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Distributed Charging Coordination for Electric
Trucks Under Limited Facilities and Travel

Uncertainties
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Karl Henrik Johansson , Fellow, IEEE, and Jonas Mårtensson , Member, IEEE

Abstract— In this work, we address the problem of charging
coordination between electric trucks and charging stations. The
problem arises from the tension between the trucks’ nontrivial
charging times and the stations’ limited charging facilities. Our
goal is to reduce the trucks’ waiting times at the stations while
minimizing individual trucks’ operational costs. We propose a
distributed coordination framework that relies on computation
and communication between the stations and the trucks, and
handles uncertainties in travel times and energy consumption.
Within the framework, the stations assign a limited number of
charging ports to trucks according to the first-come, first-served
rule. In addition, each station constructs a waiting time forecast
model based on its historical data and provides its estimated wait-
ing times to trucks upon request. When approaching a station,
a truck sends its arrival time and estimated arrival-time windows
to the nearby station and the distant stations, respectively. The
truck then receives the estimated waiting times from these sta-
tions in response, and updates its charging plan accordingly while
accounting for travel uncertainties. We performed simulation
studies for 1, 000 trucks traversing the Swedish road network
for 40 days, using realistic traffic data with travel uncertainties.
The results show that our method reduces the average waiting
time of the trucks by 46.1% compared to offline charging plans
computed by the trucks without coordination and update, and
by 33.8% compared to the coordination scheme assuming zero
waiting times at distant stations.

Index Terms— Electric trucks, charging coordination, travel
uncertainties, limited charging facilities.

NOMENCLATURE

A. Sets
ℜ+ Set of nonnegative reals.
C Set of charging ports.
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B. Parameters
N Number of charging stations.
dℓ Detour time between ramp rℓ and station Sℓ.
τℓ Nominal travel time from ramp rℓ to ramp rℓ+1.
δτ,ℓ Random fluctuation in travel time τℓ.
δe,ℓ Random fluctuation in battery consumption

from ramp rℓ to ramp rℓ+1.
δ1
ℓ /δ2

ℓ Nonnegative constants used to characterize travel
time/energy consumption uncertainty.

eini Initial battery of a truck.
P̄ Battery consumption per travel time unit.
Pℓ Charging power provided by station Sℓ.
Pmax Maximum charging power acceptable to a truck.
es Safe margin on a truck’s remaining battery.
e f Full battery of a truck.
aini Departure time of a truck from its origin.
aend Latest arrival time indicated by the deadline.
ξ Labor cost per time unit.
θℓ Electricity cost per charging time at station Sℓ.
γ Tuning penalty parameter for deadline violation.

C. Variables
bℓ Binary charging decision at station Sℓ.
tℓ Charging time at station Sℓ.
w̃ℓ Estimated waiting time provided by station Sℓ.
w̄ℓ Estimated maximum waiting time at station Sℓ.
ta,c Earliest time since when port c is available.
aℓ A truck’s arrival time at ramp rℓ.
eℓ A truck’s remaining battery when first arriving

at ramp rℓ.
1eℓ Battery charged at station Sℓ.
1ēℓ Maximum increased battery at station Sℓ.
wℓ A truck’s waiting time at station Sℓ.
aℓ/āℓ Earliest/latest arrival time of a truck at ramp rℓ.
ak

ℓ/āk
ℓ Earliest/latest arrival time at ramp rℓ computed

at ramp rk .

I. INTRODUCTION

THE move towards vehicle electrification has gained global
momentum as a solution to climate change and energy

shortages [1]. Given that road freight transportation con-
tributes significantly to emissions both in Europe [2], [3] and
globally [4], replacing diesel trucks with electric ones can
yield considerable benefits. To facilitate this transition, rapid
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progress has been made in many related aspects, including
battery technologies [5], infrastructure development [6], [7],
and incentive policy designs [8], [9]. Despite these efforts,
several obstacles still impede the widespread adoption of
electric trucks.

One such issue is known as range anxiety [10], which
describes drivers’ concerns about insufficient battery power
to reach their destinations. This problem is especially relevant
for trucks on long-range delivery missions, where even fully
charged batteries may not cover the entire distance [11].
Consequently, it is often necessary to plan where and for
how long to recharge the truck at available charging stations.
To address such a problem and the associated range anxiety,
there has been a growing body of research in developing
charging planning methods for trucks. As a part of problem
simplification, much of the work assumes sufficient charging
facilities at the given charging stations. For instance, [12]
and [13] designed charging planning methods for individual
trucks that assume no additional waiting time due to charging
congestion. These methods also take into consideration manda-
tory rest regulations for the drivers. Other studies, such as [14],
[15], and [16], formulated the charging planning problems as
the shortest path problems, where the minimizing objectives
vary from the consumed energy, the total travel time, to the
operational cost. The computational study given in [17] exam-
ined various charging strategies for large vehicle fleets, where
the target is to minimize the total cost of the fleets.

Despite the success reported in these works, the assumption
of sufficient charging facilities is often overly optimistic.
In practice, charging stations have a limited number of charg-
ing ports, and the charging times for trucks can be long. When
stations are used by trucks from different carriers and there is
no coordination, trucks may get stuck in prolonged waiting
queues, resulting in increased travel time and labor costs,
and potential violations of delivery deadlines. To facilitate
the wider adoption of electric trucks despite limited charg-
ing resources, there has been much research on coordinated
charging strategies in recent years [18], [19], [20], [21], [22],
[23]. Depending on the party responsible for coordination,
these methods can be categorized into three types: station-
based methods, truck-based methods, and holistic methods.

In station-based methods, charging stations direct or suggest
appropriate sites for electric trucks to charge. The coordina-
tion objectives of these methods vary from maximizing the
utilization of charging infrastructure [24], mitigating power
overloads across stations [25], enhancing the operational flex-
ibility of power systems [26], to minimizing operational costs
at charging stations [27], to name only a few. In contrast to
approaches that focus on a single optimization objective, some
works [28], [29] model the charging coordination problem
as non-cooperative games. This formulation allows individual
stations to maximize their own revenues by offering compet-
itive charging prices to vehicles. Regardless of the number
of objectives optimized, these station-based methods overlook
the costs and payoffs of the trucks.

In contrast to the station-based methods, truck-based meth-
ods prioritize the interests of the trucks. In these schemes,
trucks compute their charging plans with little support from

the stations. For instance, the method developed in [30]
aims to minimize the total travel time of individual vehi-
cles. To account for limited charging facilities, this method
employs data-based queuing models to represent other trucks
competing for the charging ports. As a result, the truck
need not communicate with the stations when scheduling
charging plans. Similar to this work, the methods developed
in [31] and [32] focus on minimizing vehicles’ extra wait-
ing times at stations, where they use probabilistic models
to describe the arrival process of competing trucks. Recent
work [33] constructed three charging strategies for electric
trucks: spontaneous, prospect theory-based, and reinforce-
ment learning-based charging methods, where the charging
queues are modeled using queuing theory algorithms. Despite
the simplicity of these schemes, the lack of communication
between the trucks and the stations may lead to potential
performance deterioration and travel-related uncertainties are
not considered.

As an alternative to the aforementioned two kinds of
schemes, the holistic methods coordinate the charging behav-
iors of electric trucks via centralized computation, using
information received from both the trucks and the stations.
These approaches are suitable for scenarios where trucks and
charging stations belong to the same interested party, such
as big fleet owners. As a result, a common objective shared
by all parties involved is optimized through coordination.
For instance, [34] proposed a smart return-to-base charging
strategy for electric trucks, where chargers are installed at only
the starting and ending points of the trips. The problem was
modeled as a nonlinear optimization aimed at minimizing peak
energy demand at the facility while ensuring compliance with
the operational schedules of the truck fleet. Methods belonging
to this type can also be found in [35] and [36]. Apart from
the restrictions on the applicable scenarios, these centralized
methods typically require extensive communication and full
control of each component involved in the system.

In this work, we address the coordination problem where
each truck operates based on its own interests. Moreover,
we take into consideration the uncertainties in travel times and
energy consumption, which are prevalent in practice. Conse-
quently, both station-based methods and holistic coordination
schemes cannot be directly applied. While truck-based meth-
ods may be used for such problems, our proposed framework
enhances coordination performance by incorporating commu-
nication between individual trucks and stations, eliminating the
need for probabilistic assumptions about truck arrival patterns
at the stations. Building upon our previous work [37], the
proposed framework involves limited communication between
trucks and the stations along their routes, and features charging
planning methods that handle bounded travel uncertainties.
The main contributions of this work are summarized as
follows.

