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Abstract— Truck platooning is a promising technology that
enables trucks to travel in formations with small inter-vehicle
distances for improved aerodynamics and fuel economy. The
real-world transportation system includes a vast number of
trucks owned by different fleet owners, for example, carriers.
To fully exploit the benefits of platooning, efficient dispatching
strategies that facilitate the platoon formations across fleets
are required. This paper presents a distributed framework for
addressing multi-fleet platoon coordination in large transporta-
tion networks, where each truck has a fixed route and aims
to maximize its own fleet’s platooning profit by scheduling its
waiting times at hubs. The waiting time scheduling problem of
individual trucks is formulated as a distributed optimal control
problem with continuous decision space and a reward function
that takes non-zero values only at discrete points. By suitably
discretizing the decision and state spaces, we show that the
problem can be solved exactly by dynamic programming, without
loss of optimality. Finally, a realistic simulation study is conducted
over the Swedish road network with 5, 000 trucks to evaluate
the profit and efficiency of the approach. The simulation study
shows that, compared to single-fleet platooning, multi-fleet pla-
tooning provided by our method achieves around 15 times higher
monetary profit and increases the CO; emission reductions from
0.4% to 5.5%. In addition, it shows that the developed approach
can be carried out in real-time and thus is suitable for platoon
coordination in large transportation systems.

Index Terms— Large-scale systems, truck platooning, multi-
fleet platoon coordination, dynamic programming.

I. INTRODUCTION

AFE and efficient transportation systems are crucial for
S social development and economic growth. Over the past
decades, the increasing global concerns about traffic jams,
energy crises, and climate change have increased the urgency
of developing techniques to build a green and efficient trans-
portation system.

Truck platooning is an important technology supporting the
development of more sustainable road goods transportation.
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It allows trucks to drive safely in formations with a small
inter-vehicle gap to improve the fuel economy, due to the
decreased aerodynamic drag endured by the trailing trucks.
Taking advantage of the advances in wireless sensing and
autonomous driving, platooning has developed rapidly since
the mid-1990s, from the first study on truck automation
conducted in “Chauffeur” in the EU project T-TAP [1], [2],
and the first- and second-generation truck platooning with
and without active drivers in the trailing trucks [3], to now
gradually merging into commercialization in the foreseeable
future [4].

As a promising intelligent transportation technology, truck
platooning has drawn wide attention of governments, trucking
industries, and research institutions in the past decade. Not
only because of its advantages in increasing road capac-
ity, improving traffic flow, and enhancing traffic safety, for
instance, by reducing accidents incurred by overtaking and
lane changes on highways, but also because of its high poten-
tial to reduce fuel consumption and CO; emissions. The field
tests in [5] have shown that platooning can achieve an average
fuel savings of 13% with 10 m inter-vehicle gaps and savings
of 18% with 4.7 m gaps. Given that road freight transportation
accounts for two-thirds of all freight carried in the EU and
is responsible for approximately 25% of the vehicle-related
carbon emissions [6], [7], the total amount of fuel saving and
carbon emission reduction from platooning can be substantial.
In addition to the above merits, truck platooning also helps
freight carriers save labor costs and alleviate the driver short-
age. According to a report of the American Transportation
Research Institute [8], driver cost is the highest operating cost
for the trucking industry, accounting for up to 43% of the
total costs, followed by fuel. At the same time, the driver
market has continued to tighten and many freight firms are
struggling to hire enough drivers to meet the increasing freight
demands [9]. Platooning technology promises a viable solution
to partially address these issues. By enabling the following
trucks to drive in an autonomous mode, truck platooning
could reduce the working hours of drivers, enhance the oper-
ational savings of carriers, as well as alleviate the scarcity of
drivers.

To fully benefit from the advantages of platooning, trucks
with diverse routes and scheduled departure times need coor-
dination to form platoons efficiently and seamlessly in the
transportation system. In contrast to platooning control at
the physical level, where the target is to maintain a reliable
running of platoons on the roads, high-level platoon coordina-
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(b) Multi-fleet platooning

Fig. 1. Single- (a) and multi-fleet (b) platooning, where trucks from the
same fleet are shown in the same color. Hubs along the routes are shown by
yellow houses, at which trucks can wait and form platoons with others.

tion focuses on optimizing dispatching strategies to facilitate
forming platoons among trucks. By coordination, trucks are
able to merge into platoons en routes by adjusting, for exam-
ple, their transport paths [10], [11], velocities traveling on
common route sections [12], [13], [14], and velocities when
entering the neighborhood driving area of other trucks [15].
Some studies consider the hub-based platoon coordination
(i.e., platoons are formed only at hubs) [16], [17], [18], [19],
where trucks schedule their waiting and departure times at
hubs along their routes to maximize the platooning profit.
To date, most of the literature on platoon coordination strate-
gies has focused on vehicles owned by individual owners
or the same fleet, referred to as single-vehicle and single-
fleet platooning, respectively. In single-vehicle platooning,
every truck can form platoons with each other but aims at
optimizing its own profit from joining platoons. In single-
fleet platooning, only trucks from the same fleet can form
platoons and all trucks belonging to the same fleet have
the common goal of maximizing the fleet-wide platooning
profit.

In many real-world applications, the fleet composition of
a transportation system could be diverse, making the platoon
coordination not fit in existing platooning frameworks. For
example, among the 336,000 heavy-duty trucks registered
in Texas, 38% of the trucks were owned by small firms
with no more than 30 trucks in each firm and 24% of them
were from firms with 10 or fewer trucks [20]. A similar
situation can also be seen in European countries, where the
trucking industry itself is highly fragmented and most of the
fleets are relatively small [21]. For these scenarios, traditional
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single-fleet platooning methods become inapplicable, as they
are not able to coordinate trucks from different fleets even if
trucks are close by. As illustrated in Figure 1(a), single-fleet
platooning coordinating trucks within the same fleet causes
a loss of platooning opportunities, especially in large road
networks with a vast number of trucks from different fleets.
Different from single-fleet platooning, multi-fleet platooning
allows trucks to cooperate across fleets for forming platoons
while optimizing the profit of individual fleets. See Figure 1(b)
for an illustration of the consequence of multi-fleet platooning.

Over the past few years, efficient platoon coordination
strategies have been actively researched with some related
projects involving SARTRE [22], COMPANION [23], and
ENSEMBLE [24]. Notwithstanding, studies on multi-fleet
platoon coordination are still scarce, especially for dealing
with large-scale platooning systems. In [25], the authors study
the multiplatoon management problem by proposing a coop-
erative coordination approach for merging/splitting multiple
platoons that approach road section restrictions. Therein, the
objective is to ensure safe and robust formations of multiple
platoons, while not considering the scheduling optimization of
multi-fleet platoons. In a similar context, the authors in [26]
address bottleneck decongestion by developing optimal control
strategies to manipulate the speed and formation of platoons.
Their research aims to improve throughput on road segments
and reduce the total time spent by vehicles, without involving
platoon scheduling optimization across fleets.

Recently, the research efforts in [27] and [28] model
the strategic interaction among trucks and carriers as
non-cooperative games and consider Nash equilibria as
multi-fleet platoon coordination solutions. This kind of method
suffers from the inefficiency in seeking an equilibrium solution
to the problem by iterations among trucks. In [29], the authors
propose a Pareto-improving multi-fleet platoon coordination
solution, where the fleet owners leave the coordination to local
coordinators at hubs and each fleet owner is better off in the
multi-fleet solution than by performing single-fleet platoon
coordination. In [30], a three-layered approach for controlling
individual vehicles is proposed, where the fleet management
layer focuses on transport planning and routing while the
cooperation layer deals with platoon coordination. However,
only spontaneous platoon formations are considered. Different
from these optimization methods taking one local hub as the
platoon coordinator, the method proposed in this paper takes
into account the fleet’s platooning profit at all hubs along
trucks’ routes, which is more beneficial for trucks to make
a long-term plan when scheduling their waiting times and to
catch up the platooning opportunities at every hub. In our
previous research [31], an event-triggered model predictive
control method for platoon coordination is proposed, which
enables trucks to integrate platooning opportunities at multiple
hubs, whereas only single-vehicle platooning is studied.

