j P Cpd, diqztiu. Otherwise, it becomes
a follower truck. For simplicity, we assume the truck scores to be unique. This can
be enforced by adding a tiny portion of random noise to the scores. Once a truck
is part of a platoon, its score is updated. If truck i has score si and becomes the
lead truck in a platoon of n trucks, its score at the next platooning instance is

si `∆sl pnq ,

and if truck i becomes a follower truck in a platoon of n trucks, its score at the
next platooning instance is

si ´∆sf pnq .

Platoon coordination game 2 (Score system). Each truck decides on its de-
parture time from the hub to maximize its utility function, and the score system is
known to the trucks. If truck i decides to depart at time di, it will form a platoon
with the other trucks in Cpd, diq. If the platoon length is |Cpd, diq| ą 1, the utility
function of truck i is

usi pdi,d´i, sq “

#

Rli ´ Λipdiq ` βi∆s
lp|Cpd, diq|q, if truck i is the lead truck,

Rfi ´ Λipdiq ´ βi∆s
f p|Cpd, diq|q, if truck i is a follower truck,

where Rli and R
f
i are the lead and follower truck platooning benefits, respectively.

The cost for deviating from the default departure time is Λipdiq and βi represents
truck i’s valuation of each score unit. If truck i departs alone, then its utility func-
tion is usi pdi,d´i, sq “ ´Λipdiq. The strategic interaction among the trucks is
modeled by the non-cooperative platoon coordination game Gs “ pN ,D,Usq, where
Us “ tusi pdi,d´i, sq|i P N u.
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6.2.3 Profit-sharing model 3: Auction

This profit-sharing model is based on a monetary transaction from the follower
trucks to the lead truck in each platoon, similar to the first presented profit-sharing
model. However, in difference to the first profit-sharing model, we consider a subset
of the trucks, called sellers, to sell follower spots to the other trucks, called buyers.
The sellers decide on their prices for being their followers. Each buyer decides on
which seller to follow to maximize its profit. The profit of each buyer includes the
follower truck benefit, the payment to the seller, and the cost of deviating from its
default departure time. The profit of each seller includes the lead truck benefit and
the payment from the buyers.

The set of seller trucks is denoted by Ns P N , and the set of buyer trucks
is denoted by Nb “ N zNs. Each seller truck i departs at its default departure
time d‹i . For the sake of simplicity, we assume seller trucks to have unique default
departure times. The set of default departure times of the seller trucks is denoted
by D‹s “ td‹i |i P Nsu. The price of the seller truck i is denoted by pi. The collection
of prices of all seller trucks is denoted by p. The collection of prices of all seller
trucks, except seller i, is denoted by p´i. The set of feasible prices of seller truck i
is denoted Pi, and the set of feasible prices of all seller trucks is denoted P.

Each buyer truck can either depart alone at its default departure time or in a
platoon with one of its feasible seller trucks. Hence, buyer truck j departs at one
of the time steps in the set td‹ju Y pD‹s XDjq. If buyer truck j departs in a platoon
with seller truck i, then its profit is Rfj ´ pi ´ Λjpd

‹
i q. The profit of buyer truck j

is zero if it departs alone. The most profitable departure time of buyer truck j is

djppq “ argmax
d‹i

Rfj ´ pi ´ Λjpd
‹
i q

s.t. d‹i P td
‹
ju Y pD‹s XDjq,

where we define pj “ Rfj and Λjpd
‹
j q “ 0. Note that djppq depends on the prices

of the sellers, and the number of trucks following a seller truck depends on the
prices of all seller trucks. The set of follower trucks of seller truck i is denoted by
Fippi,p´iq “ tj P Nb|djppq “ d‹i u. Note that p includes pi and p´i.

Platoon coordination game 3 (Auction). Each seller decides on its price to
maximize its utility function. If the price of seller i is pi and the other sellers’
prices are p´i, then seller i will be a lead truck for |Fippi,p´iq| follower trucks. If
|Fippi,p´iq| ą 0, then the utility function of seller i is

uai ppi,p´iq “ Rli ` |Fippi,p´iq|pi,

where Rli is the lead truck benefit and the second term is the received payments from
the follower trucks. If seller truck i departs alone, then uai ppi,p´iq “ 0. The strate-
gic interaction among the seller trucks is modeled by the non-cooperative platoon
coordination game Ga “ pNs,P,Uaq, where Ns is the set of seller trucks, P is the
set of feasible prices and Ua “ tuai ppi,p´iq|i P Nsu is the set of utility functions.
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Remark 6.3. The set of seller trucks is, in many cases, not given. Later, we
explain how the set of seller trucks can be assigned.

6.2.4 Cooperative platoon coordination

The previously formulated non-cooperative games are used to describe the strategic
interaction when each truck has its individual objective. This is a valid assumption
if the trucks are owned by competing transportation companies. In this subsection,
we formulate a game where each truck seeks to optimize the total profit in the
system. In each platoon, the lead truck is assigned by selecting the truck that gains
the least for being a follower truck instead of the lead truck. Truck i’s benefit from
platooning is bipdq “ Rfi or bipdq “ Rli if it is assigned to be a lead or follower
truck, respectively. Truck i’s platooning benefit is bipdq “ 0 if it departs alone.

Platoon coordination game 4 (Cooperative). Each truck decides on its depar-
ture time from the hub to maximize all trucks’ total profit. The utility function of
truck i is

uci pdi,d´iq “
ÿ

jPN

`

bjpdq ´ Λjpdjq
˘

,

which is the total profit of all trucks. Hence, all trucks in the platooning system have
the same utility function. The cooperative interaction among trucks is modeled by
the game Gc “ pN ,D,Ucq, where Uc “ tuci pdi,d´iq|i P N u.

6.2.5 Spontaneous platoon formation

This model represents the case when all trucks depart from the hub at their default
departure times. Trucks form platoons spontaneously if they have the same de-
fault departure time. Trucks do not have any decision variable in the spontaneous
platooning model. The profit of truck i in the spontaneous platooning model is
evaluated by ueoi pd, d‹i q, where dj “ d‹j for all j P N . Recall that d “ pd1, . . . , dN q.

6.3 Solutions of the platoon coordination games

The pure Nash equilibrium (NE) is considered the solution concept of the platoon
coordination games. In this section, we define pure NE for the platoon coordination
games and then explain how to find a pure NE. In addition, we explain how the
set of seller trucks is assigned in the auction-based game. With a slight abuse of
notation, we temporarily denote the utility function of truck i by uipdi,d´iq, for
any of the games Geo, Gs and Gc. A pure NE is a collection of feasible departure
times pd˚1 , . . . , d

˚
N q P D such that for all i P N we have

uipd
˚
i ,d

˚
´iq ě uipdi,d

˚
´iq, @di P Di,

where d˚´i is the collection of departure times of all trucks, expect truck i, in the
pure Nash equilibrium. Hence, a pure NE is a collection of departure times such
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that no truck has an incentive to change its departure time while other trucks’
departure times remain unchanged. A common approach of learning pure NEs is
by the best-response dynamics algorithm. The best-response function of truck i is
defined as

Bipd´iq “ arg max
diPDi

uipdi,d´iq.

The best-response dynamics algorithm is when the trucks, one at a time, update
their departure times according to their best-response functions until their depar-
ture times converge to a pure NE. The best-response dynamics algorithm used later
in the simulation study is similar to Algorithm 1, Chapter 4.

Remark 6.4. The pure NE and best-response dynamics were defined for the games
Geo, Gs, and Gc. With obvious modifications, the pure NE and best-response dy-
namics can similarly be defined for the auction-based game Ga.

The set of seller trucks in the auction-based game Ga can be assigned by first
finding a pure NE, using the best-response dynamics algorithm, given an initial set
of seller trucks which can possibly include all trucks. The set of seller trucks is then
reduced by removing one of the seller trucks that departs alone, and a new pure
NE is found considering the reduced set of seller trucks. This procedure is repeated
until all seller trucks depart with at least one follower truck.

6.4 Simulation study

The profit-sharing models are evaluated by the outcomes of the platoon coordina-
tion games. The simulation setup is first given, and then results are presented.

6.4.1 Setup of simulation

The platooning benefit for each lead and follower truck are 0 and 105 Swedish crowns
(SEK), respectively. This is valid if we assume the reduced fuel consumption as the
platooning benefit, the distance between the hub and destination is 200 kilometers,
the fuel consumption is 0.35 liters per kilometer, the fuel price is 15 SEK per liter
of fuel, and follower trucks save 10% of fuel.

The number of trucks is varied from 1 to 30. The default departure times are
randomly drawn from the time steps in a 30-minute period, and the time step length
is one minute. The default departure time of each truck is therefore drawn from
the set t0, 1, . . . , 30u and each outcome has equal probability. The results presented
later are obtained by 50 Monte Carlo simulations.

We assume that each truck i can at earliest depart from the hub at its default
departure time and can at latest depart 10 minutes later. Thus, the set of feasible
departure times of truck i is Di “ td‹i , d‹i ` 1, . . . , d‹i ` 10u, where d‹i denotes the
default departure time of truck i. We assume that the cost for deviating from the
default departure time is 10 SEK per time step (minute).
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For the profit-sharing model based on the score system, we assume a lead truck
to increase its score by ∆slpnq “ pn ´ 1q{n if the platoon length is n trucks.
Moreover, we assume a follower truck reduces its score by ∆sf pnq “ 1{n if the
platoon length is n. We also assume that each truck i valuates each score unit as
βi “ 26.25 SEK, which is a quarter of the follower truck benefit. For the auction-
based platoon coordination game, we assume that the set of feasible prices of each
seller truck i is Pi “ t21, 42, 63, 84u, which includes multiples of the fraction of five
of the follower truck benefit.

6.4.2 Evaluation

In Fig. 6.1, the average utility and platooning rate is shown as a function of the
number of trucks. The platooning rate is defined as the number of trucks departing
from the hub as follower trucks divided by the total number of trucks.

Fig. 6.1a shows that the highest average utility is obtained by the system where
the trucks cooperatively aim to maximize the total profit. The average utility ob-
tained when each truck aims to maximize its utility function, but the platooning
benefit is evened out among platoon members, is close to the average utility of the
cooperative system. The average utility when a score system assigns the lead trucks
is slightly lower than for the two aforementioned systems. This can be explained by
the fact that trucks with low scores have low incentives to deviate from their default
departure times. Fig. 6.1a also shows that the average utility of the auction-based
system is significantly lower than the average utility of the other cases. This is ex-
plained by the fact that buyer trucks tend to spread out on seller trucks, leading to
small platoons and a lower average utility than if the trucks would form fewer but
longer platoons. The lowest utility is obtained for the spontaneous platooning sys-
tem, where trucks only form platoons spontaneously without deviating from their
default departure times.