• We propose a distributed charging coordination frame-
work that reduces trucks’ waiting times at stations
while minimizing their operational costs. The framework
involves limited communication between charging sta-
tions and trucks, enabling individual trucks to optimize
their charging plans dynamically and independently.
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• We design a communication and computation scheme for
the stations and trucks that facilitates the estimation of
trucks’ waiting times at stations. The scheme involves
waiting time forecast models constructed by stations
and estimated arrival-time windows computed by trucks.
It decouples waiting time estimation from charging plan
computation, leading to effective charging planning.

• We propose a distributed charging planning approach for
individual trucks, which handles bounded uncertainties in
travel times and energy consumption while ensuring the
feasibility of the obtained charging plans.

• We demonstrate through analysis that the estimated
arrival-time window of a truck at each distant station
shrinks as the truck approaches the station. Moreover,
we provide an upper bound on the additional cost due to
waiting time estimate errors, which decreases as the truck
travels toward its destination.

Compared to our previous work [37], the present framework
introduces three new components: 1) waiting time forecast
models computed by the stations, 2) estimated arrival-time
windows computed by the trucks, and 3) a new charging
planning method for the trucks with feasibility guarantees
despite travel uncertainties. To test the effectiveness of the
proposed coordination framework, we conducted simulation
studies for 1, 000 trucks traversing the Swedish road network
over 40 days with bounded travel uncertainties. In such
cases, the coordination scheme in [37] cannot guarantee the
feasibility of charging plans. In contrast, our new coordination
scheme consistently provides feasible solutions and achieves
about 33.8% reduction in waiting time compared to the coor-
dination scheme [37], due to the integration of component 3).
Furthermore, it reduces the average waiting time for each truck
by approximately 46.1% compared to offline charging plans
computed without coordination. These results demonstrate
that the new components developed in this work contribute
to improved coordination performance and the capability to
handle travel uncertainties.

The remainder of the paper is structured as follows.
Section II provides an overview of the coordination frame-
work. Section III delves into the scheduling mechanisms
carried out by charging stations, including charging resource
allocation and waiting time computation. Section IV intro-
duces the approach to computing optimal charging plans for
individual trucks, while Section V discusses the simulation
studies using realistic road and traffic data. Finally, Section VI
presents concluding remarks and possible directions for future
research.

II. PROBLEM DESCRIPTION AND OVERVIEW OF THE
COORDINATION FRAMEWORK

This section provides a description of the charging coordi-
nation problem to be addressed in this work and an overview
of the proposed coordination framework.

A. Problem Description

We consider a large collection of electric trucks traversing
a road network, where trucks may need to charge midway due

Fig. 1. The road network and communication scheme between trucks and
charging stations. Taking the blue truck as an example, it communicates with
the charging stations along its route each time it reaches a ramp. Charging
stations have limited facilities, where occupied charging ports are indicated by
red blocks and available ones by green. Additionally, each station maintains
a forecast model to estimate waiting times for trucks.

to limited battery capacities and long travel distances. In many
cases, the charging times required by the trucks can be long,
and the charging resources at stations are limited. Therefore,
without coordination, trucks may find themselves stuck in long
waiting queues for charging ports. To reduce waiting times
and mitigate charging congestion at stations, it is essential to
establish effective coordination schemes for both the stations
and trucks. In particular, throughout this paper, we consider
the coordination problem with the following settings:

a) There are a fixed number of charging stations in the road
network, each with a fixed number of charging ports.

b) For all the trucks traversing the road network, their routes
are pre-planned. In addition, heading to charging stations
may lead to detours.

c) The traveling time and energy consumption over the
pre-planned routes are subject to bounded uncertainties,
whereas those for the detours are small and assumed to
be deterministic.

d) Each truck operates for its own interests.
Given the conditions stated above, the charging coordina-

tion problem consists of designing communication schemes
between the trucks and stations, developing appropriate charg-
ing port assignment mechanisms at the stations, and proposing
effective charging planning methods for the trucks. The goal is
to minimize the labor and charging costs for individual trucks
while reducing their waiting times at the stations.

B. Overview of the Coordination Framework

The proposed coordination framework involves a little com-
munication between trucks and charging stations along their
routes. Within the framework, each station assigns limited
charging facilities to trucks upon their arrival and provides
estimated waiting times to the trucks in response to their
requests. Based on the information received from the charging
stations, trucks optimize their charging plans independently
while accounting for bounded travel uncertainties. The com-
putations performed by stations and trucks, as well as the
information exchanges between them, are described below.

1) Computation by the Stations: As illustrated in Figure 1,
the main roads of the traffic network are divided into road
segments by ramps (denoted by rk and rk+1 in Figure 1,
with the connected charging stations denoted by Sk and
Sk+1, respectively), which serve as access points to individual
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charging stations with the shortest detours. Within our frame-
work, stations assign their charging ports to the arrived trucks
following the first-come, first-served rule. In addition, stations
provide waiting time estimations to trucks upon request to
facilitate the charging plan computations.

In particular, each station computes the charging ports
assigned to arrived trucks, and waiting time estimations upon
request by trucks. While computing charging port indices is
straightforward, estimating waiting times for distant trucks
(i.e., trucks that have not yet reached the ramp connected to
the station) is difficult. The main challenges arise from:

C1) The charging schedule at each station can be dynamically
changed with the arrival and departure of individual
trucks. Without the knowledge of other trucks’ charging
plans, it is difficult for the stations to accurately estimate
waiting times for distant trucks, even given the trucks’
precise arrival time information.

C2) The arrival time of a distant truck at the station depends
on the truck’s charging decisions and the actual waiting
times at all preceding stations. This, in turn, affects the
estimated waiting times received by the truck and its
charging decisions at preceding stations. Such couplings
make it hard for the truck to provide a precise arrival time
when requesting waiting time estimations.

To address challenge C1), each station operates in two
phases in our framework: the data collection phase and the
nominal operation phase. In the data collection phase, the
station records the actual arrival and waiting times of trucks
locally and constructs a waiting time forecast model based
on these data. During this period, the waiting time estimates
w̃ sent to distant trucks are computed based on the available
data.1 The model takes the arrival time as input and outputs the
estimated waiting time. Once the forecast model is obtained,
it is used to compute waiting time estimates without the
information of other trucks.

The challenge C2) arises from the coupling between the
waiting time estimates and the charging plan. This is resolved
through the interaction between the waiting time forecast
models and the trucks, as we will discuss next.

2) Computation by the Trucks: For a given truck, let N
represent the number of charging stations along its route.
Consequently, there are N ramps in the route, each connecting
to a distinct station. The truck computes its charging plan
each time it reaches a ramp, denoted as rk , k = 1, . . . , N .
The target is to minimize its own operational cost to traverse
the remaining route for delivery mission completion. Upon
reaching ramp rk , the charging decisions of the truck are
described by the collection of variables bℓ ∈ {0, 1}, tℓ ∈ ℜ+,
ℓ=k, . . . , N , where bℓ represents whether to charge the truck
at its ℓth station, and tℓ represents its planned charging time if
bℓ = 1, with ℜ+ denoting the set of nonnegative reals. The
local information available for the truck to compute these
values includes the travel times on its main route and for
detours, the charging and battery consumption models, the

1During the initial data collection phase, in the absence of historical
data and prior knowledge about charging congestion patterns, a simplified
assumption is adopted: the waiting time estimate is set to zero for all distant
stations.

Fig. 2. An overview of the communication and coordination framework
between each truck and the charging stations.

bounds on travel uncertainties, and other related information to
be detailed in Section IV. The critical information provided by
the stations Sℓ is the truck’s waiting time estimation, denoted
by w̃ℓ ∈ℜ+, ℓ=k+1, . . . , N .

As discussed earlier, the coupling between the waiting time
estimates and the charging plan presents a major challenge;
see C2) above. While the waiting time forecast models at
stations can be helpful, they rely on the estimated arrival
times provided by the trucks. In our framework, each truck
facilitates the waiting time estimates at each station along
its route by computing an estimated arrival-time window.
In particular, upon reaching ramp rk , the truck computes the
estimated arrival-time windows for each of its distant stations
Sℓ, ℓ = k +1, . . . , N (excluding the nearby station Sk). The
computation assumes the best and worst scenarios for related
variables, thereby decoupling the charging planning from the
arrival time estimations.

3) Communication and Coordination Architecture: We are
now ready to present an overview of the communication
and coordination architecture. Suppose that all the stations
have computed their waiting time forecast models. For each
truck traversing the road network, the following sequence of
communications and computations occur whenever the truck
reaches the kth ramp, k =1, . . . , N , in its pre-planned route.

1) The truck sends to station Sk connected to rk its estimated
arrival time, which is the present time ak plus the detour
time dk needed for reaching the station.

2) The station Sk computes the truck’s estimated waiting
time w̃k according to the present charging schedule and
sends it to the truck.

3) The truck and its distant stations Sℓ, ℓ = k + 1, . . . , N
go through two rounds of communications and computa-
tions. In the end, the truck receives the estimated waiting
times w̃ℓ, ℓ=k+1, . . . , N from these stations.