In this paper, we develop a distributed multi-fleet pla-
toon coordination strategy suitable for handling large-scale
transportation networks. Specifically, we consider hub-based
platoon coordination, where trucks are owned by different fleet
owners and have fixed transport routes in the road network.
Every truck allows for forming platoons with others but has
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the target of maximizing its own fleet’s platooning profit by
optimally scheduling its waiting times at hubs. The waiting
time scheduling problem of individual trucks is formulated as
a distributed optimal control problem that has a continuous
decision space and a reward function taking non-zero values
only at discrete points. We show that the decision and state
spaces of the problem can be discretized, and propose an
optimal solution to the problem based on dynamic program-
ming (DP). In our recent work [32], an intuitive illustration
of the platoon coordination scheme proposed in this paper is
presented, without getting into intricate technical details. The
contributions of this paper are summarized as follows.

o We formulate the hub-based multi-fleet platoon coordi-
nation problem as a distributed optimal control problem,
where the reward function captures the platooning reward
that each truck provides to its fleet by forming platoons
and the loss caused by waiting at hubs.

o« We show that the optimal solution of the formulated
problem lies in a discrete decision space, which allows us
to discretize the decision and state spaces and then solve
the problem by DP, without loss of optimality.

o We propose a DP-based optimal solution to the problem
and present algorithms to compute the optimal waiting
time decisions, building upon the discretized decision and
state spaces. The reduced search space contributes to an
efficient solution for addressing the problem.

o We perform a realistic simulation study over the Swedish
road network with 5,000 trucks, where the trips and
fleet size distribution are generated from real data. The
simulation study shows that the proposed multi-fleet
platoon coordination method achieves about 15 times
higher profit and 13 times higher CO, emission reduction
compared to the single-fleet platooning. The simulation
study also shows that the developed DP-based solution
approach can be carried out in real-time when handling
large transportation networks.

The rest of the paper is organized as follows. Section II
introduces the road network, truck dynamics, and the prob-
lem formulation of the multi-fleet platoon coordination.
In Section III, the modeling of the stage reward function and
the terminal reward function in our problem is introduced,
respectively. Section IV presents a DP-based optimal solu-
tion for solving the multi-fleet platoon coordination problem.
Section V gives the simulation results that demonstrate the
profit and efficiency of the developed approach. Eventually,
Section VI concludes this paper and outlines the directions to
investigate in future work.

II. PROBLEM FORMULATION

This section introduces the problem formulation of the
hub-based multi-fleet platoon coordination, including the con-
sidered road network, the dynamic models of individual trucks,
and the multi-fleet platoon coordination problem.

A. Road Network

Consider a road network defined over a directed graph G =
(H, &) with a node set H and an edge set £. Each node
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in H represents a hub in the road network and each edge
in £ represents a road segment connecting a pair of hubs.
We consider M trucks with fixed transport routes in the road
network G, and each of the trucks belongs to one of the fleets
in the set F = {Fj,...,Fs}. To simplify the presentation
of the problem, we assume that each truck starts its trip
at one hub and ends its trip at another hub. For any truck
ieM={1,..., M}, the starting hub and the destination hub
of its trip are referred to as its first and N;-th hub, respectively.
The route of truck i is then denoted by

& = {ei,lv ce ,ei,N,‘—l}’

where e; ; represents the k-th road segment in the route of
truck i. More specifically, it is the road segment connecting
the k-th and (k+1)-th hub in truck i’s route.

B. Truck Dynamics

In a hub-based platooning system, trucks make their waiting
time decisions each time arriving at a hub to form platoons
with other trucks. The dynamics of any truck i can be
characterized by

tho = fir@l 1), k=1,...Ni—1,
where ti"k is the state of truck i, denoting its arrival time at
its k-th hub, and %, is the waiting time decision of truck i at
its k-th hub. Specifically, f; (¢, ") has the following form

Jik(t 1) = i+ 15+ t(eik), (1)

where t(e; ;) denotes the travel time required for truck i to
traverse its k-th road segment. In line with the state transition
function f,-,k(tfk, tl.‘f’k), truck ¢ can update its state from its k-
th hub to its (k+1)-th hub. We denote by tl.‘fl =t? the arrival
time of truck i at its starting hub. Moreover, we assume that
every truck has a delivery deadline to respect at its destination
hub, which requires that tl.‘f N = tl.dd, where tidd represents the
delivery deadline of truck i at its destination hub.

Remark 1: This paper considers a simplified truck dynamic
model in (1), where trucks’ travel times on roads t(e; ) are
assumed to be deterministic. In real transportation networks,
however, trucks’ travel times can be uncertain if, for example,
considering traffic congestion. As travel time uncertainty is
not the focus of this paper, we have not included it in our
method. Nevertheless, this uncertainty could be incorporated
by allowing trucks to update their predictions of arrival times
at hubs periodically.

C. Platoon Coordination Problem

For any truck i arriving at its k-th hub, the aim is to
maximize the increased platooning reward that truck i provides
to its fleet. This is achieved by optimizing its waiting time
decisions at every hub in its remaining route, i.e., from its
k-th hub to its destination hub. As illustrated in Figure 2,
truck i makes its waiting time decisions {ti'f’k, ...,tilf’Ni_l}
when arriving at its k-th hub. Given the arrival time ti‘fk, the
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Decision-making stages of truck i
Decision stage k Future decision stages .

ORI e W B

Transition t{;,1 = fir(t{s ti))
Reward ik (t{ 1 tik)

Route of truck i

Hub k+1 Hub N;-1

Fig. 2. Decision-making stages of truck i, which travels from its first hub
to its N;-th hub to fulfill a delivery task. Truck / makes its waiting time
decisions each time arriving at a hub in its route.

optimization problem solved by truck i at its k-th hub can be
formulated as

* a
T (1)
N;—1
= e, s tEy) + D gim ). (2)
mELlim im m=k
l m+1 f’ m(tt m’ ttwm)
m=k,...,N;—1
where g; m(tl mo 1 ¢ ) denotes the increased platooning reward

that truck i prov1des to its fleet by determining its waiting
time at its decision stage m (called as stage reward func-
tion), and g; y, (ti‘f Nl-) denotes the terminal reward incurred at
the destination hub, referred to as terminal reward function.
To follow the delivery deadline, the waiting time at each hub
m=k, ..., N;—1 is restricted by tl.’f’m elim (tl?fm) with

N;i—1
<140 — Zr(ei,m)], 3)
m=k

where, as previously defined, tdd is the delivery deadline of
truck 7. The upper bound of 7 in (3) is the longest waiting
time that truck i can use at its m-th hub without waiting at
all the following hubs, which depends on truck i’s delivery
deadline, its arrival time at its m-th hub, and the time needed
to travel from its m-th hub to the destination hub.

By addressing the optimization problem formulated in (2),
truck i can determine its optimal waiting time sequence
{tilfk*, e tlw; 1} at all the remaining hubs, where tw* com-
puted for its k-th hub will be 1mp1emented in its real control,
while the rest waiting times {t URTRERR tl.‘f’;\;i_ 1}, and the
corresponding arrival times at the followmg hubs will be used
by other trucks as truck i’s predicted departure times at hubs
when optimizing their waiting times.

0<t

Fi,m(t,‘a,m)z [ im

III. MULTI-FLEET PLATOONING REWARD MODELING

This section proposes the modeling of the stage reward
function g; (¢! i t“’ ) that captures the fleet’s increased pla-
tooning reward in multl fleet platoon coordination, and the
modeling of the terminal reward function g; v, (ti‘f Ni) that
captures the loss each truck causes to its fleet due to waiting.
We start by introducing the conditions trucks need to meet to
form a platoon at a hub. On this basis, the models of the stage
and terminal reward functions are presented, respectively.
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A. Conditions to Form Platoons

Towards forming a platoon with other trucks at the k-th hub
of truck i, the following two conditions need to be met.

(1) Truck i has its k-th road segment in common with others.

(i) Truck i leaves its k-th hub at the same time as other
trucks.

We refer to the other trucks satisfying the first condition
as the potential platoon partners of truck i at its k-th hub
and name the trucks that meet both the two conditions as its
predicted platoon partners at the k-th hub. Mathematically, the
potential and predicted platoon partners are defined below.

Definition 1 (Potential Platoon Partner): For any truck j €
M}, if truck j has the k-th road segment of truck i in its
route, we say truck j is a potential platoon partner of truck i
at its k-th hub. The set of potential platoon partners of truck
i atits k-th hub is denoted by

Pk =1{ileines. jem\iit).

Definition 2 (Predicted Platoon Partner): leen truck i’s
arrival time t“k and the predicted departure times t ) of other
trucks j 673,,1(, we refer to trucks in P that truck i predicts
to form a platoon with at its k-th hub if applying the waiting
time ti’f’k as its predicted platoon partners at its hub k, which
are trucks in the set

. d,j
Rix(tlo ) = {iePu [+ =101 @

Notice that the predicted platoon partner set R; k(t”k, lwk)
is a function of the arrival time t g and the waiting time tl e
meaning that truck i/ can decide 1ts predicted platoon partners
at its k-th hub by controlling its waiting time 7.

