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Abstract—The rapid progression of the electrification of road
transport in many countries urges the need to make informed
decisions on the location and size of the required charging
infrastructure. This paper’s main contribution is a novel method
to position fast-charging stations based on the transportation
energy demand and to evaluate the performance of such charging
infrastructure. Depending on their range and the availability of
charging infrastructure, electric vehicles may need to adjust their
route patterns to include en-route charging. Understanding and
planning for these adjustments can help assess future charging
infrastructure needs more effectively. The proposed method
introduces a detailed agent-based simulation procedure to track
individual trucks assumed to be fully electric. The procedure
allows for analyzing each vehicle’s and charging station’s specific
power flows. A case study based on a one-to-one representation
of Swedish long-haul road freight transport is created based
on real-world data. The results demonstrate that using the
presented method, 90% of the Swedish long-haul truck fleet can
be electrified with 26 carefully placed charging stations. These
stations vary in size between 10-60 MW, presenting a utilization
of 30-53%. The paper also provides detailed time variations in
charging needs, using the best available data.

Index Terms—Agent-based modeling, Charging infrastructure,
Battery electric trucks, Zero-emission road freight transport,
Transport decarbonization, Road transport-power grid interac-
tion

I. INTRODUCTION

Limiting global warming to well below 2°C, and prefer-
ably 1.5°C above pre-industrial levels, has driven increasingly
stringent [European Union (EU)| CO5 emission regulations.
Road transport is responsible for approximately 25% of the
[EUls total greenhouse gas emissions [I]], making transport
decarbonization critical to achieve climate targets.

Decarbonizing transport is central to building sustainable
mobility systems that reduce environmental, social, and eco-
nomic impacts while maintaining accessibility and efficiency.
Although sustainable mobility has traditionally emphasized
urban and passenger transport, recent research highlights the
growing need to include long-haul road freight in this tran-
sition, given its substantial share of greenhouse gas emis-
sions [2], [3].
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regulations, such as Regulation 292/1242 [4] and the
[Alternative Fuel Infrastructure Regulation (AFIR)| [5], aim to
accelerate heavy-duty vehicle electrification. mandates
charging station deployment every 60 km on the
[European Transport Network (TEN-T)| [6] core network and
every 100 km on the comprehensive network by 2030, each
with at least two 350 kW charging points.

Fast-charging infrastructure is essential to avoid disrupting
today’s logistically optimized goods distribution system. The
industry seeks strategies mitigating such disruptions induced
by electrification, such as recharging during the [EU] mandatory
45-minute break after 4.5 hours of driving. This requires
high-power fast charging, imposing significant demand on
equipment, the grid, and investment costs. To ensure adequate
utilization, and thereof profitability, charging infrastructure
must be strategically placed and sized based on projected
electrification demands.

The feasibility of electrifying heavy-duty trucks has long
been debated, but growing evidence indicates that electric
trucks and fast-charging stations are viable options. Vi-
jayagopal and Rousseau [7]] emphasize that full battery utiliza-
tion is essential for electric trucks’ [Total Cost of Ownership|
while Jahangir Samet et al. [8] highlight how sched-
ule variations and limited charging access often necessitate
oversized batteries. Their study shows that trucks up to 30
ton [gross vehicle weight (GVW)| operate efficiently with
current charging infrastructure in Finland and Switzerland,
though heavier trucks face challenges due to limited coverage,
underscoring this study’s relevance.

Charging station profitability depends on utilization, as over-
dimensioning risks economic viability. Karlsson and Grauers
[O] employs an agent-based simulation to assess charging
station utilization for electric long-haul trucks on one major
Swedish road, finding that a 20-30% utilization ratio likely
ensures profitability.

A. Related work and scientific gaps

Prior studies have explored optimal charging infrastructure
placement. This section summarizes key methods, findings,
and remaining research gaps.

Properly locating and sizing charging stations is crucial for
heavy-duty transport electrification. The Fraunhofer Institute
analyzed European truck manufacturers’ operational data to
identify rest stops as candidate locations [10]. An updated
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dataset [11]] categorizes these frequency of use. A follow-
up study by Shoman et al. uses agent-based simulations to
estimate energy demand at these locations [12]]. While these
studies assess charging infrastructure performance based on
current travel patterns, electrification may shift stop locations
due to shorter driving ranges.

Related optimization studies develop rich network formula-
tions for charger siting and sizing. Xie et al. [13] model multi-
period, intercity fast charging, sizing with chance-constrained
queuing on averaged [origin and destination (OD)| flows.
Ghamami et al. [14] couple facility decisions with user-
equilibrium assignment, congestion, and deterministic queu-
ing. Fakhrmoosavi et al. [15] extend this framework to capture
monthly [OD| variation and cold-weather battery performance.
Despite these strengths, all three rely on aggregate [OD] de-
mand rather than time-resolved vehicle-level simulation, use
simplified queuing, and are applied to small-scale networks.
GPS-based node optimization, as in Fu et al. [16], uses
detailed GPS data to optimize charging infrastructure, but
faces challenges with data confidentiality and
[Protection Regulation (GDPR)| [17] compliance.

