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ARTICLE INFO ABSTRACT
Keywords: Shared automated vehicles are expected to be part of the supply of transportation systems in the
Integer programming future. Parallel to this evolution, there is the rapid penetration of battery electric vehicles (BEVs).

Flow-based model

Shared automated electric vehicles
Electric charging

Mathematical optimization

The limitations in battery capacity and charging speed of BEVs can influence the planning and
operation of shared automated electric vehicle (SAEV) systems. The design of such systems needs
to include these limitations so that their viability is properly estimated. In this paper, we develop
a space-time-energy flow-based integer programming (IP) model in support of the strategic
design of a regional SAEV system. The proposed approach optimizes the fleet (size and compo-
sition) and charging facilities (number and location), while explicitly accounting for vehicle
operations in aggregated terms (including movements with users, relocations, and charging
times). The model is used to assess the impact of vehicle range and different types of chargers in
the optimal design of an interurban SAEV transport system in the center of Portugal. Results show
a reduction in profit as the vehicle range increases. In regards to energy, it is observed that the
adoption of long-range vehicles reduces the energy spent in relocations, and increases the amount
of energy charged at a lower price. Additionally, it is found that a system with long-range vehicles
does not take advantage of having fast chargers. Concerning the chargers’ optimal location,
systems using short-range vehicles have more chargers close to the main commuter trips
attracting cities, while systems with long-range vehicles have the chargers nearby the homes of
users.

1. Introduction

Self-driving vehicles, also known as automated vehicles, are expected to be part of urban transportation systems in the next decades
(Nieuwenhuijsen et al., 2018). This technology has several advantages, namely improving non-drivers’ mobility and enhancing road
safety. Services providing on-demand rides through the use of driverless vehicles are named shared automated vehicle (SAV) systems.
SAV systems are potentially cheaper to run than systems with conventional vehicles in traditional on-demand services. The use of
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automated vehicles lowers driving costs (when compared to ride-sourcing), relocation costs (when compared to carsharing), and
insurance premiums due to the reduction of accidents resulting from human error. This has the potential to reduce the service price
while providing high-quality door-to-door services. These benefits should not only be associated with applications in urban areas
(Imhof et al., 2020) since they may also improve the availability and quality of public transport in less dense areas (lower demand)
currently with low accessibility by other means than private transport (Santos and Correia, 2021). The replacement of a low-frequency
transport service performed by buses, which covers several stops in a non-direct route, with an on-demand service that uses smaller
driverless vehicles and faster routes would potentially reconnect these less dense areas to the wider community. Such improvements in
interurban mobility can potentially benefit local economies, making rural areas and smaller cities more attractive to visitors and future
residents (Bernhart et al., 2018). The market for SAV services is expected to reach 38.61 billion dollars by 2030 (AMR, 2021).
Currently, government regulations are still lagging behind when compared to the technology evolution. The only European country
with legislation for the use of autonomous vehicles to provide on-demand services is Germany, with a new law approved by the
Parliament in 2021 (Ewing, 2021). In the USA, a few states have already legislation that allows the operation of this type of services
(Carolina, 2020), with one already available to the general public in Phoenix, Arizona (Waymo, 2022).

Parallel to the evolution of self-driving vehicles, we have been observing a fast market penetration of battery electric vehicles
(BEVs) (Hao et al., 2020). Electric-powered engines are more efficient than combustion engines, although the use of batteries still has
limitations in terms of vehicle range (influenced by battery capacity, charging speeds, driving conditions and weather), and ecological
footprint (Wen et al., 2020). There are good chances that SAV systems will use BEV technology at the moment that fully automated
vehicles become available (Taiebat and Xu, 2019). If this is the case, battery capacity and charging speed will affect the operations of
shared automated electric vehicle (SAEV) systems, influencing their planning and operations (Liang et al., 2016; Scheltes and de
Almeida Correia, 2017; Chen et al., 2018; Jamshidi et al., 2021). Managing the vehicles’ activities between transporting clients,
charging, or proactively relocating is a challenge for the upcoming SAEV systems. This management is highly dependent on the vehicle
fleet, as well as on the number of charging stations (sockets) and respective charging speeds.