By Definition 1, with the knowledge of the routes of
other trucks, every truck can compute offline the set of its
potential platoon partners {P;, ..., Pin,—1} at each of its
hubs. A truck in P;  means that truck i will consider this truck
as a potential platoon partner at its k-th hub to form platoons
with. Additionally, given the predicted departure times of
other trucks in the set P, truck i is able to determine
optimally its predicted platoon partner set R; x (¢ et ) online
by optimizing its waiting time ti,k such that the resulting
platooning reward to its fleet is maximized.

B. Stage Reward Function Modeling

Based on the above conditions for forming platoons at hubs,
the modeling of the stage reward function g; m(tl me lm) is
proposed in this subsection, which is used to characterize the
increased platooning reward that truck i provides to its fleet
due to its waiting time decision at its m-th hub, where m =
k,...,N;—1.

Forming a platoon at the m-th hub of truck i enables truck i
to enjoy the platooning benefit gained on its road segment
e; » and thus increases its fleet’s platooning profit. To depict
the increased fleet platooning profit resulting from truck i’s
waiting time decision at its m-th hub, first, the predicted
platoon partners of truck i at its m-th hub are distinguished
Recall that the predicted platoon partner set Rim(t/, . 1",
represents the set of other trucks that truck i predicts to form a
platoon with at its m-th hub. We assume that truck i belongs to
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the fleet F; € F, and use pf mand p; | » to denote the number of
the predicated platoon partners in R m(t, mo i t) that belong
to the same fleet as truck i and belong to a different fleet from

truck i, respectively. More precisely, we define

DNy
mAVAR

(5a)
(5b)

K

pi,m(tlm’ zm) - |le(tlm’ i,m
=S5 (14

pi,m(lm’ zm) - |Rl m(tlm’

To proceed, the increased platooning profit that truck i
provides to its fleet F; due to its waiting time decision at its
m-th hub is introduced. According to the field experiments on
truck platooning, see, e.g., [33] and [34], each following truck
in a platoon has approximately the same fuel savings while
the lead truck has significant small fuel savings. In this paper,
we assume that every following truck has the same platooning
benefit, the lead truck has zero benefits from platooning, and
all trucks in the platoon evenly share the achieved platooning
profit. Therefore, for a platoon of size n (i.e., the number of
trucks included in the platoon) traveling on the road segment
e; m, the average platooning profit achieved by each truck in
the platoon is denoted by

n—1
sf(ei,m)_9
n

where & represents the monetary platooning profit per travel
time unit per following truck, and the number of following
trucks in the platoon is (n—1). Taking this as a basis, if truck
i decides not to form a platoon with its predicted platoon
partners in R; (¢, 1;",), the platoonmg profit that its fleet
gains from the trucks in Rl m(tf,,, t{",) that belong to the same

fleet as truck i is

im’

PiptPim—1 |
Flm_gf(elm)% 1A',m7

i,m i,m
where n = pf’m +p;, ~ is the size of the platoon formed by
the trucks in the predicted platoon partner set of truck i at
its m-th hub, and as defined in (5a), pfm trucks are from the
same fleet as truck i in the formed platoon.

If truck i decides to form a platoon with its predicted
platoon partners at its m-th hub, the platooning profit that its
fleet gains on the road segment e; ;, is

PimtPim
Pim TPyt

,m

FP =T (eim) D,

where the size of the platoon is increased by 1 as truck i joins
the platoon. Thus, the increased platooning profit that truck i
provides to its fleet by forming a platoon with its predicted
platoon partners at its m-th hub is

AFP (plm,pl’;)—Fp _Fp

= ETim) AL (D PS). (6)

where the increased fleet platooning profit AFlp

S —S
m(pi,m’ pi,m)
is a function of p!  and p; . In line with the definitions in
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(5a) and (5b), Af(pis’m, p;’;) is of the form
B Pim
Aft oy = ) Pl TP+ D) (P + i)
f(pt,m’ pi,m) -
if R; m(tl me L, m);é@
0, otherwise.

(7

We note that given the arrival time 7', and the predicted
departure times of other trucks in P;,, truck i is able to
regulate its waiting time tw to form a platoon with different
predicted platoon partners. By (4), (6) and (7), it can be seen
that different waiting times correspond to different predicted
platoon partner sets and result in different increased fleet pla-
tooning profits. This indicates that truck i can select optimally
its platoon partners in its predicted platoon partner set by
optimizing its waiting time such that its fleet’s platooning
profit is maximally increased.

Given the above, the stage reward function of truck i on its
decision stage m=k, ..., N;—1 can be modeled by

gim(tiam’ 1wm)
_AFP (ptm’plm)
_ér(el I‘n)Af(plm(tl m? lm) p_s (tlm’ lm)) (8)

which captures the increased platooning reward of the fleet F
contributed by truck i’s waiting time decision at its m-th hub.

C. Terminal Reward Function Modeling

Trucks’ waiting time decisions at hubs can increase their
fleet’s platooning profit, but may also increase the waiting loss
of the fleet due to the additional labor costs and the higher risk
of being delayed. In this paper, the waiting loss that truck i
causes to its fleet is captured by its terminal reward function
using the following form

N;—1

-> r(ei,m)),

m=k

&i,N; (tia,N,') = —€; (tia,Ni —tﬁk 9
where €; represents the monetary loss that truck i causes to
its fleet per time for waiting. Truck i’s total waiting time at
all hubs in its remaining route is denoted by tl-“Nl -t =

ZZ’:}I t(e;,m). The waiting loss modeled in (9) shows that
the later a truck reaches its destination hub, the higher the
waiting loss its fleet will sustain. Moreover, it is worth noting
that the value of ¢; can be varied for trucks with different labor
costs or penalties for being delayed. For instance, a truck that
transports food bears a higher loss per waiting time than a
truck transporting clothing, which leads to a larger ¢; in the
terminal reward function.

At this point, the hub-based multi-fleet platoon coordination
problem has been presented completely in (2), where the
stage reward function g;, m(tl‘ me lm) is modeled in (8) while
the terminal reward function g; v, (tl.’ Ni) is modeled in (9).
By solving the problem (2) under the constraint (3), the
optimal waiting time decisions of each truck can be obtained.

Remark 2: The multi-fleet platoon coordination problem
formulated in (2) is hard to solve due to the structure of the
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stage reward function in (8), which is non-differentiable and
thus cannot be addressed by gradient methods. Additionally,
the decision space Fi,m(tfm) of the problem given in (3) is
continuous and infinite, making it difficult to apply DP with
uniform discretization to solve the problem.

IV. DYNAMIC PROGRAMMING SOLUTION

This section presents a DP-based optimal solution for
solving the problem formulated in (2). To this end, we first
formulate the Bellman optimality equation (BOE) used to
compute the optimal solution and show that the decision space
of the problem can be discretized, without loss of optimality.
Then, we will show how to generate the discrete state space
using the discrete decision space. Finally, we explain how to
find the optimal solution to the problem in (2) by applying the
DP method using the discrete decision and state spaces.

As is known, a long-term reward function in a given control
sequence can be decomposed into the reward function in the
current control action, and the reward function in the future
actions, formulated by the BOE. To compute the optimal
waiting times in problem (2), we define that

T i n) = gin (), forall 1y (10)
and for each decision stage m =k, ..., N; —1, we formulate
the BOE as

‘Iifm (tzam) = max Qi!’" (l‘iam7 tiwm)’ (1 l)

’ t,‘lﬁn Eri,m(ti(fm) ’ ’
where
Qi,m (tgma tl'l,vm) = gi,m(tgma tilf)m) + Jifm+1 (fi,m (tgm’ tilf)m))a
(12)

where the first term in (12) is the reward at the decision stage
m and the second term is the rewards at the future decision
stages. By solving the BOE in (11), one can obtain the optimal
waiting time decisions for truck i at each of its decision stages.
However, as the decision and state spaces associated with the
problem (2) are continuous, while the stage reward function
modeled in (8) takes non-zero values only at discrete points,
this BOE is hard to solve.

In order to solve the BOE in (11) by DP, the following
lemma is proposed, which shows that the continuous decision
space of the problem can be discretized while not losing the
solution optimality. Later, we will use the discretized decision
space to generate the discrete state space and show how to
solve the problem (2) by DP.