4) Based on the estimated waiting times w̃k, w̃k+1, . . . , w̃N ,
the truck updates its charging plan and sends to station
Sk its charging decision (b∗

k , t∗k ).
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5) Upon receiving the charging decision (b∗

k , t∗k ), station
Sk places the truck into the queue and updates related
information if b∗

k is one.
A summary of the communication and coordination archi-

tecture is depicted in Figure 2. Note that upon a truck’s
arrival at its kth ramp rk , there are communications between
the truck and all the subsequent stations Sk, Sk+1, . . . , SN
along the truck’s pre-planned route. However, only station Sk
receives the updated charging plan and adjusts the schedule
accordingly. This leads to limited computation related to the
scheduling for the stations, as we will show in the next section.

The two rounds of communications and computations men-
tioned above are essential for the estimation of waiting times at
distant stations, which builds upon the estimated arrival-time
windows provided by the truck. More specifically, the truck
first provides the distant stations Sℓ, ℓ = k + 1, . . . , N
with its estimated earliest arrival times. These times enable
stations to respond with estimated maximum waiting times
w̄k+1, . . . , w̄N . Using this information, the truck computes its
estimated latest arrival times to these stations and sends them
back to the stations. The truck’s estimated arrival-time window
at each station is defined by its earliest and latest arrival times,
which are leveraged by the stations Sℓ, ℓ = k + 1, . . . , N to
compute the estimated waiting times w̃k+1, . . . , w̃N for the
truck. The computations at stations rely on their respective
waiting time forecast models.

Note that in the proposed coordination framework, there
is no communication between stations or between individual
trucks; communication occurs only between trucks and sta-
tions. Moreover, all the computations are carried out locally,
so the coordination framework is fully distributed. In what
follows, we provide details on the computations conducted by
the stations and trucks, respectively.

III. ESTIMATION AND COMPUTATION AT CHARGING
STATIONS

This section presents the estimation and computation carried
out at charging stations. We start by discussing the process
for stations to establish local waiting time forecast models.
We then introduce how stations calculate the estimated waiting
times upon trucks’ requests utilizing the obtained forecast
models. Depending on how far the trucks are to the stations
when sending out the requests, the stations compute the trucks’
waiting times either exactly based on the present charging
schedule, or approximately based on the forecast models.
In the end, we discuss the approach each station takes for
charging scheduling and information updates.

A. Waiting Time Forecast Model

As discussed earlier, stations operate in two different phases:
the data collection phase and the nominal operation phase.
During the first phase, charging stations record historical data
of trucks that used the stations for charging over a fixed period.
This data includes the arrival times of the trucks, the port each
truck was assigned to, and the trucks’ actual waiting times
at the station. Using this information, each charging station
computes its waiting time forecast model to facilitate the

waiting time estimations, as will be introduced in Section III-
C.

In particular, the forecast model can be viewed as a function
f that outputs a nonnegative waiting time estimation given an
estimated arrival time of a truck. In this paper, the forecast
model at each station is attained by discretizing the timeline
of one day, and then computing the average waiting times
of all trucks documented in the historical data within each
time interval. Such a modeling method is simple and reliable,
as indicated in our results. Other approaches to establishing
the forecast model based on historical data at local stations
may also fit into the proposed coordination framework.

B. Waiting Time Computation for Nearby Trucks

Each station classifies trucks that communicate with it into
two types: nearby trucks and distant trucks. A station views
a truck as nearby if it has reached the corresponding ramp
connecting to the station. In such a case, the station can
compute the trucks’ waiting time estimate according to the
present schedule, thus making the accurate estimation.

More specifically, given a charging station, let us denote by
C the collection of its charging ports. Each charging port c∈C
maintains an earliest available time ta,c, which represents the
earliest time since when the port becomes available onwards
indefinitely. If a nearby truck reaches the corresponding ramp
of the station, it sends its arrival time a +d to the station,
where a denotes the present time (at which the truck reaches
the ramp), and d denotes the detour time required by the truck
to reach the station from the ramp. The station then computes
the truck’s waiting time at the station by

w̃ = max
{

min
c∈C

(
ta,c − (a + d)

)
, 0

}
, (1)

which compares the available times of every port at the station
with the truck’s estimated arrival time and calculates the
waiting time accordingly. This waiting time is then sent to
the truck used for its charging plan optimization.

C. Waiting Time Estimation for Distant Trucks

Compared to waiting time computations for nearby trucks,
it is more challenging for a station to calculate the waiting time
estimations for distant trucks. This difficulty arises because
the estimated waiting time of a distant truck is determined
by its arrival time at the station, which is coupled with the
truck’s charging decisions and actual waiting times at all
preceding stations. Our framework addresses this difficulty
by decoupling estimation and computation using an estimated
arrival time computed by the truck and performing two rounds
of communications and computations between the station and
the distant truck, as introduced below.

We denote by a + d the estimated earliest arrival time
sent from a distant truck to the station. Upon receiving this
information, the station computes the maximum waiting time
w̄ since a+d based on its waiting time forecast model, i.e.,

w̄ = max
a≥a

f (a + d). (2)
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The station then replies to the truck with w̄. As a response, the
truck provides its estimated latest arrival time ā to the station.
The procedures for computing a and ā will be detailed in
Section IV. Through the communication, the station receives
an estimated arrival-time window from the distant truck,
represented as the closed interval [a +d, ā +d]. Based on this
arrival-time window, the station can compute the estimated
waiting time w̃ for the distant truck by

w̃ =
1

ā − a

∫ ā+d

a+d
f (t) dt, (3)

where the waiting time forecast model f is established by the
station locally. In response to the truck’s request, the station
sends the estimated waiting time w̃ to the truck; cf. Figure 2.

D. Charging Scheduling and Information Update

In the proposed coordination framework, each station com-
putes and provides waiting time estimates w̃ to both nearby
and distant trucks, but only assigns charging ports for nearby
trucks upon receiving their charging plans, as illustrated in
Figure 2. Such a design simplifies the charging scheduling
computations at stations. More importantly, it enables trucks to
adjust their charging plans at each preceding ramp to address
travel uncertainties, such as travel time delays, charging con-
gestion at stations, etc.

To proceed, we introduce how stations assign their charging
ports to individual trucks following the first-come, first-served
rule, and update the charging schedule information accord-
ingly. A station receives the charging plan from a nearby truck
in the form of its arrival time a +d and charging decision
(b∗, t∗), where b∗ stands for the binary charging decision of
the truck, and t∗ denotes the planned charging time at the
station. If b∗

=0, the earliest availability times {ta,c}c∈C remain
unchanged for all the charging ports c. Otherwise, let us denote
by c∗ the port that achieves the minimal waiting time in (1),
equivalently,

c∗
∈ arg min

c∈C
ta,c. (4)

The port c∗ is assigned to the nearby truck for a duration of t∗,
starting from a+d +w̃, where w̃ is given by (1). Accordingly,
the earliest available time of the port c∗ is updated as

ta,c∗ = a + d + w̃ + t∗, (5)

while the available times of other ports remain unchanged.
Note that the mechanism introduced above follows the

first-come, first-served rule. It ensures that charging time is
spent consecutively at the same port and is straightforward to
implement. In addition, we assume that the station communi-
cates with only one nearby truck at a time for simplification
of the discussion. The proposed framework also allows for
alternative scheduling approaches at the potential expense of
more communication and computation at the stations.

IV. CHARGING STRATEGY OPTIMIZATION BY TRUCKS

This section presents the charging strategy optimization
problem addressed by the trucks, building upon the esti-
mated waiting times provided by the charging stations along

Fig. 3. The route model of each truck, where the pre-planned route between
the origin and destination is represented by the blue path. Ramps in the route
are marked in yellow and the connected charging stations Sk , k = 1, . . . , N
are shown by green labels. Green and red blocks at each station indicate the
availability of the charging ports.

their pre-planned routes. We start by introducing the route
models, decision variables for individual trucks, and the
dynamic models used to formulate the charging planning prob-
lem. Next, we describe how trucks compute their estimated
arrival-time windows for requesting waiting time estimates.
Finally, we propose a method for determining the optimal
charging strategy for the truck.

A. Model of the Charging Planning Problem

We assume each truck has a fixed, pre-planned route
between its origin and destination, as illustrated in Figure 3.
For a given truck, there are N charging stations Sk , k =

1, . . . , N along its route, each connected to a corresponding
ramp rk . In particular, the origin and destination are denoted
by r0 and rN+1, respectively. The pre-planned route is divided
into N + 1 road segments by the ramps, with the nominal
traverse time from rk to rk+1 denoted as τk , k =0, . . . , N . The
actual travel times on the main route are subject to bounded
disturbances. Specifically, the actual travel time from rk to
rk+1 is denoted as τk+δτ,k , where δτ,k is a zero-mean random
variable generated within the bounded range [−δ1

k τk, δ
1
k τk].

