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ABSTRACT OF THE DISSERTATION

Integrated Demand-Responsive Transport (IDRT), which combines demand-responsive transport
services with regular transit systems, is widely recognized as an effective strategy to mitigate the impact
of standalone demand-responsive services on traffic congestion and the environment. However,
successful implementation of such service must address customer inconvenience, as transfers between
demand-responsive vehicles and transit services often discourage ridership. As the transition towards
sustainable mobility accelerates, it is essential to incorporate electric vehicles into IDRT to enhance
environmental benefits. Involving electric vehicles in the IDRT system also brings additional
challenges, particularly in managing charging operations and ensuring service reliability. This
dissertation introduces an Electric Integrated Demand-responsive Transport (EIDRT) service, in which
electric buses operates with fixed-route transit to effectively meet customer demand.

To address the complexity of the EIDRT problem, we first investigate a meeting-point-based first mile
feeder service utilizing electric buses. The objective is to minimize bus operational costs and customer
inconvenience, including reducing customers’ waiting time at transit stations. Bus charging operations
consider capacitated charging stations. A Mixed-Integer Linear Programming (MILP) formulation is
developed using a layered graph structure and a metaheuristic solution algorithm is proposed.
Computational experiments demonstrate that the metaheuristic produces good-quality solutions with
around 1 or 2 minutes to solve 100-customer test instances. Results also show that the layered-graph
significantly reduces computational time.

Next, we extend the meeting-point-based first-mile feeder service to a many-to-many EIDRT service
that connects customers from their origins to destinations. A MILP formulation is proposed with the
objective function minimizing both bus operational costs and customer travel times. To reduce customer
inconvenience, the service incorporates synchronization between demand-responsive buses and transit
departures, along with a maximum inter-modal transfer time. Capacitated charging stations are also
included to reflect realistic recharging operations. The MILP formulation is built on a departure-
expanded transit graph, incorporating the layered graph concept to better represent the transit network
within a service area. A hybrid large neighborhood search algorithm is proposed to efficiently solve the
problem, addressing the challenges of multi-modal routing and capacitated charging stations. The
algorithm is benchmarked against eight-hour solutions by a MILP solver, demonstrating efficiency and
better solution quality for up to 100 customers with two transit lines.

Lastly, the performance of the EIDRT is assessed by a set of experiments on scenarios reflecting real-
world problem size and a case study. The findings provide valuable insights for operators regarding the
trade-offs between operational costs and customer convenience, particularly focus on fleet size, buses’
state-of-charge, and transit networks. Results indicate that while the EIDRT service saves vehicle
kilometers traveled compared with non-integrated demand-responsive services, maintaining a high-
quality service might still require the same or a larger bus fleet size. Moreover, the results show that
the service performs the best when the transit network in the service area is well-connected. The case
study further compares the EIDRT service with existing transportation options, confirming significant
reductions in bus operating costs relative to non-integrated demand-responsive services. Similar results
are found that bus travelling costs are saved significantly compared to non-integrated demand-
responsive services. In terms of customer travel experiences, EIDRT achieves substantially lower
customer travel times compared to traditional public transport.
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1 Chapter 1

Chapter 1 Introduction

With the advent of digital platforms and real-time data processing, ride-hailing services have gained
popularity for their ability to provide customized and efficient mobility solutions. Transport network
companies such as Uber, Lyft and DiDi have significantly contributed to on-demand transport services,
transforming the urban mobility landscape and altering the public’s travel habits. While these services
complement public transportation and offer increased convenience to passengers, their rapid expansion
has also introduced new challenges and problems. Henao and Marshall (2019) conducted a survey in
Denver, USA, analyzing passengers using on-demand services such as Lyft, UberX, LyftLine, and
UberPool. The survey revealed that on-demand services increased the Vehicle Kilometers Traveled
(VKT) by approximately 83.5% compared with their absence, with most induced VKT stemming from
public transport demand. Similarly, Tirachini and Gomez-Lobo (2020) found that on-demand trips
primarily replace demand from public transport and create induced demand, with each new trip
increasing VKT by an average of 1.79 km. This increased VKT led to greenhouse gas emissions and
potential traffic congestion, as shown by Schaller (2021), who investigated data from Uber and Lyft in
both dense and suburban areas in the US. Expanding infrastructure, implementing traffic zone
restrictions, introducing congestion pricing, or fleet capping are common strategies for managing the
impact of on-demand services (Behroozi, 2023; Zha et al., 2018). Alternatively, integrating Demand-
Responsive Transport (DRT) services with existing fixed-route transit offers a sustainable solution to
mitigate these negative impacts while maintaining high customer service levels (ARUP, 2021).