Lemma 1: The optimal value function J;,, (tfm) in (11) can
be achieved by solving the following BOE

T (tm) = Qi (£ 1)

i,m\'i,m max

w D (ia
ti,m EI‘i,m (li,m)

where FiDm(tl-”m) denotes the discrete decision space with

respect to the arrival time t{, , and is defined as

d,j .
PP, = i = 1, eTin ) | jePin {0}, (13)

where, as previously defined, tl.d m/ is the predicted departure
time of a potential platoon partner j of truck i at its hub m.
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Algorithm 1 Generate Discrete State Space

Input : The arrival time ¢{;, the predicted departure
times tl.d nf of trucks jeP; , for
m:k, ...,N,‘—l.
Output: The discrete state space Fism associated
with the problem (2) for m=k, ..., N;.
1 Set ka:{ti“k};
2 for m=k,...,N;—1 do
3 | fort? eT? do
| Compute I'P (1) by (13);
end
Compute the discrete state space
s _
omp =
@ty erS i oeTP (14 i
8 f’sm(tl,m’ tl,m) tt,me i,m’ tt,me t,m(tt,m) ’
9 end
10 return Fl.Sm for m=k, ..., N;.

N S s

Proof of Lemma 1: See the Appendix. ]
Lemma 1 shows that the optimal solution to the BOE
in (11) lies in the discrete decision space Ffm(tffm). In line
with this discrete decision space and the state transition
function f; ,, (ti’fm, tl.'f’m) in (1), the corresponding discrete state
space can be initialized and generated recursively, as given in
Algorithm 1.

Remark 3: In the problem (2), although trucks’ arrival and
departure times at hubs are continuous, we demonstrate in the
proof of Lemma 1 that it is never optimal for trucks to wait at
a hub unless a platoon is joined. In other words, waiting time
decisions that are not in the discrete decision space defined in
(13) are redundant when seeking the optimal solution, which
makes our solution optimal for the problem.

Based on the discrete decision and state spaces obtained
above, the optimal solution to the problem (2) is presented by
the following Theorem 1.

Theorem 1: The optimal solution to the problem in (2) can
be obtained by solving the following BOE. The optimal value
function at the terminal stage is

Tin (tfn) = gin @iy, for all t{fNieFfNi. (14)

The optimal value functions at stages m=k, ..., N;—1 are

S
J[’km (tl-‘fm) = max  Qim (ti‘fm, t;ﬁn), for all tl-‘fm ery .

w D (ia
ti,meri,m (ti,m)

5)

where Ffm (tfm) and Ffm are the discrete decision and state
spaces computed by (13) and Algorithm 1, respectively.

Proof of Theorem 1: See the Appendix. ]

The BOE in Theorem 1 can be solved by DP as in
Algorithm 2. The output of the algorithm is the optimal
solution to the problem (2). We refer the readers to see,
e.g., [35] and [36], for detailed introductions on DP.

In contrast to the conventional discretization methods using
fixed time intervals to handle continuous state spaces, our
method generates a discrete decision space Ffm (tfm) based
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Algorithm 2 DP-Based Optimal Solution

Input : The discrete state space Ffm with
m =k, PR N,'.
Output: The optimal solution to the problem in (2).
1 Set Ji’le_ (tl-‘le_) as in (14);
2 for m=N;—1,...,k do

a S
3 for Lm € Fi’m do
4 Compute Fl.Dm () by (13);
5 for 1 eTI'P (t¢.) do
6 Compute Q; m (ti‘fm, tl.l,”m) by (12);
7 end
8 Obtain J*, (tl.“m) by (15);
9 end
10 end
1 for m=k,...,N;—1 do
12 Compute the optimal waiting time
wk __ . a w .
ti,m = arg l‘Il[E)lX Q”m (ti,m’ ti,m)’
til,um Eri,m (ticfm)
13 Compute the state tfm 1= Sim @ 1
14 end
15 return the optimal waiting times {t;f’k*, o ti’f’;[_l ).

on the discrete predicted departure times of other trucks.
The constraint (3) imposed by the delivery deadline and the
conditions required to form platoons further contribute to the
sparsity of the discretized decision space. As a result, the
proposed approach is not subject to the curse of dimensionality
associated with DP methods.

Remark 4: Denote as it =maXye(1,...,N;—1) |Ffm| the max-
imum decision options of truck i at each hub, where Ff’m =
Ut,-‘f,,, erf})rfm (tl-‘fm). The computational complexity of solving

k+2

Hub

Ilustration of the discrete decision and state spaces of truck i that arrives at its k-th hub.

the problem (2) by DP at the first hub of truck i can be denoted
as O(nNj;), see, Example 1.3.1. in [37], where i is no worse
than maxme(1, ..., Ni}Ffm| .

For a better understanding of the above results, we make
use of Figure 3 to illustrate how one can generate the dis-
crete decision space for truck i that arrives at its k-th hub
and obtain the DP graph associated with the problem (2).
By applying DP in such a DP graph, the optimal waiting time
decisions of (2) can be attained, as shown by the red arrows
connecting the arrival and departure time nodes in orange in
Figure 3.

The proposed platoon coordination method is applicable
to large-scale transportation systems where hubs with cloud
storage provide trucks with data storage and communication
services while trucks conduct calculations independently for
forming platoons. For any truck i € M, its workflow can be
depicted in Figure 4 and described as follows:

« Initialization: Before starting the trip, truck i uploads
its route e; x € &;, the fleet i € F; it belongs to, and its
predicted departure times ti‘fk =1 to the cloud storage
for each hub k. At this stage, the predicted waiting time
of truck i at each hub is set to 0.

o Dynamic optimization: When starting the trip, truck i is
monitored at a regular time interval to check if it arrives
at a hub k € {1, ..., N; —1}. If arriving at a hub, truck
i downloads {j € F;leim €&, j € M} from each of its
hubs m to compute its potential platoon partner-set P; ,,
and downloads then the predicted departure times of other
trucks {tf’l’;f |j€Pim} withm=k, ..., N;—1. By applying
Algorithms 1 and 2, truck i computes its optimal waiting
times {tl.’fk*, ...,ti’f];i_l} and applies tif“k* at its hub k. Its
predicted schedules at the following hubs are updated in
accordance with {t}f’k*, el ti'f’lf,i_l}.
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Initialization (before starting the trip):

Tezlale]: Tezkyie]: T61k+1,16f Tei,NilaiE}-s
d

lftzl zk+1_tzk+1

Truck i ‘

A‘”

Dynamic optimization (at each hub):

Cloud storage: Cﬁ}

)
b

. d
tz k ti,k+1 y ti,N,71
£, jEPin L GEPin ik 1 JEPiN-1

Truck i , _

Hub: 1 k k+1 N;-1 Ni

Truck 7 arrives at No
Start —> A hubkeqt,..,N-1})? — > End

lYes

Download data:
{.7 e}-t|ei,megjvjEM}
for m=k,---,N;—1

'

Compute P;,, form=k,---,N;—1

.

Download data:

{5215 €Pim)}
for m= k s N—1

'

Generate discrete state space
ry,.,m=k,---,N; by Alg. 1

l Update predicted departure
Compute optimal waiting times 5. thmes iyf (82, £ ) > Upload data: End
{tzkv'” zN 1} bYAlg 2 ;,m+1 BTN S i,my M= k- N;—1
tim=tim ttimym=k, -+, Ni—1

Output'
AppIy at hub &

Fig. 4. Tllustration of the workflow applied to each truck in the platooning system.

Note that our platoon coordination approach relies on two network without travel time uncertainties and a reliable com-
assumptions: (i) deterministic travel times in the dynamic munication network without trust or privacy concerns between
model (1), and (ii) free communication across different fleets different fleets. Notwithstanding, travel time uncertainties can
to share routes and predicted schedules among trucks. As a  be incorporated with our method by allowing trucks to update
result, the proposed method is limited to an ideal transportation their predicted schedules periodically or in an event-triggered
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TABLE I
FLEET AND TRUCK ASSIGNMENT

Fleet size Nr. of trucks per fleet | Nr. of fleets | Fleet index | Fleet percentage | Nr. of trucks | Truck index | Truck percentage
1 325 325
Small fleet 3 362 1-767 89.7% 1086 1—-1971 39.4%
7 80 560
15 49 735
Medium fleet 34 27 768 — 851 9.8% 918 1972 - 4216 44.9%
74 8 592
148 3 444
Large fleet 340 1 852 — 855 0.5% 340 4217 - 5000 15.7%
50
R N _ 42.3%
/ * § X 404 38.0%
S c
e o =t
{ +
- . o 3 301
= o
4 ©
« v 20
4 N
@
! ©
910+ 9.4%
" 5.7%
3.2%
o 0 09% 0.4% 0.1%
6 1 24 510 11-20 21-50 51-100 101-200 200+
org - kgpng Small fleet Medium fleet Large fleet
,j' ! Fleet size
. \ Fig. 6. The fleet size distribution.
Halmstad ,f"'f
oy between different districts based on the producer and consumer
Losdy data. The mission of each truck is randomized such that its

Fig. 5. Swedish road network with 105 hubs, where, as an illustrative
example, hubs in the route of one truck are shown by the red nodes.

manner. In addition, the second assumption can be addressed
by reaching data-sharing agreements among trucks or employ-
ing encrypted data transmission approaches.