Fig. 6.1b shows that the score system achieves the highest platooning rate when
the number of trucks exceeds 8. This is despite the fact that the score system did
not achieve the highest average utility. This is possible because a high platooning
rate can imply a few long platoons, leading to a high platooning reward, but the
trucks also need to deviate more from their default departure times, causing more
waiting costs.

6.5 Discussion

In this chapter, we addressed the problem of sharing the profit from platooning
among platoon members, which is crucial for platoon cooperation among trans-
portation companies. Three profit-sharing models were proposed, and based on
those, we formulated games to model the strategic interaction among trucks when
coordinating for platooning at a hub. We compared the profit-sharing models in a
simulation study where the platooning rate and the average utility were evaluated
in the outcomes of the games.
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Figure 6.1: The average utility (a) and the platooning rate (b) for different profit-
sharing models.
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The simulation study showed that the highest average utility was achieved when
all trucks cooperatively aimed to maximize the total profit. This is a realistic sce-
nario if the same transportation company owns the trucks. The simulation study
also showed that when each truck aims to maximize its individual profit and the
profit in each platoon is evened out by profit-sharing. The average utility is then
close to that of the cooperative system. This suggests that if the platooning benefit
is shared fairly, competing transportation companies can achieve a total profit from
platooning near a cooperative system. The score system obtained a higher platoon-
ing rate than the other systems. This suggests that monetary transactions between
trucks at every platooning instance are unnecessary to achieve a high platooning
rate. Instead, a score system can balance the platooning benefit over time. The
simulation study also showed that the auction-based system, where seller trucks
offer follower spots to the other trucks, achieved a low average utility and platoon-
ing rate. However, it is not unlikely that the future platooning system will include
auction-based elements.



Chapter 7

Platoon release problem in a hub-corridor

This chapter studies the platoon formation problem at a set of hubs, called the
hub-corridor, located in a transportation network, as illustrated in Fig. 7.1. A co-
ordinator at each hub decides on the departure times of trucks, and the released
trucks will form platoons. The objective of each coordinator is to maximize its re-
ward, which includes a profit from releasing platoons and a cost for having trucks
waiting at the hub. We focus on the decentralized case without communication
among coordinators, and the truck arrivals are unknown a priori. This is of prac-
tical importance if carriers or individual drivers keep their routes and schedules
private. The optimality of threshold policies is shown either when the arrivals are
independent or when the preceding hub has independent arrivals and follows an
optimal release policy. The threshold policy releases all trucks at a hub when the
number of trucks exceeds a threshold computed by dynamic programming. The
proposed solutions can be used as sub-optimal solutions when the arrival assump-
tions fail. The decentralized release policies are compared against distributed and
centralized release policies that require more information sharing of coordinators
and trucks. We perform a simulation study over three hubs in northern Sweden.
The profits of the decentralized policies are shown to be less than 3.5% lower than
for the distributed policy and 8% lower than for the centralized release policy.

The outline of this chapter is as follows. In Section 7.1, the system model of the
hub-corridor is formulated, including the arrival process and the platoon release
problem. In Section 7.2, we propose a decentralized release policy shown to be
optimal when the arrivals are independent. In Section 7.3, we propose one more
decentralized release policy that is optimal when the preceding hub has independent
arrivals and follows an optimal policy. In Section 7.4, we propose distributed and
centralized release policies. In Section 7.5, the proposed solutions are evaluated in
a simulation study. Finally, the chapter is concluded in Section 7.6.

89
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(a) Hub-corridor with H hubs

(b) Section of a hub-corridor including hubs h ´ 1 and h

Figure 7.1: (a) A hub-corridor with H hubs in a transportation network, and (b)
the section of a hub-corridor including hubs h´ 1 and h where coordinators make
platoon release decisions

7.1 System model

We consider hubs at different locations in a transportation network, as shown in
Fig. 7.1a. The hubs are enumerated as 1 to H, and we refer to the set of hubs
as the hub-corridor. Examples of hub locations can, for example, be resting areas,
gas stations, and harbors. Fig. 7.1b illustrates the section of the hub-corridor that
includes hubs h´1 and h. We assume that each hub has a platoon coordinator that
decides whether the available trucks at the hub will depart as a platoon or wait for
more trucks to arrive.

The coordinator at hub h decides how many trucks to release from the hub at
each time step. The released trucks depart from the hub in the form of a platoon.
The number of trucks that the coordinator at hub h decides to release at time
step t is denoted uht P Zě0. The state of a hub is the number of trucks located at
the hub, and nht P Zě0 denotes the state of hub h at time step t. The state of each
hub changes dynamically based on the truck arrivals and the release decisions, as
indicated in Fig. 7.1b. The state of hub h has the following dynamics

nht`1 “ nht ´ u
h
t ` x

h
t`1 ` θ

h
t`1, (7.1)
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where θht P Zě0 is the number of trucks that have been released at hub h´ 1 and
arrive at hub h at time step t, and xht P Zě0 is the number of trucks that join the
hub-corridor using hub h and arrive at time step t. As trucks have different routes
in practice, some trucks arriving at a hub have traveled from the preceding hub in
the corridor, and the other trucks arriving at the hub join the corridor using that
hub.

We assume that the truck arrivals are unknown to the coordinators a priori. This
is realistic if carriers or trucks keep their routes and schedules private or when the
travel times are uncertain. Therefore, the arrival variables xht and θht are realizations
of random variables denoted Xh

t and Θh
t , respectively. The state variable nht is a

realization of the random variable denoted Nh
t .

The platoon release problem in the hub-corridor is defined as

max
µh
0 ,...,µ

h
T ,

h“1,...,H

E
”

H
ÿ

h“1

T
ÿ

t“0

Rh
`

Nh
t , U

h
t

˘

ı

, (7.2)

where T is the time horizon, and Rhpnht , u
h
t q denotes the reward at hub h for

releasing uht trucks when the state is nht . This reward can include the profit for
releasing uht trucks as a platoon and the cost of having nht ´ uht trucks waiting at
the hub. The release decision uht is mapped from the available information of the
coordinator at hub h, at time step t, by the release policy denoted by µht . As the
available information at time step t is unknown a priori, the release decision uht is
a realization of a random variable denoted by Uht .

An important case is when the reward Rhpnht , uht q is convex. Furthermore, some
presented results require the reward function to have the convex piecewise-linear
form:

Rhpnht , u
h
t q “ max

´

0, bhpuht ´ 1q
¯

´ cpnht ´ u
h
t q, (7.3)

where the first term is the platooning profit for releasing uht trucks that form a
platoon with uht ´ 1 follower trucks and bh is the profit per follower truck. The
second term is the cost for having nht ´ uht trucks waiting at the hub, and c is
the waiting cost per truck. The reward function in (7.3) is accurate if the trucks
experience the same benefit when being a follower truck and the same waiting cost.

This chapter focuses on decentralized solutions to the platoon release problem
in (7.2), where the release decisions at hubs only depend on local states, as illus-
trated in Fig. 7.2a. This problem is complex when computing the release policies
for the H hubs simultaneously. Instead, we decompose the problem into H sub-
problems, one for each hub. In the rest of the chapter, we will explore different
decentralized solutions to the platoon release problem. Later, for comparison with
the decentralized release policies, we will develop distributed and centralized re-
lease policies, where more information is accessible, as illustrated in Fig. 7.2b and
Fig. 7.2c.

Remark 7.1. The proposed setup can capture both deterministic and stochastic
travel times between hubs. During off-peak hours when trucks are unaffected by
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(a) Decentralized coordination

(b) Distributed coordination

(c) Centralized coordination

Figure 7.2: Coordination under different information structures

congestion, the travel times have low variability, and assuming that travel times
are deterministic and known a priori is justified. However, travel times may be
uncertain during peak hours, and the travel times between hubs can then be modeled
as stochastic.

7.2 Decentralized release policy: a single-hub approach

In this section, we propose a solution for the decentralized platoon release problem
in (7.2) by decomposing it into H decoupled sub-problems, one for each hub. The
decentralized platoon release problem at hub h is

max
µh
0 ,...,µ

h
T

E
”

T
ÿ

t“0

Rh
`

Nh
t , U

h
t

˘

ı

, (7.4)
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where the objective is to maximize the rewards at hub h. The solution we propose
in this section ignores that the arrival process of each hub is affected by other hubs’
releasing behavior and is, therefore, called a single-hub approach. We first give
fundamental results of the optimal release policy at a hub when the arrivals are
independent over time. Later, we will use the proposed solution as a sub-optimal
solution for the sub-problem at hub h when the arrivals are dependent over time,
for example, due to the releasing behavior at other hubs.

7.2.1 Independent arrival case

In this section, we study the structure of the optimal release policy when the
arrivals to each hub are independent over time, that is, the random variables
Xh

0 , . . . , X
h
T ,Θ

h
0 , . . . ,Θ

h
T are assumed to be independent. To this end, we first derive

the Bellman optimality equation for computing the optimal release policy. Using
the Bellman’s principle of optimality, the optimal value function associated with
the state nht can be expressed as

V ht pn
h
t q “ max

uh
t PUh

t pn
h
t q

Rhpnht , u
h
t q ` ErV ht`1pn

h
t ´ u

h
t `X

h
t`1 `Θh

t`1qs,

where the decision variable uht can take values in the set Uht pnht q “ t0, . . . , nht u as
the maximum number of trucks to release is the number of trucks at the hub. The
value function at the terminal time step is V hT pn

h
T q “ RhpnhT , n

h
T q, which is the

reward for releasing the remaining trucks. Dynamic programming can be used to
compute the optimal value function recursively. The optimal decision can then be
computed using the optimal value function. The solution of the Bellman equation is
the optimal release policy denoted µ̂ht pnht q, for t “ 0, . . . , T , which maps the state nht
to an optimal release decision uht , under the independent-arrival assumption.

The following theorem gives fundamental results of the structure of the optimal
release policy under the independent-arrival assumption.

Theorem 7.1. Consider the decentralized platoon release problem in (7.4) under
the assumption that the arrivals are independent. If the reward function Rhpnht , uht q
is convex in nht and uht , then the following holds:

• The value function V ht pnht q is convex in nht .

• The optimal release decision µ̂ht pnht q takes only values in the set t0, nht u.

Furthermore, if the reward function has the piecewise-linear form in (7.3), then
there exists a threshold ρht P Zě0 such that

µ̂ht pn
h
t q “

#

nht if nht ě ρht
0 if nht ă ρht .

Proof. See Appendix 7.A.
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Figure 7.3: The procedure of approximating the arrival probabilities and computing
release policies at hubs.