To accelerate the shift toward sustainable mobility, the European Parliament and Council reached an
agreement requiring all new cars and vans registered in Europe to be zero-emission by 2035%. In
response, transport network companies are increasingly involving Electric Vehicles (EVs) into their
fleets to lower operational costs and contribute to environmental sustainability. However, this transition
introduces new operational complexities. Research on the electrification of ride-hailing services in the
United States indicates that EVs often require multiple daily charging operations, primarily relying on
fast chargers to reduce vehicle downtime (Jenn, 2019). That can lead to a substantial rise in charging
expenses, with estimates suggesting an increase of up to 25% for operators (Pavlenko et al., 2019).
Furthermore, growing congestion at public charging stations (CSs) may force companies to develop
private charging infrastructure to meet their operational needs (George and Marzia, 2018). These
challenges highlight the need for in-depth research on optimizing charging strategies and infrastructure
planning for electrified DRT systems to enhance efficiency and cost-effectiveness.

This chapter begins by introducing DRT services, followed by an exploration of transit integration and
EV incorporation within DRT systems. Lastly, the research gap, questions and structure of this
dissertation are outlined.

1.1 Demand-responsive transport

Demand-Responsive Transport (DRT) is a flexible transportation service in which vehicle routes and
schedules are generated based on passengers’ demand (Parragh et al., 2011). This service is neither fully

thttps://www.consilium.europa.eu/en/policies/fit-for-55/



2 Chapter 1

fixed-route like traditional public buses nor as flexible as individual taxi rides. DRT typically operates
within a predefined service area and time frame, providing door-to-door or meeting-point-based
services for user requests. This transportation system is particularly effective in areas with low demand
for traditional public transportation, such as rural regions, or as a feeder service for mainline transit
systems in urban areas (Calabro et al., 2022). A DRT service does not have to be fully flexible. A semi-
flexible DRT service operates with schedule and/or route deviation from a fixed service to
accommodate demand changes and ensure lower operational costs. A comprehensive survey of
planning a semi-flexible system can be found in Errico et al. (2013) A feeder DRT service is defined
as many-to-one DRT, while many-to-many DRT serves customers between different origins and
different destinations (Vansteenwegen et al., 2022). The authors also classify DRT systems as dynamic
and static, based on the minimum time required between the time of request and the preferred departure
time. A dynamic DRT service accepts customers during operations (online) or before starting the
service (offline), whereas a static one plans all customer trips before the start of the planning horizon.

To design and manage efficiently DRT systems, researchers and practitioners employ various modelling
approaches. These methods aim to optimize different aspects of DRT operations, including demand
forecasting, vehicle routing, scheduling, and service quality assessment. The main modelling
approaches include optimization-based approaches and simulation-based approaches.

