
Transportation Research Part C 177 (2025) 105126 

A
0
(

 

Contents lists available at ScienceDirect

Transportation Research Part C

journal homepage: www.elsevier.com/locate/trc  

Data-driven planning of large-scale electric vehicle charging hubs 
using deep reinforcement learning
Karsten Schroer a , Ramin Ahadi a , Wolfgang Ketter a,b ,∗, Thomas Y. Lee c
a University of Cologne, Cologne, Germany
b Erasmus University, Rotterdam, Netherlands
c Haas School of Business, University of California Berkeley, Berkeley, CA, USA

A R T I C L E  I N F O

Keywords:
Digital twin
Reinforcement learning
Asset planning
Electric vehicle charging hubs

 A B S T R A C T

We consider the problem of planning large-scale service systems, specifically electric vehicle 
(EV) charging hubs (EVCHs). EVCHs are locally concentrated clusters of charging infrastructure, 
e.g. in large parking lots, and are often integrated with on-site generation, storage and 
adjacent building infrastructure. Planning such complex operational systems over a multi-year 
investment horizon represents a high-dimensional, dynamic and stochastic decision problem. 
Such planning problems typically rely on mathematical optimization frameworks which are 
subject to computational challenges (e.g., NP-hardness) that can limit scalability to practical 
system sizes. As a result, simplifying assumptions related to, for example, temporal granularity, 
operational detail, system size, decision horizon or stochasticity are required to achieve 
tractability. Modern reinforcement learning (RL) approaches, in combination with fine-grained 
data-driven simulation frameworks, also known as Digital Twins (DTs), may circumvent these 
shortcomings. We develop a scalable soft actor-critic (SAC) reinforcement learning method, 
that learns near-optimal EVCH configurations against a minimum cost objective. Our method 
uses a highly detailed DT of the EVCH environment that is bootstrapped with unique real-world 
sensor data from parking lots, charging stations, office buildings, and solar generation facilities, 
along with microscopic simulations of practical parking and charging policies. In extensive 
computational experiments, we provide empirical evidence that the proposed SAC RL algorithm 
converges closely to the global optimum (4%–15% gap) outperforming alternative popular RL 
approaches such as Deep Q Networks (DQN) and Deep Deterministic Policy Gradients (DDPG). 
We also demonstrate the superior scalability characteristic of our method to real-world problem 
sizes of up to 1000 charging spots. Finally, we run scenario analyses that explore the impact of 
user preferences and operational choices on planning decisions, thus providing actionable and 
novel policy guidance for EVCH planners and operators.

1. Introduction

With the proliferation of electric vehicle (EVs) arises the need for charging infrastructure that enables users to make the switch 
to EVs with minimal impact on lifestyle and behavior. Policymakers have traditionally assumed that users would primarily charge 
their EVs overnight and at home. Indeed, home charging is currently the preeminent charging use case in many markets (Lee et al., 
2020; Hoover et al., 2021). As more and more consumers without access to residential charging adopt EVs, charging opportunities 
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at the workplace, at popular destinations such as supermarkets, and at fleet depots are needed (Jun and Meintz, 2018; Lee et al., 
2019, 2020). We refer to the systems that afford such high-density EV charging use cases as EV Charging Hubs (EVCHs). Apart from 
enabling widespread EV adoption, EVCHs can also play an important systems integration role by enabling daytime charging that 
takes advantage of high solar energy production, which is unavailable when charging overnight (Lee et al., 2018).1 EVCHs constitute 
a novel (and under-researched) operational system class with cross-system interfaces (e.g., with attached buildings or the electricity 
grid) and a large number of strategic and operational decision variables (size and configuration of charging stations, on-site storage, 
charging decisions, etc.) that result in a highly complex planning challenge (Ferguson et al., 2018).

Operations managers traditionally approach the strategic planning of operational systems like EVCHs via mathematical program-
ming methods (e.g., He et al., 2017, for on-demand vehicle sharing service region design) or queuing models (e.g., Wang and Odoni, 
2016, for last-mile delivery networks). However, the multi-stage and stochastic nature of the EVCH planning challenge makes it 
notoriously challenging for optimization-based methods (Powell, 2014; Hannah, 2015). Computational tractability in the traditional 
frameworks is only achieved at the expense of detail and scope of the planning problem. For example, shorter planning horizons, 
coarser temporal discretization, simplified operational detail or deterministic parameter assumptions are adopted to significantly 
reduce problem sizes.

This work develops a novel method that makes use of the fine-grained operational and preference data that has become abundant 
in this age of pervasive IoT2 sensor technology. As such it responds to calls from the Operations Management (OM) community to 
incorporate such data into OM frameworks (Qi and Shen, 2018; Cohen, 2018; Choi et al., 2022) and data-driven decision support 
systems (Ketter et al., 2023). Specifically, we leverage fine-grained sensor data from parking lots and energy consumption and 
production data and combine it with high-resolution asset models and real-world operational policies into a detailed simulated 
environment. This environment is a close-to-exact digital representation – i.e., a Digital Twin (DT) (Choi et al., 2022; Grieves and 
Vickers, 2017) – of the EVCH that is to be planned. We then develop an actor-critic reinforcement learning (RL) framework that 
interacts with this environment to learn an optimal planning configuration policy by iterating over many simulated epochs.

Our work offers a number of contributions. Methodologically, we propose a framework for the effective use of RL in combination 
with large-scale data-driven simulation frameworks (i.e., DTs) for ex-ante de-risking and decision support in the design phase of 
service systems such as EVCHs. Our method circumvents the need for simplification and problem size reduction, among other 
theoretical benefits. These include (1) more realistic, data-driven modeling of stochasticity and operational detail of the EVCH, (2) 
computational scalability compared to mathematical optimization, and (3) flexible model setup that allows for easy evaluation of 
many different operational policies. In extensive simulation experiments, we show that our method achieves near-optimal EVCH 
planning results. We also show that it outperforms alternative candidate solution approaches such as DQN and DDPG in terms of 
solution speed and scalability. Finally, we make use of the flexible nature of the DT to evaluate different preference and operational 
regimes, thus deriving numerous novel domain-specific insights for practitioners.

The remainder of this work is structured as follows. In Section 2, we review the relevant literature to our work. We then set 
up and parameterize our model for data-driven planning of Electric Vehicle Charging Hubs using actor-critic RL (Section 3). In 
Section 4 we evaluate our model in terms of its ability to converge to the global optimum solution and its scalability and performance 
characteristics versus other candidate solutions, such as Deep Q-Learning. We then use the evaluated model to run comprehensive 
scenario analyses (Section 5) to (1) demonstrate flexibility benefits and (2) to obtain interesting and actionable policy insights. We 
end with a discussion of implications and contributions to theory and practice (Section 6).

2. Background

Our work draws from three main bodies of literature, which we briefly review here. First, we discuss the problem class of 
EVCH planning and review traditional OM planning approaches. Second, we discuss reinforcement learning (RL) methods and their 
potential benefits for complex, multi-stage, stochastic planning problems like EVCH planning. Third, we review the extant work on 
DTs and their use for OM decision support.

2.1. Electric vehicle charging hubs (EVCHs)

EV charging operations environments and use cases vary from fully distributed on-street charging, highway charging, and private 
home charging to charging in large-scale high-density parking lots. In this work, we focus on the latter use case, which we refer to 
as an EV charging hub (EVCH). EVCHs exhibit several unique features that distinguish them from other charging use cases. First, 
EVCHs typically represent large locally concentrated loads that may require significant local electricity grid extension making load 
shaping necessary (Lee et al., 2019). Second, integration with behind-the-meter loads (buildings) and generation units (PV, storage) 
may be desirable (Nunes et al., 2016) to reduce induced peak loads, drive sustainability and reduce costs (Ferguson et al., 2018). 
Third, EVCHs typically experience different user behavior compared to other charging use cases such as home charging, and this 
user behavior can vary substantially depending on the use case of the attached facility (workplace, mall, etc.). Fourth, siting of 
individual charging stations is of no concern in an EVCH context as all chargers will be located in the same space with users being 
largely indifferent between them. Finally, EVCHs allow for end-to-end control of the full vehicle-level parking and charging journey 

1 This is particularly relevant for energy systems with high solar energy share such as California or Germany.
2 Internet of Things.
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through what is sometimes referred to as smart EV-capable parking lots (Babic et al., 2022). This enables the assignment of vehicles 
to chargers and central control over the charging process. It, thus, offers new scope for optimization, e.g., by leveraging parallel or 
sequential use of charging equipment in an optimal manner (Ferguson et al., 2018).

We briefly review state-of-the-art OM approaches in the realms of (1) operating and (2) planning EVCHs. In terms of EVCH 
operations, we acknowledge the extensive work on electric vehicle charging scheduling and smart charging (see e.g., Mukherjee 
and Gupta, 2015 for a recent review) on which most operations-focused EVCH research is based. A notable differentiator from 
the traditional smart charging literature is the inclusion of building/cluster-level constraints and optimization opportunities. Early 
examples include (Huang and Zhou, 2015) who develop a mixed-integer optimization framework for workplace charging strategies 
taking into account different eligibility levels and Wu et al. (2017) who propose a two-stage energy management framework for 
office buildings with workplace EV charging. Nunes et al. (2016) investigate how charging processes can best be coordinated to 
use parking lots for EV solar-charging. Ferguson et al. (2018) propose an integrated load management approach to optimize EV 
charging processes for minimum cost taking into account the building base load and PV generation. A similar approach to site-level 
load management was implemented in practice by Jun and Meintz (2018). Finally, Lee et al. (2019) explore several optimization-
driven approaches to operational issues in charging hubs. Note that the inclusion of parallel-use charging docks that allow for 
simultaneous charging significantly complicates that EVCH management problem. In addition to the usual charging decisions, an 
assignment decision of vehicles to charging stations is required. Our notion of EVCHs considers this complication.

The design/planning of EVCH systems has received less attention. EVCH design is a multi-stage stochastic decision problem 
that requires large decisions (e.g., the number of charging docks to be installed at each stage in the planning horizon) and small 
decisions (e.g., charging individual vehicles) to be taken simultaneously. Such problems are notoriously difficult and cannot be solved 
efficiently with standard stochastic programming or even approximate dynamic programming (Powell, 2014; Hannah, 2015). Some 
research resolves the ensuing complexity using simulation-based approaches. For example, in Kazemi et al. (2016) the authors use a 
genetic search algorithm on top of a simplified simulation model to derive the optimal size of an EV parking lot. Babic et al. (2022) 
also use a greedy search over a simulation of a parking lot to derive optimal infrastructure decisions. Naturally, optimality cannot 
be guaranteed with simple search approaches. Li et al. (2020) propose a mathematical deterministic programming framework for 
the joint optimization of the size and operations of a parking lot capable of 100 electric vehicles. Neither of these simulation- or 
optimization-based studies use high-granularity demand and/or operational data. In addition, extant EVCH design work exhibits 
relies on significant simplifications. For example, the studies cited here focus on a single planning period only, which reduces the 
problem to a single-stage planning challenge. In addition, the EVCH system scope tends to be considerably simplified (e.g., no 
consideration of attached building loads, single-use charging docks only, etc.).

Our work addresses several important gaps in the charging hub literature. We are the first to use detailed preference modeling 
in an extensive and novel set of real-world parking and charging data to ensure preference-aware sizing. In doing so, we explore 
the sensitivity of planning decisions to changes in user preferences, a point that has been completely neglected by existing work. In 
addition we consider existing building load profiles in the operations and investment decision, taking a more comprehensive view 
compared to previous research. Our model also allows for parallel use of charging infrastructure which can significantly boosts asset 
efficiency at the expense of higher operational complexity. Finally, our work has important social and sustainability implications 
insofar as it proposes a model for efficient provisioning of charging infrastructures that is aligned with customer preferences.

2.2. Reinforcement learning and its application to planning problems

Reinforcement learning (RL) represents a distinct class of machine learning that seeks to find an optimal policy which governs the 
behavior of an agent in an (emulated) environment such that a given objective is maximized (Sutton, 2019). RL relies on the Markov 
property, meaning that future states in a stochastic process only depend on the current state (Sutton, 2019). Popular examples of 
RL include an agent playing the game of Go (Silver et al., 2016) or Atari games (Mnih et al., 2013). A policy, the goal of RL, can 
be understood as a function that takes an observed environment state as input and returns an action given the observed state. That 
policy is learned iteratively by interacting with the emulator through actions and observing the effect of these actions.

RL has received significant interest as a possible approach for dynamic optimization problems (Anon, 2015). Indeed, the method 
boasts several potential advantages over traditional mathematical programming approaches. First, RL does not require a model but 
instead relies on a simulated environment to interact with and learn from. This can be a major advantage, particularly in complex 
multi-stage settings (like EVCH planning) where developing a mathematical model that accurately reflects the behavior of physical 
assets, operational policies and individual preferences is impossible or extremely hard. This also means that RL requires fewer 
assumptions. In mathematical programming simplifying assumptions (e.g., coarser discretization, simplified operations, removing 
stochasticity of inputs, etc.) are often needed to achieve tractability resulting in a problem formulation that may not reflect reality 
accurately enough. Second, RL is flexible and readily adapts to changes in environmental conditions. Third, RL generally deals 
better with the curse of dimensionality and can scale to real-sized problems well beyond the tractability limits of optimization 
frameworks (van Hezewijk et al., 2022). RL also has disadvantages, most notably a lack of optimality guarantee. The real-world 
applicability of the RL solution will also have strong dependence on the quality of the emulator that is used for training.

RL has successfully been applied to a range of operational and strategic planning problems (Gijsbrechts et al., 2022). For 
example, van Hezewijk et al. (2022) examine the applicability of Proximal Policy Optimization (PPO), a deep RL algorithm, to 
the stochastic capacitated lot sizing problem and show that the algorithm converges close to the global optimum and readily scales 
to problem sizes that are out of scope for traditional dynamic programming. Ahadi et al. (2023) study the charging management 
of shared autonomous electric vehicles using a cooperative multi-agent reinforcement algorithm to simultaneously learn optimal 
3 
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scheduling and resource allocation policies. In a similar vein, Xie et al. (2023) consider a hybrid ride-hailing fleet of autonomous 
vehicles and conventional drivers and optimize the relocation polices using a two-sided deep RL design where the fleet operator 
makes central relocation decisions for autonomous vehicles and individual driver agents learn their non-cooperative relocation 
strategies.