V. SIMULATION STUDY

In this section, we evaluate the improved platooning revenue
from the developed multi-fleet platoon coordination approach
in a large-scale transportation system. The simulation is con-
ducted over the Swedish road network and based on the freight
data in Sweden. In the following, the simulation setup and the
simulation results will be introduced in detail.

A. Simulation Setup

1) Road Network and Mission Generation: As shown in
Figure 5, we perform the simulation study in the Swedish road
network with 105 hubs, where each hub is a real road terminal
in Sweden and represents the freight transport demands within
one district. The coordinate of each hub is obtained from the
SAMGODS model, which is the national model for freight
transportation in Sweden and provides us with the truck flow

origin and destination belong to the set of hubs, and the truck
flow from the SAMGODS model is used to get a realistic
distribution of the transport missions. More specifically, the
probability for two hubs i and j to be drawn as the origin and
destination pair is computed by

Ry
N Zi j Fij ’
where F; ; is the truck flow from hub i to hub j in the SAM-
GODS model. The route between each pair of hubs is obtained
from the open-source routing service OpenStreetMap [38].

2) Fleet Distribution: We generate realistic fleet sizes from
the data on the number of employees in transportation compa-
nies in Sweden [39]. The fleet size distribution that we use in
the simulation is given in Figure 6, where the x-axis denotes
the number of trucks in a fleet and the y-axis shows the fleet
percentage. As is shown in the figure, 89.7% of the fleets
have no more than 10 trucks in each fleet, and we refer to
these fleets as small fleets. Fleets that include a number of
trucks between 11 and 100, and over 100 are referred to as
medium and large fleets, respectively, which account for 9.8%
and 0.5% in the total number of fleets.

According to the data reported in [40], approximately
5,000 trucks start their transport trips each hour in Sweden.
Following the fleet size distribution in Figure 6, we can
assign the 5,000 trucks into 855 fleets. More details about
the assignment are provided in Table L.

P;
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TABLE II
THE OPTIMAL SCHEDULE OF ONE TRUCK
Hub | Arrival time | Departure time | Waiting time [s] | [R} | /1P k]
1 08:35:00 08:45:00 600 6/43
2 09:52:00 09:52:00 0 8/189
3 10:44:00 10:46:00 120 6/183
4 11:44:00 11:47:00 180 2/45
5 14:16:00 14:16:00 0 2/92
6 15:14:00 / / /

3) Parameter Settings: We assume trucks start their trips
at a random time between 08:00 to 09:00. The total travel
time of a truck per day is less than 10 hours, and the waiting
budget (i.e., the maximum allowed waiting time at all hubs in
the trip) of each truck is 10% of its total travel time in the
road network. In addition, we assume that trucks travel with a
maximum and constant velocity of 80 km per hour. The fuel
consumption of each following truck in a platoon is assumed
to be reduced by 10%, which leads to a monetary saving
of 0.07€ per following truck per kilometer. Accordingly, the
resulting platooning benefit £ is 5.6€ per following truck per
hour. In line with the salary level of truck drivers in Sweden,
the parameter ¢; representing the waiting loss of trucks is
considered as 25€ per hour.

B. Solution Evaluation

The simulation results and solution evaluation are intro-
duced in this subsection. We conduct the simulation study
over 5,000 trucks belonging to 855 different fleets and
compare the platooning performance of three platoon coordi-
nation methods: the proposed predictive multi-fleet platooning
method, the spontaneous multi-fleet platooning method, and
the single-fleet platooning method. In spontaneous multi-fleet
platooning, trucks communicate only with the trucks arriving
at the same hub to optimize their schedules while having no
access to the predicted schedules of other trucks at future hubs.
The simulation results are evaluated from several perspec-
tives, including the achieved reward, fuel savings, parameter
sensitivity analysis, travel and waiting times, platooning rate
and platoon formation rate, size of the formed platoons, and
computation efficiency of the developed approach. For a better
understanding of the dynamic optimization problem and the
proposed solution scheme, the optimal scheduling solution of
an illustrative example is first provided.

1) Solution of One Truck: We provide in Table II the opti-
mal schedule of one truck obtained by applying the predictive
multi-fleet platoon coordination scheme. The transport route
of the truck is given in Figure 5. As shown in Table II, the
truck starts its trip at 08:35:00 and arrives at its destination
hub at 15:14:00. Its total travel time on roads is 384 minutes,
and the waiting budget at all hubs in its route is 38.4 minutes.
By the optimal schedule, 15 minutes are spent at hubs for
waiting and forming platoons. The last column of Table II
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2
— 60
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Fig. 7. Reward of each small, medium, and large fleet.
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£ 15,000 1
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5,000 -
o 47 1109
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Fig. 8. Total reward of small, medium, and large fleets.

gives the number of potential platoon partners of the truck,
as well as that of its optimal platooning partners, at each hub.

2) Reward: Figure 7 shows the achieved reward (includ-
ing the platooning reward and waiting loss) of each small,
medium, and large fleet, compared among the three platooning
schemes. In each sub-figure in Figure 7, the fleet indices are
sorted according to the fleet’s reward achieved in the proposed
predictive multi-fleet platooning. The simulation study shows
that few small fleets form platoons and enjoy platooning
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Fig. 11. Total reward of all trucks in predictive multi-fleet platooning.

benefits in single-fleet platooning, due to the small number of
trucks included in each fleet. It also shows that the adoption
of multi-fleet platoon coordination approaches leads to a
substantial increase in fleet rewards. Additionally, it indicates
that predictive multi-fleet platooning further improves the
platooning profits based on the achievements of spontaneous
multi-fleet platooning for each type of fleet.

Figure 8 and Figure 9 show the total reward of trucks
in small, medium, and large fleets, and the average reward
per truck in each type of fleet, respectively. As we can see
from Figure 8, spontaneous multi-fleet platooning achieves
higher monetary profits for small, medium, and large fleets
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Fig. 12. Total fuel savings of all trucks in three platooning methods.

compared to single-fleet platooning (approximately, 240, 10,
and 1.7 times higher, respectively). The predictive multi-fleet
platooning further enhances these profits, with approximately
359, 17, and 3 times higher profits for each fleet type,
compared to single-fleet platooning. In total, the predictive
multi-fleet platooning approach achieves around 15 times
higher monetary profit for all trucks in the system compared
to single-fleet platooning, and results in about 0.5 times higher
monetary profit compared to spontaneous multi-fleet platoon-
ing. Although large fleets gain less increased reward compared
to small fleets, they also have the incentive to cooperate with
other fleets due to the substantial increase in their benefit.
Furthermore, Figure 9 shows the average reward per truck in
the three platoon coordination methods. The results indicate
that the platooning profit gained by each truck in both the
predictive and spontaneous multi-fleet platooning methods is
independent of its fleet affiliation.

3) Fuel Saving: Figure 10 gives the total fuel savings of
each type of fleet from platooning. The simulation results show
that the proposed predictive multi-fleet platooning method
achieves approximately 5.5% fuel savings for small, medium,
and large fleets, compared to 3.2% in the spontaneous
multi-fleet platooning scheme. In comparison with single-fleet
platooning, where the fuel savings for small, medium, and
large fleets are 0.03%, 0.38%, and 1.4%, respectively, the fuel
economy is significantly improved by the predictive multi-
fleet platooning. As a rough estimation, we utilize a linear
model to convert fuel savings into reductions in CO;, emis-
sions, as adopted in [41] and [42]. Thereby, from a system
perspective, the total fuel savings for all trucks achieved from
predictive multi-fleet, spontaneous multi-fleet, and single-fleet
platooning are 0.4%, 3.2%, and 5.5%, respectively. This
corresponds to approximately 13 times higher CO; emission
reductions by employing the predictive multi-fleet platooning
(i.e., (5.5-0.4)/0.4=12.75).