The electrification of transport demands adapted solutions
for various vehicle types, particularly heavy-duty goods trans-
port, which face unique challenges such as larger energy
demands and the need for reliable en-route fast charging.
While passenger-car studies [18]], [19], [20], [21] emphasize
charging behavior at frequently visited sites like homes and
workplaces, they often neglect fast-charging infrastructure for
long-distance trips. Hiwatari et al. [22]] evaluate charging
needs using traffic simulations but focus on passenger cars,
limiting applicability to heavy-duty transport. [23] use existing
infrastructure but consider the conversion to electric vehicles
and employ CHALET [24] to show that 1000 optimally placed
charging stations could electrify 91% of European heavy-duty
transport.

The electrification of Swedish road transport has previously
been explored using [Multi-Agent Transport Simulation frame-|
Bischoff et al. [25] evaluate a fully electrified
long-distance transport fleet with charging stations at fuel lo-
cations, while Marquez-Fernandez et al. [26] assess scenarios
with an Electric Road System (ERS). Results show that ERS
adoption allows vehicles to use smaller batteries. These studies
presented charging demand on an aggregated level without
analyzing spatio-temporal variations, which is essential for
understanding the full scope of charging requirements.

Electromobility poses significant challenges to the power
grid, particularly in accommodating high and variable charging
loads [27]. Some studies integrate agent-based [electric vehicle]
simulations with grid models [28], [29] and advanced
optimization models, such as in [30], address station placement
and load balancing by incorporating demand estimation, driver
preferences, and power network constraints. However, these
studies highlight the lack of detailed synthetic population data
for large-scale analyses.

B. Contributions

This paper presents a novel method for placing fast-charging
infrastructure aligned with the aggregated charging needs of

the simulated transport fleet. The proposed method addresses
the gaps highlighted from prior studies by proposing an
approach that dynamically captures en-route spatio-temporal
charging demand on a large-scale scenario. The key contribu-
tions are:

e The introduction of an agent-based simulation process
using a state-of-the-art transport simulation framework
This process iteratively identifies charging de-
mand and sequentially places fast-charging stations for
long-distance trips, providing an adaptive infrastructure
planning method that responds to real-world transport
dynamics, including those specific to electrified vehicles.

« The work expands on earlier research using a significantly
more comprehensive synthetic population composed of
[GDPR}compliant and open-access real-world travel data,
which ensures a robust and replicable method. The
travel data is combined with aggregated and anonymized
departure time information from truck manufacturers,
providing crucial input for capturing a realistic spatio-
temporal charging demand.

e Due to the detailed modeling and simulation of trans-
port, the proposed method generates detailed large-scale
spatio-temporal power demand profiles. These profiles
facilitate further analysis of power grid impact if appro-
priate data from grid owners are provided.

Although the proposed method can be applied to different
types of road vehicles for goods and passenger transport, we
present a case study focusing on the full electrification of long-
distance (>300 km) heavy-duty freight in Sweden. This case
study validates our method at a national scale and provides
actionable insights into the challenges and opportunities of
large-scale electrification.

The remainder of this paper is organized as follows. Section
presents the methodology, divided into three subsections:
scenario development, transport simulation, and the charging
infrastructure placement strategy. Section III presents and
discusses the results, including a sensitivity analysis of in-
creased transport demand, battery range, and initial
Section IV highlights limitations of the study
and suggests directions for future work, followed by the
conclusions in Section V.

II. METHODOLOGY

The proposed simulation approach is based on
[31], a state-of-the-art mesoscopic agent-based simulation

framework designed for large-scale, iterative simulations.
MATSim’s core defines general rules for agent behavior,
network traversal, and activity scheduling. The framework
employs a co-evolutionary algorithm optimizing agents’ daily
plans through iterative plan execution, scoring, and replanning,
converging to individually optimal solutions that reflect self-
interested traveler behavior rather than system-wide optimality.

This study extends MATSim’s core functionality with the
electric vehicle (EV) module [32], enabling simulation of
battery-electric vehicle operations, including [SOC]| tracking,
link-based energy consumption, and charging station inter-
actions. The EV module is part of MATSim’s modular



architecture, supporting a broad range of extensions for
domain-specific applications. This study’s modeling novelties
and methodological updates developed in MATSim are re-
leased via the official matsim-1ibs repository (pull request
4029 [33])).

To realistically simulate long-haul |battery electric truck]
operations and support energy-based charging infras-
tructure planning, this study incorporates several core mod-
eling components, summarized below along with the specific
adaptations introduced:

o Agent: A synthetic traveler executing a defined plan. In

this study, an agent is a long-haul driver.

« Plan: A sequence of activities assigned to an agent during
the simulation. In this study, plans consist of daily long-
distance road freight trips with specified departure
times, and charging activities as needed.

o Plan execution: Agents simultaneously execute their
plans on the road network, with real-time energy con-
sumption tracking. This study extends plan execution by
introducing a novel event type, [Unmet Charging Need|
which records where agents cross configurable
SOC thresholds (see Section [[I-BT).

« Plan scoring: Each plan is scored by a utility function
that rewards timely completion of activities and penalizes
inefficient travel, such as unnecessary detours. To further
discourage infeasible operations, an additional penalty is
introduced for vehicles that run out of energy during their
trip (see Section [[I-B2).

o Replanning: Iterative strategies allow agents to adjust
plans, for example by changing routes or departure times.
In this study, a novel strategy dynamically inserts charg-
ing stops when energy or legal driving time constraints
are exceeded (see Section [lI-B3).