There are two distinct routes for estimating the optimal policy in RL: (1) value-based approaches and (2) policy-based approaches. 
Value-based approaches estimate the total value associated with an action assuming the agent follows a given policy forever (e.g., the 
greedy policy of always selecting the action with the highest value). A value-based algorithm that has seen significant adoption is 
Deep Q-Learning (Gao et al., 2020). Deep Q-Learning uses Deep Q Networks (DQN) to estimate state–action values in a discrete action 
space. For a given state the DQN returns a Q-value for every possible action and the agent will pick a random (in the exploration 
phase) or the highest-valued action (in the exploitation phase). It is easy to see that DQN (and other value-based methods) can run 
into issues of scalability, especially if the action space is very large or even continuous, corresponding to a potentially infinite number 
of permutations of actions that each need to be evaluated for a given state (Dulac-Arnold et al., 2015). Policy-based methods, such 
as policy gradient-based algorithms can circumvent this issue and can work well in continuous action spaces (Sutton, 2019). These 
methods estimate the policy function directly (typically using gradient descent-based optimization) without the need to evaluate each 
possible state–action pair. However, they tend to be inefficient and are susceptible to local optima as well as high variance (Sutton, 
2019). Actor-citric RL approaches combine value-based and policy-based approaches bringing together the benefits of both. Actor-
critic algorithms consist of two main parts. First, the actor that takes decisions based on a learned policy function (policy-based). 
Second, the critic that determines the quality of the action using a value function (value-based). This actor-critic setup allows 
the actor to improve its policies more efficiently compared to pure policy-based methods. In this work, we use SAC (soft actor-
critic) (Haarnoja et al., 2018), an actor-critic framework, which we adapt to work with large discrete action spaces (Dulac-Arnold 
et al., 2015).

2.3. Digital Twins (DTs) and their use in operations management

As mentioned, RL frameworks require a simulated environment (or simulator) to interact with and learn from. The closer this 
simulation comes to reality, the more likely the RL-derived solution is generalize to real-world conditions. Hence, researchers have 
called for the use of real-world system data to achieve more accurate representations of real-world conditions (Panzer and Bender, 
2022). Digital Twins (DTs), a form of data-driven simulation, provide an attractive solution. DTs have been hailed as a disruptive 
trend in OM of the IoT and Industry 4.0 era (Choi et al., 2022). At its most basic level, a DT is a digital representation of a specific 
physical asset or system. DTs can be used as a decision support tool along the entire life cycle of that asset: from design, operations, 
and maintenance to disposal (Schleich et al., 2017). For the purpose of this research, we highlight several characteristics that we 
consider key and distinguish DTs from, e.g., traditional simulation frameworks used in OM (Boschert and Rosen, 2016) and RL. The 
reader is referred to Jones et al. (2020) or Cimino et al. (2019) for comprehensive reviews.

First and foremost, DTs represent a close to the real-world representation of the physical system at a granular level using high-
fidelity interconnected physical models of system components (Glaessgen and Stargel, 2012). Note that this does not necessarily 
require identical accuracy but can also mean partial accuracy if this is sufficient for the DT to fulfill its intended use (van der Valk 
et al., 2020). Second, a DT is data-driven, meaning that it primarily relies on real-world operational data input acquired directly 
from sensors of the device and the intended application environment (van der Valk et al., 2020). It is often not the case that raw 
data on all required parameters is available. In such cases, synthetic data from statistical models or simulation frameworks can be 
used to supplement the data requirements (Sierla et al., 2018). Third, there is eventual synchronization of the DT and the physical 
asset. This can be achieved via one-directional (physical world to DT) or bi-directional data flows (Tao et al., 2018). DTs have 
been successfully applied in the use phase of operational systems (Jones et al., 2020). Examples include asset status and health 
monitoring (Glaessgen and Stargel, 2012), asset optimization, maintenance planning (Cimino et al., 2019), and staff training (Choi 
et al., 2022).

As argued previously, a core feature of DTs is their reliance on real-world sensor data for asset and process representation 
in the virtual world. Use of real-world environmental context data and benchmark infrastructure sensor data is also useful for 
design/configuration applications of assets and service systems (Attaran and Celik, 2023). Indeed, high-granularity data on many 
aspects of the intended application environment as well as on typical machine/process behavior is likely to already be available. 
This means that pre-use-phase DTs can be fed with live as well as realistic historic data (Boschert and Rosen, 2016).

In this work, we leverage the DT concept to create a high-resolution, data-driven simulation environment that resembles real-
world conditions as closely as possible. Wherever available, we leverage historic sensor data to model system dynamics. For example, 
we use real-world charging data, parking data, building data and photovoltaic production data to achieve granular patterns of 
expected power production and consumption in the EVCH. For system components where real-world sensor data is not available, 
we rely on close-to-exact simulations of their physical behavior in line with asset specification sheets and/or research findings. 
For example, to model the physical properties of an on-site battery storage asset, we draw on research by Ghiassi-Farrokhfal et al. 
(2016) to parameterize battery charge and discharge efficiency as well as minimum and maximum (dis-)charge rates. Hence, we 
follow Sierla et al. (2018) to supplement our DT simulation with data from simulation frameworks to fulfill our data requirements.

We show that DTs, in combination with scalable RL algorithms, can circumvent many of the model simplifications and problem 
reduction measures unavoidable in traditional mathematical programming or brute-force search strategies.
4 
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Fig. 1. Overview of Core Model Elements, Inputs and Interactions.

3. Model

We now describe our model. A conceptual overview of its core elements and their interactions is shown in Fig.  1. In this Section 
we describe the setup of the model starting with a definition of the planning problem including state boundaries, action space and 
objective followed by a description of the environment simulator (DT) and the SAC RL framework.

3.1. Defining the EVCH planning scope

We define an EVCH as an EV charging-capable parking lot, depot, or garage that is typically attached to an existing building with 
a given baseload. Both the building and the EVCH receive power from the same grid connection point, which is constrained to the 
capacity of the on-site substation. The integrated facility may have additional on-site behind-the-meter generation (e.g., photo-voltaic 
(PV)) and storage (e.g., Lithium-Ion battery). Crucially, charging docks can have multiple connectors that afford parallel charging 
of vehicles from a single charging dock. A simplified view of the EVCH components and system boundary is depicted in Fig.  2.

We formulate the EVCH configuration challenge as a feasibility problem that aims to satisfy all or a specified amount of total 
charging demand in the most resource-efficient manner while considering any exogenous rate, space, and total capacity constraints. 
The problem then becomes a cost minimization planning with the objective to jointly minimize investment costs (𝐶𝛷) and operations 
cost (𝐶𝛺) over all stages ℎ ∈  contained in the planning horizon while ensuring a pre-defined service level 𝜂ℎ (typically 100% in 
the following simulations and benchmarks). As we lay out the variables and parameters of our model please refer to Table  1 for an 
overview of nomenclature used throughout this paper.

Formally, the objective function 𝑓 (𝛤 ) (where 𝛤  is the system configuration) can be expressed as follows: 
𝑀𝑖𝑛𝛤 [𝐶𝛷(𝑥

𝑖,𝑛
𝑘,ℎ, 𝛿

𝑇 𝑟𝑎𝑓𝑜
ℎ , 𝜅𝑃𝑉ℎ , 𝜖𝐵𝑎𝑡ℎ ) + 𝐶𝛺(𝜔𝑘,𝑗,ℎ, 𝜓𝑘,𝑗,ℎ,𝑡, 𝛽

𝐶ℎ𝑎𝑟𝑔𝑒
ℎ,𝑡 , 𝛽𝐷𝑖𝑠𝑐ℎ𝑎𝑟𝑔𝑒ℎ,𝑡 , 𝑒𝐺ℎ,𝑡)] (1)

The EVCH infrastructure decision space determining 𝐶𝛷 extends over a large set of decision variables, which we briefly describe 
here. First, decisions on the charging infrastructure configuration and scale-up over the investment horizon  are required. We allow 
full flexibility regarding the type of EV charging docks (22 kW AC or 50 kW DC docks) and the number of connectors per dock 
(ranging from single-connector setups to up to four connectors per dock). Crucially, for charging docks with multiple connectors, we 
allow for simultaneous charging of EVs, meaning the rated power per dock can be shared dynamically and flexibly by all connected 
vehicles. This is different from the more prevalent single-server docks, which either possess just a single connector or multiple 
connectors that may only be operated sequentially. A multi-server setup has the advantage of higher utilization (vehicles that have 
completed their charging cycle do not block charging docks) (Ferguson et al., 2018). We capture EV charging infrastructure decisions 
via a set of binary indicator variables of form 𝑥𝑖,𝑛𝑘,ℎ, indicating whether a dock of type 𝑖 ∈ {22 kW, 50 kW} with number of connectors 
𝑛 ∈ {1, 2, 4} is to be installed at candidate point 𝑘 ∈ 𝐾 during planning stage ℎ ∈ . The total number of docks and connectors is 
naturally bounded by the size of the facility (i.e., number of parking spaces) 𝐿. Second, the initial size and expansion pathway of 
possible on-site generation (PV) and/or storage assets (Li-Ion battery) must be defined. We assume that PV generation 𝜅𝑃𝑉𝑠  can be 
scaled close-to continuously across all stages ℎ in the planning horizon and that it is limited only by local facility space constraints 
𝑅 (e.g., roof space). In terms of on-site storage, we consider Li-Ion battery technology whose energy capacity 𝜅𝐵𝑎𝑡𝑠  (in kWh) can be 
scaled continuously over . Finally, a decision is required on whether, by how much and by when the existing substation capacity 
should be extended to accommodate the desired level of charging service. Note that substations can be purchased in standard sizes 
5 
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Fig. 2. EVCH Service System Layout and Asset Components in Planning Stage ℎ.

(𝜅𝑇 𝑟𝑎𝑓𝑜) only. Consequently, the grid connection can only be scaled step-wise in multiples 𝛿𝑇 𝑟𝑎𝑓𝑜ℎ  of 𝜅𝑇 𝑟𝑎𝑓𝑜, where 𝛿𝑇 𝑟𝑎𝑓𝑜ℎ  is an integer 
value denoting the number of transformer modules to be added to the facility’s substation in state ℎ.3 Given the physical size of 
substations and the fact that local grid conditions may not allow for an unconstrained scale-up of the existing grid connection, we 
impose a maximum 𝐺 on the final size of the substation. In sum, total investment cost over the planning horizon is determined as 
follows: 𝐶𝛷 =

∑

ℎ∈ (𝑐𝑇 𝑟𝑎𝑓𝑜ℎ 𝛿𝑇 𝑟𝑎𝑓𝑜ℎ +
∑

𝑘∈
∑

𝑖∈
∑

𝑛∈ 𝑐𝑖,𝑛ℎ 𝑥
𝑖,𝑛
𝑘,ℎ + 𝑐

𝑃𝑉
ℎ 𝜅𝑃𝑉ℎ + 𝑐𝐵𝑎𝑡ℎ 𝜖𝐵𝑎𝑡ℎ )(1 + (|| − ℎ)𝜇𝑀𝑎𝑖𝑛𝑡)). Note that this includes the 

maintenance costs incurred over the planning horizon, which is captured by the factor (||− ℎ)𝜇𝑀𝑎𝑖𝑛𝑡). The parameters 𝑐𝑇 𝑟𝑎𝑓𝑜ℎ , 𝑐𝑖,𝑛ℎ , 
𝑐𝑃𝑉ℎ  and 𝑐𝐵𝑎𝑡ℎ  are stage-dependent cost parameters that take into account expected technology cost trajectories over the planning 
horizon.

Underlying these higher-level infrastructure choices are smaller operational decisions, which determine the operational cost 𝐶𝛺. 
Naturally, the operational scope is constrained by the installed infrastructure highlighting the two-way interdependencies between 
both sets of decisions. Operations decisions focus on the assignment of a vehicle 𝑗 to a connector 𝑘 upon arrival (captured by 𝜔𝑘,𝑗,ℎ) 
and the periodic charging decisions over the duration of stay (𝜓𝑘,𝑗,ℎ,𝑡). Finally, the on-site battery state is controlled via 𝛽𝐶ℎ𝑎𝑟𝑔𝑒ℎ,𝑡  and 
𝛽𝐷𝑖𝑠𝑐ℎ𝑎𝑟𝑔𝑒ℎ,𝑡 , two booleans that control the rate of charge/discharge. We consider PV generation and building baseload to be exogenous 
parameters that cannot be actively controlled by the EVCH operator. Given the different sources of power (battery, PV, grid), the 
operator also needs to decide on the power mix per each period 𝑡. This involves setting the desired energy drawn from the grid per 
period in each state 𝑒𝐺𝑟𝑖𝑑ℎ,𝑡 . Note that 𝑒𝐺𝑟𝑖𝑑ℎ,𝑡  is typically accounted for based on a two-part tariff including a time-of-use-dependent 
energy charge 𝑇 𝑒ℎ,𝑡 and a monthly demand charge 𝑇

𝑝
ℎ  that is a function of the maximum induced power 𝑝∗ℎ in that month. Operational 

costs are formally defined as follows: 𝐶𝛺 =
∑

ℎ∈ (
∑

𝑡∈ 𝑇
𝑒
ℎ,𝑡𝑒

𝐺𝑟𝑖𝑑
ℎ,𝑡 + 𝑇 𝑝ℎ 𝑝

∗
ℎ).

3.2. Parameterizing the Digital Twin simulator

We now set up the environment with which the RL agent will interact. The goal is to create a close-to-exact digital representation 
(i.e., a DT) of the EVCH, which is made up of three core components: (1) physical assets, (2) operational policies that define how 
the physical assets are operated, and (3) preference/demand characteristics, i.e., the external requests and usage patterns that the 
service system needs to fulfill. In this section, we lay out these three components. Note that the EVCH DT operates on a discrete-time 
basis. To reduce any issues/inconsistencies related to discretization, we use period lengths of just one minute. Wherever practical 
the DT is fed with real-world sensor data to achieve a highly accurate representation of the physical world. Simulation is used in 
areas where data are not available. For an overview of data sources and digitalization approaches per DT component refer to Table 
5 in Appendix  D.