Optimization-based approaches focus on determining the most efficient allocation of vehicles and
routes to meet passenger demand. These problems are often formulated as extensions of the Dial-A-
Ride Problem (DARP) (Cordeau and Laporte, 2007). Exact algorithms, such as the branch-and-cut and
dynamic programming, are used for small-scale problems. However, for larger and more complex
problems, heuristic and metaheuristics, such as genetic algorithms or Large Neighborhood Search
(LNS), are applied to find near-optimal solutions within a reasonable time frame. Simulation-based
approaches are used to assess the performance of DRT systems under various operational scenarios and
system parameter configurations. The approaches help assess the impact of changes in demand patterns,
fleet size, or routing strategies on system performance. Particularly, agent-based simulation is a widely
used approach when it is relevant to simulating interactions between individual passengers and vehicles,
which are treated as autonomous agents. These models are particularly useful for examining how real-
time decision-making and user behavior affect overall system performance. The models can apply at
operational, tactical, and strategic levels, with optimization models often required for trip scheduling at
the operational level, and for determining bus fleet size and operational duration at the tactical level
(Ronald et al., 2015).

1.2 Integrated demand-responsive transport

Although DRT services improve customers’ inconvenience and accessibility in low-demand areas, 67%
of DRT services fail in UK and 54% in Australasia (Currie and Fournier, 2020). Studies suggested that
the high operational costs are strongly associated with these failures (Currie and Fournier, 2020; Enoch
et al., 2006). Integrated Demand-Responsive Transport (IDRT) presents a promising solution to
mitigate the high operational costs of DRT and the inefficiencies of traditional fixed-route
transportation systems. IDRT is defined as a transportation system that integrates DRT services with
fixed-route public transit networks. This integration aims to optimize its operational efficiency, enhance
service accessibility, and improve the overall travel experience for users by leveraging the strengths of
both demand-responsive transport services and fixed-route transport systems. The concept, first
proposed in the 1980s as the Integrated Dial-A-Ride Problem (IDARP) (Wilson et al., 1976), involves
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leveraging transit services for portions of customer journeys. Studies have modeled the service with
optimization-based approaches (Aldaihani and Dessouky, 2003; Molenbruch et al., 2021; Posada and
Héll, 2020) and simulation-based approaches (Fielbaum et al., 2024; Mortazavi et al., 2024). These
studies all show that IDRT significantly reduces VKT, and improves transit ridership. This innovative
service addresses critical challenges in traditional transportation, such as the inefficiency of fixed-route
services in sparsely populated areas and environmental concerns. Despite the benefits for operators,
transfers between different transport modes can inconvenience customers. Therefore, designing an
efficient IDRT service that maintains desirable customer convenience is critical for the service
implementation.

IDRT is similar to intermodal transportation, which is defined as transporting a passenger or load from
its origin to destination using a sequence of at least two transportation modes (Crainic and Kim, 2007).
While intermodal transportation focuses on coordinating transfers between modes, IDRT emphasizes
on routing DRT vehicles and its integration with existing transit services to minimize a user-defined
objective function. Table 1.1 summarizes the key differences between these two services.

Table 1.1: Comparison between intermodal transportation and IDRT

Intermodal transportation IDRT
Users Freight or passengers Passengers
Task Schedule multiple modes of transport Routing for passengers and vehicles
Purpose Reduce inter-modal transfer time Optimize cost and time efficiency
- Use pre-defined routes for all transport Use pre-defined transit routes and
Flexibility . .
modes schedules, but flexible vehicle routes

Both intermodal transportation and IDRT are considered forms of multi-modal transportation services.
However, IDRT not only improves the connectivity of different transport modes but also manages
passenger and vehicle routes, making it more flexible and significantly more complex to model. By
integrating DRT with mass transit, IDRT provides a viable approach to addressing urban mobility
challenges while balancing sustainability and service quality.

1.3 Operating DRT systems using EVs

With the accelerating climate crisis, transportation agencies are urged to adopt cleaner vehicles to

reduce CO2 emissions. Incorporating EVs in DRT service is becoming essential for operators. The

limited driving range of EVs poses challenges for designing Electric Demand-Responsive transport

(EDRT) services across three decision levels:

1. Strategic level: Decisions involve charging infrastructure, such as the location of charging stations,
the number of chargers, and charger types (e.g., fast or slow).