While a full technical overview is beyond the scope of
this paper, readers are referred to the MATSim book [31]]
for further details. MATSim’s mesoscopic structure fails to
capture detailed vehicle dynamics such as lane changing
or acceleration, but it enables scalable simulation of long-
haul freight behavior and associated energy needs. Simulation
output, event distributions, are used to inform spatial
fast-charging infrastructure placement, as described in Section
[I-C| The full methodology is illustrated in Figure [I]

A. Scenario

The scenario defines the synthetic population’s characteris-
tics, as well as the road network and available resources for
agents to complete daily plans.

1) Synthetic population: The synthetic population consists
of all agents in the simulation, each representing a truck
driver with specific origins, destinations, departure times,
and vehicle characteristics. This enables detailed modeling of
freight transport activity and charging needs.

In the context of this case study, the synthetic population is
constructed to replicate Swedish long-haul freight movements
at the national scale. This setup allows us to evaluate charging
infrastructure requirements, analyze temporal and spatial de-
mand patterns, and assess the feasibility and impacts of large-
scale electrification.
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Fig. 1. Tllustration of the complete methodology, including the scenario
definition (see Subsection [[I-A), simulation of transport (see Subsection [[I-B},
and analysis phase (see Subsection [LI-C).

The synthetic population is derived from the Swedish na-
tional freight transport model, Samgods [34], which provides
annual inter-zonal trip matrices based on goods production,
consumption, and trade. Samgods covers 590 zones (291
domestic, 299 foreign), including terminal nodes such as ports
and depots.

To better represent long-haul freight, we refine previous
MATSim-based approaches to handle Samgods output in three
ways: including sub-daily trips, handling trips exceeding 24
hours or crossing midnight, and improving international trip
modeling. Compared to earlier studies [25], [26] which con-
sidered only trips occurring at least once daily (represented in
Figure [2] by solid black arrows), whereas this study also al-
locates sub-daily trips probabilistically (dotted arrows). These
less frequent trips represent approximately 75% of total long-
distance trip count.

To account for trips spanning calendar boundaries, such as
a trip starting at 23:00 and continuing into the next day, or
trips with durations exceeding 24 hours, the simulation period
is extended to 48 hours. This extension allows agent behavior
to propagate across the 24-hour boundary. For instance, if a
long-haul trip is completed at least once per day, then multiple
agents may be en route simultaneously, some starting their trip
late in the day and others still completing trips that began the
previous day. This setup ensures more realistic modeling of
energy use, charging needs, and station utilization.

For international trips, realism is improved by dynamically
assigning entry points into Sweden using the OpenRouteSer-
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Fig. 2. Illustration of a possible distribution of daily trips between zone
and [Dj]

vice API [35]], which incorporates both ferry and road infras-
tructure. The estimated energy used prior to entry informs
the initial [SOC] for these trips. Together, these enhancements
increase the realism and representativeness of the synthetic
freight population.

The improved trip allocation process from node m in origin
zone to node n in destination zone m is performed as
follows:

1) The trips occurring at least once daily, 791, are first
allocated according to eq. [T} where

o TANMUM g the original dataset’s annual trips.
e N = 250, is the assumed number of working days,
same as in Samgods

Tdaily — \‘

Tannum
e

N

2) The previous step allocates the nearest integer number
of trips from each [OD] pair, thus generating fractional
residual trips occurring less than once daily. However,
summing all such fractions results in a number of trips
4 times larger than the number of trips occurring more
than once per day. Thus, they cannot be neglected, and
a thorough method of including them in the synthetic
population is required. The residual trips can be easily
calculated using eq. 2]

res __ ranmm daily
T = N T 2)
The allocated residual trips within a zonal pair are
assigned based on their likelihood of occurrence, i.e.,
their fractional weight. The trip probability from node
n in zone [O4 to m in [Dj] given the trip is within that
zonal pair, is calculated according to eq. [3} where

e i € I: 1 describes origin zone O; included in the set
of all origin zones Oj.

e j € J: j describes destination zone D; included in
the set of all destination zones D ;.

e m € M;: m is a node included in the set of nodes
M; in the origin zone O;.

3)

e n € Nj: n is a node included in the set of nodes
Nj; in the destination zone D;.

o Superscript f: denotes a fractional number of resid-
ual trips that occur less than once daily and are not
yet assigned to agents.

o Superscript a: denotes an allocated number of frac-
tional residual trips that have been assigned to
agents in the synthetic population.