The design of the main system parameters of a SAEV system can essentially be done through two processes: optimization and
simulation. In optimization, a model is defined based on one or more objectives to search for an optimal configuration of the system.
Since the focus is on exploring the solution space as comprehensively as possible it requires a model formulation, typically in
mathematical programming, that can be solved efficiently, which is not always possible. Model size and non-linearity are usually the
greatest obstacles in modeling the problem of maximizing or minimizing a function in reasonable time. The simulation alternative aims
to replicate the real system in the most realistic way attainable. It is possible to add several stochastic components such as demand and
travel time variations and there are virtually no limitations in model components (Martinez et al., 2015). Nevertheless, as the model
grows, so it does the difficulty of defining the inputs and interpreting the outputs. This approach hardly allows investigating an optimal
configuration of the system, while it suitably supports the testing of different scenarios (Bierlaire, 2015). For some parameters like the
fleet size, it is possible though to vary them systematically and find the value for which a certain objective function is maximized or
minimized (Winter et al., 2016) but this can seldomly be studied together with other parameters.

Only a few papers have dealt with the integrated design of SAEV systems. On the optimization side, Liang et al. (2016) proposed a
mathematical model to design the service area and the fleet size of a SAEV system servicing first and last-mile trips for a train station.
Their model greatly simplifies the charging of the vehicles by considering an average battery whose level is based on the difference
between the full battery range and the average distance travelled per vehicle (obtained from the distance traveled by all vehicles).
Zhang et al. (2016) used vehicle routing with model predictive control (MPC) to optimize the movements with charging constraints.
This approach was later updated by Iacobucci et al. (2019) to incorporate electricity price information for optimizing vehicle charging.
The authors proposed an optimization model to jointly decide on charging (including vehicle-to-grid considerations), relocation and
the routing of the vehicles. Their mixed-integer program (MIP) was tested in the case study city of Tokyo. The model does not include
the location of the charging stations and it does become harder to solve for bigger instances. Both the original (Zhang et al., 2016) and
the updated (lacobucci et al., 2019) methodologies only provide optimized operation orders (transport passenger, relocate or charge),
and do not design the main system parameters (fleet size, charging stations). Chen et al. (2018) proposed a routing and charging model
for a small electric vehicle fleet for on-demand transit. The authors proposed a mixed-integer quadratic programming model that
allows exploring the potential impact of these fleets on electric power grids. However, it does not design any component of the system
as it rather focuses on the vehicle movements, including routing and charging. Huang et al. (2020) revisited the problem of the location
of one-way carsharing stations but adding the electric vehicle charging constraints. Due to the difficulty in modeling each vehicle
energy individually, the authors simplified the charge of the vehicles stopped at each station as a distribution that changes its shape as
vehicles are picked up and returned to the different stations. The proposed methodology designs the fleet and vehicle movements
(including relocations), assuming that every parking space has a charger. Jamshidi et al. (2021) have proposed a sequential mixed-
integer linear programming approach for deciding in real-time when to charge electric taxis with an application in Barcelona,
Spain. The model uses different temporal levels where existing data on charging requests from a whole day can help steer the real-time
solutions into what is best for the system in terms of demand satisfaction. In the model, the location of charging stations is given. This
approach only provides vehicle movement plans, taking the fleet and charging infrastructure as given parameters.

On the simulation side, Chen et al. (2016) used an agent-based model to simulate the operations of a fleet of SAEVs and showed that
the fleet size is highly dependent on the charging infrastructure and vehicle range. This approach uses a warm-up period to generate
fleet vehicles and charging stations and then implements 50 simulation runs on consecutive days to obtain the performance metrics.
The conclusions are built upon admissible solutions obtained by testing five different scenarios, varying the vehicle range and charging
speed. This model was later updated by Farhan and Chen (2018) to consider ridesharing with an integrated optimization and discrete
event simulation framework. Similar to what was done in the previous work, this approach uses a warm-up period to define the fleet
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size and the number of charging stations. It was tested for eight different scenarios varying not only the vehicle range and charging
speed, but also the vehicle seating capacity. However, these works do not include a systematic search for optimal design parameters.
Scheltes and Correia (2017) developed an agent-based model for simulating first/last mile connections to train stations with SAEVs.
The authors model the energy of each vehicle as a function of the vehicle dynamics and test the difference between slow charging and
inductive charging points scattered around the operational area. More recently the same methodology was applied in another first/last
mile context linking the agent-based model to an aggregated demand model of the city of Rotterdam (Stevens et al., 2022). In both
applications the fleet size is a parameter and the authors did not assess the location of chargers (small operational area). lacobucci et al.
(2018) developed a simulation methodology using a heuristic-based charging strategy to evaluate a SAEV fleet interacting with trip
requests. The fleet size is estimated based on waiting time, break-even price, and the number of rejected requests, assuming that the
charging stations are pre-positioned and charging spaces are always available-

The contributions mentioned above tend to look at the problem more from an operational perspective rather than a strategic/
planning one. They mostly focus on the detailed optimization of vehicle routing and charging, tracking each vehicle’s activities
independently and taking charging infrastructure either as given or considering it through post-processing or sensitivity analyses. The
abovementioned optimization approaches most notably neglect the interactions between the number and location of charging facilities
and the fleet size, as well as their joint impact on the overall system performance. While the models could theoretically be extended to
consider these key design decisions and interactions of SAEV systems endogenously, severe tractability issues prevent them to be
directly scaled to real-world large-scale settings. From an optimization perspective, tracking the flow and energy of individual vehicles
in a system with hundreds of cars poses severe computational challenges, due to a significant increase in the number of variables and
constraints. On the other hand, simulation has a hard time designing the optimal system, due to the computational burden of testing
several different scenarios and viable combinations of input parameters.