Theorem 7.1 signifies that the convexity of the reward function significantly
reduces the search space of optimal release policies, thus leading to a light compu-
tational load when solving the Bellman equation by dynamic programming. When
the arrivals are dependent, a release policy with the structure in Theorem 7.1 can
be used as a low complexity sub-optimal release policy. In such cases, the dependent
arrivals can be approximated with an independent arrival process. A sub-optimal
release policy with the structure in Theorem 7.1 is then efficiently computed with
the approximated process using dynamic programming.

7.2.2 Dependent arrival case

The independent-arrival assumption in this section is valid if hub h is the only hub
in the hub-corridor or if all trucks join the corridor using hub h. The arrivals at
hub h will be dependent if, for example, the arriving trucks have participated in a
platoon formation process at hub h ´ 1. In order to use the solution proposed in
this section for cases with dependent arrivals, we approximate the arrival process
as independent arrivals using an empirical estimator. A sub-optimal release policy
can be computed by dynamic programming, as explained previously, using the
approximate arrival process with independent arrivals.

Fig. 7.3 illustrates the approximation procedure, where we first compute the
release policy at the first hub. Then, we simulate the arrivals and release decisions
at the first hub and the arrivals to the second hub for the time steps 0 to T and
repeat this for E episodes. The simulated arrivals from the E episodes at the second
hub are used to approximate its arrival process as independent arrivals, which is
used to compute a release policy. This procedure can be repeated for all hubs in
the corridor.

The simulated arrivals from the E episodes are used to approximate the arrival
distributions as independent. The set of episodes is denoted as E “ t1, . . . , Eu. The
arrivals at hub h in episode e is denoted as pθh0,e, . . . , θhT,eq, where θ

h
t,e is the number

of arrivals at time step t in episode e. To capture time-dependency of the arrival
process, we divide the time steps 0 to T into N intervals denoted T0, . . . , TN and
assume that the arrival probabilities are fixed over each interval. The empirical
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estimator of PrpΘh
t`1 “ θq, for t P Tj , is

PrpΘh
t`1 “ θq “

ř

sPTj

ř

ePE
1θhs`1,e“θ

ř

sPTj

ř

ePE
1

, (7.5)

where 1x“y is the indicator function such that 1x“y “ 0 if x ‰ y and 1x“y “ 1
if x “ y. The denominator of (7.5) is the number of data points in the jth time
interval, and the numerator is the number of data points in that interval, such as
the number of arrivals is θ. Note that the empirical estimator can also be used on
real arrival data instead of simulated arrival data to approximate the arrival process
as independent arrivals.

7.3 Decentralized release policy: a two-hub approach

In this section, we propose one more solution for the decentralized platoon release
problem in (7.2) by decomposing it into H decoupled sub-problems. The decentral-
ized platoon release problem for hub h is defined in (7.4). The solution we propose in
this section is called a two-hub approach, as it considers that the arrival process at
each hub is affected by the releasing behavior at the preceding hub. We first explain
how to estimate the state of the preceding hub when the release policy in Theorem
7.1 is used to model its releasing behavior. Then we give fundamental results of the
optimal release policy at a hub when the preceding hub has independent arrivals
and follows the release policy in Theorem 7.1. Last, we explain how the proposed
solution for the sub-problem at hub h is used as a sub-optimal solution when the
assumptions of the arrivals and the releasing behavior at the preceding hub fail.

7.3.1 Estimator

We study the release problem at hub h when hub h ´ 1 follows the release policy
in Theorem 7.1 and has independent arrivals. Under these assumptions, the state
of hub h´ 1 affects the arrival process at hub h and is estimated to make optimal
release decisions. The control process for hubs h´ 1 and h is illustrated in Fig. 7.4.
The figure shows that the estimator at hub h uses the observed arrivals from the
preceding hub. The figure also shows that the release policy at hub h maps both the
number of trucks nht at the hub and the estimator state πht to a release decision.
Moreover, Fig. 7.4 shows that the number of trucks released from hub h ´ 1 is
filtered through a loss operator. This is because trucks released at hub h ´ 1 may
not arrive at hub h as they may leave the hub-corridor in between depending on
their routes. The probability of any truck leaving the corridor between hubs h´ 1
and h is denoted lh.

The releasing probability of hub h ´ 1 at time step t ` 1 is determined by the
number of kept trucks at time step t, which we denote by δh´1

t “ nh´1
t ´ uh´1

t .
Moreover, we denote the number of time steps required for trucks to travel between
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Figure 7.4: Control process for hubs h ´ 1 and h, including their dynamics, con-
trollers, and the estimator at hub h.

hubs h´1 and h as kh. Therefore, at time step t, the state δh´1
t´kh

is estimated using
the observed arrivals θh0 , . . . , θht . The estimator state of hub h, at time step t, is the
probability distribution of δh´1

t´kh
given the the observed arrivals, or more precisely,

the probability vector πht “ pπht,0, π
h
t,1, . . . q, where πht,i “ Prpδh´1

t´kh
“ i|Θh

0 “

θh0 , . . . ,Θ
h
t “ θht q.

The estimator state is recursively computed by the operation

πht`1 “ pε
h
t`1,0pπ

h
t , θ

h
t`1q, ε

h
t`1,1pπ

h
t , θ

h
t`1q, . . . q,
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where

εht`1,jpπ
h
t , θq “

ř

iě0 π
h
t,ip

h
t,ijr

h
t,ijpθq

ř

i,jě0 π
h
t,ip

h
t,ijr

h
t,ijpθq

, (7.6)

where pht,ij denotes the probability of δh´1
t´kh`1 “ j given δh´1

t´kh
“ i, and rht,ijpθq

denotes the probability of observing θht`1 “ θ, given the transition from δh´1
t´kh

“ i

to δh´1
t´kh`1 “ j. These probabilities are determined by the arrival probabilities and

release policy at hub h ´ 1 as well as the probability of any truck leaving the
corridor between hubs h ´ 1 and h. The summations in (7.6) are only over non-
negative integers since the state of hub h ´ 1 can only take non-negative values.
The precise forms of pht,ij and rht,ijpθq are given in Appendix 7.B.

7.3.2 Cases with independent arrivals at the preceding hub

We study the structure of the optimal release policy at hub h when hub h ´ 1
follows the release policy in Theorem 7.1 and has independent arrivals. Therefore,
the random variables Θh

0 , . . . ,Θ
h
T are dependent as they are affected by the releasing

behaviour at hub h ´ 1. Moreover, the trucks that join the hub-corridor using
hub h are assumed to arrive independently over time as these trucks have not
participated in a platoon formation process at a preceding hub. That is, the random
variables Xh

0 , . . . , X
h
T are independent. Using the Bellman’s principle of optimality,

the optimal value function associated with the state nht and the estimator state πht
can be expressed as

V ht pn
h
t , π

h
t q “ (7.7)

max
uh
t PUh

t pn
h
t q

Rhpnht , u
h
t q ` ErV ht`1pn

h
t ´ u

h
t `X

h
t`1 `Θh

t`1, ε
h
t`1pπ

h
t ,Θ

h
t`1qqs,

and the value function at the terminal time step is V hT pn
h
T , π

h
T q “ RhpnhT , n

h
T q.

The Bellman optimality equation above differs from that in the previous section
by including the estimator state πht , which is a probability vector. The Bellman
optimality equation in the form of (7.7) is, therefore, hard to solve by dynamic
programming.

The following lemma gives fundamental results that, without loss of general-
ity, reduce and discretize the state space of the Bellman optimality equation in
(7.7). This helps us to solve the Bellman optimality equation by dynamic pro-
gramming. Before giving the results, we define wht P Zě0 as the number of time
steps since a non-zero arrival variable coming from hub h ´ 1 was observed. This
variable is a realization of the random variable denoted Wh

t . Moreover, we define
wht`1 “ ζpwht , θ

h
t`1q, where

ζpwht , θ
h
t`1q “

#

wht ` 1 if θht`1 “ 0

0 if θht`1 ‰ 0.
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Lemma 7.1. Consider the decentralized platoon release problem (7.4) at hub h
under the assumption that the arrivals at hub h´ 1 are independent and its coordi-
nator follows the release policy with the structure given in Theorem 7.1. Then, the
following holds:

• The estimator state is determined by only wht . More precisely, the estimator
state can be written in the form πht “ pη

h
t,0pw

h
t q, η

h
t,1pw

h
t q, . . . q.

• The optimal value function in (7.7) can be written in the form

V ht pn
h
t , w

h
t q “ max

uh
t PUh

t pn
h
t q

Rhpnht , u
h
t q`

ÿ

θx

PrpΘh
t`1 “ θ|Wh

t “ wht qPrpXh
t`1 “ xqV ht`1pn

h
t ´ u

h
t ` x` θ, ζpw

h
t , θqq,

where
PrpΘh

t`1 “ θ|Wh
t “ wht q “

ÿ

ij

ηht,ipw
h
t qp

h
t,ijr

h
t,ijpθq.

Proof. See Appendix 7.A.

The optimal value function in Lemma 7.1 can easily be computed recursively by
dynamic programming as the states nht and wht are discrete. By using the optimal
value function, we can then compute the optimal policy µ̂ht pnht , wht q, for t “ 0, . . . , T ,
which maps nht and wht to an optimal release decision uht .

As the following theorem concludes, similar fundamental results for the structure
of the optimal release policy as in Theorem 7.1 hold when the arrivals at hub h´ 1
are independent, and the coordinator at hub h´ 1 follows a release policy with the
structure in Theorem 7.1.

Theorem 7.2. Consider the decentralized platoon release problem (7.4) at hub h
under the assumption that the arrivals at hub h´ 1 are independent and its coordi-
nator follows the release policy with the structure given in Theorem 7.1. Moreover,
assume that Rhpnht , uht q is convex in nht and uht . Then, the following holds:

• The value function V ht pnht , wht q is convex in nht .

• The optimal release decision µ̂ht pnht , wht q takes only values in the set t0, nht u.

Furthermore, if the reward function has the piecewise-linear form in (7.3), then
there exists a threshold ρht pwht q, such that

µ̂ht pn
h
t , w

h
t q “

#

nht if nht ě ρht pwtq

0 if nht ă ρht pwtq.

Proof. See Appendix 7.A.
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Theorem 7.2 is useful when seeking an optimal release policy by dynamic pro-
gramming as it limits the candidate optimal release policies and by using the extra
one-dimensional variable wt instead of the entire estimator state πht , which is a
vector taking non-discrete values.

