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 a b s t r a c t

With the projected growth of electric vehicles to meet net-zero emission targets, the accurate 
prediction of future charging demand is essential for optimal infrastructure planning. This study 
delivers an integrated and scalable agent-based modeling framework for future spatiotemporal 
estimation, which simultaneously captures heterogeneous cost aware charging behaviors, daily 
activity patterns, and route and mode choices. Meanwhile, the framework employs a stochastic, 
adaptive smart charging module that incorporates diverse charger types and dynamic ToU electric 
tariffs, enabling users to probabilistically shift charging decisions to minimize costs and mitigate 
range anxiety. The framework was applied in a case study of Gothenburg, Sweden, under near-
future scenarios with 50% EV penetration. Results indicate that introducing charger-type prices 
with residential ToU tariffs shifts charging toward home, and probabilistic ToU-aware deferral 
reduces the residential peak by upto 20% relative to the cost aware but immediate charging 
scenario.

1.  Introduction

The rapid adoption of electric vehicles (EVs) marks a transformative shift toward sustainable urban mobility driven by national 
and regional policy objectives to decarbonize the transport sector and meet net-zero emission targets (Rodrigues et al., 2023). EV 
integration can substantially reduce greenhouse gas emissions, improve urban air quality, and mitigate the environmental impact of 
transport systems (Muratori et al., 2021a). At the same time, with global EV penetration projected to be roughly 40% of new vehicle 
sales by 2030, EVs alone may account for over 8% of global electricity demand by 2035, implying non-trivial impacts on charging 
infrastructure needs and electricity grids (International Energy Agency, 2023; Rietmann et al., 2020). This creates an urgent need for 
modeling frameworks that can reliably estimate spatiotemporal future charging demand to support infrastructure deployment, grid 
management, and policy design (Kim and Kim, 2021).

Accurately estimating the future charging demand is challenging because EV charging behavior is inherently heterogeneous and 
context-dependent. The daily travel patterns differ across users and days, charging opportunities arise at multiple locations (home, 
workplace, public chargers), and vehicle types and battery capacities vary (Kamana-Williams et al., 2024; Li et al., 2024). Charging 
behavior is further shaped by external drivers, such as time of use (ToU) electricity pricing, smart charging technology, and charger 
access, which jointly influence when, where, and how users choose to charge to minimize perceived costs while maintaining a 
sufficient state of charge (SoC) for upcoming trips (Shariatzadeh et al., 2025; Thorhauge et al., 2024). These interacting factors give 
rise to highly spatiotemporal and activity-dependent charging patterns that cannot be captured by static or purely aggregate models.
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Despite substantial advances in charging demand modeling, significant gaps remain. Many existing approaches rely on static or 
overly simplified assumptions that do not adequately represent the dynamic and probabilistic nature of user behavior under realistic 
spatiotemporal pricing and smart charging conditions (Yi et al., 2023; Wu et al., 2023b). Sensitivity to spatially and temporally 
variable electricity pricing is known to substantially affect charging timing and location choice (Visaria et al., 2022; Ensslen et al., 
2018; He et al., 2025). However, large-scale agent-based simulations often still treat dynamic tariffs as exogenous signals or apply 
charging rules in post-processing, rather than embedding price response directly within the same utility-based scoring and iterative 
learning mechanism that governs travel choices and charging decisions (Liao et al., 2023). Moreover, even when ToU effects are 
represented, plug-in time is frequently conflated with charging start time and heterogeneous compliance with deferral is rarely 
modeled explicitly, such that only a subset of users reschedules feasible home sessions. This limits the credibility of spatiotemporal 
peak estimates under ToU considerations, and location specific charging opportunities are only partially captured (He et al., 2022; 
Kim and Kim, 2021). These limitations hinder the realistic emulation of individual charging patterns and reduce the reliability of 
spatiotemporal charging demand estimates for future scenarios, thereby constraining the usefulness of such models for infrastructure 
and energy side infrastructure planning and management.

To address the aforementioned gaps, this study proposes an integrated modeling and analytical framework based on agent-based 
modeling to estimate the future spatiotemporal EV charging demand. The framework captures EV users’ charging decisions by in-
corporating their daily travel behavior (including activity chains, mode and route choices) and charging behavior, which seeks to 
minimize costs under ToU electricity pricing. Meanwhile, it accounts for heterogeneous charging costs across different charging types 
and incorporates smart charging strategies. A key contribution of this study is the development of a probabilistic and adaptive smart 
charging module that allows users to reschedule charging events within the plugged-in time window to make the most of ToU elec-
tricity price variations. This module is embedded in an extended scoring function in MATSim that jointly models mode choice, route 
choice, and charging behavior, thereby capturing realistic user trade-offs that are often neglected in existing models. To the best of our 
knowledge, this study is among the early large-scale agent-based implementations that embed charger type monetary costs and ToU-
aware intra activity start-time rescheduling directly into the EV behavioral scoring, building on prior MATSim pricing frameworks 
that decouple plug-in and charging times for tariff experiments (Bakhtiari et al., 2024, 2023). Unlike rule based or threshold-driven 
approaches, the proposed framework adopts a holistic and utility-optimization based modeling strategy that yields a behaviorally 
consistent representation of user charging decisions over a continuous, multi-day horizon that captures weekly charging routines 
rather than isolated single-day decisions. Applied to a near-future scenario with 50% EV penetration in Gothenburg, Sweden, the 
model reveals how spatiotemporal variations in charging costs and the adoption of smart charging significantly influence individual 
charging decisions, ultimately shaping aggregated spatiotemporal charging demand patterns. The scalability and adaptability of the 
approach ensure its applicability across diverse urban contexts. The results offer a scientific foundation for estimating future charging 
demand and informing the cost-efficient planning of charging infrastructure and energy systems to support transport electrification.

The remaining parts of this paper are structured as follows. Section 2 reviews prior work on EV charging demand modeling and 
agent-based approaches. Section 3 describes the proposed modeling framework, including the inherited UrbanEV utility terms and the 
new cost aware and ToU aware extensions. Section 4 presents the Gothenburg case study, input data, and parameterization. Section 5 
reports the temporal and spatial charging demand results across scenarios. Finally, Section 6 concludes with implications, limitations 
and outlines directions for future research.

2.  Literature review

Before introducing our integrated modeling framework, we review existing approaches to EV charging demand estimation, high-
lighting their strengths and limitations. Beginning with foundational studies to estimate hourly EV energy demand, we scope the 
evolution from static and rule based models to enhanced agent-based frameworks, to justify the critical research gaps that motivated 
our work.

2.1.  Aggregated demand estimation models

Traditional approaches to EV charging demand estimation have predominantly utilized static models, such as origin-destination 
matrices and rule based frameworks. Dharmakeerthi et al. (2014) employed a static model with fixed state of charge (SoC) thresholds, 
assuming homogeneous charging behavior among users. Similarly, Deb et al. (2018) noted that while these models offer computational 
efficiency, they often lead to significant discrepancies when applied to heterogeneous urban environments characterized by diverse 
daily travel patterns and varying charger availability. These methods typically treat charging demand as a static variable, overlooking 
the dynamic and stochastic nature of user behaviors, temporal variability, and spatial heterogeneity. Shukla et al. (2023) optimized 
EV charger placement using a static OD matrix but acknowledged its limitations in representing real-time spatiotemporal demand. 
Likewise, Celik (2024) reviewed deterministic models and highlighted their inability to adapt to evolving user preferences and grid 
constraints, thereby limiting their utility in dynamic scenarios.

To address the limitations of static models, dynamic models have been developed to incorporate temporal variations in charging 
demand. Tan et al. (2022) proposed a dynamic pricing strategy based on traffic assignment simulation, wherein charging prices 
are updated according to the temporal distribution of EV charging demand. Such approaches often use differential equations or 
simulation based methods to model the system’s temporal response under varying price conditions. However, despite their improved 
responsiveness, these models largely depend on aggregated data and deterministic assumptions, smoothing over the nuances of 
individual charging behaviors, such as variations in range anxiety or the diversity of daily travel patterns. Consequently, they struggle 
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to capture the probabilistic and behaviorally heterogeneous nature of individual charging decisions, especially under conditions 
such as range anxiety and fluctuating daily trip patterns (Schüßler et al., 2017; Patil et al., 2023). These limitations are especially 
consequential under high EV penetration and tariff interventions, where charging is shaped by user specific charging tolerance and 
timing preferences. Consequently, demand estimation frameworks that remain aggregated or deterministic tend to under represent 
both the dispersion of charging start times and the partial, heterogeneous nature of price response.

2.2.  Heterogeneous charging preferences and timing choice

A growing body of empirical and modeling research has emphasized that EV charging behavior is highly heterogeneous, both 
across users and across contexts, and cannot be captured adequately by homogeneous or purely deterministic charging rules. Wu et al. 
(2023a) propose a heterogeneous aggregation and control model for EV clusters with random charging behaviors, in which individual 
vehicles differ in battery parameters, charging power, and plug-in, plug-out times. Their work shows that aggregate controllability 
of EV fleets arises from underlying stochastic, heterogeneous individual actions rather than uniform optimization, and that realistic 
aggregation models must explicitly account for random charging start times and user-specific behavior. This supports treating charging 
as a stochastic, heterogeneous process and motivates the representation of probabilistic charging responses in demand models.

Building on an activity based perspective, Rostami et al. (2024) integrate travel demand, charging behavior, and charging in-
frastructure planning under alternative electricity tariff schemes. Using an activity based simulation for the Chicago region, they 
demonstrate that tariff structure strongly influences the spatial and temporal distribution of charging demand and, consequently, the 
optimal placement and sizing of fast-charging infrastructure. Their framework highlights that electricity pricing cannot be treated 
as exogenous when planning public charging networks. However, the focus remains on tariff-induced shifts in aggregated charging 
demand and infrastructure siting, rather than on individual-level, multi-criteria charging decisions embedded in a co-evolutionary 
day-to-day learning process. Micro-level choice experiments further clarify the determinants of individual charging decisions. Ge and 
MacKenzie (2022) analyze BEV drivers’ fast-charging choices on long-distance trips using static and dynamic discrete choice models. 
They find that battery SoC and the ability to reach the next station without deviating from the planned route are the dominant de-
terminants of charging, while charging cost, time, and detour length play secondary roles, consistent with recent syntheses on range 
anxiety and mid-trip charging behavior (Thorhauge et al., 2024; Wang et al., 2023). This confirms the primacy of state of charge and 
range-critical conditions in charging decisions and justifies the explicit modeling of range anxiety and SoC related penalties in behav-
iorally grounded charging frameworks. Complementary panel-data evidence from Japan by Sun et al. (2015) on home based charge 
timing shows that SoC at arrival, the number of days until the next travel day, and daily vehicle-kilometers traveled are key predic-
tors of whether users charge immediately upon arrival, postpone charging to midnight, or do not charge at all. A substantial fraction 
of users adopt off-peak charging patterns, but many still charge immediately, indicating heterogeneity in both timing preferences 
and sensitivity to price or habitual considerations. These studies indicate that realistic charging demand models must represent SoC 
and range-driven risk aversion, heterogeneous and only partially price-responsive timing choices, and activity-dependent charging 
opportunities across home, work, and public contexts. 