3 We consider any interaction effects with the upstream electrical distribution grid to be out of scope for this problem. Specifically, we assume that the 
distribution grid is unconstrained and able to accommodate any additional load from the EVCH, provided sufficient substation capacity (i.e., transformers) is 
installed for voltage regulation.
6 
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Table 1
Nomenclature.
 Symbol Description Unit  
 Sets
  Set of planning stages in planning horizon with index ℎ set  
  Set of charging dock types with index 𝑖 ( = {𝐴𝐶,𝐷𝐶}) set  
 ℎ Set of unique EVs entering the EVCH during the planning period ℎ with index 𝑗 set  
  Set of charging dock candidate points (i.e., parking spots) with index 𝑘 set  
  Set of charging dock connector options  = {1, 2, 4} with index 𝑛 set  
  Set of time periods per each stage in planning horizon with index 𝑡 set  
 𝛯 Set of decision variables set  
 𝛤 Full configuration of EVCH system set  
 Parameters
 𝐴𝑗,𝑠 Arrival time of vehicle j in stage ℎ period 𝑡  
 𝛽𝑚𝑎𝑥, 𝛽𝑚𝑖𝑛 Maximum charge and maximum discharge rate of energy storage kW  
 𝑐𝑖,𝑛ℎ Cost per EV charging dock of type 𝑖 with 𝑛 connectors in stage ℎ USD  
 𝑐𝑇 𝑟𝑎𝑓𝑜ℎ Cost per kW of grid connection (i.e., transformer) in stage ℎ USD/kW  
 𝑐𝑃𝑉ℎ Cost per kWp of PV in stage ℎ USD/kW  
 𝑐𝐵𝑎𝑡ℎ Cost per kWh of energy storage (battery) in stage ℎ USD/kWh 
 𝛿𝑗 Duration of stay of vehicle 𝑗 hours  
 𝛥𝑡 Duration of a single planning period 𝑡 hours  
 𝐷𝑗,ℎ Departure time of vehicle 𝑗 in stage ℎ period 𝑡  
 𝑒𝑑𝑗 Total energy requested by vehicle 𝑗 over duration of stay kWh  
 𝜂(𝑑𝑖𝑠)𝑐ℎ𝑎𝑟𝑔𝑒 Charge/discharge efficiency of energy storage ratio  
 𝜂𝐼𝑛𝑣 AC-DC inversion efficiency ratio  
 𝜂𝑆𝑒𝑟𝑣ℎ Target service level expressed as ratio of fulfilled vs. actual demand ratio  
 𝑓𝑃𝑉ℎ,𝑡 Avg. PV load factor in period 𝑡 of stage ℎ ratio  
 𝜅𝑖 Maximum power per charging dock of type 𝑖 kW  
 𝜅𝐺𝑟𝑖𝑑0 Existing facility substation capacity kW  
 𝜅𝑇 𝑟𝑎𝑓𝑜 Standard size of transformer that can be installed kW  
 𝑙𝑎𝑥𝑗 Laxity of vehicle 𝑗 hours  
 𝑙ℎ,𝑡 Base load of attached facility during period 𝑡 in stage ℎ kW  
 𝑙∗ℎ Maximum expected base load of attached facility in stage ℎ kW  
 𝑀 big-M constraint (for linearization) kW  
 𝜇𝑀𝑎𝑖𝑛𝑡 Cost ratio for maintenance (as share in total capital stock) ratio  
 𝑅 Maximum installable PV capacity (space constraint) kWp  
 𝑆𝑜𝐶𝑚𝑎𝑥 Maximum energy storage level %  
 𝑆𝑜𝐶𝑚𝑖𝑛 Minimum energy storage level %  
 𝐿 Space limitation in number of parking spots count  
 𝑇 𝑝ℎ Cost of induced power peak per accounting period (i.e., demand charge) in stage ℎ USD/kW  
 𝑇 𝑒ℎ,𝑡 Cost of energy in period 𝑡 of stage ℎ as per TOU tariff USD/kWh 
 𝑈𝑗,ℎ,𝑡 Indicator of whether vehicle 𝑗 is present during period 𝑡 in stage ℎ boolean  
 Variables
 𝛽𝐶ℎ𝑎𝑟𝑔𝑒ℎ,𝑡 Charge rate of EVCH battery storage kW  
 𝛽𝐷𝑖𝑠𝑐ℎ𝑎𝑟𝑔𝑒ℎ,𝑡 Discharge rate of EVCH battery storage kW  
 𝛽𝐷𝑖𝑟𝑒𝑐𝑡𝑖𝑜𝑛ℎ,𝑡 Indicator of whether the battery is charging or discharging boolean  
 𝛿𝑇 𝑟𝑎𝑓𝑜ℎ Number of additional transformers installed in stage ℎ integer  
 𝐶𝛷 Total normalized investment cost for the EVCH over planning horizon USD  
 𝐶𝛺 Total cost of operating the EVCH over the planning horizon USD  
 𝐶𝛹 Penalty for not serving charging demand USD  
 𝑒𝑆𝑗,ℎ,𝑡 Net energy supplied to vehicle 𝑗 during period 𝑡 of stage ℎ kWh  
 𝑒𝐺𝑟𝑖𝑑ℎ,𝑡 Net energy supplied from grid during period 𝑡 of stage ℎ kWh  
 𝜖𝐵𝑎𝑡ℎ Installed energy storage capacity in stage ℎ kWh  
 𝜅𝑃𝑉ℎ Installed PV capacity in stage ℎ kW  
 𝑝∗ℎ Induced max peak attributable to EVCH operations during stage ℎ kW  
 𝜓𝑘,𝑗,ℎ,𝑡 Charge rate of vehicle 𝑗 connected to charging dock 𝑘 during period 𝑡 of stage ℎ kW  
 𝑆𝑜𝐶ℎ,𝑡 State variable that tracks state of charge of energy storage kWh  
 𝑤𝑘,𝑗,ℎ Indicator for whether a vehicle 𝑗 is connected to charging dock 𝑘 in stage ℎ boolean  
 𝑥𝑖,𝑛𝑘,ℎ Indicator whether dock (type 𝑖, 𝑛 connectors) is installed at 𝑘 in stage ℎ boolean  

3.2.1. Digital EVCH asset models
Fig.  2 provides an overview of the physical EVCH asset classes that are to be represented digitally in the DT environment. We 

draw on asset spec sheets along with real-world machine data to represent the physical EVCH components and the context they 
operate in as accurately as possible.

Local substation. We model the local substation as an integrated system consisting of transformers, circuit breakers, and other 
peripheral equipment that connect the site to the higher voltage levels of the distribution grid. The substation capacity is determined 
7 
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by the sum of rated transformer capacities. Although typically very low, we account for transformer losses using an efficiency factor 
of 1-𝜂𝑇 𝑟𝑎𝑓𝑜=2%.

On-site electricity generation assets (PV panels). For electricity generation, we assume photovoltaic (PV) modules, a natural supple-
ment to EV charging hubs due to their production patterns that are highly correlated with occupancy profiles (and thus charging 
demand) of most parking lots. PV generation is non-dispatchable, i.e., it cannot be actively controlled. PV power is therefore 
consumed on-site (by EVs, battery storage, building, etc.), or fed back into the grid. Note that PV installations require DC-AC 
conversion via inverters. The efficiency losses of DC-AC conversion are accounted for via an inversion efficiency factor of 1-𝜂𝐼𝑛𝑣=4%. 
We use real-world PV load factors (𝑓𝑃𝑉ℎ,𝑡 ) to model PV production from the regions corresponding to the intended EVCH facility 
locations. Load factors are a measure of real PV panel power output as a ratio of installed capacity (𝜅𝑃𝑉ℎ ) and depend on local solar 
irradiation conditions.4 PV production at time 𝑡 (excluding DC-AC conversion losses) is then given by 𝑓𝑃𝑉ℎ,𝑡 𝜅𝑃𝑉ℎ .

Electricity storage assets. We model electricity storage as a lithium-ion battery with instantaneous ramp time. To avoid excessive 
battery degradation, we allow the state of charge to vary over the interval of [5%, 95%], thus avoiding deep discharging and over-
charging that are particularly strenuous for battery hardware. Setting upper and lower energy content boundaries is a common 
approach in storage management (Ghiassi-Farrokhfal et al., 2016). We also assume symmetric charge and discharge efficiency of 
𝜂𝑐ℎ𝑎𝑟𝑔𝑒 = 𝜂𝑑𝑖𝑠𝑐ℎ𝑎𝑟𝑔𝑒 = 95%. Battery operations are simulated using what is sometimes referred to as a C/C/C model.5 In addition, we 
implement typical battery constraints related to a maximum charge and discharge rate 𝜅𝐵𝑎𝑡 (symmetric). 𝜅𝐵𝑎𝑡 is dependent on the 
size of the battery and is set such that the battery can be charged/discharged to/from full charge within one hour.

Peripheral building. We use real-world building consumption data to model site baseload (𝑙𝑠,𝑡) that is served by the same grid 
connection, thus influencing total available grid capacity at any given period 𝑡 (see Fig.  2). Contrary to EV loads, we assume 𝑙𝑠,𝑡 to be 
exogenous, i.e., it cannot be dynamically managed or even curtailed. Given the absence of smart energy management hardware in 
most existing building stock, this is a reasonable assumption. Note that granular consumption data is widely available for commercial 
buildings above a certain consumption threshold since these consumer classes are typically exposed to time-of-use tariffs as well as 
demand charges for induced peak load. Our 1-year dataset records peak building loads and consumption at a 15 min resolution.

EV charging docks and connectors. We model two different types of charging docks that mainly differ in terms of maximum charging 
rates 𝜅. Specifically, we allow for AC fast chargers with maximum charging capacity 𝜅𝑖=𝐴𝐶=22 kW and DC super-fast chargers with 
maximum charging capacity 𝜅𝑖=𝐷𝐶=50 kW. For each charger type 𝑖 ∈ [𝐴𝐶,𝐷𝐶] we allow for different connector configurations 
with 𝑛 ∈ [1, 2, 4] connectors per dock. We assume that 𝜅 can be shared dynamically and flexibly between all connectors per dock. 
This means that connected EVs can be served both sequentially and simultaneously via the same dock. Losses related to AC-DC 
conversion are modeled using an efficiency factor of 1-𝜂𝐼𝑛𝑣=4%.6

3.2.2. EVCH operational policies
We also implement a range of realistic operational policies that simulate real-world operations in the DT environment. These 

policies are inspired by standard operational practices currently used in EV charging operations as well as recent algorithms proposed 
in the EV charging literature (e.g., Lee et al., 2019; Ferguson et al., 2018). Given that we allow for multi-connector charging 
docks with simultaneous charging capability, the initial assignment of vehicles to charging stations becomes important due to 
heterogeneous energy demand and flexibility characteristics. Clearly, since EVs cannot be readily relocated while parked, the initial 
assignment to a connector influences future available charging capacities for the EV in scope as well as for current and future arrivals 
that are to be served by the same charge dock.

Vehicle routing algorithms. Vehicles 𝑗 ∈   are routed/assigned to a connector 𝑘 upon entry into the EVCH (captured by 𝜔𝑘,𝑗,ℎ). We 
implement two heuristic routing algorithms of varying levels of sophistication and varying information requirements.

– Lowest-utilization-first (LUF): This strategy operates on a sorting basis. At each new arrival, the algorithm sorts all available 
docks based on free capacity. New arrivals are routed to docks with low utilization first. In the case of a tie, the algorithm 
selects randomly between the charging docks it is indifferent between. An advantage of the lowest-utilization-first approach 
over other sorting methods (such as lowest-occupancy-first) is that it considers the different charging capacities of AC vs. DC 
docks in the assignment process.

– Lowest-laxity-to-highest-capacity matching (LLHC): This strategy not only considers the state of individual charging docks 
but also that of the vehicle that is to be assigned. Specifically, it sorts arriving vehicles into baskets of low, medium, and high 
laxity (using bins obtained from historical data). Low-laxity vehicles are then matched with charging docks that have a high 
free capacity and vice versa, thus implicitly provisioning for future arrivals.

4 This data is available via local transmission system operators (TSOs) and generally comes in 15 min intervals.
5 C/C/C models assume constant battery charge/discharge efficiencies, constant energy content upper and lower bounds, and constant voltage (Kazhamiaka 

et al., 2019).
6 For AC charging, the AC-DC inverter is integrated with the vehicle charger unit, whereas for DC charging the inverter sits inside the charging dock.
8 
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Vehicle charging algorithms. Vehicle-level charging schedules are re-computed in an online manner every five minutes allowing for 
updating of pre-computed schedules as new information becomes available. We implement a selection of sorting-based algorithms 
and optimization-based approaches to periodically determine the charge rate per connector 𝑘, vehicle 𝑗, and time t 𝜓𝑘,𝑗,ℎ,𝑡:

– First-come-first-served (FCFS): Charging requests are served on a first-come-first-served basis at full charging dock capacity 
until the available power capacity (on-site generation, storage, and grid) is exhausted. This algorithm is largely consistent with 
standard off-the-shelve load management tools available in the market today.

– Least-laxity-first (LLF): Equivalent to a first-come-first-served algorithm but using a least-laxity-first priority rule meaning 
that least flexible vehicles are charged first. The algorithm, therefore, explicitly considers the current state of a vehicle in the 
charging decision.

– Optimal: Optimal operations uses mathematical optimization to periodically (re-)compute cost-optimal charging schedules that 
satisfy charging demand for the planning period 𝛿𝑡 in scope. We implement a standard cost-optimal charging framework (e.g., 
Ferguson et al., 2018). In our simulations, we plan 𝛿𝑡 = 12 periods ahead. We also implement a smoothing constraint by 
limiting the maximum charging ramp rate and considering the parallel use of docks. Since future arrivals and their preference 
vectors are unknown at the time of planning, we use a carefully tuned safety margin to be able to accommodate these in future 
periods. Further details are provided in A.1.