Here, δ1
k ∈ℜ+, k =0, . . . , N , are known constants. The detour

time between rk and Sk is denoted by dk , which is relatively
short and assumed to be deterministic in our model.

Trucks optimize their charging plans dynamically each time
they arrive at a ramp rk , k =1, . . . , N , aiming to minimize the
total operational costs required to traverse the remaining routes
for completing their delivery tasks. As discussed in Section II,
each truck makes the following two types of decisions upon
reaching a ramp rk : (i) whether to charge at Sℓ, ℓ=k, . . . , N ;
and (ii) how long to charge the truck if it decides to charge at
Sℓ. These decisions can be represented by the variables

bℓ ∈{0, 1}, tℓ ∈ℜ+, ℓ=k, . . . , N , (6)

where bℓ =1 if the truck decides to charge at the kth charging
station along its route and 0 otherwise, tℓ denotes the planned
charging time of the truck at Sℓ if bℓ =1.

To describe the charging plan, it is necessary to model the
remaining batteries upon reaching different ramps, which we
introduce next. For any given truck, let eini be the initial battery
of the truck at its origin and ek its remaining battery when it
first arrives at its ramp rk . Similar to travel times τk , we assume
there are random fluctuations δe,k of energy consumption while
the truck travels between ramps rk and rk+1, where δe,k , k =
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0, . . . , N , take values from the intervals [−δ2
k P̄τk, δ

2
k P̄τk] and

δ2
k ∈ ℜ+ are known constants. As a result, the dynamic of

the remaining battery of a truck upon reaching its ramp r1 is
modeled as

e1 = eini − P̄τ0 + δe,0, (7)

while for ℓ=k, . . . , N with k =1, . . . , N , the values eℓ+1 are
given by

eℓ+1 = eℓ + bℓ1eℓ − P̄(2bℓdℓ + τℓ) + δe,ℓ. (8)

Here P̄ denotes the truck’s battery consumption per unit of
travel time, and 1eℓ denotes the increased battery charged
at Sℓ. To ensure that the truck’s remaining battery at rℓ is
sufficient for reaching Sℓ, we require that

eℓ ≥ es + P̄dℓ, ℓ=k, . . . , N , (9a)
eN+1 ≥ es, (9b)

where es is a constant margin on the remaining battery for
safe operation. In (8), the charging process at each station is
approximated by a linear model, given as

1eℓ = tℓ min
{

Pℓ, Pmax
}
, ℓ=k, . . . , N , (10)

where Pℓ denotes the charging power provided by Sℓ while
Pmax is the maximum charging power acceptable by the truck’s
battery. Restricted by the battery capacity of the truck, 1eℓ is
confined by

0 ≤ 1eℓ ≤ e f −(eℓ− P̄dℓ), ℓ=k, . . . , N , (11)

where e f is the full battery of the truck.
To effectively coordinate trucks’ arrival times at the stations,

we also need to model the predicted arrival times of trucks at
their ramps. Let aini denote the departure time of a truck from
its origin, and aℓ the time it reaches ramp rℓ for the first time.
The arrival time of the truck at its first ramp can be then
described as

a1 = aini + τ0 + δτ,0. (12)

The arrival times aℓ+1 for ℓ = k, . . . , N with k = 1, . . . , N ,
are given by

aℓ+1 = aℓ + bℓ(tℓ+wℓ+2dℓ) + τℓ + δτ,ℓ, (13)

where wℓ ∈ℜ+ represents the truck’s waiting time at Sℓ due to
charging congestion. Typically, delivery missions have dead-
lines aend, which can be described as the constraint aN+1 ≤

aend. However, due to constraints of charging resources, it is
difficult to ensure the deadline as a hard constraint. We encode
the preference of reaching the destination before the deadline
as a soft constraint, as we will discuss next in Section IV-C.

We incorporate bounded uncertainties in travel times and
battery consumption into the proposed coordination frame-
work. In practice, there may be intricate relationships between
the two uncertain disturbances. For instance, a special case of
δe,ℓ in (8) can be represented by P̄δτ,ℓ. To suit more general
scenarios, we treat the two uncertainties as random variables
and leave their relationship unspecified.

B. Computation of Estimated Arrival-Time Windows

A truck computes its charging plan upon reaching each
ramp. When arriving at the kth ramp rk , the truck optimizes
its charging plan, including its charging decisions at every
subsequent station Sℓ, ℓ = k, . . . , N , along its remaining
route, and the target is to complete the delivery mission while
minimizing its operational costs. To effectively coordinate
the truck’s arrival and charging times at these stations, the
estimated waiting times w̃k, . . . , w̃N provided by the corre-
sponding stations are required.

As discussed in Section II, these estimated waiting times
rely on the truck’s arrival times at the stations. Upon reaching
the kth ramp rk , the truck provides its exact arrival time ak+dk
to the nearby station Sk . This enables station Sk to compute the
estimated waiting time w̃k according to the real-time charging
schedule; cf. (1). For the distant stations Sℓ, ℓ=k+1, . . . , N ,
however, it is not possible for the truck to provide its accurate
arrival times. This is because each of the truck’s arrival times
aℓ + dℓ, ℓ = k + 1, . . . , N , is coupled with its charging
decisions and the actual waiting times at all the preceding
stations Sk, . . . , Sℓ−1. The situation is further exacerbated by
the presence of travel uncertainties.

To address this challenge, the truck computes estimated
arrival-time windows for each distant station and sends the
information to these stations. In particular, upon reaching
ramp rk , the estimated arrival-time windows for its distant
stations Sℓ, ℓ=k + 1, . . . , N are given by the closed intervals
[aℓ + dℓ, āℓ + dℓ]. Here, aℓ and āℓ represent the estimated
earliest and latest arrival times of the truck at ramp rℓ,
respectively, while dℓ is the detour time to reach Sℓ from the
corresponding ramp. In what follows, we present how the truck
computes aℓ and āℓ for the distant stations Sℓ, ℓ=k+1, . . . , N .

1) The Estimated Earliest Arrival Time: The estimated
earliest arrival time aℓ is computed by assuming the best
scenarios, where the charging amount is only sufficient to
reach Sℓ, the waiting times at all the stations preceding to
Sℓ are assumed to be zero, and all the random variables
are assumed to take favorable values. Specifically, when a
truck reaches its ramp rk at the time instant ak with the
remaining battery ek , it solves N − k optimization problems,
each corresponding to a distant station. For ℓ = k + 1, . . . , N ,
the optimization problem addressed by the truck is

min
{(bh ,th)}ℓ−1

h=k

ℓ−1∑
h=k

bh
(
2dh +th

)
, (14)

subject to the constraints

bh ∈{0, 1}, th ∈ℜ+, (15a)

eh+1 = eh +bh1eh − P̄(2bhdh +τh)+δ2
h P̄τh, (15b)

eh+1 ≥ es + P̄dh+1, (15c)
1eh = th min{Ph, Pmax}, (15d)

0 ≤ 1eh ≤ e f −(eh − P̄dh), (15e)

for h = k, . . . , ℓ − 1. Supposing that the minimum is attained
at {(b̂h, t̂h)}ℓ−1

h=k , the estimated earliest arrival times of the truck
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at the distant ramp rℓ is then computed by

aℓ = ak +

ℓ−1∑
h=k

(
b̂h(2dh + t̂h)+τh −δ1

hτh

)
. (16)

In computing the truck’s earliest arrival times at distant sta-
tions, the favorable uncertainties in the energy consumption
model in (15b) taking the values δ2

heh and those in the travel
times taking the values of −δ1

hτh , as given in (16). The
estimated earliest arrival times to aℓ+dℓ are then sent to the
distant stations Sℓ, ℓ=k+1, . . . , N .

2) The Estimated Latest Arrival Time: The latest arrival
times are obtained by assuming the opposite, i.e., fully
charging at all preceding stations, long waiting times, and
unfavorable values of random variables. The computation of
the latest arrival times does not require solving optimization
problems. Instead, they can be derived from closed-form
formulas by employing values of the variables in the worst
scenarios. First, to attain the long estimated waiting times at
stations, the truck relies on the response of the distant stations
to the estimated earliest arrival times. More specifically, the
truck arriving at its ramp rk first sends its earliest arrival
times aℓ+dℓ to the distant stations Sℓ. In response, the truck
receives the estimated maximum waiting time w̄ℓ from Sℓ, ℓ=

k+1, . . . , N ; cf. (2). According to these estimated maximum
waiting times, the truck can compute its latest arrival times at
the corresponding ramps leading to these stations by

āℓ =ak +

ℓ−1∑
h=k

(
2dh +

1ēh

min{Ph, Pmax}
+w̄h +τh +δ1

hτh

)
, (17)

where, the estimated maximum waiting time at the nearby
station w̄k equals the estimated waiting time w̃k . As the battery
is fully charged at every station preceding to Sℓ, in line
with (10), the maximum increased battery 1ēk is obtained
by

1ēk = e f − (ek − P̄dk), (18)

while for h =k+1, . . . , ℓ−1, there is

1ēh = P̄(dh−1+τh−1+dh) + δ2
h−1 P̄τh−1. (19)

As such, the truck computes its estimated arrival-time windows
[aℓ + dℓ, āℓ + dℓ], ℓ = k + 1, . . . , N at every distant station
Sℓ along its remaining route. By sending this information to
Sℓ, the stations can provide the estimated waiting times w̃ℓ;
cf. (3). Together with the waiting time w̃k provided by the
nearby station Sk , the truck can update its charging strategy.