2.3.  Probabilistic agent-based frameworks

Comparative evidence indicates that machine learning models can outperform conventional spatial interaction formulations when 
reproducing observed urban transport patterns (Parishwad et al., 2023). However, predictive accuracy alone is insufficient for our ap-
plication, as charging demand under infrastructure and tariff interventions depends on behavioral adaptation, feasibility constraints, 
and schedule dependent decision making. For such counterfactual analyses, probabilistic random utility (logit based) choice mecha-
nisms embedded in agent-based simulation provide an explicit behavioral mechanism through which prices, accessibility, and activity 
schedules translate into charging decisions.

Accordingly, recent advancements have increasingly leveraged agent-based modeling (ABM) to capture the complex and micro-
level interactions inherent in EV charging behavior. Studies have demonstrated MATSim’s ability to generate high-resolution hourly 
transport charging demand trends and to provide dynamic agent behaviors and travel patterns within energy system analysis, as 
examined by Novosel et al. (2015), who coupled MATSim outputs with their EnergyPLAN model. However, their work was limited 
by a narrow representation of daily activity chains (only home and work) and by its lack of explicit modeling of charging infras-
tructure, dynamic pricing, and diverse charging strategies. Building on this foundation, Zhuge and Shao (2018) extended MATSim 
by incorporating both link based and node based facility modeling, providing valuable insights into how the spatial distribution of 
charging facilities might influence user choices. Yet, the model oversimplified the charging decision process by assuming that EVs 
would charge at any available charging facility, without accounting for critical factors such as SoC, pricing, or variations in charger 
availability. More recently, Yi et al. (2023) employed MATSim to estimate public charging demand at an urban scale and optimized 
charging station locations via a capacitated maximal coverage approach. Their framework benefited from high-resolution synthetic 
demand validation against real-world records and considered different charger types, including both fast and standard. Despite these 
strengths, the model primarily focused on public charging and did not integrate the interplay between home and public charging, 
nor did it address the effects of dynamic pricing and spatiotemporal charging costs on user charging behavior. Complementing urban 
studies, Wu et al. (2023b) applied MATSim in a highway context to optimize EV charging infrastructure, modeling detailed deci-
sion processes, including charging station selection based on SoC, proximity, and travel time, suitable for long-haul travel scenarios. 
However, the study did not incorporate dynamic pricing or capture the full range of urban mobility patterns, thereby limiting its 
applicability to mixed-use environments.
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In a further evolution, Adenaw and Lienkamp (2021) introduced UrbanEV, a co-evolutionary MATSim extension in which charg-
ing emerges from a utility based, multi criteria decision process rather than fixed SoC triggers.  Building on the legacy EV Contrib 
energy and charger representation (ETH Zürich et al., 2016), UrbanEV augments plan scoring with battery-risk and access-friction 
components, using a range anxiety penalty for low SoC, a walking disutility term for access to off-route chargers, a strong penalty for 
empty-battery states, and a home-charging preference term incentivizing overnight charging at home. This co-evolutionary approach 
enables agents to adapt activity execution and route choice (Adenaw and Lienkamp, 2021). However, UrbanEV in its original form 
does not endogenize time varying electricity prices within the same scoring and learning mechanism, motivating extensions toward 
heterogeneous, tariff responsive timing adaptation. Several recent studies further demonstrate how UrbanEV and related EV Contrib 
developments have been applied, thereby documenting UrbanEV’s role as a reusable behavioral backbone for urban electromobility 
analysis. Qiang et al. (2025) employ a MATSim based multi-agent trip simulation combined with an energy consumption model 
and charging rules to forecast spatiotemporal public charging demand in Japan. Their framework generates high-resolution daily 
trips and aggregates charging demand bottom-up, but charging decisions remain largely rule based, without explicit dynamic pricing 
or intra-activity rescheduling. Brulin et al. (2025) adapt the UrbanEV module to compare stationary charging infrastructure with 
battery-swapping concepts, using UrbanEV’s activity based representation and SoC driven logic to evaluate detours, dwell times, 
and utilization in an urban network. These applications emphasize that UrbanEV’s multi-criteria charging behavior has already been 
adopted beyond the original Munich case study, yet they still treat electricity prices exogenously and do not incorporate heteroge-
neous, tariff-responsive adaptations of charging timing.

A complementary line of work has focused more directly on pricing within MATSim. Bakhtiari et al. (2023) developed an EV 
charging pricing design framework that couples the legacy EV Contrib with an UrbanEV evolved within-day replanning procedure. 
They implement time-dependent, zonal, and nonlinear pricing schemes, demonstrating how different tariff designs can reduce peaks 
and redistribute charging temporally and spatially. Nevertheless, their implementation primarily targets public charging and operator-
centric pricing scenarios, with charging strategies still driven by relatively stylized heuristics and with limited differentiation between 
home, work, and public charging contexts. In parallel, recent EV Contrib (MATSim v.2025) release (MATSim Community, 2025) 
emphasizes station-level realism with representations of individual charging behavior, including nonlinear charging curves, plug 
capacities, and queuing at individual stations, as demonstrated in neighborhood-scale applications such as the Das Neue Gartenfeld 
case study in Berlin (Kreuschner and Schlenther, 2025; Hörl et al., 2025). The latest EV Contrib capabilities are well suited to 
analyze current, station-level infrastructure utilization under specific operator pricing schemes and binding capacity constraints. For 
the present study, which assumes abundant charging capacity and seeks to reveal latent, near-future charging demand emerging 
from heterogeneous, multi-criteria, and price aware behavior, UrbanEV’s co-evolutionary utility based framework provides a more 
appropriate behavioral backbone. 

Other studies (Muratori et al., 2021b; Menter et al., 2023) have emphasized the potential of MATSim for large scale energy-mobility 
analyses, demonstrating the importance of high resolution travel data and the integration of network effects into infrastructure plan-
ning. Nonetheless, they also highlighted limitations in accounting for dynamic pricing and the interdependencies between varied daily 
activity chains and charging decisions. Finally, the literature (Parishwad et al., 2025b; Lin et al., 2024) provided a comprehensive 
technical review of EV charging distribution models, emphasizing the influence of driver behaviors on charging demand. Although 
their review laid a solid theoretical foundation, it did not fully integrate advanced ABM frameworks, such as MATSim, including 
dynamic pricing and smart charging considerations, which are crucial for understanding spatiotemporal demand fluctuations in ur-
ban contexts. While behavioral archetypes such as “plan-ahead” and “event-triggered” charging strategies have been identified in 
the literature, their integration into simulation models remains inadequate. Wongsunopparat and Cherian (2023) explored factors 
influencing consumer adoption of EVs but did not evaluate the implications of specific charging behaviors on infrastructure deploy-
ment. Similarly, Hartvigsson et al. (2022) conducted a geographic analysis of power system violations due to EV charging but did 
not incorporate diverse charging strategies into their modeling framework.

Building on these empirical and modeling insights into heterogeneous charging preferences and timing choice, UrbanEV offers a 
natural behavioral backbone. It already incorporates SoC driven risk, walking disutility, empty battery penalties, and home charging 
preferences in a co-evolutionary and plan based framework (Adenaw and Lienkamp, 2021). In this study, we evolve this framework 
by introducing additional utility components for charger type monetary costs at home, work, and public locations, monetary price 
sensitivity parameters that link charging expenditures to the underlying value of time and money, and ToU-aware rescheduling 
parameters, including stochastic awareness and coincidence factors that govern whether and how strongly agents shift charging 
within activity windows. Accordingly, the present study extends UrbanEV’s co-evolutionary charging behavior with explicit cost 
awareness and probabilistic, ToU-aware intra-activity rescheduling to enhance spatiotemporal charging demand estimation under 
tariff interventions.

3.  Methods

The EV charging demand estimation embedded within the MATSim framework extends the EV Contrib architecture (ETH Zürich 
et al., 2016) by integrating customized utility scoring extensions, elaborated in this section.  Specifically, we adopt the UrbanEV 
extension of the original MATSim EV Contrib as the behavioral backbone for EV users (Adenaw and Lienkamp, 2021). This work 
extends it with the charger type specific monetary costs and ToU aware, home charging rescheduling, while MATSim’s scoring and 
replanning loop handles activity execution, mode and route choice, and iterative learning under the same utility framework (Berlin, 
2016). Each agent is assigned a daily activity plan that specifies a sequence of activities such as home, work, school, shopping, 
and associated travel legs. During simulation, agents execute these plans while performing SoC aware travel, charger compatibility 
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Fig. 1. MATSim integrated workflow for EV charging demand estimation.

checks, and dynamic insertion or rescheduling of charging events. A scoring mechanism based on utility functions that balances 
activity participation, travel time, and monetary cost guides iterative plan optimization (Arabani et al., 2024).

Fig. 1 illustrates the integrated framework we propose, wherein synthetic population activity plans, network topology, vehicle 
attributes, and charger infrastructure interact through iterative cycles of mobility simulation, EV specific scoring, and replanning. 
Charging events are dynamically inserted or scheduled in response to evolving SoC and behavioral triggers, with charger-EV compat-
ibility enforced throughout the simulation.  The conditional triggers illustrated in Fig. 1 should therefore be interpreted as an internal 
heuristic representation of a utility based decision process rather than as externally imposed rules. At every potential charging op-
portunity, agents evaluate the full EV specific utility described in Section 3.3: in low SoC states, range anxiety and empty battery 
penalties dominate and drive immediate charging, whereas deferral of home charging within an activity window is only considered 
when SoC is comfortably above the anxiety threshold and sufficient dwell time is available. Moreover, only a ToU aware subpopu-
lation with imperfect compliance, governed by the awareness and coincidence factors introduced in Section 3.5, is eligible for such 
optimization. As a result, the model endogenously produces a spectrum of behaviors ranging from purely myopic to partially price 
responsive charging, rather than enforcing a single intelligent schedule for all EV users. 

3.1.  MATSim base framework and EV module integration

The deployed ABM enables an EV user behavior-centric representation for every agent, providing a detailed description of battery 
dynamics, energy consumption, interaction with charging infrastructure, and charging decisions.  UrbanEV augments the MATSim 
plan score with EV specific utilities (range anxiety, empty battery penalties, and walking disutility), such that charging is adapted 
jointly with executed plans rather than imposed by fixed SoC triggers (Adenaw and Lienkamp, 2021). We retain this co-evolutionary 
structure and extend it with charger type monetary costs and residential ToU multipliers, enabling cost sensitive charging consider-
ations and for home charging, start-time rescheduling within the plug-in window. 