2. Tactical level: Key considerations include EV fleet size and configuration (e.g., battery capacity,
passenger capacity) to meet customer demand.

3. Operational level: Charging scheduling decisions address when, where, and how much to recharge.
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At the operational level, the charging scheduling is often managed with vehicle routing in optimization
models in the DRT services. The key elements related to EVs in the Electric Vehicle Routing Problem
(EVRP) and Electric Dial-A-Ride Problem (EDARP) are summarized as follows (Ma and Fang, 2021).

Battery energy consumption

EV battery energy discharge/consumption depends on numerous factors such as vehicle speed, load,
road gradient, temperature, and acceleration/breaking, etc. (Fiori et al., 2016). For simplification, it is
often modeled as a linear function of distance traveled of vehicles.

Charging process modeling

Battery charging typically follows a non-linear pattern: a constant charging rate until about 70-80% of
battery capacity, after which it slows down. Some studies use a simplified concave function to represent
this non-linear charging process (Zalesak and Samaranayake, 2021). While many assume a linear-
charging-speed to 80%-full charging policy. Recent studies incorporate non-linear charging function
for more accurate charging process modeling (Kancharla and Ramadurai, 2020; Montoya et al., 2017a).

Charging operation policy

Charging policies are generally modeled based on full-recharge or partial-recharge policy for recharging
EVs during each charging operation (Kucukoglu et al., 2021). The full-recharge policy involves
recharging EVs to their maximum battery capacity or a predefined State of Charge (SoC) (e.g., 80%).
while partial charging policy allows EVs to recharge only the amount they need. However, the full-
recharge policy is often impractical near the end of service time when vehicles only need enough charge
to return to the depot. The partial charge policy, on the other hand, reduces charging time and costs by
recharging only the minimum amount energy to meet vehicles’ energy demand (Felipe et al., 2014;
Keskin and Catay, 2016). An alternative approach is battery swapping, replacing depleted batteries with
fully charged ones to minimize downtime, though it comes with higher installation costs (Vallera et al.,
2021).

Charging costs

Most models assume charging costs are proportional to the amount of charged energy with constant
electricity prices (Schneider et al., 2014). Some studies include access, parking, or opportunity costs
during charging (Ma, 2021; Wang et al., 2018). Recent studies account for time-dependent energy prices
and location-specific pricing to reflect dynamic charging prices, showing that such approaches can
significantly reduce charging costs (Fehn et al., 2019).

Waiting at charging stations

Many models assume EVs can charge immediately upon arrival, ignoring chargers’ might be occupied
by other EVs. More advanced approaches model waiting times at charging stations based on the
queueing theory, accounting for charger’s occupancy and EVs’ arrival patterns (Ammous et al., 2019;
Jung et al., 2014; Keskin et al., 2019). Schoenberg and Dressler (2021) included route planning that
integrates real-time charging station utilization data and multi-criteria decision-making. Some studies
incorporated the capacitated CSs in the optimization model by only allowing EVs to visit CSs when
chargers are not occupied by other EVs (Bruglieri et al., 2019; Ma et al., 2024; Pantelidis et al., 2022).
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1.4 Scope and structure of the dissertation

Despite significant advancements in DRT, existing studies have largely focused on either IDRT services
or EVs implementation in DRT, with limited emphasis on introducing EVs within IDRT. Furthermore,
while some research has explored the use of optimization models for vehicle routing or charging
scheduling, there is still a lack of studies addressing capacitated charging stations. Moreover,
performance analysis of the IDRT system across various scenarios and in comparison with other
existing services remain insufficiently explored, with even less focus on analyzing the impacts of
integrating EVs into IDRT services.

This dissertation seeks to bridge these gaps by developing optimization models for efficient Electric
Integrated Demand-Responsive (EIDRT) service operations management, incorporating charging
scheduling and transit integration. The EIDRT service proposed can be classified as a static, many-to-
many and fully flexible DRT (Vansteenwegen et al., 2022). The primary scope is at the operational
level, focusing on DRT bus routing and charging scheduling to minimize a system costs considering
both operator’s costs and customer’s inconvenience. Strategic and tactical decisions, such as CS
location and bus fleet configuration, are beyond the scope of this dissertation.