For the estimated arrival-time windows, we have the fol-
lowing result holds.

Proposition 1: Let ak
ℓ and āk

ℓ be the earliest and latest
arrival times of a truck at ramp rℓ computed at ramp rk . Sup-
pose that the truck’s effective charging powers at stations Sk
and Sk+1 are identical, i.e., min{Pk, Pmax} = min{Pk+1, Pmax},
and the actual waiting time at station Sk is upper-bounded by
w̄k . Then for ℓ=k+2, . . . , N , we have

ak
ℓ ≤ ak+1

ℓ , (20a)

āk
ℓ ≥ āk+1

ℓ . (20b)

Proof: See the Appendix. ■
Remark 1: Proposition 1 states that as a truck travels from

ramp rk to ramp rk+1, its estimated arrival-time windows at
all the distant stations Sℓ, for ℓ = k +2, . . . , N , shrink. This
facilitates more accurate waiting time estimates at each station
Sℓ. Based on this result, we will assume in Theorem 1 that
the accuracy of the waiting time estimates provided by each
distant station Sℓ improves as the truck approaches the station.

C. Charging Strategy Optimization

The preceding subsection presents the detailed computation
by the truck to facilitate the calculation of the estimated
waiting times w̃k, . . . , w̃N by the corresponding stations. Once
receiving the estimated waiting times, the truck optimizes its
charging plan by solving the problem

min
{(bℓ,tℓ)}N

ℓ=k

Jk =

N∑
ℓ=k

(
ξbℓ

(
2dℓ+tℓ+w̃ℓ

)
+ θℓbℓtℓ

)
+ max

{
γ (aN+1 − aend), 0

}
, (21)

subject to the constraints

bℓ ∈{0, 1}, tℓ ∈ℜ+, (22a)

eℓ+1 = eℓ + bℓ1eℓ − P̄(2bℓdℓ + τℓ), (22b)
1eℓ = tℓ min{Pℓ, Pmax}, (22c)

0 ≤ 1eℓ ≤ e f −(eℓ− P̄dℓ), (22d)
aℓ+1 = aℓ + bℓ(tℓ + w̃ℓ + 2dℓ) + τℓ, (22e)

for ℓ = k, . . . , N , and the constraints

ek+1 ≥ es + δ2
k P̄τk + P̄dk+1, (23a)

eℓ ≥ es + P̄dℓ, ℓ=k+2, . . . , N , (23b)
eN+1 ≥ es . (23c)

The cost function is composed of labor costs, charging
expenses, and a penalty for violating the delivery deadline.
Here ξ denotes the labor cost per time unit incurred due
to detours, charging, and waiting, while θℓ represents the
electricity cost at the station Sℓ per unit of charging time.
Additionally, γ serves as a tuning parameter used to encode
the delivery deadline as a soft constraint, with aend denoting
the latest arrival time indicated by the deadline.

The constraints (22b) and (22e) are obtained via certainty
equivalence approximation of (8) and (13), i.e., by setting
the random variables δe,ℓ and δτ,ℓ to their mean values. The
safety margin in (23a) is increased by δ2

k P̄τk when compared
with (9). This ensures the feasibility of the obtained solution at
Sk under all possible values of the random variables. Suppose
that the optimal value is attained at {(b∗

ℓ , t∗ℓ )}N
ℓ=k , the truck

sends to the nearby station Sk its decision (b∗

k , t∗k ) and charges
at the station for the time duration of t∗k if b∗

k =1. For better
understanding, a flow chart that illustrates the operation of the
proposed coordination framework is provided in Figure 4.

Remark 2: The problem (21)-(23) is nonconvex and rep-
resents a mixed-integer program with bilinear constraints,
which cannot be directly addressed by many standard solvers.
We first linearize the bilinear constraints, leading to a
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Fig. 4. A flow chart illustrating the operation procedure of the coordination framework, taken from one truck’s perspective. Here, est. stands for estimated,
max. stands for maximum, and tsys represents the system time used to monitor the status of every truck.

mixed-integer linear program (MILP). Then we solve the
resulting MILP using Gurobi. We refer readers to [38,
Appendix F] for details of the linearization procedure of a
similar problem. While the worst-case complexity of the MILP
grows exponentially with N , such a case did not occur in
our computational studies. For large values of N , the origi-
nal problem can be addressed efficiently by a rollout-based
approach studied in [38], which provides a near-optimal
solution to the problem by solving at most N + 1 linear
programs.

Remark 3: The optimal charging plan (b∗

k , t∗k ) computed at
each ramp rk , k =1, . . . , N , is feasible, i.e., regardless of the
values of the random variables δe,k , the remaining battery of
the truck when it reaches ramp rk+1, denoted as êk+1, satisfies
êk+1 ≥es + P̄dk+1. This is guaranteed by (23a).

For the proposed charging strategy, we have the following
results hold.

Theorem 1: Let J ∗

k be the optimal cost function of (21)
computed at ramp rk attained at {(b∗

ℓ , t∗ℓ )}N
ℓ=k . Suppose that

w̃k
ℓ is the estimated waiting time at station Sℓ when the truck

reaches ramp rk , and ŵk
ℓ is the actual waiting time at Sℓ by

applying the charging plan {(b∗

h, t∗h )}ℓ−1
h=k . Let Ĵk be the cost

function of (21) by following {(b∗

ℓ , t∗ℓ )}N
ℓ=k and replacing w̃k

ℓ

with ŵk
ℓ , ℓ = k, . . . , N .

(a) For k =1, . . . , N−1, | Ĵk − J ∗

k | has the upper bound 1 J̄k
of the form

1 J̄k = (ξ+γ )

N∑
ℓ=k+1

1wk
ℓ , (24)

where 1wk
ℓ =|ŵk

ℓ −w̃k
ℓ |. In particular, 1 J̄N =0.

(b) Suppose that 1wk+1
ℓ ≤ 1wk

ℓ for ℓ = k +2, . . . , N . For
k =1, . . . , N −1, we have

1 J̄k+1 − 1 J̄k ≤ 0. (25)

Proof: See the Appendix. ■
Here 1wk

ℓ is used to quantify the waiting time estimate
error at station Sℓ when the truck reaches ramp rk with k <ℓ.
Intuitively, the condition 1wk+1

ℓ ≤ 1wk
ℓ can be viewed as a

consequence of improved accuracy of the arrival time estimate,
as shown in Proposition 1; cf. Remark 1. Theorem 1 indicates
that | Ĵk − J ∗

k | at each computation instant k is upper bounded
by 1 J̄k . Moreover, such a bound decreases progressively as
the charging plan updates.

V. SIMULATION STUDIES OVER THE SWEDISH ROAD
NETWORK

This section tests the proposed coordination framework over
the Swedish road network using realistic road and truck data.
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Fig. 5. (a) The transport flow among different regions in Sweden. (b) The potential charging stations for electric trucks, where the size of the green nodes
denotes the number of charging ports (i.e., capacity) at the station. Four representative charging stations are marked in red and their waiting time plots are
shown in Figure 6. (c) The route model of a single truck.

Fig. 6. The waiting time forecast models at four representative charging stations that are marked in red in Figure 5(b). The models are obtained using the
historical data at each local station.

We first introduce the simulation setup, including practical
transport flows between different regions, realistic delivery
routes, and in-use parameter settings for electric trucks. In the
sequel, we provide the evaluation and comparison results of
the simulation studies that illustrate the effectiveness of the
developed charging coordination approach. The code for some
sample implementations is available online.2

A. Setup

1) Missions, Routes, and Charging Stations: We consider
the Swedish road network comprising 105 real road terminals,
as shown by the blue nodes in Figure 5(a). The transport
flow between any two nodes represents the delivery demands
between two corresponding regions, which is derived from
the SAMGODS model and built upon realistic producer and

2See https://github.com/kth-tingbai/Charging-Coordination-under-Limited-
Facilities

consumer data in Sweden. We then generate the delivery
missions for 1, 000 trucks, where the origin-destination (OD)
pair of each truck is chosen from the set of road terminals.
To achieve a realistic distribution of the delivery missions, the
transport flow given in Figure 5(a) is employed. Specifically,
the probability of selecting two terminals i and j as an OD
pair is computed by Fi, j/

∑
i, j Fi, j , where Fi, j denotes the

truck flow from the terminal i to j based on the SAMGODS
model. Given the realistic coordinates of the nodes comprising
the OD pairs, the route for each truck can be planned using
the open-source routing service OpenStreetMap [39].