Agents may follow either an immediate charging (event-triggered) strategy, initiated when the SoC drops below a critical threshold 
and an urgent charging activity is needed, or a delayed (plan ahead) strategy, which defers charging during long-duration stops when 
SoC is sufficiently high. In the latter case, agents can reduce expected charging costs by selecting the charging location (and thus 
charger type), charging time, and charging start within the activity window. Start time selection is conducted via a utility maximizing 
search over feasible start times within the scheduled activity duration. If the required charging time exceeds the available idle time, 
agents initiate charging immediately at the onset of the activity, reverting to an event-triggered strategy. Chargers are characterized 
by their location, plug type, access classification (home, work, or public), outlet count, power rating, and charging cost parameters. 
For a given charging decision, the handler module selects a feasible charger by searching within a maximum walking radius around 
the activity location and applying UrbanEV’s distance based and SoC based heuristics. Among compatible chargers inside the search 
radius, closer options are preferred unless SoC is critically low, in which case the nearest feasible charger is selected to avoid depletion. 
In line with the abundant-capacity assumption in this study, queuing and explicit waiting times at individual chargers are not modeled. 
Instead, plugs are assumed to be available whenever a compatible charger is selected, and the main behavioral trade-offs are captured 
through walking disutility, travel time impacts of detours, and monetary cost differences between charger types.

For home chargers, the charging price follows a time varying ToU electricity tariff derived from the power grid (Section 4). For 
workplace and public chargers, the charging price follows fixed per kWh rates provided by charging station operators or scenario 
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assumptions. Vehicles are characterized by attributes including battery capacity, SoC, energy consumption rate, and compatible plug 
profile. These components are integrated into the overall plan utility, enabling agents to trade off cost and utility during replanning. 
This intra-activity optimization constitutes the core of the adaptive smart charging construct introduced in this paper and is formalized 
in the subsequent subsections via the extended EV scoring formulation and the ToU aware rescheduling algorithm. Within each 
iteration, agents execute travel and charging events, and plan scores are updated to reflect utility changes induced by charging 
decisions based on the extended scoring formulation. A BestScore mutator, augmented with EV specific scoring, is employed for 
replanning, enabling the joint optimization of travel and charging schedules while converging toward a stable travel–charging pattern 
for all agents. The integrated framework enables the consideration of adaptive smart charging under varying tariff structures and 
infrastructure scenarios. System level outcomes, such as spatiotemporal demand profiles, peak load shifts, and charger utilization, 
are generated endogenously from individual charging profiles (when, where, and how each EV is charged). It is worth noting that 
the described strategies are moderated by two stochastic, configurable parameters: the awareness factor, which denotes the fraction 
of agents that respond to pricing signals, and the coincidence factor, which represents the likelihood that agents ignore cost-optimal 
start times when making charging decisions. Together, these parameters model user heterogeneity in charging behavior preferences. 
The following subsections first summarize the EV specific utility components inherited from UrbanEV and then detail the additional 
cost aware and ToU aware scoring and rescheduling mechanisms introduced in this study, which together define the cost sensitive 
adaptive smart charging behavior analyzed in the results.

3.2.  Data integration and agent attribute specification

In the modeling, we consider each user’s daily activity chains, which are important determinants of EV users’ charging patterns. 
We integrate a synthetic population of agents. Each agent represents a human and has a daily activity chain and socio-demographic 
attributes. For each agent, a daily activity sequence consists of primary activities (home, work, public), mode choice, and route choice 
connecting two sequential activities. These plans were generated from empirical distributions of activity types, start times, durations, 
modes, and spatial origins and destinations using validated methodologies. More details about the synthetic population data used are 
available in the research by Tozluoglu et al. (2023).

For vehicles in the modeling framework, we consider different types of vehicles that imitate reality. Each EV is assigned specific 
attributes, including a specific EV model class, battery capacity, energy consumption rate, charger access type, and eligibility for 
adaptive smart charging. These attributes were encoded using the person (agent) and vehicle XML schema of the MATSim frame-
work, and instantiated through the e-vehicles and population configuration files. Vehicle energy consumption and battery properties 
govern the evolution of SoC during trips and constrain eligibility for charging events at specific charger nodes (Liu et al., 2024). The 
road network was imported from cleaned OpenStreetMap data and converted into an attributed MATSim-compatible XML format, 
retaining geospatial accuracy, eligibility for specific modes, link capacities, functional hierarchy, and speed attributes. EV charging 
infrastructure was modeled using an additional XML input file that contained charger nodes with defined coordinates, plug types, 
access classifications, outlet counts, and power ratings. Agents without explicit private charger assignment (home and workplace) are 
probabilistically attributed to chargers using scenario specific penetration rates and proximity based assignment radius (Section 4). 
All spatial layers, including the road network, agent origins/destinations, and charger nodes, were projected to a common coordi-
nate system. This enables distance and accessibility calculations that are internally consistent across inputs. Travel times, energy 
depletion, and walking disutilities were derived using network link attributes in combination with agent and vehicle characteristics. 
Time-dependent electricity prices were represented through a dimensionless ToU multiplier 𝑀ToU(𝑡), reflecting hourly residential ToU 
tariffs. During population initialization, each agent is assigned a binary person attribute smartChargingAware with probability 𝑓aware
(see Section 4.6). Only this subgroup accesses 𝑀ToU(𝑡) in real time and incorporates ToU varying costs into home charging decisions. 
As a result, charging demand emerged endogenously whenever trip based energy depletion intersected with charger availability, 
activity duration, electricity price information, and individual decision parameters.

Lastly, various studies such as Llorca and Moeckel (2019), which replicate simulations with different random seeds, verify a low 
variance in plan scores and network performance indicators. The adopted 10% sampling rate is therefore consistent with established 
MATSim sampling-fidelity analyses (Kuehnel et al., 2022), while avoiding the high computational cost of explicitly simulating the 
full population.

3.3.  Inherited utility parameters modeling charging behavior

Agent decision-making is incorporated as a discrete choice process within MATSim’s co-evolutionary scoring functionality (Berlin, 
2016), where the daily plans of multiple agents are iteratively scored and selected probabilistically based on a pseudo-random and 
utility maximization algorithm.  In this study, the EV specific part of the scoring function inherits the co-evolutionary charging 
behavior introduced by the UrbanEV framework (Adenaw and Lienkamp, 2021), and incorporates its utility components through the 
standard MATSim scoring functionality. The agents iteratively select and mutate plans to improve their own score. This optimization 
enables the simulation to reflect real-world decision dynamics. The total plan score, 𝑆∗

plan, aggregates activity utilities and travel 
disutilities across all 𝑁 segments.

𝑆∗
plan =

𝑁−1
∑

𝑞=0
𝑆act,𝑞 +

𝑁−1
∑

𝑞=0
𝑆trav,𝑞 , (1)
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where activity utility, 𝑆act,𝑞 is specified as,

𝑆act,𝑞 = 𝛽dur ln
( 𝑡dur,𝑞
𝑡dur,0

)

+ 𝛽early 𝑡early,𝑞 + 𝛽late 𝑡late,𝑞 . (2)

Here, 𝛽dur is the marginal utility of activity duration, 𝑡dur,0 is a normalization constant, and 𝛽early, 𝛽late are penalties for schedule 
deviation. While the travel disutility, 𝑆trav,𝑞 , encompasses mode-specific costs (𝐶), travel-time penalties, distance costs, monetary 
expenditures, and transfer penalties as defined here, in Eq. (3).

𝑆trav,𝑞 = 𝐶mode(𝑞) + 𝛽trav,mode(𝑞) 𝑡trav,𝑞 + 𝛽𝑚 Δ𝑚𝑞

+
(

𝛽𝑑,mode(𝑞) + 𝛽𝑚𝛾𝑑,mode(𝑞)
)

𝑑trav,𝑞 + 𝛽transfer 𝑥transfer,𝑞 . (3)

Beyond the generic MATSim activity and travel terms in Eqs.  (2) and (3), UrbanEV augments the plan score with EV specific 
components that capture battery related constraints and charging behavior. As formulated by Adenaw and Lienkamp (2021), these 
components include a range anxiety penalty for low SoC levels, an empty-battery penalty, and a walking disutility for off-route 
chargers, which are evaluated along each agent’s executed plan and added to the standard plan utility.  For EV agents, the EV 
augmented plan scoring function is defined as follows.

𝑆EV,plan,𝑎 = 𝑆∗
plan,𝑎 + 𝛽homeCharging 𝑆homeCharging,𝑎 + 𝛽rangeAnxiety 𝑆rangeAnxiety,𝑎
+ 𝛽emptyBattery 𝑆emptyBattery,𝑎 + 𝛽walk 𝑆walking,𝑎 + 𝛽SoCdiff 𝑆SoCdiff,𝑎
+ 𝛼scaleCost 𝛽money 𝐶ch,𝑎. (4)

Here, 𝑆homeCharging,𝑎, 𝑆rangeAnxiety,𝑎, 𝑆emptyBattery,𝑎 and 𝑆walking,𝑎 correspond to the behavioral terms introduced in UrbanEV, while 
𝑆SoCdiff,𝑎 is an end-of-horizon SoC shortfall term available in the EV Contrib or UrbanEV implementation. In our implementation, 
these EV specific terms are computed exactly as in the original UrbanEV framework and are left unchanged. The cost term 𝐶ch,𝑎 is a 
new aggregate monetary component introduced in this study and is elaborated in Section 3.4. The inherited penalty, disutility, and 
reward components are instantiated as follows. 

• Home-charging reward:
𝑆homeCharging,𝑎 =

∑

𝑎

𝕀
{

charging at a private home charger}, (5)

where 𝑎 denotes the set of activities on agent 𝑎’s daily plan and the indicator takes the value 1 if a private home charger is used 
and 0 otherwise. UrbanEV includes an optional home-charging indicator 𝑆homeCharging,𝑎 (Eq. (5)). In the Gothenburg runs, we set 
𝛽homeCharging = 0 to avoid introducing a fixed home preference on top of explicit charger type tariffs. 

• Range anxiety penalty:

𝑆rangeAnxiety,𝑎(𝑡) = max
(

0,
thresSoC,𝑎 − SoC𝑎(𝑡)

thresSoC,𝑎

)

, (6)

where SoC𝑎(𝑡) is the state of charge of EV agent 𝑎 at time 𝑡 and thresSoC,𝑎 denotes the agent-specific range-anxiety threshold. 
In UrbanEV, this threshold (thresSoC,𝑎) is read from a person attribute rangeAnxietyThreshold when present. If the attribute is 
absent in the population file, a global default value (thresdefSoC) from the configuration is used as a fallback. During scoring, the 
instantaneous SoC trajectory is compared only to this agent-level threshold. This specification follows the UrbanEV formulation and 
approximates drivers’ risk aversion against running close to their individual critical SoC level by assigning increasing disutility 
as SoC𝑎(𝑡) approaches thresSoC,𝑎. The instantaneous, dimensionless indicator 𝑆rangeAnxiety,𝑎(𝑡) ∈ [0, 1] is evaluated whenever SoC 
changes and accumulated along the realised trajectory to form the aggregate term 𝑆rangeAnxiety,𝑎 entering the scoring in Eq. (4).