Electricity storage operational algorithms. The third and final system component requiring active operational management is the 
on-site energy storage system. We implement a heuristic approach that has been demonstrated to perform well under real-world 
conditions (Gust et al., 2021). We update battery-specific decision variables 𝛽𝐶ℎ𝑎𝑟𝑔𝑒𝑠,𝑡  and 𝛽𝐷𝑖𝑠𝑐ℎ𝑎𝑟𝑔𝑒𝑠,𝑡  every five minutes7:

– Temporal arbitrage (TA): The algorithms exploit the structure of the underlying time-of-use electricity tariff. During off-peak 
hours the battery is charged at a constant rate until the upper bound of the allowable energy content is reached. During on-peak 
periods, the battery is discharged at a constant rate to reduce the amount of electricity purchased at the higher on-peak price.

3.2.3. EVCH preference data
We populate the simulation’s base architecture consisting of the above-described asset models and operational policies with an 

EVCH-specific high-resolution model of parking and charging preferences. EVCH user preferences (of an individual 𝑗) are described 
by the three-dimensional vector 𝑣𝑗 = (𝐴𝑗 , 𝛿𝑗 , 𝑒𝑑𝑗 ) where 𝐴𝑗 is the time of arrival, 𝛿𝑗 the duration of stay and 𝑒𝑑𝑗  the requested energy. 
𝛿𝑗 and 𝑒𝑑𝑗  define what is referred to as laxity (𝑙𝑎𝑥𝑗 = 𝛿𝑗 −

𝑒𝑑𝑗
𝜅𝑖 ) (Lee et al., 2019). 𝑙𝑎𝑥𝑗 = 0 means that a vehicle 𝑗 needs to charge 

at the maximum available rate 𝜅𝑖 for the entirety of its stay, while higher laxity values indicate more room for active charging 
management. Time of entry 𝐴𝑗 determines the earliest planning period by which a certain charging event needs to be initiated. We 
start by building a model of current archetypical parking patterns. We do this in order to understand what typical parker types exist 
and how the user base composition can vary across facilities. A taxonomy of parker types can also be useful for building synthetic 
user population datasets based on assumed parker type shares wherever real-world data is not available. We leverage a unique, 
large-scale transaction-level parking dataset that was provided by a major European real-estate investor and includes transactions 
from seven large-scale parking garages.8 We use a full year of data to capture daily, weekly and yearly seasonality. 2019 is chosen 
as a reference year to filter out pandemic-related effects. In total, our data comprises 3.84M parking events. We cluster parking 
events 𝑗 based on 𝐴𝑗 and 𝛿𝑗 , the two core parameters of interest at this modeling stage. All details related to data pre-processing, 
selection of clustering algorithms, and robustness tests are provided in e-companion B. In Table  2 we summarize our results. The 
largest proportion of parking events in our dataset is made up of three short-term parker types (Morning Short, Afternoon Short and
Evening Short). These users enter a parking lot in the morning, afternoon, or evening respectively and typically stay for periods of 
1–2 h. We also observe a Business cluster, which comprises parking events that commence in the early morning (7:26 am on average) 
and last for an average of 8 h. Two additional segments comprise longer-term parking events. These are Overnight parkers, which 
enter the parking lot in the late afternoon and stay until the next morning (typically 15.8 h on average), and Long-term parkers that 
stay for periods longer than 24 h on average.

We then look at the distribution of parker types across the different facilities in our dataset. Three archetypical facilities can 
be identified: The first facility type is a typical workplace facility that caters mostly to Business parkers. The second facility type 
is a destination facility. Apart from a small proportion of business users, such facilities mostly host short-term parkers. Finally, we 
also observe facilities with less conclusive usage patterns experiencing strong demand from all segments. We term these mixed-use 
facility.9 Typical occupancy profiles for each of the three facility types are shown in Fig.  3.

Finally, we focus on the third required preference input variable: the requested energy per vehicle 𝑒𝑑𝑗 . We employ a recently 
published real-world dataset by Lee et al. (2019) containing >25,000 charging transactions for the year 2019. Per each charging 
transaction the full preference vector 𝑣𝑗 = (𝐴𝑗 , 𝛿𝑗 , 𝑒𝑑𝑗 ) is available. We blend the charging data (which only contains served sessions 

7 Note that battery decisions are made after the previously described charging decisions are made and that the available battery capacity at the start of each 
planning period is available for EV charging.

8 Each row in this dataset represents a single parking event 𝑗 with corresponding arrival and departure preference information. For privacy reasons, individual 
users cannot be identified.

9 The example shown in Fig.  3 (right panel) is a large-scale inner-city parking facility that caters to workers, visitors, and residents.
9 
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Fig. 3. Occupancy profiles per parker type (three archetypical parking facilities).

Table 2
Preference characteristics per parker type.
 𝑘 Name Cluster size Characteristics
 (avg & std. in parentheses)
 𝑁 share 𝐴𝑗 𝛿𝑗 𝑙𝑎𝑥𝑗 a

 1 Business 671,384 17.47% 7:26 am (1.43 h) 7.92 h (2.73 h) 6.29 h (2.84 h)  
 2 Morning Short 1,279,646 33.30% 11:10 am (1.33 h) 2.12 h (1.90 h) 1.31 h (1.75 h)  
 3 Afternoon Short 985,710 25.65% 3:03 pm (1.00 h) 1.73 h (1.35 h) 1.08 h (1.30 h)  
 4 Evening Short 744,753 19.38% 6:17 pm (1.84 h) 1.47 h (1.30 h) 1.11 h (1.35 h)  
 5 Overnight 129,273 3.36% 5:22 pm (4.01 h) 15.84 h (4.02 h) 12.65 h (4.40 h) 
 6 Long-term 32,241 0.84% 2:28 pm (4.94 h) 37.04 h (6.70 h) 35.80 h (6.98 h) 
a Assuming 22 kW max. charge rate.

that are constrained by the available infrastructure) with our parking dataset (which contains all parking requests per facility) using 
techniques from collaborative filtering. We train a prediction model on the labeled (Lee et al., 2019) dataset and use the resulting 
model to predict charging demand in the parking dataset. We obtain an exponentially distributed charging demand across the entire 
population of EVs with an average demand of 26.46 kWh (𝜎 = 17.20 kWh) per parking session.10 The distributional shape of charging 
demand is consistent with the one seen in other empirical EV charging settings (e.g., Ferguson et al., 2018). Crucially, however, 
Table  2 highlights important implications for charge management resulting from the different compositions of parker types in a 
facility. As can be seen, the average laxity varies significantly across parker types. Thus, parking facilities with a high proportion 
of high-laxity parkers (e.g., Business, Long-term) benefit from considerably higher flexibility characteristics with higher scope for 
optimization through intelligent charge management and parallel charging at lower rates.

3.2.4. Combining asset models, operational algorithms and preferences into an EVCH Digital Twin
Combining asset models, operational algorithms, and charging demand preferences yields a high-resolution DT of the envisioned 

EVCH system. Figs.  4 and 5 highlight the internal mechanics of the DT environment.11 Fig.  4 represents the demand side and 
visualizes load curves for the various load sinks in the EVCH (EV charging, building baseload, battery storage charging) over the 
simulation horizon. Building load curves follow a recurring daily pattern ramping up during the day and down again during the 
night. Loads are slightly lower on the weekend (especially on Sunday). Note also the battery storage load, which reflects the temporal 
arbitrage strategy.

The power requested by the above-described load sinks is supplied by the grid, the on-site generation unit (PV), or the on-site 
electricity storage. The behavior of the supply side is shown in Fig.  5. Note how the exact supply mix heavily depends on the time 
of day (e.g., no PV generation after sunset, battery disc) and even weather conditions (note the considerably higher PV output in 
the middle of the week).

10 We also apply some limited post-processing by limiting 𝑒𝑑𝑗  to a realistic maximum bounded by the typical size of batteries (100 kWh) and feasible energy 
transfer over the duration of stay assuming 50 kW maximum charge rate.
11 Shown here for a random week in a mixed-use facility using Lowest-laxity-to-highest-capacity routing, optimal charging and temporal arbitrage storage 

operations.
10 
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Fig. 4. Power supply by load sink over one-week simulation horizon (Monday to Sunday, Mixed-use facility).

Fig. 5. Power supply by load source over one-week simulation horizon (Monday to Sunday, Mixed-use facility).

3.3. Setting up the SAC RL framework

Defining the design objective and the DT environment now allows us to address the system design challenge over multiple stages 
in an effort to obtain a (near-optimal12) solution.

For the case at hand and given that planning decisions are made over multiple stages ℎ in planning horizon , the problem 
can be framed as a stochastic sequential decision-making problem. This decision process can be cast as a Markov Decision Process 
(MDP). An episodic task emerges, which starts at the beginning of the planning horizon (ℎ = 0) and runs through the last investment 
stage ℎ = ||, with the epochs being the individual decision stages (e.g., beginning of each year).

The MDP is formulated as a tuple ( ,, ,, 𝛾), where the elements represent the state space, action space, transition probability, 
reward function, and the discount factor respectively. The state 𝑠 = (ℎ, 𝑠𝑐ℎ𝑎𝑟𝑔𝑒𝑟𝑠, 𝑠𝑔𝑟𝑖𝑑 , 𝑠𝑃𝑉 , 𝑠𝑠𝑡𝑜𝑟𝑎𝑔𝑒) is defined as a vector of the time 
(i.e., the planning stage ℎ) and the infrastructure which is accumulated over all previous stages. Actions are described by the vector 
𝑎 = (𝑎𝑐ℎ𝑎𝑟𝑔𝑒𝑟𝑠, 𝑎𝑔𝑟𝑖𝑑 , 𝑎𝑃𝑉 , 𝑎𝑠𝑡𝑜𝑟𝑎𝑔𝑒) and comprise planning decisions, such as the number of fast/slow docks with a specified number 
of plugs, the number of transformers, the PV capacity and storage to be installed. In line with the planning objective defined in 
Step Ê, we define the reward for moving from state 𝑠ℎ to 𝑠ℎ+1 as 𝑟 = 𝑟(𝑠, 𝑎) = −(𝐶𝛷 + 𝐶𝛺 + 𝐶𝛹 ), which includes the investment 
cost, the operational costs, and 𝐶𝛹  which represents a penalty related to unserved charging demand. Note that the reward is the 
negative value of costs. Despite a deterministic state transfer function, exact reward functions are stochastic and unknown. In other 
words, given a decision, the next state is known, while the expected reward is unknown unless the state is evaluated in the EVCH 
DT environment. Therefore, we employ model-free reinforcement learning to find an optimal EVCH configuration policy 𝜋∗. The 
facility investment policy 𝜋 ∶  ×  ←←→ [0, 1] maps the state of the environment to an investment decision for each planning time 

12 Note that global optimality cannot be guaranteed for most learning or search methods.
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step. Note that the output of the policy is standardized for all action components to be between 0 and 1. Furthermore, each action 
component is individually scaled based on the associated lower and upper bounds.

To find the optimal policy, two classes of RL algorithms have been proposed in the literature (Sutton and Barto, 2018): (1) 
value-based algorithms which learn the state/action-state values by interactions and shape the optimal policy using the learned 
values, and (2) policy-based algorithms which directly evaluate and improve the current policy until converging to near-optimal 
solutions.

As mentioned, value-based models such as Q-learning can run into issues of tractability in large state–action space environments 
like EVCH sizing. Therefore, we opt for a soft actor-critic (SAC) model which combines value-based and policy-based concepts. SAC 
is an off-policy actor-critic deep RL algorithm that works based on the maximum entropy learning framework (see Appendix  C.1 
for the differences between traditional actor-critic and SAC). In other words, the actor of SAC aims to learn a policy 𝜋(𝑎ℎ|𝑠ℎ) that 
maximizes expected reward (negative values of costs) while also maximizing entropy to improve the exploration which is vital for 
large-scale problems. Therefore, the objective of learning the policy is defined as follows: 

𝐽 (𝜋) =

∑

ℎ=0
E𝑠ℎ ,𝑎ℎ∼𝜌𝜋 [𝑟(𝑠ℎ, 𝑎ℎ) + 𝛼(𝜋(.|𝑠ℎ))] (2)

Where 𝜌𝜋 denotes the marginal of the trajectory distribution induced by policy 𝜋(𝑎ℎ|𝑠ℎ). The temperature parameter 𝛼 adjusts the 
importance of the entropy term against the reward, and thus controls the stochasticity of the optimal policy. A key strength of SAC, 
setting it apart from other RL algorithms, is its powerful exploration capability. First, the policy is inherently stochastic, adding 
randomness to action selection. Second, the algorithm includes an entropy term in its objective function, promoting the exploration of 
less-visited policies. By adjusting the weight of this entropy term, SAC effectively balances exploration and exploitation. Additionally, 
random noise is introduced to the actions to prevent the model from getting stuck in local optima. For a detailed explanation of the 
SAC algorithm, we refer to Haarnoja et al. (2018).

To overcome the curse of dimensionality we use deep neural networks to represent both critic (value network) and actor (policy 
network). The value network evaluates the value of the current policy through interaction with the environment and the policy 
network makes decisions based on the current state of the system. Each network is fully connected and includes multiple (4) hidden 
layers with different number of nodes (256, 512, 512, 256) (See Appendix  C for details). We train both networks from the agent’s 
past experience using temporal-difference algorithms. This means that each experience in buffer contains one interaction with the 
environment, including state, action, immediate reward, and next state. To improve stability of the critic network, we also use a 
target network that gets updated less frequently and to increase the chance of more comprehensive exploration we add extra noise 
to the output of our policy network in the training phase.