7.3.3 Cases with dependent arrivals at the preceding hub

The solution proposed in this section for the release problem at hub h is optimal un-
der the assumptions that the arrivals at the preceding hub h´1 are independent and
its coordinator follows the release policy in Theorem 7.1. These assumptions lead
to an arrival process at hub h only depending on wht , as was shown in Lemma 7.1.
The independent-arrival assumption at hub h´1 is valid if hub h´1 is the first hub
in the corridor or all trucks join the corridor using hub h´ 1 or hub h. The arrivals
at hub h´1 will be dependent if, for example, the arriving trucks have participated
in a platoon formation process at hub h´ 2. For cases when the assumptions made
in this section for the arrival and releasing behavior at hub h ´ 1 do not hold,
we can approximate the arrival process at hub h as only depending on wht . The
solution proposed in this section can then be regarded as a sub-optimal solution by
computing a release policy by dynamic programming using the approximate arrival
process only depending on wht .

The approximation procedure illustrated in Fig. 7.3 is used to approximate the
arrival process at hub h as only depending on wht . The first step in this procedure
is to compute the release policies at the first hub and second hub in the forms of
Theorem 7.1 and Theorem 7.2, respectively. The second step is to simulate arrivals
and releases at the first two hubs and the arrivals at the third hub for T time
steps and repeat this for E episodes. The arrivals at the third hub are used to
approximate its arrival process as only depending on w3

t . The approximate arrival
process at the third hub is used to compute a release policy only depending on
n3t and w3

t , as in Theorem 7.2. This procedure can be repeated for all hubs in the
corridor.

We use the simulated arrival data from the episodes in E “ t1, . . . , Eu to
approximate the arrival process at hub h. The simulated arrival data from episode e
is denoted as pwh0,e, θh0,e, . . . , whT,e, θ

h
T,eq, where w

h
t,e is the number of time steps since

a non-zero arrival was observed and θht,e is the arrivals at time step t. The time steps
0 to T are divided into N intervals denoted T0, . . . , TN . The empirical estimator of
PrpΘh

t`1 “ θ|Wh
t “ wht q, for t P Tj , is

PrpΘh
t`1 “ θ|Wh

t “ wht q “

ř

sPTj

ř

ePE
1θhs`1,e“θ

1wh
s,e“w

h
t

ř

sPTj

ř

ePE
1wh

s,e“w
h
t

,

where the denominator is the number of data points in the jth time interval such
that whs,e “ wht . The numerator is the number of data points in the jth time interval
such that θhs`1,e “ θ and whs,e “ wht . Note that the estimator is undefined when
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the denominator is zero. For those wt, we set the probability of zero arrivals at the
next time step to one.

7.4 Distributed and centralized release policies

In this section, we propose two additional release policies for comparison with the
proposed decentralized release policies. First, we propose a distributed release policy
where each coordinator informs the next coordinator in the hub-corridor about its
release decisions. The second release policy is called centralized and requires that
coordinators share their release decisions and that trucks inform the coordinators
about their arrivals a priori. For both the distributed and centralized cases, we
decompose the platoon release problem in (7.2) into H sub-problems, one for each
hub, and the release decisions at each hub are computed with a receding horizon
method. Next, we introduce the available information and the Bellman optimality
equation used to compute the release decisions for distributed and centralized cases.

7.4.1 Distributed case

In the distributed case, the coordinator at each hub communicates its release deci-
sions to the next hub in the hub-corridor and computes its release decisions using a
receding horizon solution with L time steps as the horizon. The set of release deci-
sions at hub h´ 1 that the coordinator at hub h uses to make the release decision,
at time step t, is denoted

Mh
t “ tu

h´1
t´kh`1, . . . , u

h´1
t´kh`L

u.

The information in this set determines the probability distributions of the random
variables Θh

t`1, . . . ,Θ
h
t`L, as the travel time between the hubs is kh and each released

truck at hub h ´ 1 arrives at hub h or leave the corridor between the hubs, with
probability lh. The Bellman optimality equation used by the coordinator at hub h
to compute the release decision, at time step t, is expressed as

V hs pn
h
s ,Mh

t q “ max
uh
s PUh

s pn
h
s q
Rpnhs , u

h
s q ` ErV hs`1pn

h
s ´ u

h
s `X

h
s`1 `Θh

s`1q|Mh
t s,

for s “ t, . . . , t`L´1, and the value function at the terminal time step of the hori-
zon is V ht`Lpn

h
t`Lq “ Rhpnht`L, n

h
t`M q. The Bellman optimality equation is solved

recursively by dynamic programming. In the receding horizon solution, the com-
puted release decision for time step t is implemented, while the set of releases at
the preceding hub and the computed release decisions for time steps t`1, . . . , t`L
are updated at the next step. We assume that the time horizon L is shorter than
the travel time between the hubs. In this way, the set of releases from the preceding
hub will be constant over the time horizon.
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7.4.2 Centralized case

In the centralized case, the coordinator at each hub computes its release decisions
using a receding horizon solution where the arrivals within the horizon of L time
steps are known. The arrivals are known as the coordinators share their release
decisions, and the trucks inform the coordinators about their arrivals beforehand.
The set of information used by the coordinator at hub h to make its release decision,
at time step t, is denoted

N h
t “ tx

h
t`1, . . . , x

h
t`L, θ

h
t`1, . . . , θ

h
t`Lu.

The Bellman optimality equation used by the coordinator at hub h to compute the
release decision at time step t is expressed as

V hs pn
h
s ,N h

t q “ max
uh
s PUh

s pn
h
s q
Rpnhs , u

h
s q ` V

h
s`1pn

h
s ´ u

h
s ` x

h
s`1 ` θ

h
s`1,N h

t q,

for s “ t, . . . , t`L´1, and the value function at the terminal time step of the hori-
zon is V ht`Lpn

h
t`Lq “ Rhpnht`L, n

h
t`Lq. Unlike decentralized and distributed cases,

the Bellman optimality equation in the centralized case does not include expecta-
tions as the arrivals within the horizon of L time steps are known. The Bellman
optimality equation is solved recursively by dynamic programming, and similar to
the distributed case, the release decision for time step t is implemented, while the
set of information and the release decisions for time steps t`1, . . . , t`L are updated
at the next time step.

7.5 Simulation study

We perform a simulation study over a hub-corridor with three hubs in north-
ern Sweden. The two proposed decentralized release policies that do not require
information-sharing among the coordinators are compared with the distributed and
centralized release policies requiring more information-sharing. We first explain the
simulation setup, including the hub locations, truck arrival probability distribu-
tions, and other system parameters. Then, we evaluate the achieved profits and
platoon lengths in the hub-corridor. We also study the impact of varying the prob-
ability of leaving the hub-corridor and the uncertainty in travel times between the
hubs.

7.5.1 Setup

The considered hub corridor is illustrated in Fig. 7.5. The hubs are located near the
cities Luleå, Skellefteå, Umeå, and the hub-corridor ends near the city of Sundsvall,
Sweden. The road segments connecting the hubs have lengths of 131 km, 136 km,
and 263 km. The arrivals at each hub include trucks that join the corridor using
that hub and trucks that have traveled from the preceding hub. To obtain realistic
arrival distributions for the trucks that join the corridor, we use the real data shown
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å

å

å

Figure 7.5: Three-hub-corridor along a highway in Sweden and the average number
of trucks per minute that join the corridor at each hub.

in Fig. 7.5 that shows the average number of trucks per minute that join the corridor
using each hub. The data was collected during two working days in 2018–2019 by
the Swedish Transport Administration [93].

The arrivals representing trucks that join the corridor are assumed to be Poisson
distributed with a time-varying arrival rate. More precisely, Xh

t „ Poissonpλht q, for
t “ 0, . . . , T , where the arrival rate λht is set according to the data in Fig. 7.5
and we use a time step length of one minute. In our simulations, we first set the
probability of leaving the corridor between hubs as lh “ 0.5 and then vary it to
study its impact. Moreover, we will first assume known travel times between the
hubs, then assume the travel times are stochastic and normally distributed. The
impact of travel time uncertainty will be studied by varying the standard deviation
of the travel times.

We assume that the reward function has the piecewise-linear form in (7.3). To
compute the platooning benefit bh, the energy consumption of follower trucks is
assumed to be reduced by 10%, and the energy price in SEK (Swedish krona) of
leader and alone driving trucks is 5 SEK/km. The waiting cost per truck is assumed
to be similar to the hourly driver cost, which is around 200 SEK/h [11], or approx-
imately c “ 3.33 SEK/time step. The following results are generated by 50 Monte
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Figure 7.6: Profits at first hub

Carlo simulations. The decentralized single-hub release policy (Section 7.2) and the
decentralized two-hub release policy (Section 7.3) will be compared with the dis-
tributed and centralized release policies (Section 7.4). The horizon length for the
distributed and centralized release policies is L “ 30 time steps.

7.5.2 Evaluation

Figs. 7.6-7.8 show the average profit that is generated at each hub as a function
of time. The figures show that the decentralized two-hub policy generally achieves
higher profits than the decentralized single-hub policy. This is expected since the
former policy takes the arrival and release behavior of the preceding hub into ac-
count. The figures also show that the distributed and centralized release policies
outperform the decentralized release policies by a small margin. This indicates that
decentralized release policies can utilize most potential platooning profits. Fig. 7.6
shows the profits at the first hub for the decentralized single-hub release policy and
the centralized release policy. The reason for not including the other policies in this
figure is that the other release policies are redundant, as trucks that arrive at the
first hub have not traveled from a preceding hub.

Figs. 7.9-7.11 show the average number of released trucks and its standard
deviations as a function of time at each of the hubs. The number of released trucks
is referred to as release size in these figures. The figures show that the decentralized
two-hub policy has larger release sizes than the decentralized single-hub policy. The
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Figure 7.7: Profits at second hub
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Figure 7.8: Profits at third hub
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Figure 7.9: Release sizes and its standard deviations at first hub

standard deviations of the release sizes are also higher for the decentralized two-hub
policy. This is because the threshold for the decentralized two-hub policy depends
on the number of time steps since a non-zero arrival was observed, as shown in
Theorem 7.2, leading to more variability in the release sizes. The figures also show
that the distributed and centralized policies generally have larger release sizes and
higher standard deviations than the decentralized policies.

Fig. 7.12 shows the average total profit generated at the hubs over the day for
different probabilities of leaving the hub-corridor between hubs. The figure shows
that the total profit decreases with an increased probability of leaving the hub-
corridor between hubs. This is expected because when the probability of leaving
increases, the trucks will visit fewer hubs on average, reducing their chances of
forming platoons. Moreover, the figure shows that the difference between the de-
centralized and distributed policies is small when the probability of leaving the
hub-corridor between hubs is high. The largest difference between the decentralized
and distributed policies is 3.5% and occurs at the leaving probability of 0.5. The
figure also shows that the centralized release policy achieves higher profits even
with a high probability of leaving between hubs. The largest difference between the
decentralized and centralized policies is 8% and occurs at the leaving probability
of 0.8.