» Tres,f
P(Trfz,ﬂﬂj) = Z Tg Tres,f

meEM; nEN;

3)

Iteratively, trips are allocated to the residual trip matrix,
T2 based on their relative probabilities until the
lower bounded summation of daily trips from [O4 to [Dj]
is fulfilled according to eq. @] Consideration is taken to
ensure a residual trip combination is not added more
than once.

annum
> 2 Thn
meM; neEN; _ Tdaily
N - mn

meM; nEN; 4)

+ > > T

meM; n€EN;

Step 2 ensures that the number of trips between all
zones is correctly estimated to the nearest lower bounded
integer. According to eq. [5] there will still be a small
fractional discrepancy between the allocated trips and
the expected total number of trips, defined as Tres7f/,
where ' superscript denotes the final fractional residuals
that remain after the allocation of 772,

Tannum

res,f
T S,
N

_ Tdaily _ Tres,a (5)

If these remaining trips summed together are greater
than one, they are assigned in a last step based on their
likelihood of occurring. This likelihood depends on the
probability of a trip being allocated between zone [O;|and
m as well as the probability of the trip being between
node m and n in that zonal pair. The probability of
allocating such a trip, Tfesv‘“/, is calculated according to
eq. @ where the superscript a’ denotes the allocated trips
from the final fractional residuals 77",

DOIED DI i

. meM; neEN;
= Z Z Z Z Tres,f’
mn
1€l jeJ meM,; nEN; (6)
Tres,f'

mn

>y T

meM; nEN;

P(T)

The last remaining trips are added until the total number
of expected daily trips is satisfied to the nearest lower
bounded integer, as described in eq.
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The allocated trip matrix 72!1°¢ated engures that the number of
daily trips for each zonal pair is rounded to the nearest integer
and is constructed according to eq.

Tallocated — Tdaily + res,a + Tres,a' (8)

daily
Tmn

To validate the synthetic population, simulated heavy-
duty traffic flows are compared to daily traffic counts
from the Swedish Transport Administration open-access tool
“Vigtrafikflodeskartan” [36]. As shown in Figure [3] simulated
and measured traffic flows agree well at most points. Out of
46 points, 36 (78%) fall within the 5-95 percentile band, 34
(74%) within the 10-90 interval, and 32 (70%) within the
25-75 interval. One outlier comes from a road with a measured
traffic volume close to 1000 vehicles but near zero in the
simulation. This road is poorly represented in the simulation’s
road network and can be neglected. For higher-traffic roads,
defined as those exceeding 10% of the maximum measured
traffic count, only one point falls outside the 5-95 percentile
band, and just three fall outside the 25-75 percentile band.
The R2-value of 0.897 further confirms that the synthetic
population captures an average day with sufficient accuracy.
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Fig. 3. Validation of the synthetic population, showing the simulated

network link counts compared to the measured traffic counts from the same
geographical position.

Aggregated annual data lacks temporal variation in depar-
ture times and, consequently, in charging station utilization.
To address this, the Samgods model’s [OD] matrix output
is supplemented with anonymized real-world departure and
arrival data for long-distance trips, categorized by trip length

TABLE 1
VEHICLE CLASS CHARACTERISTICS.

Vehicle class Weight span | Average total weight lecapl Share
[tonnes] [tonnes] [%]
Medium 102 3.5-16 7.7 180 <l
Medium 103 16-24 19 300 6
Heavy 104 25-40 33 400 36
Heavy 105 40-60 49 500 58

and vehicle class. The confidential raw data provided by
Swedish truck manufacturers Scania CV AB and Volvo Trucks
AB cannot be shared. Still, it influences the simulation results,
such as the minute-by-minute charging station power demand.

Accurate energy consumption estimation is essential to
assessing battery [SOC| and charging needs. The Samgods
output provides vehicle class and load status for each trip.
Open-access data from Swedish truck manufacturers Scania
CV AB [37]] and Volvo Trucks [38] informs battery capacity,
physical characteristics, and engine power. A technical report
[39] validates Samgods outputs and provides average payload
data for each vehicle class, used to estimate the average
total weight of loaded vehicles. Table [I] summarizes these
characteristics, where is the battery capacity.

Using the parameters, energy consumption maps are gener-
ated for each vehicle class based on speed and road inclination.
The vehicle ranges significantly influence the locations and
spacing between [fast charging stations (FCSs)l As shown in
Figure [] loaded trip ranges typically fall between 300 and
350 km, aligning with Swedish truck manufacturers’ estimates
of 300 to 440 km [37], [38]. Energy consumption maps for
unloaded vehicles are also generated, assuming [GVW] equals
curb weight.
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Fig. 4. Simulated vehicle ranges for loaded vehicles. The differences in
vehicle range originate from the differences in speed limits and, mainly, from
road elevation.

The initial is set by trip origin: domestic trips
start fully charged, while foreign entries receive an [SO( ;¢
reflecting energy use prior to entering Sweden. This value is
estimated by simulating the foreign leg with MATSim, starting
from a full charge and deducting energy consumed en route to
the Swedish border or ferry terminal. The approach assumes
vehicles recharge abroad as needed, but does not explicitly




model charging stops, onboard ferry charging, or cross-border
electricity prices. Despite these simplifications, this approach
provides a more realistic entry particularly for trips from
Norway, Denmark, and Finland that first charge in Sweden.
Figure [5] outlines the data-to-simulation process.
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Fig. 5. Flowchart describing the creation of the synthetic population.

2) Road network: The Swedish road freight network, gath-
ered from OpenStreetMaps [40], includes all national roads
and key urban routes, with speed limits, lanes, and elevation
data. A hexagonal grid ensures a maximum 60 km gap between
adjacent cells to aggregate data, aligning with[AFIR] Hexagons
are chosen because they best approximate circles while tes-
sellating a plane, ensuring compact coverage. Each hexagon
serves as a candidate location for charging infrastructure, with
at most one station per cell. Aggregated data are then used
to rank these locations to inform station placement. Figure [6]
illustrates the network and grid overlay.