The following research questions are brought:
Q1: How can the recharging of electric vehicles in EDRT services be efficiently scheduled while
ensuring a high level of customer service?

Q2: How to manage customers’ inter-modal transfers in EIDRT services to minimize their
inconvenience?

Q3: What are the key factors that determine a desirable service operation for real-world applications
of EIDRT services?

Q4: Are EIDRT services more beneficial for customers and service operators compared to existing
transport services?

To answer these research questions, this dissertation sets out the following research objectives.

1. Design a novel Electric Integrated Demand-Responsive Transport service that integrates existing
transit services with demand-responsive electric vehicles to enhance the system efficiency.

2. Develop an optimization-based approach for modeling for the EIDRT service considering both
operational costs and customer inconvenience. Realistic charging scheduling considering
capacitated charging stations is jointly optimized with vehicle routing.

3. Develop efficient solution algorithms for solving the problem of the EIDRT service for larger
problem sizes and real-world applications.

4. Evaluate the EIDRT services under different system configurations and demand scenarios.

As discussed in previous sections, both the implementation of EVs and integration of transit into DRT
presents significant challenges, applying EVs within the integrated DRT introduce even greater
complexities. To address the challenges, this dissertation first models the first-mile feeder (many-to-
one) EDRT service to connect to transit stations and subsequently extends the model to a many-to-many
EIDRT service. To enhance the system efficiency, the first-mile feeder EDRT service adopts a meeting-
point-based (stop-based) approach, where customers are required to walk to assigned meeting points,
reducing vehicle kilometers traveled. The service is not restricted to a single transit station; instead, it
incorporates multiple transit stations to enhance connectivity for customers. The two types of services
are illustrated in Figure 1.1. Compared to the first-mile EDRT, the DRT buses in EIDRT serve for both
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feeder service and door-to-door service, depending on the origins and destinations of customers and the
characteristics of the transit network.

® Origin

: A Destination

i M Meeting point !
1 > Walking

1 — Bus route

(a) Meeting-point based first-mile EDRT (b) EIDRT

Figure 1.1: lllustrative example of the electric first-mile DRT and EIDRT services
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Figure 1.2: Structure of the dissertation

Figure 1.2 presents the structure of the remainder of the dissertation, and each chapter is organized as
follows:

Chapter 2 develops a Mixed-Integer Linear Programming (MILP) approach for the Meeting-Point based
Electric Feeder service problem with Charging Synchronization (MP-EFCS) to model the meeting-
point-based first-mile EDRT service. A literature review on related studies is presented. A MILP model
is developed with a departure-expanded graph to address the transfers between DRT buses and transit
services. A metaheuristic solution method is proposed to optimize the problem, and computational
studies are conducted to assess the performance compared with the state-of-the-art MILP solver.
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Chapter 3 proposes a MILP approach for the Electric Integrated Dial-A-Ride Problem (EIDARP) to
model the EIDRT service. A literature review on related studies is presented, focusing on modelling
DRT services with transit integration. The departure-expanded graph in Chapter 2 is expanded for the
EIDRT, and an efficient method for modelling the capacitated charging stations is developed. The
modelling approach is compared with the state-of-the-art methods to analyze its efficiency by
conducting numerical studies.

Chapter 4 develops a hybrid LNS metaheuristic to efficiently solve the problem of EIDRT for instances
of realistic problem sizes. The literature review focuses on existing solution algorithms for related
problems. The new contributions of the LNS metaheuristic focus on handling the charging scheduling
of electric buses and transit integrated bus routes optimization. The performance of the metaheuristic
algorithm is analyzed and benchmarked against the MILP solutions obtained by the state-of-the-art
MILP solver.