Fig. 7.13 shows the average total profit generated at the hubs over the day
for different standard deviations of the travel times, which now are assumed to be
stochastic and normally distributed. The probability of leaving the corridor between
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Figure 7.10: Release sizes and its standard deviations at second hub

2 4 6 8 10 12 14 16 18 20 22 24

Time of the day

2

4

6

8

10

R
el

ea
se

 s
iz

e

Decentralized (two-hub)
Decentralized (single-hub)
Distributed
Centralized

2 4 6 8 10 12 14 16 18 20 22 24

Time of the day

0

1

2

3

S
ta

nd
ar

d 
de

vi
at

io
n

Figure 7.11: Release sizes and its standard deviations at third hub
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Figure 7.12: Total profit as a function of the probability of leaving between hubs
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Figure 7.13: Total profit as a function of the standard deviation of the travel times



108 Platoon release problem in a hub-corridor

hubs is set to 0.5. The figure shows that the profits slightly decrease with increased
uncertainty in travel times. The decentralized policies achieve less than 2% lower
profits when the standard deviations of the travel times are 10 minutes compared
to known travel times. The distributed and centralized policies achieve less than
5% lower profits when the standard deviations of the travel times are 10 minutes
compared to known travel times.

7.6 Discussion

This chapter studied the platoon release problem in a hub-corridor, where release
times at hubs are coordinated to form platoons. We focused on the decentralized
case without communication between coordinators, where the release decisions are
based on statistical estimations of arrivals. Two decentralized release policies were
proposed. The first decentralized release policy was shown to be optimal under
the assumption that the arrivals are independent. The second decentralized release
policy was shown to be optimal under the assumption that the preceding hub has
independent arrivals and follows an optimal release policy. For comparison with the
decentralized release policies, we also developed distributed and centralized release
policies that require more information to be shared in the system.

A simulation study of a hub-corridor with three hubs in Sweden was performed
to evaluate the proposed release policies. The simulation study showed that the
decentralized release policies achieved profits near that of the distributed and cen-
tralized. More precisely, the profits of the decentralized policy were less than 3.5%
and 8% lower than those of the distributed and centralized, respectively. This sug-
gests that a viable platooning system can be obtained without sharing truck routes
and schedules across the system, which may otherwise be one of the bottlenecks for
platoon cooperation among different transportation companies.

7.A Proofs

In this appendix we give the proofs of Theorem 7.1, Lemma 7.1, and Theorem 7.2.

Proof of Theorem 7.1. Before giving the proof, we define

Ght pn
h
t , u

h
t q “ Rhpnht , u

h
t q ` ErV ht`1pn

h
t ´ u

h
t `X

h
t`1 `Θh

t`1qs,

and note that
V ht pn

h
t q “ max

uh
t PUh

t pn
h
t q

Ght pn
h
t , u

h
t q. (7.8)

First, assume that V ht`1pn
h
t`1q is convex in nht`1. Then, since convexity is preserved

under affine maps and positively weighted summations, we have that the term
ErV ht`1pn

h
t ´u

h
t `X

h
t`1`Θh

t`1qs is convex in both nht and uht . Therefore, Ght pnht , uht q
is also convex in both nht and uht .
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Consider the relaxed version of the maximization problem in (7.8) with the
decision space r0, nht s instead of Uht pnht q “ t0, . . . , nht u Ď r0, nht s. The relaxed maxi-
mization problem has a convex objective function and is over a compact and convex
set. Therefore, the maximizer is at one of the boundary points of the relaxed decision
space r0, nht s, see [94] for proof. Since the boundary points of r0, nht s are elements
in Uht pnht q, the maximizer of the maximization problem in (7.8) is also one of the
boundary points. That is, µ̂ht pnht q “ nht or µ̂ht pnht q “ 0. By this fact, we have

V ht pn
h
t q “ maxtGht pn

h
t , 0q, G

h
t pn

h
t , n

h
t qu,

which is convex in nht since Ght pnht , 0q and Ght pnht , nht q are convex functions in nht and
the maximizer of two convex functions is convex. Finally, V hT pn

h
T q “ RhpnhT , n

h
T q is

convex by assumption. Thus, V ht pnht q is convex for all t ď T by induction. Conclu-
sions in the first part of Theorem 7.1 follow.

In the second part of Theorem 7.1, we assume the convex piecewise-linear form
of Rhpnht , uht q in (7.3). Then, we have for nht ě 1 that

Ght pn
h
t , n

h
t q “ nht b

h ` Ft,

where Ft “ ´bh ` ErV ht`1pX
h
t`1 `Θh

t`1qs and

Ght pn
h
t , 0q “ ´cn

h
t ` ErV ht`1pn

h
t `X

h
t`1 `Θh

t`1qs.

Recall that the optimal release decision is either µ̂ht pnht q “ nht or µ̂ht pnht q “ 0. Thus,
µ̂ht pn

h
t q “ nht if and only if

∆pnht q “ Ght pn
h
t , n

h
t q ´G

h
t pn

h
t , 0q (7.9)

“ nht b
h ` F ` cnht ´ ErV ht`1pn

h
t `X

h
t`1 `Θh

t`1qs ě 0.

To show that there exists a threshold ρht such that µ̂ht pnht q “ nht if and only if
nht ě ρht , we show that µ̂ht pnht q “ nht ě 1 implies ûht pnht ` 1q “ nht ` 1. To this end,
it is sufficient to show that ∆pnht q is non-decreasing in nht .

We first assume that there exists a threshold ρht`1 such that µ̂ht`1pn
h
t`1q “ nht`1

if and only if nht`1 ě ρht`1. This implies that V ht`1pn
h
t`1 ` 1q ´ V ht`1pn

h
t`1q “ bh if

nht`1 ě ρht`1. By the convexity of V ht`1pn
h
t`1q, we have

V ht`1pn
h
t`1 ` 1q ´ V ht`1pn

h
t`1q ď bh, (7.10)

for all nht`1 as convex functions have increasing differences. Equations (7.9) and
(7.10) imply

∆pnht ` 1q ´∆pnht q “

bh ` c´ ErV ht`1pn
h
t ` 1`Xh

t`1 `Θh
t`1qs ` ErV ht`1pn

h
t `X

h
t`1 `Θh

t`1qs

ě bh ` c´ bh ą 0,

which implies that there exists a threshold ρht such that µ̂ht pnht q “ nht if and only
if nht ě ρht . We regard the threshold ρhT “ 1 at the terminal time step, and the
conclusion in the second part of Theorem 7.1 follows.
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Proof of Lemma 7.1. By Theorem 7.1, µ̂ht pnht q takes only values in the set t0, nht u.
Thus, rht,ijpθht`1q “ 0 for j ą 0 and θht`1 ‰ 0. This implies πht`1,0 “ 1 and πht`1,j “ 0

for j ą 0 when θht`1 ‰ 0. That is, πht “ p1, 0, . . . q when θht ‰ 0. Therefore, the
number of time steps since a non-zero arrival was observed, or more precisely wht ,
is the only variable affecting πht . The Bellman optimality equation can then be
expressed as

Vtpn
h
t , w

h
t q “ max

uh
t PUh

t pn
h
t q

Rhpnht , u
h
t q ` ErV ht`1pn

h
t ´ u

h
t `X

h
t`1 `Θh

t`1, ζpw
h
t ,Θ

h
t`1qqs,

or

V ht pn
h
t , w

h
t q “ max

uh
t PUh

t pn
h
t q

Rhpnht , u
h
t q`

ÿ

θx

PrpΘh
t`1 “ θ|Wh

t “ wht qPrpXh
t`1 “ xqV ht`1pn

h
t ´ u

h
t ` x` θ, ζpw

h
t , θqq,

where PrpΘh
t`1 “ θ|Wh

t “ wht q “
ř

ij η
h
t,ipw

h
t qp

h
t,ijr

h
t,ijpθq.

Proof of Theorem 7.2. The proof of Theorem 7.2 is similar to the proof of Theo-
rem 7.1 and we therefore omit most details but provide the step which is least
trivial. If V ht`1pn

h
n`1, w

h
t`1q is convex in nhn`1, then

ErV ht`1pn
h
t ´ u

h
t `X

h
t`1 `Θh

t`1, ζpw
h
t ,Θ

h
t`1qqs “

ÿ

θx

PrpΘh
t`1 “ θ|Wh

t “ wht qPrpXh
t`1 “ xqV ht`1pn

h
t ´ u

h
t ` x` θ, ζpw

h
t , θqq

is convex in nht and uht . Which, by following similar steps as in the proof of The-
orem 7.1 implies that V ht pnht , wht q is convex. Then, V ht pnht , wht q is convex for all
t ď T by induction since we have that V hT pn

h
T , w

h
T q is convex. The remaining proof

of Theorem 7.2 follows similar steps as the proof of Theorem 7.1 but including the
state wht in the notations.

7.B Transition and observation probabilities

The release policy at hub h´ 1 is assumed to be in the form given in Theorem 7.1.
Consequently, there exist a set Dh´1

t´kh
Ď Zě0 such that uh´1

t´kh
“ nh´1

t´kh
if nh´1

t´kh

belongs to Dh´1
t´kh

and otherwise uh´1
t´kh

“ 0. Then, for δh´1
t´kh

“ i R Dh´1
t´kh

and
δh´1
t´kh`1 “ j R Dh´1

t´kh`1, we have

pht,ij“

$

’

’

’

&

’

’

’

%

PrpXh´1
t´kh`1 ` i “ jq if j ě i and j ‰ 0

PrpXh´1
t´kh`1 ` i P D

h´1
t´kh`1q if i ‰ 0 and j “ 0

PrpXh´1
t´kh`1 P D

h´1
t´kh`1 _X

h´1
t´kh`1“0q if i “ 0 and j “ 0

0 else
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where the first case is when the state is non-decreasing due to not releasing, the
second case is when the state becomes zero due to releasing, and the third case
is when the state remains zero due to releasing or zero arrivals. Furthermore, for
θ ‰ 0 and j “ 0, we have

rht,i0pθq “
ÿ

nPDh´1
t´kh`1

PrpXh´1
t´kh`1 ` i “ nqPrpΘh

t`1 “ θ|Uh´1
t´kh`1 “ nq{pht,i0,

where PrpΘh
t`1 “ θ|Uh´1

t´kh`1 “ nq is determined by lh, which is the probability of
any released truck leaving between hubs h ´ 1 and h. For θ ‰ 0 and j ‰ 0, we
have rht,ijpθq “ 0. The denominator in the equation above is the probability of the
transition from δh´1

t´kh
“ i to δh´1

t´kh`1 “ 0, and the numerator is the probability of
that transition and observing Θh

t`1 “ θ.