B. Transportation simulation

The following subsections detail the implementation of plan
execution, scoring, and replanning in the simulation, including
the custom extensions summarized earlier in Section

1) Plan execution: The transportation simulation processes
agents’ daily plans along the road network, incorporating
charging opportunities based on the simulation step-specific
deployed When charging options are insufficient, i.e.,
when an agent needs to charge but no reachable is
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Fig. 6. Distribution of the Swedish road network showing the different road
types (a). The constructed spatial grid cells cover the entire road network (b).

available, new locations are determined using aggregated
spatial charging demand.

To quantify charging need, an event type, is in-
troduced. A records the time and location where an
agent’s [SOC| drops below a predefined threshold, indicating
charging is desirable or necessary. Each agent registers
at multiple thresholds, if its battery depletes at any point
during its trip to enable detection of locations where charging
was required but unavailable. Because MATSim discourages
removing agents mid-simulation, depleted agents continue to
their destination with [SOC| fixed at 0%, which preserves
network dynamics while revealing unmet charging locations.

are categorized into two types:
« Safe [UCNs| (UCNgz): at[SOC| = 40%, 35%, and 30%,

where drivers might choose to charge if an [FCS| is
conveniently located along its route.

o Critical [UCNs| (UCN_): at SO = 25%, 20%, and
15%, representing levels essential for trip success. These
are weighed double in the aggregated demand.

events are tracked using a custom EventHandler that
listens to DrivingEnergyConsumptionEvents, MAT-
Sim events that are triggered each time a vehicle traverses
a network link. Each time an threshold is crossed, a
event is logged. depletion is detected via a separate
MissingEnergyEvent. For each agent experiencing this
event, all previously registered [UCN]locations for that trip are
kept as indicators of unmet charging need. The resulting
trails represent the spatial charging need for [FCS| placement.
Figure [/] visualizes these trails.

2) Plan scoring: The default scoring function, the
Charypar-Nagel utility function, combines positive utility from
performing activities with disutility from traveling, arriving
late, and other factors. A detailed explanation of the scoring
structure is provided in Chapter 3 of the MATSim book [31]].
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Fig. 7. The procedure of logging for an agent that reached its

destination without any remaining battery charge.

We extend this structure by introducing a custom
penalty for battery depletion, incurred when an agent’s
[SOCQ| zero during a trip. This penalty is implemented as
a distinct PersonScoreEvent, triggered by a custom
EventHandler that listens for MissingEnergyEvents.
The event applies a single penalty per depletion event and
agents may be penalized multiple times across trip legs, given
it has had an opportunity to charge in between legs.

The penalty, Spa, aligns with the travel disutility term in
the Charypar-Nagel utility function and equals the marginal
utility of 45 minutes of extra travel time, expressed in eq. [0}

Sbat = —Oiravel - 45 minutes )

Here, 6ayve denotes the marginal travel time disutility. Charg-
ing time is excluded from scoring; only route deviation is
penalized. This incentivizes agents to avoid battery depletion
and minimize detours for charging.

3) Replanning: In MATSim, the replanning phase allows
agents to iteratively improve their plans across simulation
iterations. In each iteration, an agent applies one replanning
strategy, such as adjusting departure time, rerouting, or select-
ing a prior plan from memory. These strategies are defined
through configurable modules in MATSim’s framework. Stan-
dard replanning modules used in this study include:

e ChangeExpBeta (Chapter 4.5.2 in [31]): probabilistic
plan selection based on relative scores
e ReRoute (Chapter 4.5.1.2 in [31]): recalculates routes

Each agent has a probability distribution over strategies,
prioritizing ReRoute to encourage routing innovation. If a
new plan yields a better score, it is stored in the agent’s plan
memory, which holds up to five plans per agent in this study.
When a sixth plan is added, the worst is discarded.

A key contribution of this study is a custom
RoutingModule that extends ReRoute to include
charging planning behavior. This module estimates energy
use and travel time along the fastest route. A mandatory
45-minute break, used to recharge as much as possible, is
inserted whenever projected SOC falls below a threshold
(uniformly sampled between 15-40%) or if driving would
exceed 4.5 hours, complying with EU regulations. If a
is found within a 60 km detour, the stop is added
accordingly. Routing throughout the simulation uses A* ALT
algorithm [41]]. This algorithm uses a set of precomputed
network nodes, so-called landmarks, to improve routing
efficiency by guiding the search with more accurate distance
estimates. While this increases memory use and requires

TABLE I
[CIRATE VALUES FOR THE CHARGING ACTIVITY.

[SOC]interval [%] [C]
0-50 1.75

>50 - 175 1.25
>75 - 100 0.5

preprocessing time, it significantly speeds up routing in
large-scale simulations.

Through iterative execution, scoring, and replanning, agents
converge on individually optimal plans that minimize charging
detours while meeting energy and regulatory requirements.