Chapter 5 evaluates the performance of the EIDRT service through a series of experiments designed to
assess its effectiveness under various system configurations. A case study using the ride data from a
real-world DRT service is conducted to compare the performance of the EIDRT service with other
existing transportation options.

Chapter 6 concludes the dissertation by summarizing key findings and discusses relevant directions for
future research. It provides the answers to the research questions in Chapter 1.
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Chapter 2 The meeting-point-based electric
first-mile demand-responsive service

This chapter is based on the two following published articles.

Fang, Y., Ma, T.-Y., 2023. Demand Responsive Feeder Bus Service Using Electric Vehicles with
Timetabled Transit Coordination, in: Lecture Notes in Intelligent Transportation and Infrastructure.
Springer Nature, pp. 91-103. https://doi.org/10.1007/978-3-031-23721-8 7.

Ma, T.-Y., Fang, Y., Connors, R.D., Viti, F., Nakao, H., 2024. A hybrid metaheuristic to optimize electric
first-mile feeder services with charging synchronization constraints and customer rejections. Transp.
Res. Part E Logist. Transp. Rev. 185, 103505. https://doi.org/10.1016/J. TRE.2024.103505.2

This chapter addresses the vehicle routing and charging operations for the meeting-point-based first-
mile DRT service using EVs. A MILP model is proposed to minimize customers inconvenience by
incorporating waiting times at transit stations, customer rejection, partial recharge, and realistic
capacitated charging stations. The addressed problem is referred to as the Meeting-Point-based Electric
Feeder service problem with Charging Synchronization (MP-EFCS).

As the problem size of the MILP grows exponentially with the number of requests and vehicles, a
layered (departure-expanded) graph structure is employed to efficiently eliminate unnecessary nodes
and arcs. A two-stage hybrid metaheuristic algorithm is proposed to solve the MP-EFCS problem
efficiently. The first stage assigns customers to meeting points, modeled as a variant of the capacitated
facility location problem, while the second stage applies a deterministic annealing (DA) based algorithm
to jointly optimize bus routes and charging operations. The algorithm is validated and compared with
the MILP solution, showing its efficiency to obtain good solutions.

This chapter is organized as follows. Section 2.1 reviews the related literature and identifies the research
gaps. Section 2.2 describes the problem, introduces the layered graph structure, and presents the MILP
formulation. Section 2.3 details the hybrid metaheuristic algorithm, which consists of three sub-
problems: 1) customer-to-meeting-point assignment; 2) bus optimization with charging
synchronization; 3) post-optimization (reinsert unserved customers). Section 2.4 presents the
computational studies, including the test instance generation, algorithm parameter settings, and the
performance analysis of the hybrid algorithm. Finally, Section 2.5 draws the conclusion.

2.1 Literature review

This section reviews related studies on Demand-Responsive Feeder Service (DRFS), meeting-point-
based demand-responsive services, and modeling EVs’ charging operations on capacitated charging
stations for EVRP and EDARP.

2 The author’s contribution: MILP model formulation, computational studies, and manuscript preparation.
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2.1.1 Demand-responsive feeder service