Chapter 8

Platoon release problem as a stopping
problem

This chapter considers the platoon release problem at a single hub, illustrated in
Fig. 8.1. In this problem, a coordinator decides whether to release the trucks at the
hub or wait for more trucks to arrive. As in the previous chapter, the coordinator
neither has a priori knowledge of when trucks will arrive at the hub nor which trucks
will arrive. Instead, the release decisions are based on the statistical distribution of
the truck arrival process. The aim is to optimize the reward of the trucks currently
located at the hub instead of as in the previous chapter, where the aim was to
optimize the total reward of all trucks. The setup in this chapter is reasonable if a
group of trucks is unwilling to wait at the hub if it is more profitable for them to
leave immediately.

The platoon release problem is modeled as a stopping time problem wherein the
objective function includes a platooning reward and a waiting cost. We show that
the optimal platoon release problem is a monotone stopping time problem when
the truck arrivals are independent and identically distributed. The optimal platoon
release time policy will thus be in the form of a one-step look-ahead policy. We
also show that the one-step look-ahead policy takes the form of a threshold policy
which releases the trucks at the hub when the number of trucks exceeds a certain
threshold. The performance of the optimal platoon release policy is evaluated in a
simulation of a hub in Sweden where real traffic data is used to set realistic truck
arrival rates to the hub.

This chapter is structured as follows. In Section 8.1, we present the system model
of the optimal platoon release problem. This includes the truck arrival process,
the decision variables, the reward function and the optimization problem of the
coordinator. The solutions to the optimal platoon release problem are provided in
Section 8.2, including the optimal one-step look-ahead policy. In Section 8.3, we
perform a simulation study of a hub in Sweden to evaluate the optimal platoon
release policy. Finally, a discussion is provided in Section 8.4.

113
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Figure 8.1: The platoon coordinator decides whether to release the trucks at the
hub in the form of a platoon or wait for more trucks to arrive.

8.1 System model

In this section, we formulate the platoon release problem that is illustrated in
Fig. 8.1. Before formulating the optimization problem, the truck arrival process is
defined as well as the decision variables and the reward function.

8.1.1 Arrival process to the hub

The number of trucks that arrive to the hub at time step t P Zą0 is denoted by
the random variable Xt. The realization of Xt is denoted by xt P Zě0, which takes
non-negative integer-values. At the initial time step t “ 0, there are n0 P Zą0

trucks located at the hub. We assume n0 ą 0, since if there are zero trucks located
at the hub, there is no decision to make when t “ 0. The number of trucks that
have arrived at the hub at time step t ą 0 is denoted by the random variable Nt
and its realization is denoted by nt, which is defined by nt “ nt´1 ` xt. The real-
izations x1, . . . , xt are known at time step t. Hence, nt is known to the coordinator
at time step t. Moreover, we assume the random variables X1, X2, . . . to be inde-
pendent and identically distributed (i.i.d.) and their distribution is known to the
platoon coordinator. The probability mass function of the arrivals is denoted by
Ppxq “ PrpXt “ xq.

Remark 8.1. In a real traffic situation, the arrival rate of trucks to the hub is
expected to be higher at peak periods than during off-peak periods. This is observed
in Fig. 8.3. However, the i.i.d. assumption of X1, X2, . . . is justified if the traffic
conditions change slowly in comparison to the time that trucks stay at the hubs.
Different distributions can be used for the peak and off-peak periods, and the distri-
butions can be estimated by historical data.

8.1.2 Decision variables

The coordinator at the hub decides, at each time step, whether to release the trucks
at the hub or wait for more trucks to arrive. The decision variable of the coordinator,
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at time step t, is denoted by ut P t0, 1u. If ut “ 1, the trucks at the hub are released
as a platoon and the coordinator receives a reward (that is introduced later), and
ut “ 0 corresponds to not releasing the trucks at time step t. Exactly one release
time is allowed, and when the decision to release is taken, the problem terminates
(and possibly starts over). The coordinator has to release the trucks at the latest
time step T , which can be selected arbitrarily large. Since exactly one release time
is allowed, we require u0`¨ ¨ ¨`uT “ 1. The release time is not known a priori and
the decision to release at time step t is a causal function of all the information up
to time t. Therefore, ut is a realization of a random variable, which we denote by
Ut.

The feasible set of decisions, which the coordinator can take at time step t,
depends on if the problem already has been terminated. Let ht “ u0 ` ¨ ¨ ¨ ` ut´1,
where ht “ 1 if the problem has been terminated before time step t and ht “ 0
otherwise. The variable ht is a realization of a random variable denoted by Ht. The
feasible set of decisions at time step t is defined as

Utphtq “

$

’

&

’

%

t0, 1u, if ht “ 0 and t ă T,

t0u, if ht “ 1,

t1u, if ht “ 0 and t “ T.

8.1.3 Reward function

A group of trucks that are released from the hub at the same time step will form
a platoon. To define the reward function of the platoon coordinator, we make two
assumptions on the platooning benefit of trucks. First, the lead truck in each platoon
has zero benefit. Second, the follower trucks have equal benefits R ą 0. Then, the
average platooning benefit in a platoon of n trucks is Rpn´ 1q{n. The reward of
the platoon coordinator if it releases the trucks at time step t is

ytpntq “
nt ´ 1

nt
R´ ck,

where the first term is the average platooning benefit of the nt trucks that are
released, and the second term is the cost associated with trucks waiting at the hub.
Note that if each released truck receives the average benefit of platooning and its
waiting cost is linearly increasing with gradient c, then the reward ytpntq and the
profit of each truck only differs with a constant. Thus, selecting the release time to
maximize ytpntq equals the problem of selecting the release time to maximize the
profit of the trucks currently located at the hub.

Remark 8.2. In general, we might consider the reward function of the form ytpntq “
fpntq ´ Λptq, where fpntq represents the platooning benefit and Λptq represents the
cost of waiting at the hub. The results presented later will hold as long as the reward
function fulfills the monotonic property that will be introduced later.
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8.1.4 The optimal platoon release problem

The platoon coordinator aims to maximize its expected reward with respect to its
platoon release policy. The optimal platoon release problem is defined as

max
µ0,...,µT

E

«

T
ÿ

t“0

ytpNtqµtpNt, Htq

ff

, (8.1)

where µ0, . . . , µT are release policies that map the number of trucks located at the
hub and the history of decisions to platoon release decisions u0, . . . , uT . The optimal
platoon release policies are denoted µ̂0, . . . , µ̂T . In the next section, two approaches
of solving the optimal platoon release problem are presented.

Remark 8.3. The optimal platoon release problem (8.1) is an optimal stopping
time problem, where releasing the trucks from the hub corresponds to stopping.

8.2 Solutions to the platoon release problem

We give two solutions to the optimal platoon release problem. The first solution is
to compute the optimal platoon release policy using dynamic programming. This
solution is not limited to the i.i.d. assumption of the truck arrivals that was made
in the previous section. The second solution is a policy that looks one time step
ahead. The optimality of the one-step look-ahead policy is shown under the i.i.d.
assumption of the arrival process.

8.2.1 Dynamic programming solution

The optimal platoon release problem (8.1) can be solved by dynamic programming.
If the number of trucks located at the hub is nt and the history is ht, then the
maximal expected reward received at time step t to T is denoted by Vtpnt, htq.
The Bellman equation, used to compute the optimal release policy, for time steps
t “ 0, . . . , T ´ 1, is defined as

Vtpnt, htq “ max
utPUtphtq

ytpntqut ` E rV pNt`1, Ht`1q|Nt “ nt, Ht “ ht, Ut “ uts ,

where Vtpnt, htq “ ytpntq if the optimal decision is ut “ 1. Note that Vtpnt, htq “ 0
if we have ht “ 1, since then Ulphlq “ t0u for l ě t. Optimal platoon release poli-
cies µ̂tpnt, htq, for t “ 0, . . . , T , is computed by setting VT`1pnT`1, hT`1q “ 0
and computing VT pnT , hT q, . . . , V0pn0, h0q backwards, from T to 0, as functions of
n0, h0, . . . , nT , hT , respectively. However, the dynamic programming solution be-
comes intractable when T is large and the possible realizations of X1, . . . , XT are
many.
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8.2.2 Optimal one-step look-ahead platoon release policy

The main result of this section is an optimal platoon release time policy where the
coordinator looks one time step ahead, instead of (initially) looking T time steps
ahead, as in the dynamic programming solution. Before stating the optimal platoon
release policy, we define the notion of the one-step look-ahead platoon release policy
and monotone platoon release problems.

Definition 8.1. The one-step look-ahead platoon release policy calls for releasing
at time step t if

ytpntq ě E ryt`1 pNt`1q|Nt “ nts , (8.2)

that is, the reward of releasing the trucks at time step t is greater than the expected
reward of releasing at time step t` 1.

Definition 8.2 (Monotone platoon release problem). The platoon release problem
is called monotone if the event that inequality (8.2) is satisfied at time step t implies
that it will also be satisfied at time step t` 1, for all possible realizations of Xt`1.

Theorem 8.1. Consider the platoon release problem (8.1). The following state-
ments hold:

(i) The platoon release problem is monotone in the sense of Definition 8.2.

(ii) The one-step look-ahead platoon release policy is optimal and releasing is op-
timal at the first time step t such that nt ě ρ, where

ρ “ mintn ě 0|
c

R
ě
ÿ

x

x

n2 ` nx
Ppxqu,

where Ppxq denotes the probability of x trucks arriving to the hub at one-step.

Proof. See Appendix 8.A.

Remark 8.4. The threshold ρ is a function of the cost-benefit ratio c{R and the
statistical distribution of the random arrivals X1, . . . , XT .

Remark 8.5. The optimal platoon release policy of the coordinator is

µ̂tpnt, htq “

#

1 if nt ě ρ or t “ T, and if ht “ 0,

0 else,

where the criteria ht “ 0 imposes that releasing the trucks at time step t requires
that the coordinator has not released the trucks before time step t.
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Figure 8.2: Map of a region in Sweden. The location of the hub is denoted by the
letter A (near Gothenburg). The trucks at the hub can platoon on the highway to
the point that is denoted by B (near Halmstad). The map is copied from Google
maps.

8.3 Simulation study

In this section, we evaluate the optimal one-step look-ahead platoon release policy
and study the average utility of trucks, the average platoon length, and the aver-
age waiting times under different arrival rates for a hub in Sweden. We start by
describing the simulation setup.