4) Sensitivity Analysis: Figure 11 shows how the fuel
savings from truck platooning for the following trucks affect
the trucks’ total reward in the predictive multi-fleet platooning
method. The y-axis shown on the right-hand side represents
the platooning rate of the entire system, defined as the ratio of
trucks’ total travel time in platoons to that in the road network.
The figure illustrates that as the percentage of fuel savings
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(b) Waiting time of individual trucks

(a) Trucks’ travel times in platoons and in the road network, compared between single-fleet and predictive multi-fleet platooning. (b) The waiting

budget and the utilized waiting time at all hubs in the route of individual trucks, compared between single-fleet and predictive multi-fleet platooning. The
waiting budget of a truck equals 10% of its total travel time in the road network.

from platooning increases, the total reward tends to level off,
indicating that the platooning rate of the system gradually
approaches saturation status. Additionally, it shows that the
total reward of the system drops sharply when the fuel-saving
benefit of platooning becomes small.

Figure 12 shows the total fuel savings achieved by all trucks
in the platooning system applying the three platoon coordi-
nation methods. The results indicate that higher fuel savings
from platooning lead to higher total fuel savings. Moreover,
predictive multi-fleet platooning shows greater sensitivity to
changes in platooning fuel savings compared to single-fleet
and spontaneous multi-fleet platooning methods.

5) Travel and Waiting Time: The details of the travel and
waiting times of individual trucks are provided in Figure 13.
Specifically, Figure 13(a) gives the total travel time of each
truck in the road network and in platoons from small, medium,
and large fleets, compared between single-fleet and predictive
multi-fleet platooning. In each sub-figure in Figure 13(a), the
x-axis represents trucks indices which are sorted according to
trucks’ total travel times in the road network. By comparison,
it can be seen that trucks’ travel times in platoons increase
significantly in the predictive multi-fleet platooning provided
by our method for small, medium, and large fleets.

Figure 13(b) illustrates the waiting times of trucks at all
hubs in their routes, where the waiting budget of each truck is
assumed as 10% of its total travel time in the road network.
The truck index in the x-axis is consistent with the sorted truck
indices in Figure 13(a). As is shown, the average waiting time
per truck in small, medium, and large fleets in the predictive

multi-fleet platooning is 2.8, 3.4, and 3.7 minutes, respectively.
Compared to single-fleet platooning, there is an increase in
the average waiting time for trucks in predictive multi-fleet
platooning, while it leads to significant increases in trucks’
travel times in platoons and the resulting platooning profits.

6) Platooning Rate and Platoon Formation Rate: We fur-
ther evaluate trucks’ platooning performance on roads and at
hubs in the proposed predictive multi-fleet platoon coordina-
tion approach. As is shown in Figure 14, the transport flow
in the Swedish road network is given in sub-figure (a), which
reflects the number of trucks traveling between different pairs
of hubs per day in line with the SAMGODS data. Figure 14(b)
shows the platooning rate of all trucks in the system on each
road segment in the road network, where the platooning rate
on a road segment e €& is defined by

Nr. of following trucks on the road segment e

Pr(e) =
Nr. of trucks on the road segment e

where P, (e) takes values between 0 and 1. By comparing
Figures 14(a) and (b) one can see that trucks’ platooning rate
on a road segment is positively correlated with the transport
flow on it. Moreover, Figure 14(c) illustrates the platoon
formation rate of each hub k € H in the road network, which
is defined as

Nr. of trucks finding new platoon partners at hub k
Pr(k)=

3

Nr. of trucks in the road network
where Py (k) measures each hub’s contribution to the forma-
tion of platoons. For instance, a hub with a platoon formation
rate of 0.04 indicates that 4% of trucks find new platoon
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Fig. 15. Size distribution of the formed platoons.

partners at this hub. The higher the platoon formation rate of a
hub, the more it contributes to forming platoons. We also show
in Figure 14(c) the trucks’ average waiting time at each hub.
The results show that hubs with a higher platoon formation rate
have a relatively lower average waiting time. This is reasonable
because hubs with high platoon formation rates generally also
have a high throughput of trucks, as shown in Figure 14(a),
which leads to more platooning opportunities and a smaller
time difference between truck arrivals. The evaluation results
of hubs in Figure 14(c) can be used to plan transport routes
for trucks or to decide at which hubs to improve the capacity
to facilitate more trucks in forming platoons.
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Fig. 16. Computation time of trucks at each decision-making instance.

7) Platoon Size: In our simulation study, 2453 platoons are
finally formed, and the size distribution of the formed platoons
is shown in Figure 15. As is shown, 55% of the platoons
consist of two trucks, 19.4% and 11.2% of the platoons are
formed by 3 and 4 trucks, and around 97% of the platoons
have no more than 8 trucks in the platoon. In practice, the
platoon size might be limited due to safety concerns. Our
method can be extended to handle platoon size constraints
by limiting the size of the predicted platoon partner set or
splitting the platoons exceeding the size limit.

8) Computation Efficiency: Eventually, the computation
efficiency of the proposed platoon coordination scheme is
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TABLE III
COMPARISON OF THE COMPUTATION EFFICIENCY
Case | i=max,eq1,... N1} T5y| | Ni | Benchmark [s] | DP [s]
1 135 7 5.7 1.9
2 283 6 459 4.8
3 354 8 654.1 7.4
4 387 7 1639.2 10.8
5 1319 7 7330.4 26.4

evaluated. We analyze the computation time that each truck
takes to make its waiting time decision at every hub along
its route and show the analysis results in Figure 16. As we
can see, over 98% of the decision-making instances take less
than 10 seconds to compute the optimal waiting times, and
more than 96% of the decision-making instances take less than
5 seconds. This demonstrates the high computation efficiency
of the proposed method.

The computation efficiency of our solution scheme is further
compared with a benchmark method, where all the possible
combinations of the waiting time options at each hub are enu-
merated to obtain the optimal solution. We conduct simulation
studies on 5 trucks selected from the 5,000 trucks, where
each truck has a distinct route. For each truck (i.e., case), the
computation time used to solve the predictive multi-fleet pla-
toon coordination problem in DP and the benchmark solution
method are given in Table III, where, as defined in Remark 4,
n denotes the maximum decision options of a truck at each
hub. Based on our theoretical result, the optimal waiting time
solution computed in the two methods is the same in each case,
while the computation efficiency is significantly improved
by DP. The above simulation studies demonstrate the high
computation efficiency of the developed method, making our
DP-based coordination approach suitable for real-time truck
platooning in large transportation networks.

VI. CONCLUSION

This paper develops a DP-based platoon coordination
method that schedules the waiting times of trucks in real-time
and takes into account that trucks belong to different fleets
interested in optimizing their own fleets’ profits. A distributed
dynamic optimization model is established to formulate the
multi-fleet platoon coordination of trucks, where the reward
function is modeled to capture the platooning reward and
waiting loss of the fleet. Moreover, a DP-based optimal
solution is presented for addressing the multi-fleet platoon
coordination problem, where we show that the continuous
decision space of the problem can be discretized without
loss of optimality, which results in an efficient and real-time
solution approach. Finally, the profit and efficiency of the
platoon coordination method are demonstrated in a realistic
simulation study performed over the Swedish road network,
where we compare the case where trucks cooperate across
fleets in forming platoons to the case where only single-fleet
platoons are formed.
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The simulation study shows that multi-fleet platooning
is essential to get significant economic and environmental
benefits for the transportation system. Compared to single-
fleet platooning, the developed multi-fleet platoon coordination
approach achieves 359, 17, and 3 times higher monetary profit
for small, medium, and large fleets, respectively, and results
in around 15 times higher monetary profit for all trucks in
the system. It also shows that compared to a system without
any platooning, multi- and single-fleet platooning reduces
the CO, emissions from 5,000 trucks by 5.5% and 0.4%,
respectively. Moreover, the simulation study shows that over
98% of the decision-making instances take a computation
time of less than 10 seconds, indicating that the proposed
method is suitable for real-time platoon coordination in large
transportation networks.

A limitation of the proposed method exists in the simplified
truck dynamic model, where trucks’ travel times are assumed
to be deterministic, which in practice could be uncertain if
considering traffic jams or various road conditions. In future
work, we plan to extend the method in this paper to handle
the travel time uncertainties by, for example, allowing trucks
to update their predictions of arrival times at hubs.