As there are very few charging stations in use nowadays for
commercial electric trucks, we make use of some extra road
terminals obtained from the SAMGODS model as potential
charging stations in the network, as shown by the green nodes
in Figure 5(b). Using a certain search range, one can identify
a collection of charging stations along the pre-planned route
for each trip, as well as the ramps in the route leading to the
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Fig. 7. The total waiting time in the deterministic scenario.

shortest detour to reach the corresponding charging stations.
The capacity of a charging station is determined so that it
is proportional to the number of trucks that may use the
station for charging. By “may use,” we mean that the truck
has the station along its pre-planned route. More details on the
size of each station are provided in Figure 5(b). Furthermore,
trucks’ nominal travel times on its route segments {τk}

N
k=0

and for detours {dk}
N
k=1 are obtained from the OpenStreetMap.

As an illustration, the route model of one truck is shown in
Figure 5(c).

2) Parameter Settings: We model the departure times of
trucks to be random within the time window 07:00–10:00,
simulating the typical schedule of freight transportation oper-
ations. In addition, we assume each truck commences its
journey with an arbitrary but feasible battery from its origin.
Parameters for the electric trucks are set using the latest
data published by Scania [40]. More specifically, we consider
electric trucks with a maximum capacity of 40 tonnes and
equipped with an installed battery of 624 kWh, among which
468 kWh is usable. With this, trucks can cover a travel distance
of 350 km on a single charge. The maximum acceptable
charging power of a truck is 350 kW, while the charging power
provided by each station is 300 kW. For safe operation, es
is set as 25% of the installed battery capacity. In addition,
we assume a constant driving speed of 82 km/h for every
truck, leading to a battery consumption rate of approximately
1.83 kWh/min. Charging at each station incurs the electricity
cost of 0.36C/kWh, and the monetary labor compensation due
to extended travel time is considered as 2C/min. The penalty
for the violation of the delivery deadline is set as 10C/min.

B. Results and Comparison

To test the developed coordination framework, we com-
pare our method with two other coordination approaches:
the offline strategy and the dynamic strategy. The offline
strategy is computed by each truck offline without consid-
ering charging congestion at stations or travel uncertainties.
The dynamic strategy, similar to our proposed coordination
method, is computed by each truck whenever it arrives at
a ramp. However, in the dynamic strategy, communication

Fig. 8. The cumulative time delay in the deterministic scenario.

occurs only between the truck and its nearby station, assuming
zero waiting times at distant stations. Moreover, we compare
the deterministic and stochastic scenarios in our simulation
study. In the deterministic scenario, all parameters and related
variables are certain. In the stochastic scenario, we assume
that trucks’ travel times and battery consumption are subject to
3%, 5%, and 7% disturbances. In the subsequent comparisons,
we focus on δ1

k = δ2
k = 5% for all k. The results for the other

two cases are similar and thus omitted. Note that while travel
uncertainties may vary across different route segments, our
method can readily accommodate this by adjusting the values
of δ1

k and δ2
k with k to align with real-world conditions. Below,

we present the simulation results in each scenario.
1) Deterministic Scenario: We conducted simulations for

1, 000 trucks traversing the Swedish road network over
40 days. During the initial 10 days, the stations collect
arrival and waiting time data for trucks, setting the estimated
waiting times w̃ as zero for all distant trucks. Using the
data collected during this phase, the stations construct waiting
time forecast models as waiting time estimation plots. For
example, the waiting time forecast models of the four charging
stations marked in red in Figure 5(b) are shown in Figure 6.
In each waiting time estimation plot, the timeline per day
is discretized into 5 minute intervals when recording trucks’
arrivals and actual waiting times. The y-axis in Figure 6 shows
the average waiting time of the trucks that arrived at the station
during corresponding time periods. The obtained waiting time
forecast models are then used by the stations to compute the
estimated waiting times for trucks upon their requests when
applying the proposed method in the following 30 days.

Simulation results for the deterministic scenario are shown
in Figure 7 and Figure 8. Specifically, Figure 7 presents
the total waiting times of 1, 000 trucks each day from day
11 to day 40, compared among the three charging strategies.
As shown in the figure, the dynamic charging strategy out-
performs the offline strategy in most cases, attributed to its
dynamic updates utilizing accurate waiting time information
provided by the nearby station. It may also happen that the
dynamic strategy performs worse than the offline strategy, see,
for instance, on day 20. This indicates that accurate waiting
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Fig. 9. The total waiting time in the stochastic scenario.

Fig. 10. The cumulative time delay in the stochastic scenario.

time estimations at distant stations are crucial for optimizing
the charging strategy. In contrast to the dynamic strategy, our
method enables more precise estimations of waiting times at
distant stations by providing estimated arrival-time windows to
distant stations. This leads to substantial reductions in trucks’
total waiting times, as shown in Figure 7.

Figure 8 shows the cumulative delay experienced by all
trucks relative to their delivery deadlines, compared between
the dynamic and proposed charging strategies. While the
results vary case-by-case, our method generally results in less
overall delay. Additionally, the simulation result indicates that
approximately 6% of the trucks experience delays in fulfilling
their transportation tasks under the two charging strategies.

2) Stochastic Scenario: To further evaluate the resilience
of the developed coordination framework, we performed sim-
ulation studies under a stochastic scenario, considering 5%
uncertainties in travel times and battery consumption, i.e.,
setting δ1

k =δ2
k =5% for all k. Apart from these uncertainties,

the other parameter settings remain identical to those of the
deterministic scenario. In this case, the framework introduced
in our previous work [37] does not guarantee feasible charging
plans for the trucks. The dynamic strategy we compare against
can be viewed as an enhanced version of the framework
in [37], as it guarantees plan feasibility by using the charging
planning method presented in Section IV-C.

Fig. 11. Comparison of the average waiting time of all trucks per day.

Fig. 12. Comparison of the average waiting time per truck per day.

As illustrated in Figure 9, the dynamic charging strategy
yields little improvement over the offline strategy when incor-
porating travel uncertainties. In addition, we observe that the
offline strategy achieves highly similar performance in both
deterministic and stochastic scenarios. This consistency could
be due to the offline charging plan being developed indepen-
dently of the environmental impacts, thereby exhibiting strong
robustness. The results also show that, with bounded travel
uncertainties, the proposed method effectively reduces waiting
times caused by charging congestion.

In the stochastic scenario, the total travel time delay for all
trucks in the network increases in both the dynamic and our
proposed strategies, as shown in Figure 10. The proportion
of delayed trucks fluctuates across different cases, hovering
around 7%, and the amplitude of the fluctuation turns bigger
than that of the deterministic scenario.

3) Overall Comparison: Towards providing an overall com-
parison and analysis, we show in Figure 11 and Figure 12 the
average waiting time of trucks in different charging strategies,
compared between deterministic (i.e., without uncertainty) and
stochastic (i.e., with uncertainty) scenarios. More specifically,
Figure 11 shows the average daily waiting time for all trucks,
while Figure 12 illustrates the average daily waiting time per
truck, focusing only on those with non-zero waiting times.

As shown in Figure 11, the proposed charging coordination
approach reduces averaged waiting times for all trucks per day
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Fig. 13. The average operational cost of all trucks per day.

by approximately 64.5% (i.e., (103.49−36.71)×100%/103.49)
in the deterministic scenario and 41.7% in the stochastic
scenario compared to the offline strategy. In contrast, the
dynamic strategy achieves reductions of about 21.4% and
4.7%, respectively. For individual trucks, Figure 12 indicates
that our method reduces the average waiting time per truck
by approximately 51% in deterministic scenarios and 46.1%
in scenarios with 5% travel uncertainties in comparison with
the offline strategy. While the dynamic strategy results in an
18.6% reduction in waiting time in the stochastic scenario, our
proposed strategy enhances this improvement by an additional
33.8% (i.e., (34.89−23.08)×100%/34.89).

4) Operational Cost: To evaluate the economic benefits of
the proposed approach, Figure 13 presents the daily average
operational costs for 1, 000 trucks, comparing the dynamic
and proposed coordination methods under varying levels of
uncertainty. The results demonstrate that, while the average
operational costs for both methods increase with higher uncer-
tainty, our approach consistently achieves lower total costs
than the dynamic method. Specifically, the proposed method
reduces the average operational costs by approximately 10.4%
in the deterministic scenario and by about 6.5% at an uncer-
tainty level of 7%. Moreover, the percentage of delayed trucks
is consistently lower with our method, ranging from 5.9% to
7% as uncertainty increases, compared to the higher delay
rates observed with the dynamic approach.