• Battery depletion penalty: 
𝑆emptyBattery,𝑎(𝑡) = 𝕀

{

SoC𝑎(𝑡) = 0
}

∈ {0, 1}, (7)

which is multiplied by 𝛽emptyBattery in the scoring function and is only active when an agent fully depletes the battery. As in 
UrbanEV, this binary indicator acts as a strong deterrent against infeasible or highly undesirable plans that would leave the 
battery empty at any point along the day. We deliberately retain this large negative soft penalty, rather than enforcing a hard SoC 
constraint, to keep the co-evolutionary day-to-day search numerically robust while still making such plans effectively unacceptable 
in equilibrium.

• Walking disutility: 
𝑆walking,𝑎(𝑡) = 1 − exp

(

−𝜆walk 𝑑walk,𝑎(𝑡)
)

, 𝜆walk > 0, (8)

where 𝑑walk,𝑎(𝑡) is the straight-line walking distance between the charger and the activity location. In the implementation, we set 
𝜆walk ≈ 0.005 m−1 so that the penalty saturates for walking distances on the order of a few hundred meters (comparable to the 
maximum acceptable walking radius of 𝑑walk,max = 500m). This term is multiplied by 𝛽walk in the plan score. Here, 𝜆walk controls 
the saturation rate of the distance penalty with increasing 𝑑walk,𝑎(𝑡), while 𝛽walk scales the overall magnitude of walking-related 
disutility in the plan score. This functional form is consistent with the UrbanEV specification and captures the diminishing marginal 
disutility of walking as distance increases toward the maximum tolerated access radius.
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• End-of-horizon SoC shortfall penalty:
𝑆SoCdiff,𝑎 = max

(

0, SoCstart,𝑎 − SoCend,𝑎(𝑇 )
)

, (9)

where SoCstart,𝑎 is the initial state of charge of vehicle 𝑎 at the beginning of the simulation horizon and SoCend,𝑎(𝑇 ) is its state of 
charge at the final simulation time 𝑇 . This utility term is applied once per agent and penalizes only those agents whose terminal 
SoC falls below their initial SoC, via the coefficient 𝛽SoCdiff in Eq. (4).  In the EV Contrib/UrbanEV implementation, this SoC 
difference component is available as an optional multi-day behaviour term. We use it here as a simple proxy for forward-looking 
behaviour over the multi-day horizon, discouraging systematic end-of-horizon battery depletion without enforcing a hard SoC 
constraint or dominating the range anxiety and empty-battery penalties. 

The EV specific utilities introduced here are retained from the UrbanEV behavioral backbone and remain unchanged in functional 
form. The following subsections focus on the methodological contributions of this research, which is the integration with charger-
type-specific monetary costs and ToU aware intra-activity start-time rescheduling within MATSim’s replanning loop.

Algorithm 1 EV charging cost helper used by Algorithms 2 and 3.
Require: Per-kWh prices 𝑐home, 𝑐work, 𝑐public
Require: ToU multiplier 𝑀ToU(𝑡) (applied to home charging. For flat tariffs or non-home chargers, 𝑀ToU(𝑡) = 1)
1: function ChargingCost(𝐸ch, type, 𝑡) ⊳ 𝐸ch in kWh, type ∈ {home, work, public}
2:  if type = home then
3:  𝑐 ← 𝑐home

4:  else if type = work then
5:  𝑐 ← 𝑐work

6:  else if type = public then
7:  𝑐 ← 𝑐public

8:  else
9:  𝑐 ← 0 ⊳ no monetary effect if type is unknown
10:  end if
11:  if type = home then
12:  𝑚̃ ← 𝑀ToU(𝑡)
13:  else
14:  𝑚̃ ← 1 ⊳ currently no ToU variation for work / public
15:  end if
16:  𝐶ch ← 𝐸ch × 𝑐 × 𝑚̃ ⊳ monetary charging cost
17:  return 𝐶ch
18: end function

3.4.  Cost aware charging behavior

Building on the EV augmented scoring formulation in Eq. (4), this work adds an explicit monetary charging-cost term that varies 
by charger type and by ToU profile. This extension allows agents to perceive heterogeneous charging prices at home, work, and public 
locations and to adapt their charging decisions accordingly. The monetary contribution enters the EV plan score as 𝛼scaleCost𝛽money𝐶ch,𝑎, 
where 𝐶ch,𝑎 denotes the realised total monetary charging expenditure of agent 𝑎 over the simulation horizon. Operationally, this total 
is accumulated session-wise during scoring: each realised charging session contributes a monetary increment Δ𝐶ch,𝑎(𝑡) at its effective 
start time 𝑡, which is immediately converted into a score increment and added via MATSim’s additive scoring interface. In conceptual 
terms, 𝛽money is calibrated relative to the marginal disutility of travel time in the underlying MATSim configuration, so that charging 
costs are behaviorally relevant but remain comparable in magnitude to time and SoC related utilities, while 𝛼scaleCost provides a 
calibrative scaler to adjust overall cost sensitivity without modifying the core setup. 

For each completed charging session, the energy actually charged 𝐸ch,𝑎(𝑡) [kWh], the charger type, and the effective charging start 
time 𝑡 are recorded. Each sessions charging cost is defined as follows. 

Δ𝐶ch,𝑎(𝑡) = 𝐸ch,𝑎(𝑡) × 𝑐𝜅 × 𝑀𝜅
ToU(𝑡), (10)

where Δ𝐶ch,𝑎(𝑡) denotes the session level monetary cost increment at effective charging start time 𝑡, 𝜅 ∈ {home, work, public} denotes 
the charging access class, 𝑐𝜅 is the corresponding base tariff [currency/kWh], and 𝑀𝜅

ToU(𝑡) is an access-class-specific, dimensionless 
time multiplier evaluated at 𝑡. In the present scenarios, time variation is applied only to home charging, such that 𝑀home

ToU (𝑡) = 𝑀ToU(𝑡)
and 𝑀work

ToU (𝑡) = 𝑀public
ToU (𝑡) = 1. Accordingly, Δ𝐶ch,𝑎(𝑡) = 𝐸ch,𝑎(𝑡) 𝑐𝜅 for work and public sessions, and Δ𝐶ch,𝑎(𝑡) = 𝐸ch,𝑎(𝑡) 𝑐home𝑀ToU(𝑡)

for home sessions.
The total realized charging expenditure 𝐶ch,𝑎 in Eq. (4) is obtained by accumulating Δ𝐶ch,𝑎(𝑡) over all charging sessions of agent 𝑎

across the simulation horizon. The residential multiplier 𝑀ToU(𝑡) is constructed from an externally observed day-ahead price series. 
The data source and the derived hourly profile are described in Section 4.4.
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Algorithm 2 Cost aware EV charging utility update (per charging session).
Require: Money-to-utility factor 𝛽money < 0, scaling factor 𝛼scaleCost
Require: Stream of ChargingBehaviourScoringEvent instances emitted by handler

1: for all events 𝑒 of type ChargingBehaviourScoringEvent do
2:  (𝑝, type, 𝐸ch, 𝑡price, costOnly) ← extract from 𝑒 ⊳ 𝑝 = person; type ∈ {home, work, public}
3:  𝑈Δ ← 0
4:  if 𝐸ch > 0 and type ≠ null then
5:  if 𝑡price is defined then
6:  𝑡 ← 𝑡price ⊳ start time of actual charging (immediate or deferred)
7:  else
8:  𝑡 ← 𝑒.time ⊳ fallback: activity end time
9:  end if
10:  Δ𝐶ch ← ChargingCost(𝐸ch, type, 𝑡) ⊳ Algorithm 1; returns session cost increment
11:  𝑈Δ ← 𝛼scaleCost × 𝛽money × Δ𝐶ch
12:  end if
13:  if 𝑈Δ ≠ 0 then
14:  add 𝑈Δ to agent 𝑝’s total plan score
15:  optionally log (𝑝, type, 𝐸ch, 𝑡,Δ𝐶ch, 𝑈Δ)
16:  end if
17:  if not 𝑒.costOnly then
18:  apply remaining UrbanEV utilities

 (range anxiety, empty battery penalty, walking disutility, SoC difference penalty)
19:  end if
20: end for

In the implementation, the session level energy 𝐸ch,𝑎(𝑡) is obtained from the realized SoC change over the charging activity and the 
vehicle’s usable battery capacity as simulated by EV Contrib, so that the monetary cost reflects the actual energy taken on during that 
stop and thus depends on the agent’s prior trip sequence and SoC trajectory. The framework does not introduce a separate, explicit 
disutility for splitting charging into multiple sessions. Instead, fragmented charging is implicitly penalized through repeated access and 
walking disutility, any additional in-vehicle travel time associated with reaching chargers, the accumulation of monetary expenditure 
across all sessions, and the range anxiety and SoC differential penalties if repeated small top-ups leave the vehicle frequently close 
to the anxiety threshold or systematically depleted at the end of the horizon. As the cost scoring and ToU rescheduling procedures 
constitute the primary methodological contribution, their pseudocode is provided here.

Introducing an additional generic per session penalty would require dedicated behavioral data for identification and is therefore 
not pursued here. Each realized charging session’s monetary increment Δ𝐶ch,𝑎(𝑡) is converted into an incremental utility contribution 
that is applied at scoring time.

Δ𝑈cost,𝑎(𝑡) = 𝛼scaleCost × 𝛽money × Δ𝐶ch,𝑎(𝑡), (11)

and these increments are accumulated over the horizon to yield the compact cost term 𝛼scaleCost𝛽money𝐶ch,𝑎 appearing in Eq. (4). 
Accordingly, Eq. (11) specifies the per session scoring update used to construct 𝐶ch,𝑎, rather than an additional monetary term 
applied on top of Eq. (4). In the implementation, a charging behaviour scoring component listens to scoring event instances and 
applies Δ𝑈cost,𝑎(𝑡) using the effective charging start time 𝑡 (immediate or deferred) carried by the handler. 

3.5.  Adaptive smart charging logic and rescheduling mechanism

The adaptive smart charging logic embedded within the EV agent decision process, integrating spatial charger availability, SoC 
thresholds, and cost minimization, is elaborated here.  This extension decouples plug-in time from charging start time for a subset 
of agents and activities, enabling probabilistic smart-charging behaviour that responds to time-of-use (ToU) tariffs while remaining 
constrained by range anxiety and charger availability. Fig. 2 summarizes the resulting decision flow. During the mobsim routine, each 
EV agent’s SoC is updated event by event. When an agent reaches a potential charging opportunity, the framework evaluates SoC, the 
remaining trip chain, and local charger availability within the same utility based scoring environment used for UrbanEV’s original 
charging logic.