APPENDIX

Proof Lemma 1: Consider anywaiting time 1" €
Fi,m(tfm)\r‘il,)m(tfm)’ meaning that Af(pf,m, pf;n) =0 and
1, > 0. According to the stage reward function modeled in
Eq. (8), we have that

max Gim s i) = 0. (16)
ti]f)mer"-m(tia.m)\ril.)m(tia.m)
Now consider another waiting time tiw,;l =0¢ FiDm )
By Egs. (7) and (8), the maximized stage reward function with
respect to t{', and t” is denoted by

’
w

max  gim(t,, 1)

o erd @)
p —s : d,j
AFi’m(pis’m, piym) >0, if 3, =t¢

i,m

0, otherwise,

where tl.d nf is the predicted departure time of other truck j that
belongs to the potential platoon partner set P; ,,. Compared
to the stage reward function in (16), it derives that

max

. a w
» P D ia gl,m(ti,m’ti,m)
li,mEFiJ”(ti.m)\r[,m(ti.m)

/
w

i (1 1), (17)

< max
Zl"fi‘:‘l €I‘il,)m (rlam)
Due to tiw’; < tiwm, and in line with the truck dynamics in (1),
the arrival time of truck i at its next hub (m+1) follows
a a
Liml = Limyr (18)
a _r a w a _r a w’
where L —fz,m(l,-,m, tl.‘m) and L —fl’,/n(ti)m, 1)
Next, we will prove that J7,, (tf‘m) <J' (t[“m) holds if there
’
is tt >t! | form=k,..., N;. We start with m=N;.

i,m i,m’
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(i) For m=Nj, by definition (10), we have
JZ‘NI_ (tn)=gin 'y, forall £ .
Ift“N >t N holds, by Eq. (9), the following inequality holds
JiTN(zN) ‘] (lNi)' (19)
(ii) For m=k, ..., Nj—1, the BOE in (11) can be rewritten
as
Fon(tf) = max Qi (il (h,—18)).  20)
l )71 F (tlaﬂl)

where td = tlam+ tw represents the departure time of truck
i at its m-th hub. The BOE in Eq. (20) shows that optimizing
truck i’s waiting time ti’ﬁn at its m-th hub is equivalent to
optimizing its departure time tﬁ at the same hub. By (3), t

is constrained by the set

i,m

(ttm)_[lm la’nflm—l Zr(elm)} (21)
So given two arrival times t, and tl”m, if 1, > 1, holds,
by (21), we have that
d d !
e, @) Cry @),

which means that the later arrival time will cause a shrank
decision space to the BOE in (20), and it then will not result
in a larger optimal reward function, i.e.,

Jt*m ( ) = JiTm (t zam)

Given the above, if (18) holds, there is
]ifm+l (ticfm+1) = Jz m+1 ( i, m+l)‘

Thus, by Egs. (11), (12), (17) and (23), it derives that

[gz m(tl m L, m)+ i,m+1 ( i m+1):|

(22)
(23)

max
» €0im @ NP @)

[gl m(tz m i, m)+ i,m+1 ( i m-H):I'

t m

< max
! D
1€l )
Consequently, it proves that
* (1) =
Ji ( i m) = max
t EF, m(tt m)

Qi,m (tfm, t,'lf)m)

max im (tﬁm, ti’f’m).

w D (sa
tl l'lerl m (t )

|
Proof of Theorem 1: The proof of Theorem 1 follows
directly the proof of Lemma 1, where we prove that the
continuous decision space Fi,m(tgm) of the BOE in (11)
can be discretized as Ffm(tl.‘fm), without loss of optimality.
The discrete decision space I” D (t“ ) and the state transition
function f,m(tl " lm) lead to a discrete state space F
Thereby, it proves that the BOE in (11) can be solved by
DP using the discrete decision and state spaces generated by
Lemma 1 and Algorithm 1. |

ACKNOWLEDGMENT

The authors would like to thank Albin Engholm for provid-
ing the simulation data from the SAMGODS model.

[1]

[2]

[3]

[4]

[5]

[6]

[7]

[8]

[9]

[10]

(1]

[12]

[13]

[14]

[15]

[16]

(17]

[18]

[19]

[20]

(21]

[22]

[23]

14441

REFERENCES

O. Gehring and H. Fritz, “Practical results of a longitudinal control
concept for truck platooning with vehicle to vehicle communication,” in
Proc. Conf. Intell. Transp. Syst., Nov. 1997, pp. 117-122.

L. Zhang, F. Chen, X. Ma, and X. Pan, “Fuel economy in truck
platooning: A literature overview and directions for future research,”
J. Adv. Transp., vol. 2020, pp. 1-10, Jan. 2020.

A. Schirrer, A. L. Gratzer, S. Thormann, S. Jakubek, M. Neubauer, and
W. Schildorfer, Energy-Efficient and Semi-Automated Truck Platooning:
Research and Evaluation. Springer, 2022.

J. Axelsson, T. Bergh, A. Johansson, B. Mardberg, P. Svenson, and
V. Akesson, “Truck platooning business case analysis,” RISE Res. Insti-
tutes Sweden S4P Partners, Richmond, VA, USA, RISE Rep. 2020:07,
2020.

S. Tsugawa, S. Jeschke, and S. E. Shladover, “A review of truck
platooning projects for energy savings,” IEEE Trans. Intell. Vehicles,
vol. 1, no. 1, pp. 68-77, Mar. 2016.

H. Van Essen, M. Blom, D. Nielsen, and B. Kampman, “EU transport
GHG: Routes to 2050?” in Economic Instruments (Paper). Delft, The
Netherlands: CE Delft, 2010.

P. Siskos and Y. Moysoglou, “Assessing the impacts of setting CO
emission targets on truck manufacturers: A model implementation
and application for the EU,” Transp. Res. A, Policy Pract., vol. 125,
pp. 123-138, Jul. 2019.

B. Costello and R. Suarez, Truck Driver Shortage Analysis 2015.
Arlington, VA, USA: The American Trucking Associations, 2015.

M. Wang, L. C. Wood, and B. Wang, “Transportation capacity shortage
influence on logistics performance: Evidence from the driver shortage,”
Heliyon, vol. 8, no. 5, May 2022, Art. no. e09423.

E. Larsson, G. Sennton, and J. Larson, “The vehicle platooning problem:
Computational complexity and heuristics,” Transp. Res. C, Emerg.
Technol., vol. 60, pp. 258-277, Nov. 2015.

P. Meisen, T. Seidl, and K. Henning, “A data-mining technique for the
planning and organization of truck platoons,” in Proc. Int. Conf. Heavy
Vehicles, 2008, pp. 19-22.

J. Larson, K.-Y. Liang, and K. H. Johansson, “A distributed framework
for coordinated heavy-duty vehicle platooning,” IEEE Trans. Intell.
Transp. Syst., vol. 16, no. 1, pp. 419—429, Feb. 2015.

S. van de Hoef, K. H. Johansson, and D. V. Dimarogonas, “Efficient
dynamic programming solution to a platoon coordination merge prob-
lem with stochastic travel times,” IFAC-PapersOnLine, vol. 50, no. 1,
pp. 4228-4233, 2017.

S. V. D. Hoef, J. Martensson, D. V. Dimarogonas, and K. H. Johans-
son, “A predictive framework for dynamic heavy-duty vehicle platoon
coordination,” ACM Trans. Cyber-Phys. Syst., vol. 4, no. 1, pp. 1-25,
Jan. 2020.

K.-Y. Liang, J. Martensson, and K. H. Johansson, “Heavy-duty vehicle
platoon formation for fuel efficiency,” IEEE Trans. Intell. Transp. Syst.,
vol. 17, no. 4, pp. 1051-1061, Apr. 2016.

T. Bai, A. Johansson, K. H. Johansson, and J. Martensson, “Approximate
dynamic programming for platoon coordination under hours-of-service
regulations,” in Proc. IEEE 61st Conf. Decis. Control (CDC), Dec. 2022,
pp. 7663-7669.

W. Zhang, E. Jenelius, and X. Ma, “Freight transport platoon coor-
dination and departure time scheduling under travel time uncertainty,”
Transp. Res. E, Logistics Transp. Rev., vol. 98, pp. 1-23, Feb. 2017.
T. Bai, A. Johansson, S. Li, K. H. Johansson, and J. Martensson, “A
third-party platoon coordination service: Pricing under government sub-
sidies,” Asian J. Control, Jun. 2023, pp. 1-14, doi: 10.1002/asjc.3152.
V. Sokolov, J. Larson, T. Munson, J. Auld, and D. Karbowski, “Maxi-
mization of platoon formation through centralized routing and departure
time coordination,” Transp. Res. Rec., J. Transp. Res. Board, vol. 2667,
no. 1, pp. 10-16, Jan. 2017.