In problems with multi-dimensional action spaces, using continuous-to-discrete mapping significantly enhances the scalability 
of the model compared to discrete action space models (e.g., Christodoulou, 2019), which must account for all possible action 
combinations. This scalability is crucial for addressing large-scale problems in real-world scenarios. We will illustrate this advantage 
by conducting a scalability analysis of our proposed model and comparing it with traditional discrete action space models. Our MDP 
contains discrete integer actions which may be better suited for discrete RL models at first glance. However, even state-of-art deep 
learning function approximation approaches do not easily scale to the number of action combinations (58 alternatives for each 
decision step) encountered in this problem. Alternatively, making use of integer relaxation, we can employ a continuous SAC model 
which is considerably more scalable than discrete (value-based) alternatives. Similar to Dulac-Arnold et al. (2015), our model first 
takes actions within a continuous space and then maps them to a discrete action set. We will define: 

𝑓𝜃𝜋 ∶  ←←→ R𝐷, 𝑓𝜃𝜋 (𝐬) = 𝐚̂ (3)

𝑓𝜃𝜋  is a function parameterized by 𝜃𝜋 (the policy network parameters), mapping from the state space  to the continuous action 
space R𝐷, where 𝐷 is the dimensionality of the action space. The output of this function (𝐚̂) is likely not a valid set of actions for 
the environment as it will contain non-integer values that might violate the physical constraints of the environment. Therefore we 
define a mapping function as follows:

𝑔 ∶ R𝐷 ←←→  (4)
𝑔(𝐬, 𝐚̂) = 𝑎𝑟𝑔𝑚𝑖𝑛

∑

𝐷
(𝑎𝑑 − 𝑎̂𝑑 )2 (5)

𝑎𝑑 ∈ + ∪ {0} ∀𝑑 ∈ 𝐷 (6)
𝑠𝑑 + 𝑎𝑑 ≤ 𝑢𝑑 ∀𝑑 ∈ 𝐷 (7)

𝑔 is a mapping function from a continuous space to a discrete space, constrained by the physical capacities of the environment.
Based on findings of Dulac-Arnold et al. (2015), although the architecture of our policy is not fully differentiable, we can 

nevertheless train our policy by following the policy gradient of 𝑓𝜃𝜋 . To do so we define a simpler policy 𝜋𝜃 = 𝑔◦𝑓𝜃𝜋 . In this 
initial case we can consider that the policy is 𝑓𝜃𝜋  and that the effects of 𝑔 are a deterministic aspect of the environment. This allows 
us to adopt a standard policy gradient approach to train 𝑓𝜃𝜋  on its output 𝐚̂, effectively interpreting the effects of 𝑔 as environmental 
dynamics. In addition to this, we include the physical restriction of each action component using constraint (7), whereby unfeasible 
actions are prevented. As an example of this, the number of installed PVs cannot exceed the area capacity of the EVCH. The addition 
of the continuous-to-discrete layer in the agent’s policy is the primary modification compared to traditional SAC models. In order to 
ensure that the integer relaxation does not cause our model to converge to a local optimum, we benchmark the SAC model results 
12 
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Fig. 6. Convergence and optimality characteristics of our proposed model as compared to DQN and mathematical programming - Values resampled to minimum 
out of 10 consecutive episodes.

with a deep Q-network agent which uses a discrete action space as well as with a perfect-information mathematical model. The DQN 
model does not rely on integer relaxation while the mathematical model represents the optimal solution under perfect information. 
The details of this comparison are provided in Section 4 and offer reassuring evidence that divergence to a local optimum is unlikely 
an issue in our experiments.

4. Performance evaluation and benchmark

We now evaluate our SAC-based RL model. We first present the convergence and optimality characteristics of our approach in 
comparison to traditional optimization methods, as well as popular reinforcement learning techniques, including the value-based 
Deep Q-Network (DQN) and the actor-critic Deep Deterministic Policy Gradient (DDPG) algorithms. Subsequently, we analyze the 
scalability properties of our SAC-based reinforcement learning model. All experiments are performed on a research workstation with 
an AMD Ryzen Threadripper 3970X 32-Core processor and 256 GB of RAM. To achieve tractability of the mathematical programming 
benchmark, we introduce several simplifications across the three modeling approaches to ensure a fair comparison. First, we limit the 
problem size to 200 parking spots. Second, facility operations are assumed to be optimal (optimal vehicle placement and charging) 
and stochasticity is neglected (i.e., assuming perfect foresight). Third, we reduce the operational detail of the EVCH simulation by 
adopting an hourly temporal resolution.

4.1. Evaluating convergence and optimality properties

In Fig.  6 we present convergence and optimality characteristics of our main model, the SAC-based RL framework, as compared 
against the optimal solution derived using mathematical programming. We also include two additional RL-based benchmark models 
in the comparison. First, we implement a value-based DQN reinforcement learner based on the algorithm presented in Van Hasselt 
et al. (2016) and used extensively in extant OM research. Second, we implement an alternative actor-critic method, the DDPG 
algorithm, based on Lillicrap (2015). This approach is more closely aligned with our proposed model, which utilizes the SAC 
algorithm. Details on all four models are presented in Appendix  C.

In our experiments, SAC achieves a near-optimal solution in just 400 episodes, significantly outpacing DQN and DDPG, which 
converge after approximately 700 and 550 episodes, respectively. The optimality gap of the SAC model is significantly lower than 
that of the DQN and DDPG approaches (10% for SAC vs. 19% for DQN, and 22% for DDPG). We attribute these superior convergence 
and optimality gaps characteristics of SAC compared to DQN to the large state–action space of the given problem (8 discrete decision 
with 5 options each). Scalability to large state–action spaces is a well-known drawback of value-based approaches such as DQN 
which require more and more exploration to train larger and larger deep-Q networks (number of output nodes equals the number 
of actions that can be taken Dulac-Arnold et al., 2015). Indeed, this is confirmed in our experiments with larger/real-sized problem 
instances, where the DQN fails to converge in a reasonable amount of time (48 h). SAC can handle highly-dimensional problem 
spaces significantly better than DQN. This is due to the core ‘‘actor’’ component learning the policy function directly without the 
need to evaluate all possible actions per state. Instead, the actor returns actions directly in a continuous space, resulting in a smaller 
13 
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Table 3
Evaluation of scalability and optimality.
 EVCH facility size 20 50 100 200 500 1000

 t gap t gap t gap t gap t gap t gap

 Mathematical program 4 0.00 248 0.00 842 0.00 5937 0.00 no solution no solution
 DQN 932 0.05 1950 0.35 5420 0.14 18,582 0.19 no solution no solution
 DDPG 343 0.05 1330 0.13 1780 0.12 2474 0.22 no solution no solution
 SAC 174 0.04 396 0.15 990 0.11 2115 0.10 15,919 – 42,714 –  
Notes: Problem size given by number of parking spots in facility, 𝑡 indicates the solution/convergence time in seconds (excluding time needed for hyperparameter 
tuning); 𝑔𝑎𝑝 indicates the optimality gap; DQN: Deep Double Q-Networks RL model, DDPG: Deep Deterministic Policy Gradient RL model, SAC: Soft Actor-Critic 
RL model.

network. While DDPG leverages both actor and critic networks, it struggles with the trade-off between exploration and exploitation. 
The DDPG algorithm employs a deterministic policy and relies only on action noise added to the policy output for exploration. Our 
results demonstrate that in complex environments with high-dimensional action spaces, the SAC algorithm outperforms traditional 
actor-critic models like DDPG (Haarnoja et al., 2018).

4.2. Evaluating scalability to real-sized problems

We now run several additional experiments aimed at understanding scaling performance of the SAC-based planning approach 
and its performance against benchmark algorithms for smaller and larger problem sizes.

First, we explore whether SAC has advantages when it comes to scaling to practical problem sizes, i.e., EVCHs significantly larger 
than the previously explored 200 parking spots. To this end we iteratively increase the problem size from an initial facility size of 
just 20 parking spots to up to 1000 over the course of six experimental runs. 1000 parking spots is a size that is representative of 
a large parking lot (see Section 3.2.3). Results are shown in Table  3. Solution time as a function of EVCH facility size increases 
exponentially for the mathematical programming framework. The model requires just 4s to solve a 20 parking spot EVCH planning 
problem to optimality, but 5937 s to reach an optimal solution for a facility 10 times the size (200 parking spots). No convergence is 
achieved for problem sizes significantly larger than that (e.g., 500 parking spots and upward) meaning mathematical programming 
is not a practical option for many real-sized EVCH planning scenarios. Our SAC framework, on the other hand, exhibits significantly 
more favorable scaling and tractability properties. It achieves solution times 64% lower than mathematical programming for a 200 
parking spot facility. It also scales to problem sizes of 1000 parking spots for which convergence is reached in just under 12 h. SAC 
converges very closely to the global optimum reaching optimality gaps between 4% to 15% across our experiments. Notably this is 
also reflected in the specific planning decision derived by SAC, which closely resemble optimal planning decisions. Please refer to 
Appendix  E for a deeper analysis of individual planning decisions for all benchmark models.

Our results also highlight the scalability advantages of our proposed model (SAC) compared to value-based (DQN) and 
traditional actor-critic (DDPG) algorithms. While both DQN and DDPG perform close to optimal solutions for small facility sizes, 
their performance significantly deteriorates for sizes exceeding 200, and neither converges even after 1000 episodes. For DQN, 
convergence is slower even for small problems, and for larger facilities (e.g., 500 and 1000), the algorithm struggles to find good 
solutions due to the curse of dimensionality, as the action space becomes excessively large. Similarly, DDPG requires more time 
to converge compared to SAC, and the gap widens for large facilities. In such cases, DDPG fails to converge, primarily due to its 
reliance on insufficient exploration mechanisms, which is a limitation of traditional actor-critic models like DDPG (Colas et al., 
2018).

As noted above, for reasons of comparability, these benchmark results are for an abstracted version of the EVCH sizing 
problem (perfect foresight, low temporal granularity and simplified operational detail). An additional benefit of adopting SAC 
versus mathematical optimization lies in the fact that operational and temporal detail do not increase the problem size and 
thus do not significantly impact solution time. This is because the modeling of operations is relegated to the DT simulation. 
Consequently, simulating real-sized EVCH systems in close to full operational detail, real-time (e.g., 1 min discretization) and 
over large sets of sensor data (e.g., months or even years) become possible. SAC-derived solutions can therefore be expected to 
generalize better to real-world stochastic conditions compared to the optimization-derived solutions. Note that stochastic and/or 
robust optimization approaches have not been explored in this work due to their significantly higher computational requirements 
compared to deterministic approaches which exacerbate scalability concerns.

5. Scenario analyses

Finally, we use our SAC model in conjunction with the DT simulator to run extensive sensitivity testing under close-to real-
world conditions. Aspects of particular interest here are: user preference scenarios and operational policy choices and their impact 
on planning decisions. For illustrative purposes, we report configurations achieved in the final planning state (ℎ=9) only, i.e., we 
neglect the scale-up pathway until that state is reached. Details on parameterization are provided in Appendix  D.
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Fig. 7. RL-derived system configuration decisions for three archetypical EVCH facilities.

5.1. Impact of variations in user preferences

In Fig.  7 we compare SAC-derived infrastructure investment decisions for three archetypical EVCH facilities (Destination, Mixed-
use, Workplace). The results reveal significant sensitivity of optimal physical layout decisions to user preferences. Recall that 
Destination facilities are primarily used for short-term parking (large proportion of Morning Short, Afternoon Short and Evening Short
parkers), Mixed-use facilities exhibit a heterogeneous user pool, while Workplace facilities are primarily used by commuters with 
long stays (see Table  2 and Fig.  3). Consequently, average laxity characteristics vary considerably across facility types. For example, 
the average laxity of parkers in a Destination facility is considerably lower than that of a Workplace facility where users remain 
parked for prolonged periods. We see these preference differences reflected in the derived EVCH configurations across the three 
facilities. Specifically, for the facility with the lowest average laxity (Destination facility), the RL algorithm chooses to provision 
primarily single-connector AC docks along with a small number of single-connector fast chargers. A single-connector setup ensures 
that the full charging power is available at all times but comes at the risk of vehicles blocking an entire dock even after completing 
a charging cycle. The latter issue seems to be less problematic in a destination parking setting, where users do not stay long on 
average. At the other end, the infrastructure setup for a Workplace facility tends to favor multi-connector docks, particularly AC 
double-connector docks, thus taking advantage of the higher laxity of the underlying user population that affords longer charging 
cycles at lower rates. The third facility type (Mixed-use) falls somewhat in the middle between the previous two extremes. This is 
consistent with its laxity profile that lies between that of the Destination and Workplace facilities. It is noteworthy that DC charging 
plays a minor role in any scenario. EVCH charging use cases can mostly be satisfied at lower charging rates.

In terms of power supply infrastructure, the Destination facility requires an additional 200 kW transformer versus the other 
scenarios to achieve the target service level and satisfy low-laxity charging requests at higher charging rates. Some PV and battery 
storage is installed in all scenarios.

5.2. Impact of operational policy choices

Next, we leverage the flexibility characteristics of the DT approach by investigating the impact of different operational policies 
on the sizing decisions and the system’s cost performance. As mentioned, such analyses would mean major model reformulation for 
optimization frameworks but are easily implemented in a DT-based model. In Fig.  8, we explore the impact of routing decisions for 
a Mixed-use facility, assuming FCFS charging operations. We find that the planning outcome is sensitive to the choice of routing 
strategy, as is the cost performance of the derived system. The more sophisticated routing strategy (LLHC) relies on more multi-
connector docks and requires fewer alternative power sources (PV and storage) in an optimal setup compared to the same facility 
operated with LUF routing. Total system cost savings amount to 8.4%.

We perform a similar sensitivity analysis for the choice of charging strategy. Fig.  9 displays RL-derived infrastructure decisions 
and system cost performance for the same Mixed-use facility, assuming LLHC routing. We observe a largely similar picture here. 
Planning decisions are sensitive to the choice of charging strategies (e.g., more multi-dock chargers, more PV, and more battery 
with optimal strategy), as is cost performance (i.e., the best performance of the system with optimal charging with savings of 1.7 
to 3.2% against the alternative strategies).

In sum, we show that the physical EVCH configuration (𝛱) is highly sensitive to 𝛺, the EVCH operational policy. In general, 
the more sophisticated the operational policies, the lower the total infrastructure requirements and the better the overall cost 
performance of the system. Thus, in order to obtain optimal planning decisions, operations managers need alignment on how they 
intend to operate the service system. Different operational strategies require different infrastructure layouts to achieve optimal 
performance and result in different total system costs.
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Fig. 8. RL-derived system configuration and performance against objective for different routing policies and a mixed-use facility.

Fig. 9. RL-derived system configuration and performance against objective for different charging policies and a mixed-use facility.