In range-critical situations, where current SoC falls below the individual range anxiety threshold or is insufficient for the next 
planned trip, the low-SoC and empty-battery penalties dominate the plan score. The flow therefore collapses to immediate charging 
at the nearest feasible charger, typically a public or workplace facility, regardless of price. Deferred, cost-minimizing home charging 
is only considered when the agent is parked at home, the current SoC is safely above the range anxiety threshold, and the planned 
dwell time exceeds the required charging duration. In these cases, the home-charging handler computes the plug-in window from 
activity start and end times, evaluates the ToU multipliers over this window, and selects a cost-minimizing charging start time subject 
to these constraints.
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Fig. 2. Decision flow for EV charging within the extended UrbanEV framework.

Compliance with smart charging is heterogeneous and implemented through a two-stage mechanism. First, only a ToU-aware 
subpopulation is eligible for deferral: at initialisation, agents are assigned the binary attribute smartChargingAware with probability 
𝑓aware, and only these agents evaluate ToU information when parked at home with a feasible plug-in window. Second, even when 
deferral is feasible, imperfect compliance is introduced via the coincidence factor 𝑓coinc, which probabilistically overrides the optimiser 
and reverts the session to immediate charging at arrival. Operationally, for eligible home stops the handler searches over the feasible 
start-time set   (Eq.  (12)) and selects 𝑡⋆start by minimizing the proxy objective 𝐽 (𝑡) (Eq.  (13)); the mechanics are given in Algorithm 3. 
This design yields a mix of delayed and immediate starts without hard coding deterministic synchronization at ToU minima.
For agents marked as ToU aware at eligible home activities, the handler estimates the energy required to approximately fill the battery 
during the current stop, 𝐸req, and approximates the corresponding charging duration 𝑇ch using the configured home-charger power. 
If the available plug-in window satisfies 𝑡dep − 𝑡arr > 𝑇ch, deferred charging is considered feasible. Otherwise, the vehicle is plugged 
in immediately upon arrival. For feasible cases, a helper routine performs a grid search over candidate start times.

𝑡 ∈  = {𝑡arr , 𝑡arr + Δ𝑡, … , 𝑡dep − 𝑇ch}, (12)

with step size Δ𝑡 (15 minutes). For each candidate 𝑡 ∈  , it evaluates a proxy objective 𝐽 (𝑡) proportional to the effective home-
charging price. Since 𝐸req and 𝑐home are constant across candidates within the same plug-in window, minimizing 𝐽 (𝑡) is equivalent to 
minimizing the monetary session cost. The cost minimizing start time is then selected.

𝑡⋆start = argmin
𝑡∈

{

𝐽 (𝑡)
}

, (13)

In Algorithm 3, 𝐽 (𝑡) is implemented as the ToU multiplier 𝑀ToU(𝑡), with optional temporal scaling 𝑀ToU(𝑡)
𝛼scaleTemporal  applied in the 

evening window. The scaling mechanism (𝛼scaleTemporal) increases the likelihood that cost minimizing start times fall into low-tariff 
night hours, while leaving the empirical 𝑀ToU(𝑡) profile intact. If |𝑡⋆start − 𝑡arr | ≤ 60 s, the optimum is treated as equivalent to immediate 
charging and the EV is plugged in at 𝑡arr . Otherwise, imperfect compliance is applied. With probability 𝑓coinc the cost minimising 
deferral is ignored and charging starts immediately at arrival, and with probability 1 − 𝑓coinc the vehicle’s plug-in is deferred to 
the cost minimizing start time 𝑡⋆start. The coincidence factor is the probability of overriding the optimizer (immediate charging), 
and it reduces excessive synchronization of charging starts at ToU minima. In all cases, the handler records the SoC trajectory and 
the effective charging start time for use by the cost scoring module. The cost aware and smart-charging extensions are embedded 
within the existing UrbanEV architecture. The framework manages charger selection, physical plug-in and unplugging, and, where 
applicable, the smart scheduling of deferred home charging. A smart charging scheduler enforces the deferred plug-in times 𝑡⋆start and 
ensures that the realised power profiles follow the configured charging curves once charging begins. At the end of each charging 
activity, the handler computes the realised energy intake and emits a Scoring event containing the energy, charger type, and effective 
charging start time. During scoring, charging behaviour scoring module evaluates the monetary cost term alongside the inherited EV 
specific utilities, and the resulting 𝑆EV,plan,𝑎 feeds into MATSim’s standard replanning loop. In the present implementation, activity 
locations are taken as fixed by the input plans, while route choice (and limited departure-time adjustment, where enabled) is handled 
through MATSim’s iterative scoring and replanning. In the Gothenburg configuration used here, the smart charging extension operates 
strictly at the intra-activity level. It selects a home charging start time within a fixed home activity parked window and does not 
directly alter activity end times or first morning departure times. Any feedback from deferral into departure time or route patterns 
can therefore only arise indirectly through MATSim’s standard co-evolutionary replanning responding to changed EV plan scores. In 
this sense, deferral affects travel behavior only through the induced SoC trajectory and the resulting range anxiety, empty battery, 
and SoC difference penalties, rather than through explicit schedule control. For the present scenarios, a discernible systematic shift in 
the aggregate distribution of first morning car departure times between cost aware immediate charging and adaptive smart charging 
are not observed. The dominant effect is the temporal reshaping of home charging within the plug-in window.
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Algorithm 3 Smart ToU aware home charging with temporal scaling.
Require: UrbanEV config 𝑐𝑓𝑔 with:

  enableSmartCharging, 𝑓coinc ∈ [0, 1], 𝛼scaleTemporal ≥ 1, home-charger power 𝑃home
Require: person flag smartChargingAware ∈ {true,false}

1: procedure HandleHomeChargingStart(𝑝, 𝑒𝑣, 𝑎, 𝑡arr, 𝑐𝑓𝑔)
2:  if 𝑎.type ≠ “home charging” then
3:  plug in immediately at 𝑡arr; store start SoC/time; return
4:  end if
5:  𝑐ℎ𝑎𝑟𝑔𝑒𝑟 ← closest feasible charger for 𝑒𝑣 at location(𝑎)
6:  if 𝑐ℎ𝑎𝑟𝑔𝑒𝑟 = ∅ then
7:  mark 𝑎 as “failed charging”; return
8:  end if
9:  𝑡dep ← planned end time of 𝑎 (if missing: 𝑡arr)
10:  if 𝑡dep ≤ 𝑡arr then
11:  plug in immediately; store start SoC/time; return
12:  end if
13:  aware ← (𝑝.smartChargingAware = true)
14:  if not 𝑐𝑓𝑔.enableSmartCharging or not aware then
15:  plug in immediately; store start SoC/time; return
16:  end if
17:  𝐸req ← energy missing to (approx.) charge battery during this stop
18:  𝑇ch ← 𝐸req∕𝑃home × 3600 ⊳ duration [s]
19:  if 𝑇ch ≤ 0 or 𝑡dep − 𝑡arr ≤ 𝑇ch then
20:  plug in immediately; store start SoC/time; return
21:  end if
22:  𝑡max ← 𝑡dep − 𝑇ch, Δ𝑡 ← 900 s
23:  𝑡⋆ ← 𝑡arr, 𝐽⋆ ← +∞
24:  for 𝑡 = 𝑡arr to 𝑡max step Δ𝑡 do
25:  𝜏 ← (𝑡 mod 86400)∕3600; 𝑚 ← 𝑀ToU(𝑡)
26:  if 17 ≤ 𝜏 < 22 then
27:  𝑚 ← 𝑚𝛼scaleTemporal ⊳ temporal scaling in search
28:  end if
29:  if 𝑚 < 𝐽⋆ then
30:  𝐽⋆ ← 𝑚, 𝑡⋆ ← 𝑡
31:  end if
32:  end for
33:  draw 𝑟 ∼ 𝑈 (0, 1)
34:  if 𝑟 < 𝑓coinc then
35:  𝑡⋆ ← 𝑡arr ⊳ override optimizer: immediate charging
36:  end if
37:  if |𝑡⋆ − 𝑡arr| ≤ 60 s then
38:  plug in immediately; store start SoC/time
39:  else
40:  schedule deferred plug-in of 𝑒𝑣 at 𝑐ℎ𝑎𝑟𝑔𝑒𝑟 for 𝑡⋆
41:  end if
42: end procedure

The smart charging module operates at the intra-activity level by shifting home charging start times within the existing dwell 
window, without directly modifying activity schedules. The feedback arises indirectly through the resulting SoC trajectory and asso-
ciated EV specific utilities. Plans that defer excessively and therefore arrive at morning commutes with low SoC, require additional 
emergency charging, or end the horizon with systematically depleted batteries receive lower EV plan scores and are selected less 
frequently in the co-evolutionary loop. But by combining UrbanEV’s multi-criteria charging behavior with the cost aware and ToU 
aware extensions described above, the model generates emergent, heterogeneous patterns of charging deferral and peak shifting 
without prescribing ex-ante charging schedules. This explicit linkage between dynamic tariffs, the awareness and coincidence factors, 
and plan based charging decisions is central to the peak-demand and infrastructure implications analyzed in the subsequent sections. 
In combination with the weekly simulation horizon, this iterative replanning loop therefore represents forward-looking behavior in 
a bounded rational form, without requiring explicit multi-day dynamic programming of SoC trajectories. The numerical values of 
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Fig. 3. Study area (Region A, Trafikverket) within Greater Gothenburg, Sweden, with key zones.

behavioral, infrastructure, and tariff parameters are scenario-specific. The Gothenburg region instantiation and calibration used in 
this study are reported with specific case relevant inputs in Section 4, with a detailed discussion in Section 4.6 (Table 4). 

4.  Data and study area: gothenburg region, sweden

The simulated spatiotemporal charging demand and travel behavior in MATSim require integrating synthetic activity travel de-
mand, a multimodal transport network, EV specifications, charging infrastructure, and dynamic electricity pricing. The study focuses 
on Trafikverket’s demarcated Region A in the Gothenburg metropolitan area, comprising Gothenburg and the adjacent municipalities 
of Partille and Mölndal. This region defines the spatial boundary for the synthetic population, transport network, and charger datasets 
used in the simulation. The urban core of Gothenburg is characterized by dense development and extensive public transit networks, 
while suburban areas exhibit higher reliance on private vehicles. The distribution of charging infrastructure is strategically aligned 
with population density, employment centers, and traffic flows, ensuring comprehensive coverage across residential, commercial, 
and transit hubs.