C. Analysis and placement

1) Spatial assessment of charging demand: In each trans-
portation simulation, vehicles that deplete their battery at any
point during their trip generate a series of UCN events as
they reach predefined SOC thresholds, as explained in Section
After the simulation, all UCN events are aggregated
geographically within the hexagonal grid of the road network.
The hexagon with the highest accumulated intensity is
selected, and an is placed at the nearest link with a
speed limit > 70 km/h, based on the center of mass.
This process is illustrated in Figure |8} To ensure sufficient

A

=== Network link

@ Network node O UCN

B res

@) Average position

Fig. 8. Tllustration of the process for identifying the need for and adding an
[FCS] (a) shows an example of mapping. The center of mass coordinate
is calculated in the hexagonal zone with the highest intensity (b). An
[FCS]is placed at the nearest link in the road network (c).

charging during each activity, each station provides 1 MW of
charging power per charging point. In each charging event, the
charging power is also adjusted by battery size and its [SOC|to
reflect realistic charging behavior and prevent excessive battery
aging. The corresponding charging curve is outlined in Table
Where [C]is the C-rate, the ratio of allowed charging power
relative to the battery capacity. The charging power,
is limited by either the rated power of the charging point or
the corresponding C-rate from the charging curve (see eq. [10).

Peharge = min(PratedfBEcap.d| x [C) (10)
Where denotes the battery capacity of agent a.

are assumed to have unlimited charging points, allowing
full utilization of the 45-minute break without queues. The
maximum number of vehicles needing to charge at each station
simultaneously determines how many charging points are re-
quired. This assumption simplifies the simulation by omitting



queuing dynamics, which at the time of this study requires
substantial changes to the simulation architecture and signifi-
cantly increased computational complexity and runtime. As a
result of this assumption, some stations may be dimensioned
larger than is typical in practice and should be interpreted as
representing possible clusters of smaller stations within the
same hexagon. The model outputs detailed utilization profiles
for each station, which can be used in subsequent analyses to
inform sizing and operational strategies.

It is important to note that the proposed [FCS| locations are
indicative, as the method does not consider specifics such as
land use, ownership, or grid connection proximity.

2) Greedy, demand-based heuristic optimization: At each
simulation step, an is placed in the hexagonal zone with
the highest aggregated charging demand, until 90% of all trips
are electrified. The objective is to minimize the number of
to cover the charging need while identifying critical
locations for deploying charging infrastructure. For each step,
s, the sequentially placed is placed in zone z,, that
maximizes according to eq. [T1]

(1)

Zs = argmax UCN(z2)

Where Z represents all zones and z) the number of
in zone z. This approach ensures that each [FCS
addresses the most significant demand at that step. However,
as a greedy optimization approach, it does not guarantee a
global optimum combination of placements. This would
likely require a more complex optimization strategy, which,
combined with the time-consuming transport simulations, may
become computationally challenging. Such optimization is out
of the scope of this article. The maximization process is
subject to the following constraints:

. thresholds: are triggered at specific [SOC

levels with associated weights.

« SO(C interval: Search for triggered at a random
value between 15% 40%.

« Distance constraint: Agents search for within a
60km radius of the triggering position.

« Dynamic distribution: Updated every simulation
step

o Termination condition: The process stops when 90% of
trips are electrified.

III. RESULTS AND DISCUSSION

The impact of deployment is illustrated using Via by
Simunto GmbH [42], compatible with[MATSim|output. Figure
P shows [UCN]intensity without deployed highlighting
high-demand areas near populated regions and the The
color scale is normalized to the maximum [UCN] level.

Figure Op illustrates the effect of the first deployment,
where decrease in the hexagon containing the FCS
and its neighbors. However, some UCNs remain within the
hexagon, indicating some agents cannot reach the FCS. The
process continues iteratively until the [successful electrification|

ratio (SER)| i.e., the ratio of trips without battery depletion,
reaches 90%, as visualized in Figure

Gothenburg Stockholm

Malmo/Copenhagen
(@) (b)
UCN intenstiy [% of max]
>0-19 = TEN-T Core

ZAvee) TEN-T Comprehensive
40-59

60 -79

80-99 E Charging station

100

Fig. 9. Illustration of the resulting distribution without any charging
infrastructure (a) and after the first [FCS| placement (b).

It is insightful to analyze the installed charging power
in the system to cover a certain degree of electrification.
This is calculated based on the maximum number of vehicles
simultaneously charging at each station. Each charging point
is rated at 1 MW, and the total power is determined without
applying a simultaneity factor, which relates the total installed
power to a fraction of the sum of the rated power for all
charging points (typically 40 - 60% is used for passenger car
stations [43]]).

The relationship between installed charging power and [SER]
is presented in Figure [[0Op. Beyond 600 MW, total installed
charging power decreases slightly due to better spatial and
temporal distribution of charging events as more stations are
added. Since stations are sized for maximum number of si-
multaneous users (without queuing), adding new stations may
redistribute demand and reduce peak load at other stations,
lowering power requirements at existing sites. This effect is
minor compared to the overall linear trend seen in Figure [10p.
Approximately 20% of agents complete their trips without
using

The exact appearance of the curves in Figure [I0] represents
the electrification of Swedish road freight transport under the
assumptions presented and will likely differ in other regions.
Figure [I0Ob shows a strong linear correlation between
and the total installed charging power, with an R2-value of
0.992. From this linearity, it is calculated that increasing
by 1% requires an additional 10.6 MW of charging power.
With 16,632 agents in the population, this equates to 64 kW
of additional installed fast-charging power per electrified long-
haul truck. Since each charging point has a rated power of 1
MW, one additional charging point can electrify up to 15.6
long-haul trucks on average. The linearity results from the
placement of where the demand is highest, ensuring that
every newly placed station has a similar [utilisation ratio (UR)}
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Fig. 10. Evolution of the successful electrification ratio (SER) with the
introduction of charging infrastructure. (a) as a function of the number of
introduced, and (b) as a function of the total installed charging power.
The dotted line in (b) shows the linear correlation between the electrification
ratio and installed charging power.