6. Discussion

In this work we consider the problem of planning large-scale electric charging hubs (EVCHs). We define EVCHs as locally 
concentrated and centrally operated clusters of charging infrastructure that are typically integrated with on-site generation, storage 
and adjacent building infrastructure. Examples include workplace parking facilities, EV-enabled inner city parking garages or EV 
fleet depots. Planning these complex operational systems over a multi-year investment horizon represents a high-dimensional, 
dynamic and stochastic decision problem. Such planning problems have traditionally been approached by means of mathematical 
programming (e.g., Kazemi et al., 2016; Li et al., 2020). These frameworks are subject to computational challenges (e.g., NP-
hardness) that can limit scalability to practical system sizes. As a result, simplifying assumptions related to, for example, temporal 
granularity, operational detail, system size, decision horizon or stochasticity are required to achieve tractability. This can come at 
the expense of generalizability to real-world conditions and does not take advantage of the wealth of granular operational data that 
has become increasingly abundant (Choi et al., 2022).

We develop and evaluate an alternative data-driven solution approach to the EVCH planning challenge, thus responding to calls 
from the scientific community and real-world sectors to develop methods that make use of and incorporate granular operational 
and preference data into OM frameworks (Qi and Shen, 2018; Cohen, 2018; Choi et al., 2022; Ketter et al., 2023).

The proposed solution – the core contribution of this work – leverages modern reinforcement learning (RL) (specifically soft 
actor-critic (SAC) RL) in combination with fine-grained data-driven simulation, also referred to in this work as Digital Twin (DT). 
SAC, a policy-based RL method, is better suited for the significant size of the action combinations in EVCH planning (e.g., wide 
variety of asset classes such as different EV charger types, PV, on-site battery, transformers, etc. each with large set of discrete 
options over multiple investment periods) compared to value-based deep learning function approximations. This is primarily due 
to the continuous nature of the action space in a SAC model. To adapt the continuous SAC model to the discrete action space of 
EVCH planning, our model first takes actions within a continuous space and then maps them to a discrete action set. We show that, 
for the case of EVCH, the proposed SAC-based model delivers on the key theoretical and practical benefits of RL: (1) scalability, (2) 
incorporation of operational detail and large-scale stochastic preference data, and (3) modeling flexibility. We also demonstrate that 
concerns around the lack of optimality guarantee are largely unfounded with our model converging closely to the global optimum 
across all our experiments despite the integer relaxation adopted in our approach. We provide further details on these key results 
in the following.
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In terms of scalability, we demonstrate experimentally that using soft actor-critic RL in combination with a data-driven simulation 
environment is scalable to real-world EVCH system sizes of 1000 parking spots for which the model converges in under 12 h. 
Optimization methods (similar to the one proposed in Li et al. (2020)) only scale to EVCH facility sizes of approx. 200 parking spots 
and fail to converge (within the 48 h time constraint) for larger problems. An important caveat is the need for significant modeling 
simplifications, such as coarser temporal discretization, less operational detail and deterministic realization of normally uncertain 
parameters (e.g., arrival times, charging demand) to achieve tractability for these problem sizes with mathematical programming. 
Scalability (and optimality gap performance) of our SAC-based method also compares very favorably against alternative RL 
approaches, specifically the popular value-based DQN approach. For the 200 lot benchmark problem SAC converges within 400 
episodes versus 700 episodes for DQN and achieves an optimality gap of just 10% versus 19% for DQN.

Another theoretical benefit of RL that we are able to exploit for this work on EVCHs and that distinguishes our method from 
extant optimization-based planning frameworks is the fact that RL scales almost independently of operational detail and data set 
size, due to the framework’s reliance on a simulation rather than a mathematical model to capture system dynamics. This allows us 
to leverage data on preferences, operations and asset characteristics in great detail (e.g., 1 min intervals) and over long periods of 
operational data (e.g., months). For example, we use real-time parking and charging data to develop a novel taxonomy of parker 
types along and their charging preferences. We show that parking events can be classified into one of six categories (e.g., business 
parkers, overnight parkers, etc.) and that archetypical facility types (e.g., a workplace facility) exhibit very distinct parker population 
patterns. These data-driven and very granular preference models power our EVCH simulation and allow us to align our simulation 
with real-world conditions as much as possible. We posit that this will result in better performance of the target system under 
real-world conditions. Indeed, using high-detailed simulation environments both in terms of temporal granularity and preference 
granularity provides significant and quantifiable value. Our experiments reveal better cost performance of the derived planning 
decision vs. models where we either use coarser time periods (approximately 20% cost increase vs. the benchmark case as we increase 
modeling granularity to 2 h) or where we use distributional assumptions of preferences instead of real-world sensor data (significant 
45% drop in service level compared to the benchmark case). While traditional stochastic or robust optimization approaches can be 
specified to account for uncertainty in future realizations of parameters, this comes at the cost of larger models and associated 
performance penalties rendering these alternatives impractical for the large-scale multi-stage stochastic EVCH planning problem.

As an added benefits of relying on a simulator rather than a mathematical model of the physical EVCH environment, the 
proposed method is extremely flexible. The key benefit of this modeling flexibility is the ability to conduct extensive scenario 
analyses regarding user preferences, operational policy choices, asset configurations and cost assumptions that have practical use for 
operations managers looking to make data-driven EVCH planning decisions. This can be achieved without requiring extensive model 
reformulation. We explore how infrastructure requirements change as asset operations become more sophisticated highlighting 
the value of such operational policies (see Section 5). We are also able to model complex interactions between a wide variety 
of different loads (building, EV charging, battery charging) and power sources (grid supply, PB, on-site battery storage), which sets 
this work apart from extant EVCH research (e.g., Kazemi et al., 2016; Li et al., 2020; Babic et al., 2022). These scenario analyses 
yield several interesting findings that have practical implications for EVCH operations management. For example, we find that 
integrating generation (PV) and storage (on-site) assets into the EV charging hub is beneficial in most cases, but varies by facility 
type and the adopted charging and routing policies. We also demonstrate that the use of multi-server chargers is cost effective 
and can improve EVCH economics, especially if active vehicle routing and smart charging strategies are adopted and if the user 
population has high average laxity as would be the case in a typical workplace facility. Another interesting finding is that, in many 
scenarios, no significant investment in DC fast charging is required to achieve the desired service level. Opportunities to build on, 
expand and tailor these scenario analyses while leveraging our RL approach abound and we leave them for future work.

There are also several limitations of RL which we have explored extensively in this work and which we lay out here.
First, RL does not guarantee optimality (Sutton and Barto, 2018). This concern may be further exacerbated by the need for 

integer relaxation of several discrete decision variables in the proposed SAC framework. To provide evidence to the contrary, we 
run extensive simulation experiments on different EVCH system sizes to explore how closely to the global optimum our solution 
converges. We show that the solutions obtained in these experiments can be considered near-optimal (gaps between 4% and 15%).

It should also be considered that despite the highly detailed nature of the DT simulation, it is still an abstraction of reality that 
is subject to several limitations and simplifications. For example, we consider routing and charging decisions separately instead 
of jointly. We also do not allow for vehicle-to-grid operations and consider loads of the attached building loads to be exogenous, 
among other simplifications. Such limitations represent exciting avenues for follow-up work, and we leave them for future research.

Finally, our method is data hungry, meaning that it requires large amounts of granular operational data. We argue, that with 
the emergence of inexpensive sensor technology, ubiquitous computing, and mobile connectivity such data tends to be increasingly 
available (Choi et al., 2022). While the above-mentioned benefits of RL should warrant these data and implementation these costs 
there is an additional argument in favor of the proposed method: as opposed to traditional OM planning models, the simulation 
environment (DT) used as part of the RL framework is not single-use. Indeed, the DT can be readily bridged-over into the use phase 
of the EVCH by simply replacing historical sensor data streams with real-time data flows (Boschert and Rosen, 2016). In the system’s 
use phase, the DT then affords real-time system monitoring and optimization. We aim to exploit this multi-use characteristic in future 
work by leveraging the developed DT simulation in the development of novel high-performing learning algorithms for real-world 
EVCH operations.

In sum, our framework offers a novel practical method for OM practitioners to incorporate data-driven, high-fidelity simulators 
(i.e., DTs) combined with state-of-the-art reinforcement learning methods in the design phase of large-scale EVCH systems. The 
method yields near optimal planning solutions, scalability to real-world systems, the ability to incorporate and account for large-scale 
stochastic user and systems behavior as well as modeling flexibility.
17 



K. Schroer et al. Transportation Research Part C 177 (2025) 105126 
CRediT authorship contribution statement

Karsten Schroer: Writing – original draft, Methodology, Data curation, Conceptualization. Ramin Ahadi: Writing – original 
draft, Methodology, Data curation, Conceptualization. Wolfgang Ketter: Writing – review & editing, Validation, Supervision, 
Methodology, Funding acquisition, Conceptualization. Thomas Y. Lee: Writing – review & editing, Conceptualization.

Declaration of competing interest

The authors declare that they have no known competing financial interests or personal relationships that could have appeared 
to influence the work reported in this paper.

Appendix A. Operational modeling and algorithms

A.1. Optimal charging approach

Our charging model reconsiders the charging rate for connected vehicles at the beginning of each planning interval, thus 
following an online optimization paradigm.

The objective is to minimize the energy costs while meeting the charging demand of all connected vehicles (up to a predefined 
service level) over the look ahead planning window  𝛺. As we consider an uncertain case where the perfect information of upcoming 
vehicles is not available to the decision model, we make this conservative assumption to ensure that the service level is fulfilled.

First, the planning horizon must be chosen carefully due to its significant effect on model performance. In our simulations, we 
limit it to 6 h, which, given a planning interval 𝛥𝛺 of 15 min, breaks down to 24 decision steps (i.e., charging rates are re-computed 
every 15 min of simulation time). We term the set of decision steps  𝛺

Second, we consider a flexibility margin 𝜇𝑡 to accommodate future, yet unknown demand. Although this model outputs a vector 
of charging rates for each vehicle, we only use the first charging rate and reconsider decisions in the next charging time step based 
on the updated system state including the new arrived vehicles. 

𝑀𝑖𝑛𝛯
∑

𝑡∈ 𝛺
𝑇 𝑒𝑡 𝑒

𝐺𝑟𝑖𝑑
𝑡 + 𝑇 𝑝𝑝∗ (8)

The grid energy consumption 𝑒𝐺𝑟𝑖𝑑𝑡  accounts for the charging of vehicles (variables) as well as the storage (dis)charging, PV 
generation and building loads (storage rate is given as parameter before charging management). Constraint Eq. (10) guarantees that 
the grid energy consumption does not exceed the grid capacity minus the safety threshold we consider for the following time steps. 
We compute the induced peak in Eq. (11).

𝑒𝐺𝑟𝑖𝑑𝑡 =
∑

𝑗∈

∑

𝑘∈
𝛥𝑡(𝜓𝑘,𝑗,𝑡 + 𝛽

𝐶ℎ𝑎𝑟𝑔𝑒
𝑡 − 𝛽𝐷𝑖𝑠𝑐ℎ𝑎𝑟𝑔𝑒𝑡 − 𝑓𝑃𝑉𝑡

∑

𝜏=0
𝜅𝑃𝑉𝜏 + 𝑙𝑡) ∀𝑡 ∈  𝛺 (9)

𝑒𝐺𝑟𝑖𝑑𝑡
𝛥𝑡

≤ 𝑝𝐺𝑟𝑖𝑑𝑡 − 𝜇𝑡 ∀𝑡 ∈  𝛺 (10)

𝑝∗ ≥
𝑒𝐺𝑟𝑖𝑑𝑡
𝛥𝑡

− 𝑙∗ ∀𝑡 ∈  𝛺 (11)

We also ensure that all vehicles receive at least 𝜂 percentage of their charging demands (Eq.  (12)). Constraint Eq. (13) ensures 
that vehicle can only charge when they are physically present in the EVCH. Finally, Constraint Eq. (14) restricts the parallel charging 
of vehicles that are connected to charging dock 𝑘 to its charging capacity.

∑

𝑘∈

∑

𝑡∈ 𝛺
𝜓𝑘,𝑗,𝑡 ≥ 𝜂𝑒𝐷𝑗 ∀𝑗 ∈  (12)

0 ≤ 𝜓𝑘,𝑗,𝑡 ≤ 𝑈𝑗,𝑡𝑀 ∀𝑘 ∈ , 𝑗 ∈  , 𝑡 ∈  𝛺 (13)
∑

𝑗∈𝑘

𝜓𝑘,𝑗,𝑡 ≤ 𝜅𝑘 ∀𝑘 ∈ , 𝑡 ∈  𝛺 (14)

Appendix B. Preference modeling

In this Section we provide details on the clustering routine and robustness test employed to identify parking archetypes. We 
cluster parking events 𝑗 based on 𝐴𝑗 and 𝛿𝑗 , the two core parameters of interest at this modeling stage. To account for the circular 
nature of arrival time 𝐴𝑗 , which is not captured accurately by any distance-based clustering algorithm (for example, entries at 23:59 h 
and 0:00 h would be considered furthest apart despite their obvious proximity), we create two circular features 𝐴𝑠𝑖𝑛𝑗 = sin(2𝜋(𝐴𝑗∕24))
and 𝐴𝑐𝑜𝑠𝑗 = cos(2𝜋(𝐴𝑗∕24)). This yields the following vector of clustering variables 𝑣𝑐𝑙𝑢𝑠𝑡𝑗 = (𝐴𝑠𝑖𝑛𝑗 , 𝐴𝑐𝑜𝑠𝑗 , 𝛿𝑗 ), which we normalize.