8.3.1 Setup of simulation

We consider a hub located near the city of Gothenburg, Sweden. In Fig. 8.2, the
position of the hub is denoted by A. The trucks at hub A can platoon to the point
denoted by B. The distance between hub A and point B is approximately 120 km.

In the simulations, we set the time step length to 5 seconds. At each time step t,
the number of arriving trucks Xt „ Popλq is Poisson distributed with mean λ. The
initial number of trucks at the hub, n0 ą 0, is drawn according to the zero-truncated
Poisson distribution. Fig. 8.3 shows the average number of trucks that pass by the
hub (point A in Fig. 8.2) during each hour of the day over a period of ten weekdays.
The data was collected by the Swedish Transport Administration. The data in Fig.
8.3 is used to compute realistic values of the arrival rate λ. For example, in average
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Figure 8.3: Average number of trucks that pass by the hub (point A in Fig. 8.2)
during each hour of the day.

330 trucks pass by the hub during the peak period 10:00–11:00 a.m. If 120 of those
trucks stop at the hub in order to platoon and if trucks arrive to the hub according
to a Poisson process then the expected number of arrivals at each time step (per 5
seconds) is λ “ 1{6. In the simulations, we will vary λ between 0 and 1{6.

Fig. 8.4 shows the number of trucks released from hub A by the coordinator
under the optimal platoon release time policy for a realization of the arrival process
during the period 10:00–11:00 a.m. In this figure, the arrival rate to the hub is
λ “ 1{6 and the cost-benefit ratio is c{R “ 0.005. The cost-benefit ratio is the ratio
between the waiting cost of trucks and the monetized benefits from platooning. The
figure shows that trucks are released in platoons of 6 or 7 trucks. This is consistent
with the fact that the optimal platoon release policy, for λ “ 1{6 and c{R “ 0.005,
is to release the trucks when the number of trucks at the hub is more or equal to
the threshold ρ “ 6. In the next section, the threshold ρ is computed when the
arrival rate λ and the cost-benefit ratio c{R are varied.

8.3.2 Computing the threshold ρ

The optimal platoon release policy in Theorem 8.1 is to release the trucks in a
platoon when the number of trucks exceeds the threshold ρ. Fig. 8.5 shows the
threshold ρ as a function of the arrival rate λ, for different values of the cost-benefit
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Figure 8.4: The number of released trucks during the period 10:00–11:00 a.m. under
the optimal platoon release policy and the arrival rate λ “ 1{6.

ratio c{R. Fig. 8.5 shows that the threshold increases when λ increases. This is
intuitive since the incentive to wait for more trucks to arrive is higher when more
trucks are expected to arrive. Moreover, the figure also shows that the threshold
increases when c{R decreases. This is intuitive since the incentive to stay at the
hub is high when the cost of waiting is low and the platooning reward is high.

8.3.3 Average utility, platoon length and waiting times

We present results obtained by 1000 Monte Carlo samples. For each Monte Carlo
sample, the arrivals x1, . . . , xT and the initial number of trucks n0 ą 0 are re-drawn.
The cost-benefit ratio is assumed to be c{R “ 0.005. We compare the performance
of the optimal platoon release policy in Theorem 8.1 against a periodic policy, a
spontaneous platooning policy and a policy with the non-causal knowledge of the
arrival process. Under the periodic policy, the trucks that arrive to the hub within
each 5-minute (60 time step) period are grouped into a platoon. In the non-causal
policy, the platoon coordinator has the non-causal knowledge of future arrivals and
releases at the time step which maximizes its reward. In the spontaneous policy, the
trucks are released at the same time step as they arrive and trucks form platoons
spontaneously.

Fig. 8.6 shows the average utility per truck, for different platoon release policies,
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Figure 8.5: The threshold ρ as a function of λ for different values of the cost-benefit
ratio c{R.

as a function of the arrival rate λ. It is seen in the figure that for each releasing
policy, the average utility increases when λ increases. According to Fig. 8.6, the
highest average utility per truck is obtained when the coordinator has the knowledge
of future arrivals to the hub. This is expected due to the fact that the coordinator
has the non-causal knowledge of the future arrivals and always picks the release time
that corresponds to the highest reward. Note that the availability of future arrivals
may not always be possible but the non-causal policy provides an upper bound on
the performance of the optimal one-step look-ahead policy. Fig. 8.6 shows that the
performance of the optimal one-step look-ahead policy is close to the performance
of the non-causal platoon release policy. The figure also shows that the optimal one-
step look-ahead platoon release policy outperforms the spontaneous platooning and
the periodic platoon release policies. Based on Fig. 8.6, the spontaneous platooning
policy results in a very low average utility. This suggests that coordination is needed
in order to obtain substantial benefit from platooning. Another observation is that
when λ is low, the average utility of the periodic platoon release policy is negative.
This is due to the fact that the cost of waiting overtakes the average platooning
benefit when the arrival rate is low.

Fig. 8.7 shows the average platoon length, for different platoon release policies,
as a function of λ. The trucks that depart alone are counted as one-truck platoons.
The figure shows that the average platoon length increases when λ increases, for
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Figure 8.6: Average utility of the trucks as a function of λ.

all platoon release policies. This is expected since, in average, more trucks arrive
to the hub at each time step. Fig. 8.7 shows that when the optimal platoon release
policy is employed, the trajectory of the platoon length is step-shaped. A jump
occurs every time λ reaches a point where the threshold ρ is increased by one.

Fig. 8.8 shows the average waiting time per truck for different platoon release
policies as a function of λ. The average waiting time of the optimal platoon release
policy is saw-tooth shaped. This is because at each point that λ reaches a value
where the threshold ρ increases by one, the average waiting time jumps to a new
value. In the regions in between the jumps, the average waiting decreases, since
when more trucks arrive to the hub, it takes shorter time to reach the threshold.
Moreover, it is worth pointing out that when λ is low, the optimal platoon release
policy has zero waiting time as the spontaneous policy.

8.4 Discussion

In this chapter, we have considered the platoon coordination problem where pla-
toons form at a hub to which trucks arrive according to a stochastic arrival process.
A platoon coordinator decides, at each time step, whether to release the trucks
at the hub in the form of a platoon. The coordinator has no a priori information
about when or which trucks will arrive. This information is not shared with the
coordinator. However, the coordinator makes its decision based on the knowledge
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Figure 8.7: Average platoon length as a function of λ.
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Figure 8.8: Average waiting time of the trucks as a function of λ.
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of the statistical distribution of the truck arrival process. We model the platoon
release problem as a stopping time problem, where stopping corresponds to releas-
ing trucks from the hub. Under an i.i.d. assumption of the truck arrival process,
we showed that it is optimal for the coordinator to only look one step ahead when
deciding whether to release the trucks from the hub or not. This was shown by
showing that the platoon release problem is monotone. Moreover, we showed that
the optimal platoon release policy is in the form of a threshold-based policy in
which the coordinator decides to release the trucks if the number of trucks located
at the hub exceeds a certain threshold. The threshold depends on the cost for wait-
ing, the benefits from platooning and the statistical distribution of the truck arrival
process. The performance of the optimal platoon release policy was evaluated in a
simulation study of a potential hub in Sweden. Historical traffic data was used to
obtain realistic values of the arrival rates to the hub. The simulation study showed
that the optimal release policy performed nearly as good as a non-causal policy
where the coordinator has full information about future truck arrivals. Moreover,
the simulation study showed that the optimal release policy outperformed the peri-
odic release policy. This suggests that efficient and dynamic coordination rules can
boost the profit from platooning significantly. The simulation study also confirms
that the achieved average utility highly depends on the arrival rate to the hub.
This stresses once again that the achievable profit from platooning depends on the
number of platooning-equipped trucks in the transportation system. This is consis-
tent with the results from the previous chapters, which showed that the achieved
average utility and platooning rate increases as the number of coordinated trucks
increases.

8.A Proof

In this appendix we provide the proof of Theorem 8.1.

Proof of Theorem 8.1. We show that the condition in Definition 8.2 holds for the
considered platoon release problem. The one-step look-ahead platoon release policy
calls for releasing at time step t if

nt ´ 1

nt
R´ ck ě

ÿ

x

nt ` x´ 1

nt ` x
RPpxq ´ cpk ` 1q. (8.3)

Since
ř

x
Ppxq “ 1, we have that (8.3) is equivalent to

c

R
ě
ÿ

x

p
nt ` x´ 1

nt ` x
´
nt ´ 1

nt
qPpxq,

which can be written as
c

R
ě
ÿ

x

x

n2t ` ntx
Ppxq. (8.4)
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Similarly, it can be shown that the one-step look-ahead platoon release policy calls
for releasing at time step t` 1 if

c

R
ě
ÿ

x

x

n2t`1 ` nt`1x
Ppxq. (8.5)

Note that nt and nt`1 appear in the right-hand-side of the inequalities (8.4) and
(8.5), respectively. This is the only difference between these inequalities. Moreover,
the right-hand-side of (8.4) and (8.5) are decreasing in nt and nt`1, respectively.
Therefore, if inequality (8.4) is satisfied it implies that inequality (8.5) is satisfied
if nt`1 ě nt. The platoon release problem is therefore monotone by the fact that
nt`1 “ nt ` xt ě nt.

The authors in [95] showed that it is optimal to look one-step ahead in finite
horizon monotone stopping policy problems. By this fact and by that the considered
platoon release problem is monotone, it follows that the one-step look-ahead platoon
release policy is optimal. Moreover, the one-step look-ahead platoon release policy
calls for releasing at time step t if the inequality (8.4) is satisfied, which it is if and
only if nt ě ρ. The same policy is optimal in the case of infinite horizon, as the
authors in [96] showed the optimality of the one-step look-ahead policy of infinite
horizon monotone stopping problems.





Chapter 9

Conclusions and future work

The commercial rollout of truck platooning is approaching, yet many unanswered
research questions remain on the topic. Effective platoon coordination will play
an essential role in the success of commercial truck platooning, especially in the
early phase, where only a fraction of the trucks will have platooning capabilities.
Cooperation across carriers will also be essential since, otherwise, many platooning
opportunities are lost. This chapter concludes the thesis by summarizing and dis-
cussing our contributions to platoon coordination. We also provide future research
directions on the topic.

9.1 Conclusions

This thesis has targeted cross-carrier platoon cooperation and coordination. This is
challenging because, in many cases, carriers are interested in maximizing their own
profits from platooning and prefer to keep control of their truck fleets instead of
leaving the control to a third-party platoon coordinator. Another challenge is that
carriers may be unwilling to share route and schedule information with others. The
main focus of this thesis has been to develop coordination approaches that address
these issues.