A DRFS provides an on-demand dial-a-ride service to increase public transport ridership (e.g. by
transporting customers to transit stations). It is a cost-effective solution in rural areas where public
transportation services are not well developed. Lee and Savelsbergh (2017) reviewed previous works
and classified the full spectrum of DRT services according to different flexible route design concepts
(zone-based vs. point-based deviation, route deviation, flexible route segments, or demand-responsive
connection to a transit hub). The authors formulate the demand-responsive connector problem as a
MILP to minimize the total routing cost. When booking a trip, each customer indicates their earliest
pickup time and specifies their latest arrival time at the transit station (corresponding to scheduled transit
departure time). The transit connector service ensures that there are no late drop-offs so that customers
do not miss their trains. In addition, customers can be dropped off at alternative stations instead of
predetermined transit stations (regional systems). Their computational results show that this flexibility
provides cost savings of up to about 29% compared to the conventional regional systems. Chen and Nie
(2017) analyzed an idealized demand-responsive connector system that uses demand-adaptive services
to connect to fixed-route transit lines for customer transfers. They propose an analytical model to
evaluate the impact of various system design parameters on system performance, including e.g. road
spacing distance, value of travel time, walking distance, vehicle speed, and operating cost per vehicle
mile/hour. Montenegro et al. (2021) further considered two types of bus stops: mandatory stops (must
be visited by buses) and optional stops (visited when assigned with customers). Customers are assigned
to the optional stops within a predefined maximum walking distance. The objective is to minimize a
weighted sum of bus routing times, customer walking times, and the penalty associated with early/late
arrivals with respect to the customer's desired arrival times. Bian and Liu (2019) analyzed the
mechanism of first-mile ridesharing service from both the operator (customer-route matching) and
customer (incentives, customized pricing) perspectives. Several studies evaluate the performance of
demand-responsive feeder service using simulation approaches or empirical trip data from operators
(see, for example, Alonso-Gonzalez et al., 2018; Haglund et al., 2019; Ma et al., 2019, among many
others). However, existing studies assume that all requests need to be served with sufficient fleet size.
This assumption might not be practical for operators when operation costs for serving certain customers
are relatively high. Few studies allow customers to be rejected by considering the trade-off between
operator’s operational costs and customers’ travel time in the objective function.

2.1.2 Meeting-point-based demand-responsive service

Meeting-point-based DRT services require customers to walk a certain distance to an assigned meeting
point for pickups or drop-offs, enhancing the operational efficiency compared to traditional door-to-
door services. This concept is widely adopted in ride-sharing services (Aivodji et al., 2016; Czioska et
al., 2019; Stiglic et al., 2015). Its application needs to generate relevant meeting points near customers’
Origins — Destinations (ODs). For example, Czioska et al. (2019) proposed a clustering approach based
on customers' spatial-temporal characteristics of their ODs. A set of meeting point candidates are
generated based on i) identifying different clusters, ii) generating meeting point candidates within these
clusters, and iii) selecting feasible meeting points for each customer. Finally, a neighborhood search
approach algorithm was applied for vehicle routing optimization of the selected meeting points.

A similar approach is proposed in the School Bus Routing Problems (SBRP), where bus stop selection
is integrated with the Vehicle Routing Problem (VRP). Students are assigned to nearby pickup stops
and transported to school(s) (Ellegood et al., 2020; Park and Kim, 2010). To decrease inconvenience,
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constraints such as maximum ride time, time windows, and walking distance are incorporated. Most
heuristics for solving the SBRP separate bus stop selection and route generation (Ellegood et al., 2020).
However, Schittekat et al. (2013) propose a method to address it simultaneously by decomposing the
problem into a master problem (bus routing with stop selection) and a sub-problem (bus stop-passenger
allocation). The authors use variable neighborhood decent metaheuristics for solving the master
problem and solve the sub-problem exactly using the primal-dual labeling method. Melis and Sérensen
(2022) combine DARP and SBRP to create an on-demand bus routing problem. However, the objective
function does not consider customers' walking time, neglecting the trade-offs between customers’
walking time and bus routing time.

This meeting-point-based concept has also been applied to DRFS. Nickkar et al. (2022) examined DRFS
with temporary stops, aiming to minimize customer’s and operational costs. The authors developed an
algorithm for clustering customers and then solve the resulting bus routing problem. Montenegro et al.
(2021) also introduce optional bus stops for DRFS, which buses visit only if customers are assigned.
They utilize a LNS algorithm, starting with the initial solution assigning customers to their closest bus
stops. The destroy operators randomly remove customers and then reassigned bus stops, while the repair
operator evaluates alternatives starting with the second-closest stops based on predefined probabilities.