4.1.  Synthetic population and trip activity patterns

To model near-future scenarios, we assume a 50% EV adoption rate within the region. The synthetic population data is sourced 
from the Synthetic Sweden Mobility (SySMo) model (Tozluoglu et al., 2023), which synthesizes socio-demographic information from 
Statistics Sweden, the national travel survey, and origin-destination matrices from the Sampers model (Parishwad and Jia, 2023). 
This dataset comprises 557,220 individuals, each with detailed demographic attributes, including age, gender, employment status, 
income levels, and residential locations. Daily activity chains are assigned to each agent, detailing sequences of activities (such as 
home, work, and shopping) with specified start and end times, durations, and travel modes. For this study, 211,880 individuals are 
designated as car users, with 105,940 randomly assigned as EV users, reflecting a projected 50% penetration rate. All population 
and fleet counts reported in this section, including the EV counts in Table 1, are stated for the full population with 50% EV adoption 
scenario. For computational tractability, the MATSim runs are executed on a 10% sample, and reported charging demands and the 
derived totals are scaled by the inverse sampling factor to represent the entire population.

4.2.  Electric vehicle specifications

The labels reported in Table 1 are used as archetype identifiers in the simulation inputs and are retained for readability. They 
should not be interpreted as exact manufacturer trim specifications. Energy consumption, usable battery capacity, and maximum 
C-rate are therefore selected to cover a representative range of EV performance under European driving conditions rather than to 

Transportation Research Part D 154 (2026) 105285 

12 



O. Parishwad et al.

Table 1 
Simulated vehicle types and charging-relevant parameters.
 Archetype  Energy  Battery  C-rate  Max DC  Max AC power  Count
 Model  [kWh/100 km]  [kWh]  Max[C]  [kW]  H/W/P [kW]
 BMW i3  21.0  42  2.0  84  7 / 11 / 22  22050
 Renault ZOE  17.2  52  1.5  78  7 / 11 / 22  21260
 Tesla Model Y  18.3  75  2.0  150  7 / 11 / 22  20640
 Volvo  15.6  60  1.5  90  7 / 11 / 22  21070
 VW ID.4†  16.3  34  2.0  68  7 / 11 / 22  20920

Table 2 
Simulated charger infrastructure.
 Type  Nominal power  Plugs per station  Stations  Utilised stations
 Home  7 kW  1  8475  7737
 Work  11 kW  1  8475  3204
 Public  22 kW  10  796  662

Table 3 
Aggregate ToU multipliers.
 Time window  Multiplier  Charging cost
 00:00-06:00  0.70  Low
 06:00-08:00  1.60  High
 08:00-10:00  1.47  High
 10:00-17:00  0.92  Medium
 17:00-20:00  1.14  High
 20:00-22:00  1.00  Medium
 22:00-24:00  0.70  Low

reproduce any single commercial configuration. The dagger (†) marks an intentionally stylized label, included to represent a smaller 
archetype. The ID.4 variants are typically offered in substantially larger battery capacity than the 34 kWh value used here. 

The initial SoC for EVs is randomly set between 60% and 80%, reflecting typical user behavior and ensuring variability in charging 
needs. Agents are also assigned attributes influencing charging decisions, including range anxiety thresholds and charger-accessibility 
indicators, which govern when and where charging is selected under the co-evolutionary scoring and replanning loop.

4.3.  Charging infrastructure and accessibility

Charging infrastructure is categorized into home, workplace, and public chargers, each with distinct power outputs: 7 kW for 
home chargers, 11 kW for workplace chargers, and 22 kW for public chargers. In this near-future scenario, we assume an 80% 
availability of home and workplace chargers, randomly assigned to agents based on their residential and employment locations. The 
spatial distribution of public chargers is optimized to align with residential density, employment hubs, and prevalent travel patterns, 
ensuring accessibility and convenience for EV users.

Public charging is represented at the access charger and AC power levels using a single tariff per charger, for the study’s abundant 
capacity assumption, as discussed in Section 3. Queuing and station specific price heterogeneity are not modeled, as the focus is 
unconstrained, behaviorally consistent demand surfaces rather than station level operations (Section 6).

4.4.  Dynamic electricity pricing

Electricity pricing data is integrated to reflect real-world cost variations and influence charging decisions.  Hourly day-ahead area 
prices for the SE3 bidding zone are obtained from Nord Pool’s market data portal (Nord Pool, 2024) and converted to SEK/kWh. The 
ToU signal is implemented as a dimensionless multiplier 𝑀ToU(𝑡) by constructing a representative hourly profile and normalizing it to 
unit mean. Specifically, day-ahead area prices for SE3 are aggregated to an hourly series, and then averaged across the analysis year 
to obtain a representative 24-hour profile. The resulting vector is normalized to define 𝑀ToU(𝑡). This multiplier is applied to the base 
home charging tariff in the charging cost term (Section 3.4), while work and public tariffs are treated as flat in time in the present 
scenarios (equivalently, 𝑀ToU(𝑡) ≡ 1 for those work and public classes). 

Any such non-energy components in real-world tariffs would need to be folded into an effective SEK/kWh rate in future extensions. 
Incorporating dynamic pricing via 𝑀ToU(𝑡) enables the simulation to capture EV users’ economic considerations, as they may adjust 
their charging behavior to take advantage of lower-cost periods, thereby influencing overall charging demand patterns Table 2.
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Table 4 
UrbanEV simulation and configured parameters (Gothenburg case study).
 Parameter  Value  Parameter  Value  Parameter  Value
𝑇sim  168 h 𝑁maxChanges  2 𝑝replan,nonCrit  0.3
𝑝timeAdj  0.1 [10%] thresdefSoC  0.2 [20%] 𝑡flex  600 [s]
𝜆walk  0.005 [m−1] 𝛽walk  –1.0 [utils] 𝛽SoCdiff  –4.0 [utils]
𝛽rangeAnxiety  –6.0 [utils] 𝛽emptyBattery  –15.0 [utils] 𝛽homeCharging  0 [utils]
𝑐home  2.5 [kr/kWh] 𝑐work  4.0 [kr/kWh] 𝑐public  5.5 [kr/kWh]
𝛽money  –0.05 [util/kr] 𝛼scaleTemporal  0.5 𝛼scaleCost  1.0
𝑠smartCharging  true 𝑓aware  0.3 [30%] 𝑓coinc  0.7 [70%]

4.5.  Transport network integration

The simulation environment incorporates a detailed transport network, including road infrastructure and public transit schedules. 
Road attributes such as free-flow speeds, capacities, and allowed modes are derived from OpenStreetMap and supplemented with 
additional data to enhance accuracy (Moeckel et al., 2020). Consistency for the coordinate system (EPSG:3006) was maintained 
across spatial datasets. Public transport schedules for buses, trams, ferries, and rail services are integrated to enable the modeling of 
multimodal travel behaviors. This comprehensive network representation is essential for accurately simulating route choices, travel 
times, and interactions between different transport modes (Zhuge et al., 2021).

4.6.  Behavioral utility parameters

Several utility and configuration parameters in Table 4 are not directly observable, yet they govern how agents trade off charging 
cost, accessibility, and battery-related risk within the deployed co-evolutionary replanning loop. Their magnitudes were anchored in 
the published UrbanEV configuration and then adjusted only insofar as required to obtain behaviorally plausible charging initiation 
SoC levels and a realistic (non-universal) response to time-varying residential electricity prices. The resulting parameterization is 
treated as a consistent scenario configuration for Gothenburg rather than a unique, statistically identified estimate, and the same 
calibration logic can be transferred to other regions given local value-of-time evidence, electricity price profiles, and observed charging 
traces. The multi-day simulation horizon is set to 𝑇sim = 168 h to cover a continuous week. This horizon length allows weekly charging 
routines to emerge and enables the end-of-horizon SoC shortfall term to regularize inter-day SoC trajectories. Co-evolutionary learning 
intensity is controlled via the maximum number of daily plan changes and the replanning probability for non-critical agents, while 
schedule realism is maintained through bounded activity-time flexibility (𝑡flex and 𝑝timeAdj). Spatial feasibility and access frictions are 
controlled through the charger search radius 𝑑search and the associated walking disutility, which together regulate the willingness to 
use off-route chargers around an activity location.

Battery-related preferences follow the agent-specific UrbanEV formulation. Each EV agent carries a rangeAnxietyThreshold at-
tribute, interpreted as the SoC level below which disutility rises sharply and charging becomes increasingly preferred. In the Gothen-
burg population, this attribute is instantiated for all EV users by sampling thresholds in the range 0.15 to 0.30 of usable battery 
capacity, capturing heterogeneity in risk tolerance. The configuration value thresdefSoC reported in Table 4 acts only as a fallback if 
the person attribute is absent and is not used when rangeAnxietyThreshold is specified. With this setup, the scoring compares each 
vehicle’s instantaneous SoC only to its own threshold, and the simulated SoC at charging initiation is concentrated around this band 
with only a small tail of very low-SoC events, consistent with empirical evidence that most users initiate charging well before complete 
depletion (Sun et al., 2015; Ge and MacKenzie, 2022). The inherited empty-battery penalty is retained as a strong deterrent against 
infeasible plans, while the home-charging reward coefficient is set to 𝛽homeCharging = 0 so that any preference for home charging arises 
endogenously from tariffs and ToU structure rather than from an additional fixed bonus. Monetary sensitivity is specified through the 
marginal utility of money and the charger-type tariffs. Distinct base prices 𝑐home, 𝑐work, 𝑐public encode a cost hierarchy across access 
contexts, while the residential time-of-use signal is implemented through a normalized multiplier 𝑀ToU(𝑡) derived from externally ob-
served day-ahead prices for the relevant bidding zone (Nord Pool, 2024). The monetary term introduced in this work converts realised 
charging expenditures into utility via 𝛼scaleCost𝛽money (Methods, Eq.  (4)). To keep monetary incentives commensurate with MATSim’s 
behavioural time scale, 𝛽money is anchored using a locally relevant value-of-travel-time savings. Swedish appraisal and congestion-
pricing evidence suggests that car users’ values of time are on the order of ∼60–120 SEK/h for private travel (Börjesson and Eliasson, 
2014). With a representative car travel-time marginal utility 𝛽trav,car = −6 utils/h in the MATSim configuration, indifference between 
one additional hour of car travel and paying 𝑉  SEK implies a feasibly adopted, imminent value of 𝛽money = −0.10 utils/SEK so that 
typical intra-day price spreads (tens of SEK per session) remain behaviorally salient, yet do not dominate activity and travel utilities.

|
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|

|

|
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∈
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]

= [0.05, 0.10] utils/SEK.

In this calibration, shifting a home charging session between low and high price hours produces utility changes comparable to a 
few minutes of car travel time. The purely technical scaling factor is kept at 𝛼scaleCost = 1.0, so that overall price responsiveness is 
governed primarily by 𝛽money rather than by an additional multiplier.