Once the bulk demand is covered, every new [FCS| will likely
have a lower [UR] as the demand will be split among several
resulting in a decrease in the slope in Figure [I0p.

The final simulation step provides insights into the charging
infrastructure required to achieve = 90%. This includes
the number and size (in terms of charging points) of stations
and their [UR] defined as the ratio of average daily charging
power delivered to total installed power at a station. These
results are presented in Figure

Figure [T1] highlights that nearly all are located along
the [TEN-T] with the ten largest stations placed between highly
populated areas. Achieving = 90% requires covering
only 66% of the TEN-T. [FCS] utilization rates range from 30-
53%, ensuring profitability as per [9]]. However, the resulting
infrastructure does not align with standards in parts of
northern Sweden, such as the area around station 17, where
low demand could lead to underutilized if compliance
were enforced.

A key advantage of the proposed method is its detailed
analysis of within-day power demand variations. The results
include minute-by-minute power delivery at each [FCS| ag-
gregated as needed. Figure [T2] illustrates the relatively uni-
form power demand from 04:00 to 19:00, with peaks in the
morning hours reflecting the temporal consistency of long-haul
transport. Although the dataset lacks daily trip variations and
detailed overnight charging data, the at the destination
provides an estimate total depot charging demand. In the
base case, if all vehicles are fully recharged overnight, depot
charging accounts for 30% of total needs.

A. Sensitivity analysis

The charging infrastructure design presented is based on
energy demand during a representative average day. However,

real-world freight demand and vehicle conditions vary over
time, potentially impacting required charging capacity and
spatial layout. This section assesses system robustness via
two sensitivity analyses: (1) increased freight activity, and (2)
variations in vehicle energy-related parameters.

1) Impact of increased freight activity: Future road freight
demand is uncertain but projected to grow. For example, a
recent ICCT report estimates a 36% increase in EU demand
by 2050 [44]. To assess the impact on charging needs, the
synthetic daily OD matrix is scaled by 40%. Without detailed
data on how future changes may redistribute trips, a uniform
scaling is used, increasing activity on busy corridors and
introducing demand on new routes.

The method targets 90% fleet electrification. Under scaled
demand, 90% electrification is reached with just 23 deployed
stations due to altered route patterns. However, to directly
compare spatial placement with the base case, 26 stations are
placed in both scenarios. As shown in Figure [T3] most stations
remain in the same or neighboring hexagons after scaling,
demonstrating that the method yields stable results, even for
a substantial increase in transport demand.

2) Impact of vehicle condition variability: Whereas the
first analysis addresses system-level changes in total freight
activity, this second analysis considers day-to-day operational
variability at the vehicle level. Key factors such as battery
capacity, energy consumption (affected by weather, payload, or
battery health), and when starting a trip, all influence
when and where charging occurs. These parameters are highly
uncertain in practice and may vary due to adverse weather,
incomplete overnight charging, or fleet heterogeneity.

Rather than redesigning the infrastructure for each scenario,
this analysis keeps the charging network fixed to isolate the
impact of operational uncertainties and test whether it can
accommodate a realistic range of vehicle conditions. For in-
stance, reducing the vehicle’s battery capacity and/or increas-
ing energy consumption by 20% simulates harsher conditions
(e.g., winter, aging batteries), resulting in more frequent and
tighter charging. Conversely, higher battery capacity reduces
charging frequency and extends travel between stops. As
shown in Figure these variations significantly affect the
number of charging activities and the required charging power,
and can lower the successful electrification rate (SER) if
conditions are unfavorable. Variations in mainly affect
the timing and clustering of early charging events, impacting
infrastructure utilization without dramatically shifting total
demand.

IV. LIMITATIONS AND FUTURE APPLICATIONS OF METHOD

While our study is adaptable to various scenarios, its
accuracy depend on input data quality. Our synthetic pop-
ulation, based on Samgods, models Swedish road freight at
an aggregated level but lacks individual vehicle tracking. We
assume one trip per long-haul truck per day, though more
detailed vehicle data would more accurately capture day-to-
day variations. Merging Samgods with truck manufacturer
departure times introduces mismatches; a unified dataset with
and departure times (properly anonymized) would enhance
accuracy. Similarly, integrating our transport simulation with a
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scenario (+40%).

power grid model could assess grid impacts, but limited access
to Swedish grid data hinders progress. Improved data availabil-
ity would enable more realistic analyses of electromobility’s
impact on the power system.

Assuming unlimited charging points per station minimizes
the total number of stations, resulting in some very large
fast-charging station clusters (>60 MW). Future work could
explore how size restrictions affect utilization, profitability, and
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Fig. 14. Results of sensitivity analysis on vehicle condition variability.

queuing.