In Chapter 3, we presented a system where carriers cooperate in forming pla-
toons through a platoon-hailing service. The platoon-hailing service stores reported
platooning decisions and informs the carriers about feasible platooning options
when they make platooning decisions. The cross-fleet platooning system was eval-
uated in a realistic simulation study. The national model for freight transportation
in Sweden was used to generate origin-destination pairs of trucks, and real data was
used to generate carrier sizes. The simulations showed that cross-carrier coopera-
tion and a high penetration rate of platooning technology are essential for achieving
substantial energy and cost savings from platooning. The cross-carrier platooning
system achieved energy savings of 3.0% and 5.4% when 20% and 100% of the trucks
had platooning capability, respectively. In contrast, if only single-carrier platoons
were allowed, the energy savings was only 0.4%, even when 100% of the trucks had
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platooning capability. In the simulation study, the savings from energy reduction
was considered the only monetary profit from platooning. The cross-carrier system
achieved an average profit of SEK 45 and SEK 90 per truck when 20% and 100%
of the trucks in Sweden had platooning capability, respectively. The average profit
per truck was SEK 5.6 when 100% of the trucks had platooning capability and only
single-carrier platoons were allowed.

The simulation study in Chapter 3 reported profits from platooning that are
relatively small compared to the total operational costs of trucks. This is because the
fuel costs account for around one-third of the total operational costs, and platooning
can potentially reduce the fuel consumption by around 10%. However, with higher
energy prices or other platooning benefits than the monetary savings from saved
fuel, the achieved profits may be significant in proportion to the total operational
costs of trucks. For example, the commercial potential for platooning would be
enormous if the driving and resting time regulations are adjusted for platooning
so that drivers can rest on the fly when in automated follower trucks or if follower
trucks can be driverless.

In Chapter 4, we developed coordination approaches based on non-cooperative
game theory for trucks with individual objectives and fixed routes in a network of
hubs. The travel times were modeled to be either deterministic or stochastic. We
considered pure Nash equilibria as open-loop coordination solutions when the trucks
decide on their waiting times at the beginning of their journeys and are not allowed
to update their decisions. The existence of an equilibrium solution was shown by
showing that the developed platoon coordination game is a potential game. In the
case of stochastic travel times, we also proposed feedback-based solutions where
trucks are allowed to update their waiting times along their journeys. A simulation
study of the Swedish transportation network showed that uncertainty in travel times
has a negative effect on the platooning rate. However, the proposed feedback-based
solutions significantly mitigate the negative effect on the platooning rate. In fact,
the platooning rate under the feedback solutions was less than 5% lower than when
the travel times are known a priori.

The game theoretic coordination approaches proposed in Chapter 4 can be im-
plemented in practice using a platoon-hailing service, similar to the one proposed
in Chapter 3, that stores reported platooning plans and through which trucks can
iterate their platooning plans until they reach a Nash equilibrium. In Chapter 3,
the trucks did not iterate to reach a Nash equilibrium solution; instead, the trucks
computed their platooning plans in a decoupled manner based on the predicted
plans of others. The main drawback of considering the Nash equilibrium as a so-
lution concept is that many iterations are required when considering many trucks.
The advantage of considering the Nash equilibrium as a solution concept, compared
to the solution in Chapter 3, is that it guarantees that trucks are incentivized to
follow the solution, given that others also follow it.

In Chapter 5, we proposed a cross-carrier Pareto-improving coordination strat-
egy when a third-party coordinator aims to maximize the total profit from pla-
tooning of all carriers but ensures that each carrier is better off than performing
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single-carrier platooning. This is different from the proposed solution in Chapter 3,
where each carrier aims to maximize its own profits and does not leave the control
of its trucks to a third-party coordinator, and different from Chapter 4, where each
truck maximizes its individual profit. For comparison to the cross-carrier Pareto-
improving coordination strategy, we also developed a single-carrier strategy where
cross-carrier platoons are not allowed and a system-maximum strategy that does
not ensure that each carrier is better off performing single-carrier platooning. The
strategies were evaluated in a simulation study that showed that cooperation across
carriers significantly boosts the profits from platooning, which is in line with the
results in Chapter 3. The simulation study also showed that smaller carriers benefit
more from cooperation than larger fleets. This indicates that larger carriers may
need compensation from smaller carriers to cooperate in forming platoons. The
main drawback of the solution proposed in Chapter 5 is that the carriers need to
leave the scheduling of trucks at hubs to a third-party coordinator. In situations
where the carriers are unwilling to leave the scheduling to a third-party coordinator,
carriers may prefer to cooperate through a platoon-hailing service as in Chapter 4.

In Chapter 6, we studied profit-sharing within platoons. This is important con-
sidering that the platooning benefit of trucks within a platoon differs, especially
between the lead and follower trucks. Three profit-sharing models were designed
for when a set of trucks decide their departure time at a single hub. In the first
model, the profit in each platoon is evened out by transactions from the follower
trucks to the lead truck. In the second model, a score system assigns the lead trucks
fairly over time instead of sharing the profit through transactions every time a pla-
toon is formed. The third model is auction-based, and some trucks sell follower
spots and decide on the price for being their follower, and the other trucks choose
which seller truck to follow. Each profit-sharing model laid the foundation for an
associated non-cooperative platoon coordination game, similar to Chapter 4. In a
simulation study, the profit-sharing models were compared by the outcomes of their
associated games. When transactions evened out the profits within each platoon,
and each truck decided on its departure time to maximize its profit, the total profit
in the system was nearly as high as when each truck aimed to maximize the total
profit. The simulation study also showed that a score system could achieve a high
platooning rate, while the auction-based model achieved a relatively low platoon-
ing rate. In Chapter 6, we assumed that each truck knows its platooning benefit.
In practice, the platooning benefit is uncertain as it is influenced by factors such as
surrounding traffic, truckloads, weather, and road topography. For trucks or carri-
ers to share the platooning profit in practice, they need reliable estimations of their
platooning benefits.

In Chapter 7, we studied the platoon release problem in a hub-corridor when the
coordinator at each hub does not have a priori information about which trucks will
arrive, and trucks arrive according to a stochastic process. This is realistic if carri-
ers want to keep route and schedule information private. Two decentralized release
policies were proposed when information is not shared between the hubs. The first
release policy is shown to be optimal when the arrivals are independent over time.
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The second release policy is shown to be optimal when the arrivals are dependent
over time due to the releasing behavior at the preceding hub in the corridor. For
comparison, we developed a distributed release policy where release decisions are
shared with the neighboring hubs, and a centralized release policy where the coordi-
nators share their release decisions and trucks inform the coordinators about their
arrivals. A simulation study showed that the decentralized release policy taking
into account the releasing behavior at the preceding hub achieved slightly higher
profits than the decentralized release policy ignoring the releasing behavior at the
preceding hub. The simulation study also showed that the profits of the decentral-
ized release policies were near the profits of the distributed and centralized release
policies. Compared to the coordination solutions proposed in Chapters 3-5, the
decentralized solutions in Chapter 7 do not require that trucks share routes and
schedules with others. A practical limitation of the solutions in Chapter 7 is that
they require a third-party coordinator to control the departure times of trucks at
hubs.

In Chapter 8, we studied the platoon release time problem at a single hub under
stochastic arrivals, similar to Chapter 7. Instead of aiming to optimize the profit
from platooning over time, the aim was to optimize the profit from platooning for
the trucks currently at the hub. This is realistic if trucks are only willing to wait
for others if they can increase their own profits from platooning. We used stopping
time theory to show that for any stochastic arrival process with independent and
identically distributed arrivals, the platoon release problem is monotone and the
optimal release time policy takes the form of a one-step look-ahead policy. Based on
this, it turns out that it is optimal to release trucks from the hub when the number
of trucks exceeds a certain threshold. A simulation study showed that the optimal
threshold-based release time policy is simple, but yet an effective coordination ap-
proach of obtaining a substantial profit from platooning when a priori knowledge
of arrivals is not available.

9.2 Future work

There are many possible extensions to the contributions in this thesis and other
directions of interest regarding platoon coordination. Chapter 4 and Chapter 6
modeled the strategic interaction among trucks when coordinating for platooning
using non-cooperative game theory, and Nash equilibrium was considered the so-
lution concept. A natural concern is the Nash Equilibria’s effectiveness compared
to the socially optimal solution. In game theoretic terms, that is to study the price
of anarchy or stability in platoon coordination games. For complex cases, it might
be hard to find socially optimal solutions, for example, when considering a network
of hubs. However, studying the price of anarchy or stability for simplified cases is
a promising research direction. Moreover, in this thesis, we have assumed homoge-
neous trucks in the sense that the profit from each platoon is only determined by
the number of trucks and not by which trucks. This assumption fails if considering
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multi-brand platooning or different types of trucks. It would be interesting to ex-
tend the game theoretic models in Chapter 4 to include heterogeneous trucks and
study the existence of equilibria for such cases.

Chapter 7 and Chapter 8 studied release time problems at hubs under stochastic
arrivals with different assumptions on the arrival distributions. In Chapter 7, dy-
namic programming was used to compute optimal release policies, and in Chapter 8,
an analytical solution was derived through optimal stopping time theory. A future
research direction is to develop reinforcement learning and roll-out techniques for
the platoon release problem, especially for cases when the arrival distributions at
hubs are unknown or too complex for exact solutions.

The potential of platooning under different automation levels has partly been
studied in the literature. However, platoon coordination for automation levels where
follower trucks can be driverless has not been studied. To fully exploit the benefit
of driverless follower trucks, drivers should be picked up before platoons split and
dropped off after platoons form. A possible future research direction is to study
platoon coordination, including pick-up and drop-off of drivers.

The electrification of trucks is predicted to be key in reducing the environmen-
tal impact of freight transportation. It remains to develop platoon coordination
approaches and study the potential of platooning when the truck fleet is electric.
The energy consumption of electric trucks can still be reduced by platooning, but
the environmental impact of doing so is lower than for fuel trucks. However, other
benefits from reducing energy consumption arise when trucks are electric which
might lead to a strong business case, for example, longer driving ranges and shorter
charging times. The platooning benefits related to automation, such as decreased
driver workload and increased driving safety, remain intact under the electrification
of trucks.

Several simulation studies were conducted throughout this thesis to evaluate the
potential of platooning in different scenarios. More real input data to these simu-
lations would improve the validity of the results. Primarily, it would be interesting
to evaluate the profitability of platooning using real mission data from carriers.
Finally, the literature on platoon coordination lacks real-world demonstrations. A
valuable contribution would be to demonstrate the economic and environmental
benefits of platooning in actual transportation operations. As a first step, such a
real-world demonstration could include scheduling the trucks from one carrier at a
single hub.
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