Adaptive smart charging behavior is regulated by three behavioral controls that encode heterogeneous eligibility and imperfect 
compliance. First, the global smart-charging switch activates the ToU-aware rescheduling logic for home charging. Second, an aware-
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ness factor 𝑓aware determines the share of agents that evaluate 𝑀ToU(𝑡) when selecting a start time within the home plug-in window. 
Third, a coincidence (override) factor 𝑓coinc forces a subset of technically feasible deferred sessions to start immediately upon ar-
rival, preventing unrealistic synchronization at tariff minima and representing persistent plug-in-immediately behavior observed in 
practice (Ensslen et al., 2018; Rostami et al., 2024). Finally, temporal salience is represented via 𝛼scaleTemporal = 2.0, applied only 
within the rescheduling search objective (evening hours) to accentuate high-price periods in the selection of candidate start times. 
This mechanism modifies the perceived penalty in the optimizer while leaving the empirical ToU multiplier itself unchanged in the 
monetary cost calculation. Together, the awareness, coincidence, and temporal-salience controls are tuned such that the simulated 
home-charging profile exhibits partial but not universal migration into low-tariff night hours, a reduced yet non-zero early-evening 
peak, and plausible heterogeneity across users, while total daily energy demand remains primarily governed by mobility energy 
requirements rather than by tariff artifacts.

Overall, the Gothenburg parameter set in Table 4 preserves the UrbanEV scaling between SoC-related penalties, accessibility 
frictions, and MATSim travel and activity utilities, and it adds a monetary term and a probabilistic ToU-aware rescheduling mechanism 
that are feasibly calibrated to be behaviorally relevant at the weekly horizon. Post hoc checks on SoC-at-plug-in distributions and on 
the resulting off-peak home-charging share are used as plausibility diagnostics rather than as formal validation, given the absence of 
individual-level charging survey data for the full synthetic population.

5.  Results and analysis

This section presents the outputs of the integrated ABM framework implemented based on MATSim. The simulations converge at 
60 optimization iterations, as utilities of all agents stabilize, ensuring transport equilibrium. We begin by assessing the direct output, 
which involves tracking or recording individual SoC dynamics at 15-minute intervals, capturing both discharge during trips and 
charging events of each EV.

5.1.  Estimated SoC dynamics of EVs

The key output is the high-resolution charging events of all the simulated EVs, including their SoC dynamics over time with 
location information. Fig. 4 presents one week of SoC trajectories for five randomly sampled vehicles (5-minute resolution). The 
piecewise-linear ramps identify charger types via their slopes: the steepest segments correspond to public charging (22 kW), followed 
by workplace (11 kW), and then home charging (7 kW). Effective ramp rates are slightly lower than nameplate due to charger-vehicle 
efficiency and taper behaviour represented in the fleet module, so observed slopes cluster just below their nominal values. This is 
consistent with measured AC charging efficiencies reported in the literature (Sevdari et al., 2023).

Agents start the simulation with an initial SoC uniformly drawn between 60–80%, and an empty-battery penalty prevents tra-
jectories from approaching zero. A cost term discourages unnecessary charging to 100% unless upcoming trips require the energy, 
while the SoC-difference utility regularizes multi-day SoC trajectories so that vehicles do not systematically end the simulated week 
far below their initial SoC (Section 3.3). Across the week, daily SoC declines of approximately 5–15 kWh align with the assumed 
consumption rates (15.6-21 kWh/100 km) embedded in the vehicle model. Blue bands mark off-peak ToU windows (22:00-06:00). 
The smart charging module enables price-responsive rescheduling: home sessions are deferred by roughly 4–5h into low-tariff periods 
(dot-dash overlays), evident on Days 1-3 and Day 4 in the zoomed panel (Fig. 4(b)). This systematic shift to off-peak hours mirrors 
empirical findings on ToU responsiveness among EV users. The zoomed view also highlights heterogeneous charging strategies driven 
by access and preferences. Vehicle 9512556 performs a single overnight home session (gain ≈25 kWh over ∼6h), whereas others 
fragment charging into shorter bursts around activities, reflecting trade-offs among energy cost, schedule disruption, and walking disu-
tility to charger nodes (Section 3.3). Vehicles with constrained home access (ID 5563501) exhibit intermittent public sessions when 
SoC approaches a driver-specific range anxiety threshold. Agents with reliable home access top up more consistently overnight. Such 
home-public asymmetries and user-specific session structures are in line with large-scale empirical analyses of charging behaviour 
(Zhan et al., 2025; Lin et al., 2021).

5.2.  Temporal charging demand scenarios

The individual SoC trajectories for all agents were aggregated to hourly charging loads under three scenario settings (Fig. 5). In 
the baseline Scenario 1 (Non-cost aware immediate charging), assuming no monetary charging costs (as many studies do), agents 
charge where and when it is most convenient (Fig. 5(a)). Workplace charging dominates the morning peak (06:00–09:00), reaching 
32,012 kW at 07:00 and totaling 275,320 kWh over the day, driven purely by arrival convenience at the workplace (Novosel et al., 
2015).  Home charging shows a diurnal shape with a minimum of 3,254 kW at 08:00 and a peak of 34,576 kW at 17:00, summing 
up to 397,074 kWh. Public charging is relatively uniform (total 304,938 kWh; peak 23,614 kW at 10:00). The absence of considering 
charging cost produces pronounced workplace-arrival peaks and modest overnight residential charging, consistent with convenience-
driven behavior seen in prior ABM studies (Yi et al., 2023).

In Scenario 2 (Charger-cost aware immediate charging) represented by Fig. 5(b), fixed work and public tariffs of 4.0 and 
5.5 SEK∕kWh, respectively (Table 4), are combined with ToU pricing at home (Table 3), which shifts energy toward cheaper home 
charging (Fig. 5(b)). Workplace demand still exhibits a pronounced morning peak (37,624 kW at 08:00; daily 186,352 kWh), while 
home charging rises to 540,678 kWh, by +36.2% compared to Scenario 1, with a higher evening maximum of 50,306 kW at 18:00 
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Fig. 4. (a) SoC trajectories for five EV agents over the simulated week (b) Zoomed view of SoC profiles.

(+45.5% vs. Scenario 1). Public charging drops to 242,900 kWh (a reduction of 20.3% compared to Scenario 1), indicating substitution 
away from costlier locations.

In Scenario 3 (Adaptive cost aware smart charging) represented by Fig. 5(c), allowing 70% of agents to optimise start times 
within their plug-in windows (with a 30% coincidence factor introducing stochastic lags) smooths the evening residential peak while 
preserving daytime accessibility (Fig. 5(c)).  Daily workplace and public totals are 186,352 kWh and 242,900 kWh, being nearly 
unchanged relative to Scenario 2. Home charging increases slightly to 542,678 kWh (+0.37% compared to Scenario 2). The residential 
peak attenuates from 50,306 kW in Scenario 2 (at 18:00) to 40,354 kW in Scenario 3 (at 16:00), corresponding to a reduction of 
about 19.8 % in the home peak relative to the cost aware immediate-charging baseline, while still remaining roughly 16.7 % above 
the convenience-driven peak in Scenario 1.  Off-peak (22:00–06:00) home charging increases correspondingly, shifting additional 
demand into low-tariff hours. This behavior mirrors findings that randomized or probabilistic smart charging avoids rebound spikes 
at tariff boundaries and shifts load into low-price windows (Göberndorfer et al., 2024).

Fig. 5(d) summarizes daily energy: Scenario 1 totals 977,332 kWh (home 397,074 kWh; work 275,320 kWh; public 304,938 kWh), 
with roughly 40% of the energy used at home and about 60% at work and public chargers.  Under charger-cost aware immediate 
charging (Scenario 2), the total is 969,930 kWh, with home charging increasing to 540,678 kWh (55.7% of daily energy) and 
work and public use decreasing correspondingly. Adaptive smart charging (Scenario 3) yields 971,930 kWh total, keeping aggregate 
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Fig. 5. Hourly aggregate charging demand by charger type (a) Scenario 1 (Non-cost aware immediate charging), (b) Scenario 2 (Charger cost aware 
immediate charging), (c) Scenario 3 (Adaptive cost aware smart charging), (d) Daily energy totals by scenario.

Table 5 
Summary of hourly residential and system wide peak charging demands.

 Scenario 1  Scenario 2  Scenario 3
 Non-cost aware  cost aware  Adaptive smart

 immediate  immediate  charging
 Home peak [kW]  34576  50306  40354
 Home peak time [h]  17:00  18:00  16:00
 System-wide peak [kW]  67564  61398  61393
 System-wide peak time [h]  09:00  17:00  08:00
 Home peak shift vs. S1 [%]  0.0  +45.5  +16.7
 Home peak shift vs. S2 [%]  –31.3  0.0  –19.8

consumption within about 1% of Scenario 1 but materially altering the temporal allocation. Table 5 summarizes the resulting hourly 
home peaks and their relative changes across scenarios. For the Gothenburg case, introducing charger-cost awareness with ToU tariffs 
(Scenario 2) increases the residential peak from 34,576 kWh/h at 17:00 (Scenario 1) to 50,306 kWh/h at 18:00 (+45.5%). Activating 
adaptive smart charging (Scenario 3) then reduces this peak to 40,354 kWh/h at 16:00 (about −19.8 % relative to Scenario 2 and 
+16.7 % relative to Scenario 1). 

Together, these results demonstrate how utility based and price-responsive charging strategies within an ABM framework can alter 
aggregate demand profiles, shifting residential load into off-peak intervals while maintaining workplace and public charging patterns. 
The subsequent section spatially disaggregates these temporal outcomes to reveal geographic charging hotspots and infrastructure 
utilization across the Gothenburg region.

5.3.  Spatial patterns of charging demand and utilization

Fig. 6 presents hexagonally aggregated daily charging metrics across Gothenburg Region A (see Fig. 3).  The aggregation employs 
a regular hexagonal grid with an area of approximately 1 km2 per cell, which provides neighbourhood-scale resolution while main-
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Fig. 6. Hexagon-aggregated metrics across Gothenburg Region A: (a) Total daily charging demand (kWh/day), (b) Mean charging duration per 
event (min), (c) Mean walking distance per event (m), (d) Home charging demand (kWh/day), (e) Work charging demand (kWh/day), (f) Public 
charging demand (kWh/day).

taining statistically robust demand and utilisation indicators. Across the region, total daily charging demand per hexagon (Fig. 6(a)) 
ranges from 6 kWh to 20161 kWh, with a median of 871 kWh and a standard deviation of 778 kWh. The highest-demand cells in 
the historic core (Inom Vallgraven and central Göteborg) therefore deliver almost 20 MWh/day, whereas a large share of suburban 
hexagons in areas such as Askim, Torslanda, and Partille remain below 1 MWh/day. This confirms a pronounced spatial skew, with 
a small cluster of central cells concentrating a substantial fraction of system-wide energy throughput.

Home, work, and public charging exhibit similarly uneven spatial distributions. Home charging per hexagon reaches up to 
8344 kWh/day (median 418 kWh, standard deviation 362 kWh), concentrated in dense residential districts such as Majorna and 
Frölunda Torg (Fig. 6(d)). Workplace charging peaks at 14456 kWh/day (median 251 kWh, standard deviation 710 kWh) along 
employment corridors including Lindholmen Science Park and Chalmers (Fig. 6(e)). Public charging attains 5442 kWh/day (median 
177 kWh, standard deviation 449 kWh) at major retail and transport hubs such as Nordstan, Heden, and Frölunda Torg (Fig. 6(f)). 
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Fig. 7. Hourly charging demand by location type (a) in Surte (left) and (b) Central Gothenburg (center), and (c) daily totals by type (right).