Given the size of our dataset (3.84M observations) we limit our algorithm search to clustering algorithms that are sufficiently 
scalable. We run initial tests with three clustering algorithms: k-means++, a centroid-based algorithm, Gaussian Mixture Models 
(GMM) and BIRCH, a scalable density-based clustering algorithm. Overall, we find k-means++ to perform best in terms of runtime 
and stability. While GMM yields relatively similar results, BIRCH performs very poorly, yielding unstable and non-cohesive clusters 
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Fig. 10. Distribution of clustering variables per each cluster.

suggesting that relative density may not be a good identifier of clusters for the given dataset. We thus focus on fine tuning k-
means++. A major challenge in the application of k-means++ is to select the number of centroids (clusters) 𝑘 that are to be initialized 
and optimized for. To identify good candidate choices for 𝑘, We initially test integer values over an interval of reasonable values 
[0, 20] and compute Calinski–Harabasz scores per each clustering outcome (Calinski and Harabasz, 1974). These analyses suggest 
𝑘 = 5 or 𝑘 = 6 to be good choices. To validate and further narrow down our choice for 𝑘, we perform silhouette analyses for both 
candidate choices (Rousseeuw, 1987). We obtain the highest average silhouette coefficient ̄ for 𝑘 = 6 (̄ = 0.420). Finally, taking 
𝑘 = 6 as the best performing choice across the above described internal validity measures, we conduct extensive cross-validation to 
assess cluster outcome robustness. We iteratively perform 2-1 splits of the data and re-run k-means++ on the larger dataset, then use 
the fitted algorithm to predict the labels of the smaller (test) dataset. We find our clustering results to be stable with observations in 
the test set having the same label 99.14% (𝜎 = 0.51%, 100 replications) of the time. We run an additional set of robustness analyses, 
this time focusing on the amount of preference data that is required to identify parker types reliably. This analysis draws on Griffin 
and Hauser (1993) who looked at the question of how many customer interviews were required for reliable insights. Clearly, there 
is a benefit to prospective EVCH planners if the need for data was smaller than the full one year period we have considered thus 
far. We run tests for 2 weeks, 4 weeks and 12 weeks of data per each facility and check the robustness of the clustering results as 
compared to the clusters obtained on the full one-year facility dataset. We find that high quality clustering results can be obtained 
with just three weeks of data (95.28%, 𝜎 = 3.49%) accuracy vs. full one-year facility dataset. Beyond this threshold the value of 
additional data appears to diminish. At six weeks of data, for example, we obtain very similar accuracy (95.85% (𝜎 = 1.95%)), 
albeit slightly lower variance. In addition to internal validity and robustness of our clustering results we look at interpretability (or 
external validity). For this purpose, we presented our final clustering results (for 𝑘 = 6) to a range of practitioners and discussed 
their implications. The clusters were deemed consistent with the domain experts’ experience. In sum, we obtain six parker types 
that are supported both by internal criteria and real-world observation and can be readily identified with just three weeks of data. 
Fig.  10 shows the distributions of the two clustering variables per each final cluster.

Appendix C. Solution frameworks and models

In the following, we present the specifications of the model architectures developed and used in this research.
The common hyperparameters between the RL models are specified in Table  4. Model-specific parameters are explained 

separately. For each EVCH facility size, we tune the hyperparameters using a brute-force grid search, focusing on learning rate, batch 
size, training frequency, and hidden layers. The goal of the grid search is to find the best set of hyperparameters that converges to 
the highest objective function after training. Here we show the final hyperparameters for the main configuration used in the model 
benchmarking (200 parking spaces).

C.1. Main model: Soft Actor-Critic  reinforcement learner

Actor-Critic and Soft Actor-Critic models are reinforcement learning algorithms designed to identify optimal policies for 
sequential decision-making problems, but they differ significantly in their approaches and objectives. Generally, Actor-Critic models 
19 



K. Schroer et al. Transportation Research Part C 177 (2025) 105126 
Table 4
Hyperparameter configuration for reinforcement learning algorithms.
 Parameter DQN DDPG SAC

 Optimizer (learning rate) Adam (0.001) Adam (0.0001) Adam (0.0001)  
 Loss function MSE MSE MSE  
 Discount factor (𝛾) 0.99 0.99 0.99  
 Memory capacity 1,000,000 1,000,000 1,000,000  
 Steps prior to learning 1024 256 256  
 Training frequency 10 10 10  
 Batch size 64 256 256  
 Exploration strategy Epsilon decay Action noise Entropy maximization  
 Target network update rate (𝜏) 0.01 0.01 0.05  
 Hidden layer activation function ReLU ReLU ReLU  
 Number of hidden layers (nodes) 3 (256, 512, 256) 4 (256, 512, 512, 256) 4 (256, 512, 512, 256) 

consist of two key components: the actor, which defines the policy function responsible for selecting actions, and the critic, which 
evaluates the actor’s actions using a value function (Konda and Tsitsiklis, 1999). This framework aims to enhance policy performance 
by reducing variance in policy gradients through value-based feedback. SAC extends this model by including an entropy term in the 
objective function, encouraging the agent to balance exploration and exploitation by optimizing a trade-off between maximizing 
expected returns and policy entropy (Haarnoja et al., 2018). This objective improves training stability and sample efficiency, 
especially in environments with continuous or large action spaces. Additionally, SAC employs an off-policy approach, utilizing 
a replay buffer for more efficient data usage, whereas traditional Actor-Critic methods are often on-policy and require fresh data 
for updates (though not all Actor-Critic models are strictly on-policy). These characteristics make SAC particularly well-suited for 
complex, high-dimensional tasks requiring robust exploration and stability, such as the problem addressed in our study.

We utilize identical network architectures for both the actor and critic. We experiment with various hyperparameters for the 
actor and critic networks but found no significant impact on their performance, except for doubling the grid search size. The only 
contrast between the two is that we use a Tanh activation function in the final layer of the actor network, which yields a value 
between −1 and 1 for each sub-action and must be proportionally scaled based on the sub-action range. The SAC model utilizes 
Adam with a learning rate of 0.0001 to update the networks while implementing a batch size of 256. An automatic entropy tuning 
feature is also employed which is critical for SAC to minimize the impact of entropy in the objective function in order to achieve 
stable policies (Haarnoja et al., 2018). As suggested by existing literature (Haarnoja et al., 2018), a constant additional noise is 
applied during the training phase to enable the model to sufficiently explore the environment and mitigate the risk of local optima. 
The noise function follows a normal distribution with a mean of zero and variance of 0.05. We use Kaiming uniform initialization 
(also known as He initialization), which is the default weight initialization for a fully connected (feedforward) neural network (FNN) 
layer. This initialization is well suited for layers with ReLU or similar activation functions, as Kaiming initialization helps to maintain 
the variance of activations across layers. In addition, our model set the initial values of the biases to zero.

C.2. Benchmark RL model: DQN reinforcement learner

We use deep double Q-networks as the benchmark model in our study. For further details, please refer to Van Hasselt et al. 
(2016). The rationale behind Double Q-learning is to mitigate overestimation by breaking down the maximum operation in the 
target into action selection and evaluation. This results in the usage of two networks, one each for action selection and evaluation 
purposes. The action evaluation network is termed target network and undergoes lesser updates compared to the main network. To 
adjust the parameters of the target network, we adopt soft update, which is implemented as follows: 

𝜃′ ←←← (1 − 𝜏)𝜃′ + 𝜏𝜃 (15)

Where 𝜃′ represents the target network parameters, 𝜃 represents the main network parameters, and 𝜏 is the soft update weight, 
which ranges from zero to one. The hyperparameter grid search, as shown in Table  1, indicates that DQN requires a higher learning 
rate, lower batch size, and smaller hidden layers compared to SAC. Our exploration strategy employs an epsilon-decay algorithm, 
where random actions are chosen with decreasing probability of epsilon during the training process. In our model, epsilon begins 
at 0.3 and decreases to 0.01 after 600 episodes, and remains unchanged thereafter.

C.3. Benchmark RL model: Deep deterministic policy gradients

Deep Deterministic Policy Gradients (DDPG) is a model-free, off-policy reinforcement learning algorithm designed for continuous 
action spaces (Lillicrap, 2015). It combines the strengths of both Q-learning and policy gradient methods. Similar to SAC, DDPG 
utilizes an actor-critic architecture, where the actor network learns a deterministic policy to map states to actions, and the critic 
network evaluates the Q-value of the state–action pairs. Inspired by Deep Q-Networks (DQN), DDPG uses a replay buffer to store 
experiences and sample mini-batches for training, ensuring decorrelated updates and improved stability. Additionally, we employ 
target networks for both the actor and critic to stabilize training by providing a slowly updated, consistent set of parameters. 
To encourage exploration in deterministic policies, we add noise to the actions during training. Although DDPG is designed for 
continuous action spaces, we adapt it to the integer action space of our problem using the same modifications applied to our 
proposed SAC model.
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C.4. Upper bound benchmark: Mathematical programming model

A Mathematical Programming Model acts as upper bound in our benchmarks and is used to compute optimality gaps of RL-based 
models. We formulate the decision challenge as a feasibility problem which aims to satisfy all or a specified amount of total charging 
demand most resource efficiently while considering rate, space, and total capacity constraints. In doing so we expand on and adapt 
extant EVCH planning models (e.g., Li et al., 2020).

In line with the planning objective, we frame the problem as a cost minimization planning with the goal to jointly minimize the 
investment cost (𝐶𝛷) and the operations cost (𝐶𝛺) of the EVCH while ensuring a certain service level 𝜂𝑆𝑒𝑟𝑣ℎ . Formally, the objective 
can be expressed as follows: 

𝑀𝑖𝑛𝛯 [(𝐶𝛷(𝑥
𝑖,𝑛
𝑘,ℎ, 𝛿

𝑇 𝑟𝑎𝑓𝑜
ℎ , 𝜅𝑃𝑉ℎ , 𝜖𝐵𝑎𝑡ℎ ) + 𝐶𝛺(𝜔𝑘,𝑗,ℎ, 𝜓𝑘,𝑗,ℎ,𝑡, 𝛽

𝐶ℎ𝑎𝑟𝑔𝑒
ℎ,𝑡 , 𝛽𝐷𝑖𝑠𝑐ℎ𝑎𝑟𝑔𝑒ℎ,𝑡 )] (16)

Both cost items are defined as follows. The investment cost (𝐶𝛷) is the sum of the grid expansion cost (if any), the cost of charging 
infrastructure plus any installed PV and battery capacity over the full investment horizon . The operations cost (𝐶𝛺) is defined 
as the total sum of electricity costs over the investment horizon, where costs are only incurred on the electricity retrieved from the 
grid with 𝑒𝐺𝑟𝑖𝑑ℎ,𝑡 . Formally:

𝐶𝛷 =
∑

ℎ∈
[(𝑐𝑇ℎ 𝛿

𝑇 𝑟𝑎𝑓𝑜
ℎ +

∑

𝑘∈
𝑐𝑖,𝑛ℎ 𝑥

𝑖
𝑘,𝑗,ℎ + 𝑐

𝑃𝑉
ℎ 𝑝𝑃𝑉ℎ + 𝑐𝐵𝑎𝑡ℎ 𝜖𝐵𝑎𝑡ℎ )(1 + (|| − ℎ)𝜇𝑀𝑎𝑖𝑛𝑡)] (17)

𝐶𝛺 =
∑

ℎ∈

∑

𝑡∈
𝑇 𝑒ℎ,𝑡𝑒

𝐺𝑟𝑖𝑑
ℎ,𝑡 + 𝑇 𝑝ℎ 𝑝

∗
ℎ (18)

Note that 𝑒𝐺𝑟𝑖𝑑ℎ,𝑡  is accounted for on the basis of a two-part tariff charging for both the use of electricity from the grid (excl. PV 
generation and possible battery discharge 𝛽𝐷𝑖𝑠𝑐ℎ𝑎𝑟𝑔𝑒ℎ,𝑡 ) and demand charges arising from the induced peak load attributable to EVCH 
operations. Demand charges 𝑇 𝑝ℎ  are designed to incentivize efficient utilization of the grid (Gust et al., 2021) and are typically based 
on the monthly peak load induced by the facility. We therefore define 𝑝∗ as the excess of the expected base facility peak load 𝑙∗
(excl. EVCH operations) for state ℎ (Eq.  (20)).

𝑒𝐺𝑟𝑖𝑑ℎ,𝑡 =
∑

𝑗∈ℎ

∑

𝑘∈
𝛥𝑡(𝜓𝑘,𝑗,ℎ,𝑡 + 𝛽

𝐶ℎ𝑎𝑟𝑔𝑒
ℎ,𝑡 − 𝛽𝐷𝑖𝑠𝑐ℎ𝑎𝑟𝑔𝑒ℎ,𝑡 − 𝑓𝑃𝑉ℎ,𝑡

ℎ
∑

𝜏=0
𝜅𝑃𝑉𝜏 + 𝑙ℎ,𝑡) (19)

𝑝∗ℎ ≥
𝑒𝐺𝑟𝑖𝑑ℎ,𝑡

𝛥𝑡
− 𝑙∗ℎ ∀ℎ ∈ , 𝑡 ∈  (20)

The optimization is subject to additional operational and physical constraints.
∑

𝑘∈

∑

𝑡∈
𝜓𝑘,𝑗,ℎ,𝑡 ≥ 𝜂𝑆𝑒𝑟𝑣ℎ 𝑒𝐷𝑗 ∀ℎ ∈ , 𝑗 ∈ ℎ (21)

𝑥𝑖,𝑛𝑘,ℎ, 𝜔𝑘,𝑗,ℎ ∈ {0, 1} ∀𝑘 ∈ , ℎ ∈ , 𝑗 ∈ ℎ, 𝑖 ∈ , 𝑖 ∈  (22)
∑

𝑘∈

∑

𝑖∈

∑

𝑛∈

∑

ℎ∈
𝑥𝑖,𝑛𝑘,ℎ𝑛 ≤ 𝐿 (23)

∑

ℎ∈

∑

𝑖∈

∑

𝑛∈
𝑥𝑖,𝑛𝑘,ℎ ≤ 1 ∀𝑘 ∈  (24)

∑

𝑗∈ℎ

𝜔𝑘,𝑗,ℎ𝑈𝑗,ℎ,𝑡 ≤
ℎ
∑

𝜏=0

∑

𝑖∈
𝑥𝑖,𝑛𝑘,𝜏𝑛 ∀𝑘 ∈ , ℎ ∈ , 𝑡 ∈  (25)

∑

𝑘∈
𝜔𝑘,𝑗,ℎ ≤ 1 ∀ℎ ∈ , 𝑗 ∈ ℎ (26)

0 ≤ 𝜓𝑘,𝑗,ℎ,𝑡 ≤ 𝜔𝑘,𝑗,ℎ𝑈𝑗,ℎ,𝑡𝑀 ∀𝑘 ∈ , ℎ ∈ , 𝑗 ∈ ℎ, 𝑡 ∈  (27)
∑

𝑗∈ℎ

𝜓𝑘,𝑗,ℎ,𝑡 ≤
ℎ
∑

𝜏=0

∑

𝑖∈

∑

𝑛∈
𝑥𝑖,𝑛𝑘,𝜏𝜅

𝑖 ∀𝑘 ∈ , ℎ ∈ , 𝑡 ∈  (28)