D. Thornton, R. A. Kagan, and N. Gunningham, “Compliance costs,
regulation, and environmental performance: Controlling truck emissions
in the U.S.)” Regulation Governance, vol. 2, no. 3, pp. 275-292,
Sep. 2008.

J. Kubdnovd, I. Kubasdkovd, and M. Dockalik, “Analysis of the vehicle
fleet in the EU with regard to emissions standards,” Transp. Res. Proc.,
vol. 53, pp. 180-187, 2021.

T. Robinson, E. Chan, and E. Coelingh, “Operating platoons on public
motorways: An introduction to the SARTRE platooning programme,” in
Proc. 17th World Congr. Intell. Transp. Syst., vol. 1, 2010, p. 12.

S. Eilers et al., “COMPANION-towards co-operative platoon manage-
ment of heavy-duty vehicles,” in Proc. IEEE 18th Int. Conf. Intell.
Transp. Syst., Sep. 2015, pp. 1267-1273.


http://dx.doi.org/10.1002/asjc.3152

14442

[24] Ensemble. (2020). Ensemble—The
https://platooningensemble.eu/project
B. Caiazzo, D. G. Lui, A. Petrillo, and S. Santini, “Distributed
double-layer control for coordination of multiplatoons approaching road
restriction in the presence of IoV communication delays,” IEEE Internet
Things J., vol. 9, no. 6, pp. 4090-4109, Mar. 2022.
M. Cicic, X. Xiong, L. Jin, and K. H. Johansson, “Coordinating vehicle
platoons for highway bottleneck decongestion and throughput improve-
ment,” IEEE Trans. Intell. Transp. Syst., vol. 23, no. 7, pp. 8959-8971,
Jul. 2022.
A. Johansson, E. Nekouei, K. H. Johansson, and J. Martensson, “Strate-
gic hub-based platoon coordination under uncertain travel times,” IEEE
Trans. Intell. Transp. Syst., vol. 23, no. 7, pp. 8277-8287, Jul. 2022.
Y. Zeng, “Distributed coordination for multi-fleet truck platooning,”
M.S. thesis, Dept. Microelectron. Comput. Eng., Delft Univ. Technol.,
Delft, The Netherlands, 2020.
A. Johansson, J. Mértensson, X. Sun, and Y. Yin, “Real-time cross-fleet
Pareto-improving truck platoon coordination,” in Proc. IEEE Int. Intell.
Transp. Syst. Conf. (ITSC), Sep. 2021, pp. 996-1003.
B. Besselink et al., “Cyber—physical control of road freight transport,”
Proc. IEEE, vol. 104, no. 5, pp. 1128-1141, May 2016.
T. Bai, A. Johansson, K. H. Johansson, and J. Martensson, “Event-
triggered distributed model predictive control for platoon coordination
at hubs in a transport system,” in Proc. 60th IEEE Conf. Decis. Control
(CDC), Dec. 2021, pp. 1198-1204.
A. Johansson, T. Bai, K. H. Johansson, and J. Martensson, “Platoon
cooperation across carriers: From system architecture to coordination,”
IEEE Intell. Transp. Syst. Mag., vol. 15, no. 3, pp. 132-144, May 2023.
A. Davila, E. del Pozo, E. Aramburu, and A. Freixas, “Environmental
benefits of vehicle platooning,” in Proc. SAE Tech. Paper Ser., Jan. 2013,
pp. 1-6.
R. Bishop, D. Bevly, L. Humphreys, S. Boyd, and D. Murray, “Eval-
uation and testing of driver-assistive truck platooning: Phase 2 final
results,” Transp. Res. Rec., J. Transp. Res. Board, vol. 2615, no. 1,
pp. 11-18, Jan. 2017.
R. Bellman, “Dynamic programming,” Science, vol. 153, no. 3731,
pp. 34-37, Jul. 1966.
D. Bertsekas, Reinforcement Learning and Optimal Control. Nashua,
NH, USA: Athena Scientific, 2019.
D. P. Bertsekas, Dynamic Programming and Optimal Control, vol. 1,
4th ed. Nashua, NH, USA: Athena scientific, 2017.
OpenStreetMap.  Accessed:  2022.  [Online].
Wwww.openstreetmap.org
TRAFA. Accessed: 2022. [Online]. Available: https://www.mynewsdesk.
com/se/trafikanalys/pressreleases/trafikanalys-lanserar-en-ny-version-av-
trafa-se-122718
(2020).  Lastbilstrafik. ~ Accessed:  2022. [Online].  Available:
https://www.trafa.se/globalassets/statistik/vagtrafik/lastbilstrafik/
2020/1astbilstrafik-2020.pdf
[41] W. R. Morrow, A. Hasanbeigi, J. Sathaye, and T. Xu, “Assessment of
energy efficiency improvement and CO, emission reduction potentials
in India’s cement and iron steel industries,” J. Cleaner Prod., vol. 65,
pp. 131-141, Feb. 2014.
[42] J.-H. Xu, Y. Fan, and S.-M. Yu, “Energy conservation and CO, emission
reduction in China’s 11th five-year plan: A performance evaluation,”
Energy Econ., vol. 46, pp. 348-359, Nov. 2014.

Project. [Online]. Available:

(25]

[26]

(271

[28]

[29]

[30]

[31]

[32]

[33]

(34]

(351
[36]
(371

[38] Available:  https:/

(391

[40]

Ting Bai (Member, IEEE) received the B.Sc. degree
in automation from Northwestern Polytechnical Uni-
versity, Xi’an, China, in 2013, and the Ph.D. degree
in electrical engineering from Shanghai Jiao Tong
University, Shanghai, China, in 2019. Since 2020,
she has been with the Division of Decision and
Control Systems, Department of Electrical Engineer-
ing and Computer Science, KTH Royal Institute
of Technology, Stockholm, Sweden, where she is
currently a Post-Doctoral Researcher. Her research
interests include distributed model predictive con-
trol, dynamic programming methods, and their applications to transportation
systems.

IEEE TRANSACTIONS ON INTELLIGENT TRANSPORTATION SYSTEMS, VOL. 24, NO. 12, DECEMBER 2023

Alexander Johansson received the B.Sc. degree
in vehicle engineering and the M.Sc. degree in
applied mathematics from the KTH Royal Institute
of Technology, Stockholm, Sweden, in 2015 and
2017, respectively, and the Ph.D. degree from the
Division and Control Systems, Department of Intel-
ligent Systems, School of Electrical Engineering,
KTH Royal Institute of Technology, in 2022. His
research interests include optimization, game theory,
and control for platoon coordination and swarm
technology.

Karl Henrik Johansson (Fellow, IEEE) received
the M.Sc. and Ph.D. degrees from Lund University.
He has held visiting positions with UC Berkeley,
Caltech, NTU, HKUST Institute of Advanced Stud-
ies, and NTNU. He is currently a Professor with the
School of Electrical Engineering and Computer Sci-
ence, KTH Royal Institute of Technology, Sweden,
and the Director of Digital Futures. His research
interests include networked control systems and
1.\ cyber-physical systems with applications in trans-

portation, energy, and automation networks. He is
a member of the Swedish Research Council’s Scientific Council for Natural
Sciences and Engineering Sciences. He has served on the IEEE Control
Systems Society Board of Governors and the IFAC Executive Board. He is also
the President of the European Control Association. He has received several
best paper awards and other distinctions from IEEE, IFAC, and ACM. He has
been awarded as a Distinguished Professor with the Swedish Research Council
and a Wallenberg Scholar with the Knut and Alice Wallenberg Foundation.
He has received the Future Research Leader Award from the Swedish
Foundation for Strategic Research and the triennial Young Author Prize from
IFAC. He is a fellow of the Royal Swedish Academy of Engineering Sciences.
He is an IEEE Control Systems Society Distinguished Lecturer.

Jonas Martensson (Member, IEEE) received the
M.Sc. degree in vehicle engineering and the Ph.D.
degree in automatic control from the KTH Royal
Institute of Technology, Stockholm, Sweden, in
2002 and 2007, respectively. In 2016, he was
appointed as a docent. He is currently a Professor
with the Division of Decision and Control Systems,
KTH Royal Institute of Technology. He is also the
Director of the Integrated Transport Research Labo-
ratory and the Thematic Leader for the area transport
in the information age with the KTH Transport
Platform. His research interests include cooperative and autonomous transport
systems, in particular related to heavy-duty vehicle platooning. He is involved
in several collaboration projects with Scania CV AB, Sodertilje, Sweden,
dealing with collaborative adaptive cruise control, look-ahead platooning,
route optimization and coordination for platooning, path planning and the
predictive control of autonomous heavy vehicles, and related topics.