These patterns are consistent with empirical analyses in western Sweden, which identify charger location and power rating as key 
determinants of spatial demand coincidence and local grid stress (Kazemtarghi et al., 2024; Hartvigsson et al., 2022).

Utilisation intensity, measured as mean charging-session duration, varies from less than 81 minutes in peripheral cells to ap-
proximately 645–930 minutes in central clusters around Lindholmen and Gamlestaden (Fig. 6(b)).  Cells in the upper tail of total 
daily demand almost always fall into these long-duration classes, indicating that charging hotspots combine high energy throughput 
with plugs that are occupied for large fractions of the day. By contrast, fringe zones exhibit shorter, more opportunistic sessions. 
Mean walking distance to the nearest charger (Fig. 6(c)) ranges from 0–20 m in compact neighbourhoods with abundant on-site 
or home charging to 945–1560 m in low-density islands such as the Öckerö archipelago and the outer southern suburbs. Walking 
distances substantially above 300 m approach or exceed typical comfort thresholds for everyday facilities (Daniels and Mulley, 2013), 
suggesting that spontaneous charging is likely to be suppressed in these areas.

To translate these hex-level diagnostics into actionable planning guidance, the hexagons are classified using simple quantitative 
thresholds. High-intensity demand hotspots are defined as cells with total daily demand above 10000 kWh/day. These are confined 
to a small cluster in the mixed-use city core and, given their combination of very high energy throughput and long utilisation 
durations, are flagged as priority locations for adding clustered 11–22 kW AC capacity and, where grid constraints permit, additional 
50 kW (or higher) DC fast chargers with active load management. Home-dominated hotspots are cells where home charging exceeds 
4700 kWh/day and accounts for more than 60% of local energy use. In such districts, including Majorna and Frölunda Torg, further 
residential or neighbourhood AC chargers should be prioritised to accommodate evening and overnight loads. Workplace corridors 
are hexagons with work charging above 5400 kWh/day and a work share exceeding 50%, mainly around Lindholmen and Chalmers. 
Here, a mix of higher-power AC and selected DC chargers within employment centres is appropriate, together with load management to 
avoid daytime congestion. Public-access hubs are cells with public charging above 2400 kWh/day and a public share exceeding 40%, 
typically located at major retail and interchange nodes such as Nordstan, Heden, and Frölunda Torg. These are natural candidates 
for expanding public DC fast-charging capacity and improving queue management.

Finally, underserved residential areas are defined as hexagons with moderate total demand (above 1000 kWh/day) but mean 
walking distance above 300 m. These peripheral locations, which include parts of the Öckerö archipelago and the outer southern sub-
urbs, are highlighted as priorities for equity driven deployment of additional home-proximate AC chargers within roughly 200–300 m 
of residential clusters. Overall, the hexagon based diagnostics reveal strong spatial heterogeneity in both charging demand and access 
conditions and provide a direct mapping from simulated demand surfaces to corridor and neighbourhood scale siting recommenda-
tions for new or upgraded charging infrastructure.

5.4.  Localized charging demand patterns

To illustrate the spatial variation in temporal charging demand of different zones, two hexagons were selected: a suburban cell 
in Surte (Ale municipality) and an urban core cell in Inom Vallgraven (central Gothenburg), as indicated in Fig. 6(a). Fig. 7(a), (b) 
shows their hourly charging profiles, while the right panel compares daily energy totals.

In the Surte suburban region, charging demand remains modest and temporally diffused over the 24-hour period (refer Fig. 7(a)). 
Home charging exhibits late-afternoon and early-evening maxima between 16:00 and 18:00, peaking at 1,174 kW at 18:00, driven by 
plan-ahead sessions to exploit off-peak ToU rates. Workplace charging remains negligible (maximum 132.5 kW at 06:00), and public 
charging peaks at 652 kW at 13:00, with a smaller shoulder of about 605 kW already visible at 08:00. Summed over 24 hours, Surte 
delivers about 11.1 MWh via home chargers, 0.5 MWh at workplaces, and 4.7 MWh at public stations (about 16.3 MWh in total), 
corresponding to roughly 1.7% of the region’s daily charging demand. In contrast, the central Gothenburg zone exhibits concentrated 
peaks reflecting dense mixed-use activity. Workplace charging surges to 7,034 kW at 07:00–08:00 hours, reflecting intense demand 
along office corridors in the Vallgraven region. Public charging peaks at 6,534 kW at 09:00 hours, and home charging peaks at 
2,548 kW at 17:00 hours. Daily aggregates reach 32,256 kWh (home), 33,854 kWh (work), and 52,102 kWh (public), collectively 
accounting for about 12% of regional demand while covering less than 3% of the study area.

These localized profiles highlight the impact of land-use intensity and charger availability on shaping demand. In Surte, the 
dominance of home charging and low workplace use suggests that additional public or workplace chargers could enhance midday 
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flexibility. In central Gothenburg, the pronounced morning workplace peak and substantial public station use indicate a need for 
high-capacity fast chargers and dynamic load management at key nodes to prevent queuing and maintain service quality. Linking 
hexagon-level temporal profiles with spatial metrics thus enables targeted infrastructure deployment of neighborhood-scale chargers 
in suburban locales and high-power DC fast chargers in urban cores, to optimize both accessibility and utilization.

6.  Conclusions

This research advances charging demand estimation by incorporating a cost-responsive and adaptive smart charging user behavior 
into the MATSim agent-based modeling framework, enabling accurate and insightful near-future predictions. Recognizing critical 
methodological gaps such as behavioral heterogeneity and sensitivity to charging costs, this research explicitly models the interactions 
between travel behaviors and charging decisions influenced by spatiotemporal electricity pricing and smart charging. Key findings 
are summarized as follows.

• Incorporating dynamic and ToU tariffs in charging demand estimation shifts most daytime charging from workplaces to homes 
and moves the system-wide peak from a morning, workplace-dominated spike to a residential evening peak. This highlights the 
need to explicitly account for tariff effects in the accurate estimation of spatiotemporal charging demand, and the deficiencies of 
the existing literature that have overlooked these aspects.

• Probabilistic smart charging behavior reshapes spatiotemporal charging demand significantly. Relative to the cost aware 
immediate-charging baseline, adaptive smart charging reduces the residential home peak from about 50 MW to 40 MW (a re-
duction of roughly 20%) and increases the share of daily home-charging energy delivered in low-tariff night hours (22:00–06:00) 
from about 25% to 36%, without materially changing total daily demand.

• There is pronounced charging behavioral heterogeneity among agents with identical trip chains. Spatiotemporal charging costs and 
adaptive smart charging lead to divergent charging strategies among users to minimize their own overall costs. Such heterogeneity 
highlights the importance of incorporating price awareness and smart charging into the modeling of estimating spatiotemporal 
charging demand.

• There is significant variation in overall charging demand and the temporal charging demand profile across different areas of a city. 
This highlights the need for approaches such as agent-based modeling that consider both spatial and temporal factors affecting 
users’ charging behavior. Central Gothenburg city zones, such as Inom Vallgraven, exceed 120 MWh/day across all charger types, 
whereas a representative suburban hexagon in Surte contributes around 16 MWh/day. Hourly charging demand profiles show 
workplace charging in the core peaking at 7 MW at 08:00 hours, whereas suburban demand is dominated by off-peak home 
charging with local hourly peaks of only about 1.2 MW.

In summary, this work offers a behaviorally rich and spatially explicit basis for evaluating demand-side measures and infrastructure 
strategies, featuring a behaviorally nuanced estimation of EV charging demand that links activity patterns, state of charge, and 
dynamic tariffs. It thus lays a groundwork for subsequent studies that aim to co-optimize charging infrastructure designs and pricing 
strategies, supporting the sustainable expansion of urban electromobility. Even though this research fills several gaps in the literature, 
there are some limitations that need to be addressed in future work.  A key limitation is that public charging is modeled at the access 
charger with power, access type, and a charger level tariff, without station specific tariffs, plug competition, or queuing. The reported 
outputs should therefore be interpreted as unconstrained demand surfaces rather than station level throughput trajectories. Where 
station operations are of interest, the same behavioral cost formulation can be combined with MATSim configurations that explicitly 
represent plug capacities and waiting/queue dynamics, as demonstrated in recent MATSim neighborhood-scale EV infrastructure 
studies (Kreuschner and Schlenther, 2025). The present implementation further employs static, annually averaged ToU multipliers 
and behavioral parameters calibrated to stylized but empirically grounded targets for Gothenburg. Validation against local smart-
meter or operator data remains a priority as real-time pricing structures, new charging technologies, and evolving travel patterns 
are likely to alter charging choices over time. Extending the framework to handle real-time prices, explicit grid-constraint feedback, 
and vehicle-to-grid interactions would deepen policy relevance, while empirical calibration of range anxiety and price awareness 
distributions, combined with multi-city transferability tests, would enhance robustness. All tariff and behavioral parameters are 
exposed at the configuration level, so the same integrated model can, in principle, be re-estimated for other study regions once 
suitable data become available. In relation, the present implementation represents anticipation of future charging needs via weekly 
plan scoring and replanning. Explicit optimization of SoC and expenditures over longer multi-day horizons, including rare high-
energy trips, is left for future work. Moreover, the current analysis does not decompose the marginal contribution of intra-activity, 
adaptive smart charging deferral versus MATSim’s co-evolutionary replanning. A clean counterfactual comparison between a deferral 
only configuration (with frozen strategy modules) and the full joint replanning setup is prioritized for future work. Another future 
direction would be a systematic sensitivity and uncertainty analysis around the key behavioral and infrastructure parameters, such as 
the awareness and coincidence factors, the SoC threshold, home charger penetration, and the ToU profile, to quantify how strongly 
different calibrations influence peak-shifting magnitudes and spatial hotspot patterns in other contexts. Finally, coupling the demand 
model developed here with optimization routines for charger siting, storage sizing, and power-system reinforcement can turn the 
simulated demand surfaces into implementable infrastructure and grid investment plans, enabling integrated transport and energy 
planning based on behaviorally rich charging demand forecasts (Parishwad et al., 2025a). 
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Appendix A.  Spatial distribution of simulated chargers

The spatial distribution of simulated charging stations in Gothenburg, Sweden includes Home chargers (7kW), Work chargers 
(11 kW), and Public chargers (22 kW) as discussed in Section 4. This Fig. A.1 illustrates the geographic deployment of charger types 
across the regional network, as prescribed by the modeling framework.
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Fig. A.1. Spatial distribution of all the simulated chargers.
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