∑

ℎ∈
𝜅𝑃𝑉ℎ ≤ 𝑅 (29)

𝑆𝑜𝐶ℎ,𝑡 = 𝑆𝑜𝐶ℎ,𝑡−1 + (𝛽𝐶ℎ𝑎𝑟𝑔𝑒ℎ,𝑡−1 − 𝛽𝐷𝑖𝑠𝑐ℎ𝑎𝑟𝑔𝑒ℎ,𝑡−1 )𝛥𝑡 ∀ℎ ∈ , 𝑡 ∈ {1, 2,… ,  } (30)

𝑆𝑜𝐶ℎ,0 =
ℎ
∑

𝜏=0
𝑆𝑜𝐶𝑚𝑖𝑛𝜖𝐵𝑎𝑡𝜏 ∀ℎ ∈  (31)

𝛽𝐶ℎ𝑎𝑟𝑔𝑒ℎ,𝑡 ≤ 𝛽𝐷𝑖𝑟𝑒𝑐𝑡𝑖𝑜𝑛ℎ,𝑡 𝛽𝑚𝑎𝑥 ∀ℎ ∈ , 𝑡 ∈  (32)

𝛽𝐷𝑖𝑠𝑐ℎ𝑎𝑟𝑔𝑒ℎ,𝑡 ≤ (1 − 𝛽𝐷𝑖𝑟𝑒𝑐𝑡𝑖𝑜𝑛ℎ,𝑡 )𝛽𝑚𝑎𝑥 ∀ℎ ∈ , 𝑡 ∈  (33)

𝛽𝐶ℎ𝑎𝑟𝑔𝑒ℎ,𝑡 𝛥𝑡 ≤
ℎ
∑

𝑆𝑜𝐶𝑚𝑎𝑥𝜖𝐵𝑎𝑡𝜏 − 𝑆𝑜𝐶ℎ,𝑡−1 ∀ℎ ∈ , 𝑡 ∈ {1, 2, .. } (34)

𝜏=0
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𝛽𝐷𝑖𝑠𝑐ℎ𝑎𝑟𝑔𝑒ℎ,𝑡 𝛥𝑡 ≤ 𝑆𝑜𝐶ℎ,𝑡−1 ∀ℎ ∈ , 𝑡 ∈ {1, 2, .. } (35)

𝑒𝐺𝑟𝑖𝑑ℎ,𝑡 ≤ 𝛥𝑡(𝜅𝐺𝑟𝑖𝑑0 +
ℎ
∑

𝜏=0
𝛿𝑇 𝑟𝑎𝑓𝑜𝜏 𝜅𝑇 𝑟𝑎𝑓𝑜) ∀ℎ ∈ , 𝑡 ∈  (36)

First and foremost, service level is guaranteed in Eq. (21). Note that the summation is bounded by set  , meaning that we consider 
the total supplied energy at the time of departure. This important constraint ensures that adequate infrastructure is provisioned 
despite the cost minimization objective.

EV charging infrastructure decisions and operations are controlled by means of decision variables 𝑥𝑖,𝑛𝑘,ℎ, 𝜔𝑘,𝑗,ℎ (both binary 
indicators, see Eq.  (22)) and 𝜓𝑘,𝑗,ℎ,𝑡. First, the number of charging docks and associated connectors is restricted by the space 
constraints 𝐿 of the facility (Eq.  (23)). Similarly, Eq. (24) ensures that candidate points can only be equipped with chargers once 
and that this decision cannot be changed over the planning period, i.e., they cannot be removed once installed.

In terms of routing and charging operations, the model assigns vehicles to chargers upon arrival (one-off decision) and 
periodically adjust the charging power over the duration of their visit. Constraint Eq. (25) allocates vehicle 𝑗 to spot 𝑘 during 
stage ℎ only if 𝑘 is equipped with a charging dock and only if 𝑗 is present in the EVCH (captured via 𝑈𝑗,ℎ,𝑡). Eq. (28) ensures that 
each vehicle connects to at most one charging dock. Constraint Eq. (27) guarantees that vehicle 𝑗 receives non-negative energy 
(bounded by the maximum power of the specific dock in Eq. (28)) from charging dock 𝑘 only if it is connected to 𝑘.

Battery and on-site generation constraints are set as follows. We assume PV generation to be non-controllable meaning no 
constraints are necessary to model their operations (in-feed is an exogenous parameter). We simply limit the maximum installable PV 
capacity ∑ℎ∈ 𝜅

𝑃𝑉  to the available on-site space (such as rooftop space) 𝑅 (see Eq. (29)). Eq. (30) through (35) implement various 
battery-related constraints. Constraint Eq. (30) incrementally updates the battery state of charge 𝑆𝑜𝐶ℎ,𝑡. Constraint Eq. (31) ensures 
that the battery 𝑆𝑜𝐶 remains within a certain interval. Note that we neglect efficiency losses and assume battery depreciation to be 
independent of operations (Sharifi et al., 2020). We realize that these are simplifications, yet these are necessary to retain tractability 
of our model. We assume symmetric charge/discharge rate limits which are enforces through constraint Eqs. (32) and (33), where 
𝛽𝑚𝑎𝑥 ≥ 0. These constraints also ensure that the battery cannot be charged and discharged at the same time.

Our model ensures that the EVCH’s base load as well as EV and battery charging loads cannot exceed the total grid capacity 
(existing and extension) plus current PV generation, which is enforced by Eq. (36). Note that if the battery was discharging (negative 
𝛽𝐵𝑎𝑡𝑡 ) this would increase the available capacity.

Appendix D. Experimental setup

In this Section we provide details on the experimental setup and parameterization of the Digital Twin (DT) simulation 
environment. Table  5 provides details on the key components of the DT environment and the digitalization approach adopted 
(real-world sensor data vs. simulation).

Note that we rely on real-world sensor data to model system dynamics wherever available and resort to simulations informed 
by research papers and/or asset specification sheets in all other cases (following Sierla et al., 2018). In addition, we impose several 
physical constraints inherent to the various components of the EVCH system. These are summarized in Table  6.

Table  7 summarizes the core investment-related parameters (costs and space constraints) used in the benchmark experiments 
over the investment horizon (10 states 𝑠 ∈ 𝑆). Energy costs are based on real-world electricity tariffs from the same region in 
which the charging data were gathered (i.e., California). Table  8 gives an overview of the tariff structure that is used throughout 
all experiments.

Appendix E. Supplemental results

E.1. Investment decision by time period

In this Section we take a closer look at the dynamics of the investment decisions derived by the four decision frameworks 
implemented in this work (optimal, DQN, DDPG, SAC). This supplements the benchmark results shown in Section 4. It allows us to 
analyze the differences in planning decisions between the different planning algorithms in much more detail. Figs.  11 through 14, 
show the investment plans for charging infrastructure (left) and power supply infrastructure (right) derived via mathematical 
programming (optimal), DQN, DDPG and SAC, respectively. Note that in order to achieve comparability with the benchmark 
mathematical model, the experiments run in Section 4 do not consider on-site storage, hence storage is not being built in any 
planning period.

There are a few very interesting insights to be taken from this analysis. First, the planning decisions made by SAC are very close 
to the optimal decisions. Under both investment plans charging demand is primarily served through AC charging using 4 connectors 
per charger. Although the scale up path is slightly different for the supply side, both decision algorithms ultimately arrive at the 
same end state (100kw PV plus 200 kW of grid extension). This further underlines the robust and near-optimal performance of SAC. 
DDPG achieves the same supply decisions. However, it relies on significantly more charging infrastructure including a large amount 
of single-server AC chargers yielding suboptimal cost performance vs. the upper limit optimal investment plan and SAC.

DQN takes a notably different set of planning decisions compared to the other decision frameworks. This applies both to the 
number of charging docks that are being installed and to the investments in power supply. DQN installs the smallest number of 
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Table 5
Digital Twin (DT) components and associated datasets.
 DT component Type Digitalization approach Description Source  
 Local Substation Physical Asset simulated Transformation losses and 

physical limit
assumptions as detailed in 
Table  6

 

 On-site Electricity 
Generation Assets (PV 
Panels)

Physical Asset real-world sensor data PV load factors (power output 
as percentage of installed 
capacity)

Open Power System Data 
provided by Neon Neue 
Energieökonomik and 
Technical University of Berlin 
and ETH Zürich and DIW 
Berlin (2024)

 

 Electricity Storage 
Assets

Physical Asset simulated (dis-)charging efficiency 
curves, physical constraints 
(min/max state of charge)

Ghiassi-Farrokhfal et al. 
(2016); assumptions as 
detailed in Table  6

 

 EV Charging Docks and 
Connectors

Physical Asset simulated AC-DC conversion losses, 
maximum charging capacity

assumptions as detailed in 
Table  6

 

 Peripheral Building 
Electricity Consumption

Preference Pattern real-world sensor data Peak load in KW and 
consumption in kWh per 
15-min interval

Unique real-world meter data 
provided by a major European 
real-estate investor; includes 
peak building loads and 
consumption at 15 min 
resolution across thirteen 
facilities with different usage 
profiles

 

 Parking Demand Preference Pattern real-world sensor data Vehicle-level time of arrival 
and duration of stay obtained 
from parking garage sensors

Unique transaction-level 
parking dataset provided by a 
major European real-estate 
investor; includes transactions 
from seven large-scale parking 
garages catering to different 
parking use cases (office 
building, destination parking, 
mixed-use)

 

 Charging Demand Preference Pattern real-world sensor data Requested energy per charging 
session in kWh

Real-world dataset by Lee 
et al. (2019) containing 
>25,000 charging transactions 
for the year 2019

 

Table 6
Operational constraints and parameters.
 Symbol Value Unit 
 Substation transformation efficiency 𝜂𝑇 𝑟𝑎𝑓𝑜 98 %  
 PV DC-AC inversion efficiency 𝜂𝐼𝑛𝑣 96 %  
 EV charging efficiency 𝜂𝐸𝑉 95 %  
 Energy storage charging/discharging efficiency 𝜂𝐵𝑎𝑡 95 %  
 Energy storage minimum storage SoC 𝑆𝑜𝐶𝑀𝑖𝑛 5 %  
 Energy storage maximum storage SoC 𝑆𝑜𝐶𝑀𝑎𝑥 95 %  
 Energy storage maximum charging rate 𝜅𝐵𝑎𝑡 dependent on battery size; full cycle in 1h kW  
 Standard size of a transformer 𝜅𝑇 𝑟𝑎𝑓𝑜 200 kW  
 Initial capacity of the grid connection 𝜅𝐺𝑟𝑖𝑑0 250 kW  
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Table 7
Parameterization of benchmark experiments.
 Parametera Unit 𝑠0 𝑠1 𝑠2 𝑠3 𝑠4 𝑠5 𝑠6 𝑠7 𝑠8 𝑠9 Source  
 Battery cost 
(𝑐𝐵𝑎𝑡𝑠 )

USD/ kWh 575 507 441 391 352 321 295 273 255 239 Lazard, 
Bloomberg NEF

 

 AC charger 
costb (𝑐𝐸𝑉 𝑆𝐸𝑠,𝐴𝐶 )

USD/ unit 4500 4322 4151 3986 3828 3677 3531 3391 3257 3128 industry quotes  

 DC charger 
costc (𝑐𝐸𝑉 𝑆𝐸𝑠,𝐷𝐶 )

USD/ unit 50 000 49000 47060 45196 43406 41687 40037 38451 36928 35466 California 
Energy 
Commission

 

 Connector 
cost AC

USD/ unit 250 250 250 250 250 250 250 250 250 250 assumption  

 Connector 
cost DC

USD/ unit 2500 2500 2500 2500 2500 2500 2500 2500 2500 2500 assumption  

 EV shared 
(𝜎𝐸𝑉𝑠 )

% 5 8 12 18 27 37 42 49 56 65 Bloomberg NEF  

 Grid coste 
(𝑐𝐺𝑟𝑖𝑑𝑠 )

USD/ kW 250 276 304 335 369 407 449 495 546 602 industry quotes  

 PV cost (𝑐𝑃𝑉𝑠 ) USD/ kWp 2125 2041 1960 1882 1808 1736 1668 1601 1538 1477 Lazard, IEA  
 Max. PV 
capacityf (𝑅)

kWp 100 100 100 100 100 100 100 100 100 100 –  

 Number of 
parking spots 
(𝑆)

units 200 200 200 200 200 200 200 200 200 200 –  

a All cost parameters include cost of installation and peripheral equipment (e.g., inverters for battery, PV and DC chargers).
b 22 kW, single connector.
c 50 kW, single connector.
d Assuming sales share equals penetration for given facility.
e Cost of transformer, cabling and contribution to upstream grid upgrades; assuming 5% yearly cost increase.
f Assuming 500 m2 roof space and PV energy density of 0.2 kWp/m2.

Table 8
Time-of-use tariff and demand charge for large-scale EV charging customers (> 500 kW).
 Summer Winter
 (Jun - Sep) (all other months)
 Super Off-Peak (8am-4pm) 0.08 USD/kWh 0.06 USD/kWh  
 On-Peak (4pm to 9pm) 0.23 USD/kWh 0.23 USD/kWh  
 Off-Peak (9pm-8am) 0.08 USD/kWh 0.08 USD/kWh  
 Demand Charge (monthly) 15.48 USD/kW

Fig. 11. Investment decision derived by the upper limit mathematical programming model.

docks and is the only framework to install DC chargers in significant numbers. Although this charging infrastructure may be able to 
serve the charging demand (primarily by providing higher average charge rates), this comes at the expense of significantly higher 
combined peak loads. As a result, the charging cluster configuration suggested by the DQN algorithm requires roughly twice the 
amount of grid updates to serve these loads compared to the other benchmark algorithms. This is suboptimal from a total cost 
perspective and highlights the value of multi-server charging docks and lower charging rates.
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Fig. 12. Investment decision derived by DQN.

Fig. 13. Investment decision derived by DDPG.

Fig. 14. Investment decision derived by SAC.
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