This discussion underlines the need for integrated methods that allow modeling the problem at the required scale to make optimal
decisions on key SAEV system design features, while capturing the interactions between charging infrastructure, fleet size, and vehicle
operations. An interesting avenue in this respect is represented by the so-called flow-based optimization models. The flow-based
optimization approach, with a space-time network, has been used to partially assess SAV systems (Liang et al., 2016; Tsao et al.,
2018; Iglesias et al., 2018). It relies on the aggregation of vehicle movements into flows, which reduces the number of decision
variables (when compared to vehicle routing). The application of the flow-based method in regional settings takes advantage of the low
detail required and the low impact of congestion (considering the roads used and the distances involved). It has been shown that this
approach can be applied to the design of regional real-sized SAV systems that serve interurban trips (Santos and Correia, 2021) not
considering traffic congestion which is realistic in such a setting. Nevertheless, the use of the two-dimensional approach presented by
Santos and Correia (2021) is unable to trace the energy consumed when vehicles are moving, and the energy charged when vehicles are
plugged in, which hinders proper planning of a regional shared automated system that uses electric vehicles. To overcome this strong
limitation in the context of electric mobility, the space-time network of this previous approach has been upgraded by adding a third
dimension that tracks the energy level of the vehicles. This in turn allows extending the existing flow-based optimization frameworks
to additionally design the location of charging facilities and model charging operations. The space-time-energy network concept was
first introduced by Zhang et al. (2019). The model developed by the authors was designed for traditional (non-automated) one-way
electric carsharing systems, mainly to optimize the charging movements. The authors assumed the existence of a given number of
vehicles in the fleet, a fixed number of charging outlets per station, and identical charging power for each outlet with a constant
charging rate. Relocations were not the focus due to the complexities of applying them to a carsharing system, but a simple analysis
was conducted under a simplified assumption that relocation movements may occur only between certain stations and for pre-selected
periods. In this paper, we push further the application of the three-dimensional network flow model to SAEVs using it to strategically
design all its components in a regional context.

The flow-based integer programming (IP) optimization model that we propose is meant to support the early-stage design of a
regional SAEV system, by optimizing the fleet (size and composition) and the charging facilities (number and location), considering a
representative pattern of vehicle operations on a typical workday. Adding the energy dimension to the space-time network permits the
accurate modeling of the energy of the vehicles in discrete states, which in turn enables to flexibly represent the movements of the
vehicles with users, vehicle relocations, and charging operations alike. Furthermore, this modeling framework realistically accom-
modates charging stations with different charging rates and possibly nonlinear charging patterns, and it also allows studying het-
erogeneous fleets. Using a real-world case study, we implement our model to the design of a regional intercity SAEV system considering
different scenarios through which we assess the influence of vehicle range and different seat layouts. To the best of our knowledge, this
is the first time that a space-time-energy network flow-based optimization approach is applied to the strategic design of a SAEV system.

The paper is organized as follows. Section 2 presents the developed integer programming model. Section 3 describes the case study
used in this research for testing the model, the region of Coimbra in Portugal. Section 4 includes the main results of running the model
under different scenarios. The paper ends with the main conclusions, in Section 5.

2. Space-time-energy flow-based IP model
This section presents the formulation of the space-time-energy flow-based IP model to design a SAEV system in a regional context.

The model is based on profit maximization and optimizes the vehicle movements (including relocations), the fleet, the location of
charging facilities, and the energy flows related to vehicle charging.
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Fig. 1. Example of a single iteration of the Monte Carlo procedure used to estimate travel times.

2.1. Modeling assumptions

Before introducing our model notation, we present a set of assumptions upon which the model is built.

Planning perspective. It is assumed the existence of a SAEV system with BEVs controlled by a central operator that supplies inter-
urban trips in a certain region. The model is aimed at providing decision support at the early planning stage of a SAEV system. In this
sense, the focus is mainly on the design of the charging facilities and the sizing of the vehicle fleet, rather than vehicle routing and day
of operations. By replicating flows in aggregate terms, the proposed model enables better strategic decisions and fosters compatibility
with subsequent planning phases. The model is applied to a typical workday, assuming repeatability.