5) Evaluation to Stations: The charging congestion at each
station is then evaluated by computing the average waiting
time per truck at the station. Figure 14(a) illustrates trucks’
average waiting times at every station in the deterministic
scenario. The medians of the average waiting times per truck
in the offline, dynamic, and proposed methods are 2.92, 1.65,
and 0.82 minutes, respectively. The corresponding interquartile
ranges are 5.28, 3.45, 2.34, indicating the range of the middle
50% of the data. For presentation clarity, outliers have been
removed from the figure. These results demonstrate that the
proposed coordination method reduces charging congestion
significantly compared to the other two methods, thereby
enhancing charging efficiency at the stations.

Fig. 14. Trucks’ average waiting times at stations, compared among different
charging coordination strategies (a) without and (b) with travel uncertainty.

The results for the stochastic scenario are presented in
Figure 14(b). As is shown, the median average waiting times
for the dynamic and proposed strategies with uncertainty are
slightly higher than those without uncertainty, while the offline
strategy shows greater robustness to uncertainty. In addition,
the interquartile range and whiskers for the proposed strategy
are wider in the stochastic scenario, indicating a larger dis-
tribution range due to travel uncertainties. Nevertheless, our
coordination strategy still outperforms both the offline and
dynamic strategies in alleviating charging congestion.

VI. CONCLUSION

We have addressed the problem of charging coordination
between electric trucks and charging stations. Our goal is to
minimize individual trucks’ operational costs while reducing
their waiting times at the stations. To this end, we have
designed a distributed coordination framework that supports
information exchange between the trucks and the stations, and
enables trucks to make their own charging plans dynamically
upon approaching stations. This framework extends our previ-
ous work by introducing three key components. The first two
components are waiting time forecast models computed by
the stations, and the estimated arrival-time windows computed
by the trucks. These two components contribute to effective
estimations of waiting times, which are used by the trucks
for charging planning. The third component is a new charging
planning approach by the trucks that handles bounded travel
uncertainties. To test the effectiveness of our proposed scheme,
we have conducted simulation studies involving 1, 000 trucks
traversing the Swedish road network for 40 days. When there
are 5% uncertainties in the traveling time and energy consump-
tion, our proposed scheme reduces the average waiting time
per truck by approximately 46.1% when compared with offline
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charging planning without coordination, and by about 33.8%
when compared with the coordination that does not involve
forecast model and arrival-time windows computations.

In contrast to other related works handling uncertainties,
our approach does not assume a probability distribution
for stochastic uncertainties, is less conservative than robust
optimization, and is computationally efficient, leveraging the
boundedness of uncertainty quantities. As for future works,
we would like to incorporate nonlinear battery dynamics into
the coordination framework and investigate the potential of
machine learning techniques in computing the forecast models.

APPENDIX

Proof of Proposition 1: Let (b∗

k , t∗k ) be the optimal charging
decision taken by the truck at station Sk . In addition, let
{(b̂k

h, t̂k
h )}ℓ−1

h=k , ℓ = k + 1, . . . , N , be the optimal solution of
the problem (14) and (15) computed at ramp rk , and let
{(b̂k+1

h , t̂k+1
h )}ℓ−1

h=k+1, ℓ = k + 2, . . . , N , be the one computed
at ramp rk+1. The effective charging power at Sk+1 is denoted
as Pc

k+1 =min{Pk+1, Pmax}. We start with the proof of (20a).
a) The proof consists of two steps. First, we will prove{
(b∗

k , t∗k ), (b̂k+1
k+1, t̂k+1

k+1 − 1t̂k+1), {(b̂k+1
h , t̂k+1

h )}ℓ−1
h=k+2

}
(26)

is a feasible solution to the problem (14) and (15) computed
at ramp rk , where

1t̂k+1 =
(δ2

k P̄τk − δe,k)

Pc
k+1

≥ 0 (27)

with δe,k ∈ [−δ2
k P̄τk, δ

2
k P̄τk]. Without loss of generality,

we assume that b̂k+1
k+1 = 1 and t̂k+1

k+1 ≥ 1t̂k+1. The case for
b̂k+1

k+1 =0 will be discussed later.
Since (b∗

k , t∗k ) is optimal to the problem (21)-(23), it meets
the constraints in (15). To proceed, we denote by e∗

k+1 the
remaining battery of the truck at ramp rk+1 computed by the
model (15b) applying the optimal control (b∗

k , t∗k ) and denote
as êk+1 its actual remaining battery. By (15b), we obtain

êk+1 = e∗

k+1 − δ2
k P̄τk + δe,k . (28)

Since (b̂k+1
k+1, t̂k+1

k+1 ) is computed at rk+1 with the battery êk+1,
constraints (15d) and (15e) are satisfied, i.e.,

t̂k+1
k+1 Pc

k+1 ≤ e f − (êk+1 − P̄dk+1). (29)

In light of (27)-(29), we have

e f −(e∗

k+1− P̄dk+1) = e f − (êk+1− P̄dk+1)−(δ2
k P̄τk −δe,k)

≥
(
t̂k+1
k+1 − 1t̂k+1

)
Pc

k+1.

Thus, (15d) and (15e) hold for (b̂k+1
k+1, t̂k+1

k+1 −1t̂k+1) and e∗

k+1.
Below, we will prove that the remaining battery at ramp rk+2
computed at ramp rk , denoted by e∗

k+2, is the same as that
computed at ramp rk+1, denoted as êk+2. By (15b), one has

e∗

k+2 = e∗

k+1 + b̂k+1
k+1

(
t̂k+1
k+1 − 1t̂k+1

)
Pc

k+1 + δ2
k+1 P̄τk+1

− P̄
(
2b̂k+1

k+1dk+1 + τk+1
)
, (30a)

êk+2 = êk+1 + b̂k+1
k+1 t̂k+1

k+1 Pc
k+1 + δ2

k+1 P̄τk+1

− P̄
(
2b̂k+1

k+1dk+1 + τk+1
)
. (30b)

According to (27), (28) and (30), it follows

e∗

k+2 − êk+2 = (δ2
k P̄τk − δe,k)(1 − b̂k+1

k+1) = 0.

Thus, e∗

k+2 = êk+2 holds and (15c) is satisfied by e∗

k+2. This
proves the feasibility of {b̂k+1

h , t̂k+1
h }

ℓ−1
h=k+2. Given the above,

we prove that (26) is a feasible solution to the problem (14)
and (15) solved at ramp rk .

We are now ready to prove (20a). By definition,
{(b̂k

h, t̂k
h )}ℓ−1

h=k is optimal to the problem (14) and achieves the
minimum cost, i.e.,

ℓ−1∑
h=k

b̂k
h
(
2dh + t̂k

h
)

≤ b∗

k
(
2dk + t∗k

)
+

ℓ−1∑
h=k+1

b̂k+1
h

(
2dh + t̂k+1

h
)
− b̂k+1

k+11t̂k+1

≤ b∗

k
(
2dk + t∗k

)
+

ℓ−1∑
h=k+1

b̂k+1
h

(
2dh + t̂k+1

h
)
. (31)

By (16), for ℓ=k+2, . . . , N , we have

ak+1
ℓ = ak+1 +

ℓ−1∑
h=k+1

(
b̂k+1

h
(
2dh + t̂k+1

h
)
+τh −δ1

hτh

)
, (32a)

ak
ℓ = ak +

ℓ−1∑
h=k

(
b̂k

h
(
2dh + t̂k

h
)
+τh −δ1

hτh

)
, (32b)

where ak+1 and ak are the truck’s arrival times at ramps rk+1
and rk , respectively. By (13), ak+1 is denoted as

ak+1 = ak + b∗

k (t∗k + ŵk + 2dk) + τk + δτ,k, (33)

where ŵk ≥ 0 denotes the truck’s actual waiting time at station
Sk and δτ,k ∈ [−δ1

k τk, δ
1
k τk] denotes the actual value of the

travel time uncertainty on τk . By (32)-(33), we have

ak
ℓ − ak+1

ℓ = ak − ak+1 +

ℓ−1∑
h=k

b̂k
h
(
2dh + t̂k

h
)
+ τk − δ1

k τk

−

ℓ−1∑
h=k+1

b̂k+1
h

(
2dh + t̂k+1

h
)

≤ ak − ak+1 + b∗

k (2dk + t∗k ) + τk − δ1
k τk

= −b∗

k ŵk − (δτ,k + δ1
k τk)

≤ 0. (34)

This completes the proof of (20a).
Below, the case for b̂k+1

k+1 = 0 is discussed. Let us consider
the more general case where

b̂k+1
k+1 = b̂k+1

k+2 = · · · = b̂k+1
i−1 = 0, and b̂k+1

i =1.