A sensitivity analysis reveals that battery size and initial
SOC critically impact the charging infrastructure. Given that
high SOC window utilization [45] and high [Clrates [46],
accelerate battery aging, future studies might investigate
how reduced SOC windows and lower [C}rates could improve
electrification rates and extend battery lifespan. Our method
readily incorporates such restrictions across all agents and
charging activities. However, this analysis assumes constant
conditions across the year and does not account for seasonal
variations in temperature or transport demand. Weather con-
ditions, especially in winter, can significantly reduce battery
efficiency and increase energy needs, while also influencing
route choices and resting patterns. Future work should incorpo-
rate seasonal variability and weather-dependent performance



modeling to improve accuracy, especially in regions with harsh
winter climates.

This approach simplifies charging behavior for international
trips: vehicles are modeled as starting fully charged abroad
and recharging as needed, without explicitly simulating spe-
cific en-route charging opportunities such as onboard ferries,
intermediate charging stops, or cross-border electricity price
variations. The sensitivity analyses performed, particularly
regarding variations in initial SOC and battery capacity, partly
address the potential variability introduced by these simplifi-
cations. A more detailed modeling of international charging
behavior remains a valuable area for future research.

Moreover, charging station placement requires considera-
tions beyond energy and power demand. For instance, one
study [48]] identified 102 key indicators for sustainable place-
ment, including roadside amenities, land use, topography, and
grid connectivity. Without detailed power grid data and to
avoid over-complicating the model, many of these factors are
omitted, rendering our charging locations indicative rather than
precise.

Finally, optimizing charging station placement across all
candidate locations is computationally intensive, as it ne-
cessitates numerous transportation simulations. Our heuristic
approach addresses this by sequentially placing stations to
meet the highest aggregated demand, thereby minimizing the
number of stations required for targeted electrification cover-
age. While this feasibility-focused method efficiently aligns
infrastructure with charging demand on a nationwide scale,
it may sacrifice a globally optimal solution. Defining such an
optimal solution is challenging in the context of activity-based
simulation, where multiple competing objectives must be bal-
anced, including minimizing detours, reducing infrastructure
costs, and limiting battery degradation. For instance, a strategy
focused on minimizing detours could result in numerous
underutilized and potentially unprofitable stations, while a
solution aimed at minimizing the total number of stations
might introduce significant rerouting or queuing delays. Our
method seeks a practical trade-off, incorporating behavioral
flexibility in SOC thresholds and route adjustments, while
maintaining computational feasibility. Future research could
explore how this heuristic compares to optimization-based
approaches in smaller, controlled scenarios to better evaluate
its degree of sub-optimality.

V. CONCLUSION

This paper introduces a novel method for identifying fast-
charging station locations, considering the transport behavior
changes generated by electrification. Applied to Sweden’s
long-haul freight transport, the method shows that 26 strategi-
cally placed stations can electrify 90% of trips over 300 km.
High charging demand at these stations would likely require
clustering within specific areas. Utilization rates of 30-53%
suggest the deployed charging infrastructure to be profitable,
aligning with existing studies. While fewer than
mandates are needed for 90% electrification from an energy
perspective, evenly spaced infrastructure could be essential for
robustness and mitigating range anxiety.

Deploying charging infrastructure according to the pro-
posed method requires 64 kW of additional fast-charging
power per extra electrified long-haul truck, highlighting the
infrastructure deployment pace needed. Sensitivity analysis on
battery capacity and initial SOC reveals this value can rise
by up to 20%, influenced by factors like seasonal weather
and overnight charging opportunities. These variations also
lead to earlier and more frequent charging events, locally
concentrating demand and reducing infrastructure efficiency.
Nonetheless, the spatial layout of charging stations remains
robust, with nearly all optimal locations unchanged even
under 40% higher trip volumes, indicating the siting method’s
robustness to moderate demand fluctuations.

Although not definitive for final placement decisions, the
method provides valuable insights into transitioning from
conventional to electric trucks. The identified locations are
promising candidates for further study. Integrating the pre-
sented method with a detailed grid model and complementary
power demand curves (e.g., from households and industry) fa-
cilitates a comprehensive assessment of the heavy-duty trans-
port electrification’s impact, including daily peak variations.
The validity of these results depends on input data quality.
This study combines aggregated Samgods data with additional
datasets, showing that incorporating temporal distributions of
arrival and departure times improves accuracy. Understanding
freight movement dynamics enhances power demand modeling
and utilization analysis, leading to more reliable grid impact
assessments.

The authors strongly advise more open data exchange
between vehicle manufacturers, power grid companies, and
academia to bridge knowledge gaps and further improve the
reliability of this type of research. Improved data availability
would also support several important future research direc-
tions. For instance, integrating the proposed methodology with
detailed power grid models could enable joint optimization of
transport and energy systems, helping identify bottlenecks and
critical nodes. Additional research could explore constraints on
station size, battery degradation under realistic charging con-
ditions, and improved SOC window management strategies. If
more granular freight movement and grid data become avail-
able, these enhancements can further increase the method’s
accuracy and practical applicability. Lastly, the development
of computationally efficient global optimization techniques for
station placement remains a key area of interest. In particular,
modeling the impact of seasonal demand fluctuations and cold-
weather battery performance is a critical next step, which we
are currently pursuing in ongoing work focused on northern
Sweden.
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