Model granularity. Similar to Santos and Correia (2021), we focus on the modeling of interurban trips, namely, trips between cities,
or municipalities. In our network, physical nodes represent urban agglomerates, being spatially located in their focal centroid.
Consistent with the level of aggregation, the model does not consider intra-urban and last-mile trips in detail but treats them in
aggregate terms. This is attained by pooling demand at the city-pair level and developing an ad-hoc Monte-Carlo procedure to estimate
an approximate travel time that incorporates the average intrazonal detours to pick-up (at the origin city) and deliver users (at the
destination city). The procedure to estimate travel times is illustrated in Fig. 1 and detailed in Appendix A. We first divide each city into
a set of smaller intrazonal areas, where each intrazonal area is represented by a node. The estimation of city-pair travel times is then
conducted by simulating several vehicle movements for each origin—destination pair and then averaging their shortest path values. For
each vehicle movement, the pick-up and delivery intrazonal nodes are randomly located. The number of pick-up and delivery nodes for
each movement is equal in number to the vehicle capacity, and its spatial location is determined as a function of grid-based population
estimates at a high resolution.

Demand. We assume that average daily demand estimates are available for every origin—destination pair and time period, and
assume that all the trip requests are served by the SAEV system. Doing so, we do not model mode choice explicitly, nor consider any
form of demand management (e.g., pricing policies or the possibility to anticipate or postpone trips). Instead, we focus on assessing an
extreme scenario where the SAEV system design parameters are determined for providing all requested interurban trips in the region,
while considering realistic input and scenarios that would make such a high rate of substitution realistic (e.g., traveling alone for a
price lower than the current cost of using a private car, see Section 3 for details). Recent contributions have focused on developing
effective methods to incorporate mode choice models into supply-side optimization models (Dong et al., 2016; Birolini et al., 2021;
Pacheco Paneque et al., 2021). Most of these approaches could be implemented in our framework. However, this would require ad-hoc
data to estimate a suitable mode choice model for the considered application, moreover the explicit consideration of demand-supply
interaction in our space-time-energy network would likely add computational complexity that we wish to deal with in future research.

Service design. We let users share the same ride but restrict to rides that have in common both origin and destination zones, meaning
that each vehicle travels directly from one zone to the other without picking up another user along the way. In fact, it has been
demonstrated that multi-hop ride-sharing (Drews and Luxen, 2013) — despite being characterized by a great (theoretical) potential to
reduce costs and making better use of vehicle capacities — is a poorly attractive travel option for users, who not only find themselves
sharing the vehicle with strangers but also face higher waiting and travel times at the detriment of service level. Note that the focus on
direct trips is even more reasonable in the interurban case, where even small detours would likely cause a significant increase in the
overall travel times (especially in areas with spread population and lower road accessibility).

Charging. We assume that vehicles can charge when parked at a given charging facility (plug-in charging). Different charger types
with different charging power can be used to charge vehicles. While using a certain charger type, the charging speed changes with the
battery state of charge. The cost of charging is in accordance with the different electricity tariffs throughout the day.

Fleet. We formulate the problem assuming that the fleet is comprised by several types of vehicles, being each type characterized by
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the number of seats, battery capacity, and energy consumption rate.

2.2. Mathematical formulation

Based on the previous assumptions, a flow-based integer programming model is built upon a three-dimensional space-time-energy
network (see Fig. 2). This network is defined by a set of time instants T = {0, ---, t, ---, T}, a set of spatial nodes representing the zones
Z ={1,--,i,j,-,Z}, and a set of energy levels E = {1, ---,e, ---, E} that define its vertices. Note that the timestep size needs to be set
according to the discretization of the energy levels, and vice versa. A set of charger types C = {1, ---,c, -+, C} is defined to consider
different charging powers. Additionally, a set of vehicle types U = {1, ---,u, ---, U} is introduced to allow the simultaneous consider-
ation of vehicles with different characteristics (e.g.: battery capacity, moving speed, speed of charging). The value E needs to
accommodate all the energy level values for the types of vehicles u € U considered, that is E = max,cy(E,), being E, the total number of
energy levels of vehicle type u.