Similarly, we will show that{
(b∗

k , t∗k ),(b̂k+1
k+1, t̂k+1

k+1 ), . . . , (b̂k+1
i−1 , t̂k+1

i−1 ),

(b̂k+1
i , t̂k+1

i − 1t̂i ),
{
(b̂k+1

h , t̂k+1
h )

}ℓ−1
h=i+1

}
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is feasible with respect to the constraints in (15) at ramp
rk , where 1t̂i = (δ2

k P̄τk −δe,k)/Pc
i and t̂k+1

i ≥ 1t̂i . By (29)
and (31), it can be seen that

e∗

h − êh = δ2
k P̄τk − δe,k ≥ 0, h =k+1, . . . , i.

Since êh , h =k+1, . . . , i , satisfy the constraint (15c), e∗

h also
satisfy (15c). The remaining parts can be proved using similar
arguments as in the case where b̂k+1

k+1 =1.
b) Next, we will prove (20b). To distinguish between (18)

and (19) based on the truck’s location, we denote by 1ēk
k+1

the maximum increased battery at station Sk+1 computed at
ramp rk . By (17), for ℓ=k+2, . . . , N , we have that

āk+1
ℓ = ak+1+

(
2dk+1+

1ēk+1
k+1

Pc
k+1

+w̄k+1 + τk+1 + δ1
k+1τk+1

)

+

ℓ−1∑
h=k+2

(
2dh +

1ēk+1
h

Pc
h

+ w̄h + τh + δ1
hτh

)
, (35a)

āk
ℓ = ak +

(
2dk +

1ēk
k

Pc
k

+ w̄k + τk + δ1
k τk

)
+

(
2dk+1+

1ēk
k+1

Pc
k+1

+ w̄k+1 + τk+1 + δ1
k+1τk+1

)

+

ℓ−1∑
h=k+2

(
2dh +

1ēk
h

Pc
h

+ w̄h + τh + δ1
hτh

)
. (35b)

Note that 1ēk
h =1ēk+1

h , h = k+2, . . . , ℓ−1, and Pc
k+1 = Pc

k .
By (18) and (19), 1ēk

k , 1ēk
k+1, and 1ēk+1

k+1 are given by

1ēk
k = e f − (êk − P̄dk),

1ēk
k+1 = P̄(dk + τk + dk+1) + δ2

k P̄τk,

1ēk+1
k+1 = e f − (êk+1 − P̄dk+1),

where, by (8), the actual battery energies êk and êk+1 at ramps
rk and rk+1 satisfy

êk − êk+1 = P̄τk + b∗

k (2P̄dk − t∗k Pc
k ) − δe,k .

It follows that

1ēk+1
k+1 − 1ēk

k+1 − 1ēk
k + b∗

k t∗k Pc
k

= êk − êk+1 − 2P̄dk − P̄τk − δ2
k P̄τk + b∗

k t∗k Pc
k

= −(δe,k + δ2
k P̄τk) + 2P̄dk(b∗

k − 1) ≤ 0.

By (33), subtracting (35b) from (35a) gives

āk+1
ℓ − āk

ℓ = ak+1 − ak +
1ēk+1

k+1 − 1ēk
k+1

Pc
k+1

−

(
2dk +

1ēk
k

Pc
k

+ w̄k + τk + δ1
k τk

)
= b∗

k (t∗k + ŵk + 2dk)+δτ,k −
(
2dk + w̄k + δ1

k τk
)

+
1ēk+1

k+1−1ēk
k+1−1ēk

k

Pc
k

≤ (ŵk −w̄k) + (δτ,k −δ1
k τk)

+
b∗

k t∗k Pc
k + 1ēk+1

k+1−1ēk
k+1−1ēk

k

Pc
k

≤ 0. (36)

Note that, in (36), ŵk ≤ w̄k and δτ,k ∈ [−δ1
k τk, δ

1
k τk].

Furthermore, 1ēk
k denotes the maximum increased battery of

the truck at station Sk ; cf. (18). Therefore, t∗k Pc
k ≤1ēk

k .
With (34) and (36), we conclude our proof. ■
Proof of Theorem 1: Let {(bk∗

ℓ , tk∗

ℓ )}N
ℓ=k be the optimal

solution of the problem (21)-(23) computed at ramp rk . Recall
that {w̃k

ℓ}
N
ℓ=k are the estimated waiting times provided by

station Sℓ to the truck when reaching ramp rk and {ŵk
ℓ}

N
ℓ=k

are the truck’s actual waiting times at these stations.
a) By definition (21), since max(a, b)=

a+b+|a−b|

2 , we can
rewrite J ∗

k and Ĵk for k =1, . . . , N −1 as

J ∗

k =ξbk∗

k
(
2dk + tk∗

k +w̃k
k
)
+

N∑
ℓ=k+1

ξbk∗

ℓ

(
2dℓ+tk∗

ℓ +w̃k
ℓ

)
+

N∑
ℓ=k

θℓbk∗

ℓ tk∗

ℓ +
γ

2

(
ak∗

N+1−aend + |ak∗

N+1−aend|
)
, (37a)

Ĵk =ξbk∗

k
(
2dk + tk∗

k +ŵk
k
)
+

N∑
ℓ=k+1

ξbk∗

ℓ

(
2dℓ+ tk∗

ℓ +ŵk
ℓ

)
+

N∑
ℓ=k

θℓbk∗

ℓ tk∗

ℓ +
γ

2

(
âk∗

N+1−aend + |âk∗

N+1−aend|
)
. (37b)

By (22e), ak∗

N+1 and âk∗

N+1 in (37) have the following form

ak∗

N+1 = ak∗

N + bk∗

N
(
tk∗

N + w̃k
N + 2dN

)
+ τN

= ak +

N∑
ℓ=k

bk∗

ℓ w̃k
ℓ +

N∑
ℓ=k

(
bk∗

ℓ (tk∗

ℓ + 2dℓ) + τℓ

)
,

âk∗

N+1 = âk∗

N + bk∗

N
(
tk∗

N + ŵk
N + 2dN

)
+ τN

= ak +

N∑
ℓ=k

bk∗

ℓ ŵk
ℓ +

N∑
ℓ=k

(
bk∗

ℓ (tk∗

ℓ + 2dℓ) + τℓ

)
.

Since w̃k
k = ŵk

k , by applying the inequalities |a + b| ≤

|a|+|b|,
∣∣|a|−|b|

∣∣ ≤ |a − b| and based on the aforementioned
derivations, we have∣∣ Ĵk − J ∗

k
∣∣= ∣∣∣(ξ+

γ

2
)

N∑
ℓ=k+1

bk∗

ℓ (ŵk
ℓ − w̃k

ℓ)

+
γ

2

(
|âk∗

N+1− aend| − |ak∗

N+1− aend|
)∣∣∣

≤(ξ+
γ

2
)

∣∣∣ N∑
ℓ=k+1

bk∗

ℓ (ŵk
ℓ −w̃k

ℓ)

∣∣∣+ γ

2

∣∣∣âk∗

N+1−ak∗

N+1

∣∣∣
= (ξ+γ )

∣∣∣ N∑
ℓ=k+1

bk∗

ℓ (ŵk
ℓ − w̃k

ℓ)

∣∣∣
≤ (ξ+γ )

N∑
ℓ=k+1

bk∗

ℓ

∣∣ŵk
ℓ − w̃k

ℓ

∣∣
≤ (ξ+γ )

N∑
ℓ=k+1

1wk
ℓ , (38)
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where 1wk
ℓ = |ŵk

ℓ −w̃k
ℓ | is defined as the error between the

actual and estimated waiting times at station Sℓ. By (38),
we prove the upper bound of | Ĵk − J ∗

k | for k = 1, . . . , N −1.
Particularly, as w̃N

N = ŵN
N , there is ĴN = J ∗

N . Thus, 1 J̄N =0.
b) By (38), the upper bound for | Ĵk+1 − J ∗

k+1| with k =

1, . . . , N −2 is denoted as

1 J̄k+1 = (ξ+γ )

N∑
ℓ=k+2

1wk+1
ℓ .

In line with Proposition 1, we have 1wk+1
ℓ ≤ 1wk

ℓ for ℓ =

k+2, . . . , N . Thereby, we get

1 J̄k+1−1 J̄k = (ξ+γ )
( N∑

ℓ=k+2

1wk+1
ℓ −

N∑
ℓ=k+1

1wk
ℓ

)

≤ (ξ+γ )
( N∑

ℓ=k+2

1wk
ℓ −

N∑
ℓ=k+2

1wk
ℓ − 1wk

k+1

)
≤ 0. (39)

For k = N − 1, since 1 J̄N = 0 and 1wk
ℓ ≥ 0, we have

1 J̄N − 1 J̄N−1 = −(ξ +γ )1wN−1
N ≤ 0. This completes the

proof of Theorem 1. ■
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