The network edges define the vehicle flows across the space-time-energy network. Each edge links two vertices, say (i, t;,e;) and
(j, t2, €2), and therefore is uniquely identified by the six-element tuple (i,j,t;,t2,e1,e2), where i and j are the origin and destination,
respectively, t; and t; are the start and arrival times, respectively, and e; and e, represent the start and end energy levels. Not all edges
describe feasible vehicle flows across the network. For instance, vehicles can only move ahead in time (i.e., it can never be that t, < t;).
Or, since vehicle movements consume energy and we do not allow for charging while traveling, the energy level can only decrease
when vehicles move in space (i.e., it can never be that e, > e; when i # j). We denote the set of feasible edges as activity arcs (A). The
two main activities considered are the movement of vehicles (with users and relocating) and the charging of vehicles. Moreover, we
consider idle arcs to represent vehicles stationed (without charging) at a given node for a given period of time, and wrap-around arcs to
ensure repeatability and flow conservation on a daily basis (Sherali et al., 2006), avoiding vehicle energy consumption with daily
repetition. A visual representation is provided in Fig. 2. The set of A is thus subdivided in the following four subsets:

1) F that includes the vehicle movement arcs for serving users and for relocating. In this case, vehicles move in space, time and
energy. Each moving arcis represented by f = (i,j, t1,t2,e1,e2), wherei # j, t; > t; and e < e;. The arrival time instant is defined as
ty =t + t;,, being t;, the time (in timesteps) needed to move from i to j by vehicle type u, estimated based on the procedure
outlined in Appendix A. Similarly, the terminating energy level is equal to e> = e; —e;;,, being e;, the energy (in energy units)
needed to travel from i to j by vehicle type u.

2) H that includes the charging arcs. In this case, vehicles do not move in space but undergo a charging process that requires time to

increase their energy level. Each charging arc is represented by h = (i,1,t1,t2, €1, ez2), withi =j, t = t; +1 and e; > e;. The energy

level at timestep t; is e; = e; + ecu(e1), being e. ,(e1) the energy, in energy units, that is charged in one timestep using the charger
type c to charge a vehicle of type u, starting from energy level e;. Note that the value of e, ,(e;) can vary with the battery state of
charge (SOC). Fig. 3 has a detailed example of charging arcs.

G containing idle arcs. In this case, vehicles do not move either in space and energy, but only ahead in time. Each idle arc is thus

represented by g = (i,i,t;,t2,e1,€1), wherei =j, to =t; +1 and ex = e;.

4) W containing wrap-around arcs. Each arc is represented by w = (i, i, t;,t3, €1, e2), and link the last timestep of the day to the first
one. Wrapped around arcs do not represent any physical process but are modeling constructs to ensure repeatability and continuity
in the network. Vehicles do not move in space and maintain the same energy level when transitioning to the next day, beingi = j,
) = T, ty = 0, and ey = eg.

3

-

Among the complete set of vertices, we define the set of activity-nodes, N = {1, ---,n, ---, N}, which include the subset of vertices
that represent either the start or the end vertex of an activity arc. As clarified in Section 2.3, this allows reducing the mathematical size
of the problem by filtering out vertices that will never be covered. The set of demand markets M = {1, -+, m, ---, M} is also defined,
which contains unique combinations of origin, destination, and time. Each demand market m € M is represented by a distinct tuple (i,
j, t) that is used to index the demand parameters (trip requests from i to j at time t).

We now provide additional notation and formulate the flow-based IP model mathematically.

Additional sets:

F, is the subset of movement arcs of vehicle type u, indexed by f;

Fp. is the subset of movement arcs of vehicle type u that serve the demand market m, indexed by f;

F;l"u is the subset of inbound movement arcs of vehicle type u to activity node n, indexed by f;

FUt is the subset of outbound movement arcs of vehicle type u from activity node n, indexed by f;

G, is the subset of idle arcs of vehicle type u, indexed by g;

Gﬂfu is the subset of inbound idle arcs of vehicle type u to activity node n, indexed by g;

G is the subset of outbound idle arcs of vehicle type u from activity node n, indexed by g;

H, is the subset of charging arcs of vehicle type u, indexed by h, for all charger types;

H™ s the subset of inbound charging arcs of vehicle type u to activity node n, indexed by h for all charger types;

HpY! is the subset of outbound charging arcs of vehicle type u from activity node n, indexed by h for all charger types;

HY" is the subset of outbound charging arcs from activity node n by charger type c, indexed by h for all vehicle types;

W, is the subset of wrap-around arcs involving vehicle type u, indexed by w;
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Win, is the subset of inbound wrap-around arcs of vehicle type u to activity node n, indexed by w;

Wgit is the subset of outbound wrap-around arcs of vehicle type u from activity node n, indexed by w.

Parameters:

D, is the demand, in number of users, for demand market m € M (i.e., number of trips requested from origin i, to destination zone j,
and start time t);

Dm is the price to transport one user of demand market m € M (servi