2.1.3 Capacitated charging stations in routing problems

The EVRP has been extensively studied in the past decades (see the comprehensive review of
Kucukoglu et al., 2021). When both partial recharge and capacitated charging stations are considered,
the problem becomes more challenging (Bruglieri et al., 2019; Froger et al., 2021; Lam et al., 2022).
To allow multiple visits of vehicles at charging stations, most studies adopt a replication-based approach
in which each charger is duplicated with an ordered set of dummy charger nodes (Bruglieri et al., 2019;
Froger et al., 2019; Keskin et al., 2019; Montoya et al., 2017). The starting and terminating times of
each charging operation are explicitly handled to ensure no capacity violation for multiple charging
visits at each charger or charging station. Bruglieri et al. (2019) proposed a replication-based approach
for modeling Charging Station Capacity Constraints (CSCCs) with a full-recharge policy. Each
charging plug is duplicated with an ordered set of dummy charger nodes. A dummy charger node
i cannot be visited by vehicles if its preceding node i — 1 is not visited yet to avoid the symmetry issue.
Instead of modeling charging station capacity, Keskin et al. (2019) introduced time-dependent waiting
time at public charging stations to handle the expected charging waiting time when arriving at the
charging station.

However, the replication-based approach is not efficient when the number of necessary dummy
charging nodes becomes large for high charging demand with many charging stations (Froger et al.,
2019). To address this issue, more efficient path-based approaches have been proposed (Bruglieri et al.,
2019; Froger et al., 2019). The path-based approach is based on directed multigraph to model vehicle
flow at charging stations under CSCCs. A similar idea has been developed for joint vehicle balancing
and charging optimization of electric rideshare services (Pantelidis et al., 2022). Froger et al., (2021)
improved the path-based formulation by introducing outgoing and ingoing flows for each charging
station. They showed that the EVRP problem with path-based CSCCs could be optimally solved for the
test instance with up to 10 requests. Lam et al. (2022) further developed a branch-and-cut-and-price
approach using logic-based Benders decomposition and constraint programming to solve EVRP with
CSCCs. The CSCCs are handled in the sub-problems to ensure no charging station capacity violation.
If charging station capacity is violated, combinatorial Benders cuts are added to the master problem.
This method can optimally solve the test instances with up to 25 requests.
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In summary, meeting-point-based DRT shows significant potential for reducing operational costs.
However, the joint optimization of customer walking time to meeting points and vehicle travel costs
remains a challenging problem, especially as the number of available bus stops increases. While
additional stops reduce customers’ inconvenience, they also increase the complexity of the problem.
When EVs are considered, the problem becomes even more complex due to the need to satisfy vehicle
energy constraints and optimize charging schedules simultaneously.

2.2 Mathematical formulation

Notation

Sets

L Set of layer indexes (set of departures), i.e. £ = {1, ..., | L]}

G Set of physical meeting points, i.e. G = {1,..., |G|}

G’ Set of dummy (duplicated) meeting point vertices (nodes), i.e. G' = {gf}iec'{,eﬁ
D Set of physical transit stations, i.e. D = {1,...,|D|}

D’ Set of dummy (duplicate) transit station vertices, i.e. D' = {df}iED’{,EL
S Set of physical chargers, i.e. S = {1,...,|S|}

S’ Set of dummy (duplicated) charger vertices

R Set of customers (i.e. location of origin of customers)

K Set of electric buses

1% Set of all vertices,i.e. V=G'UD'US'URU{O,N + 1}

1% Subset of vertices, i.e. V=G'uD'US’

Vo VnsVoner Vo=V U{0}LVyy = VU{N+1}L Vo = VU{ON + 1}

Set of walking arcs from customers’ origins to meeting points, i.e. A, =
A . o
{r,)IreR,jec’}

Ap Set of bus arcs

Parameters

O,N+1 Two duplicate instances of the depot

T Planning horizon

Qk Capacity of bus k

EK . EK o, EE;. Minimum, maximum, initial SoC of bus k

Caep ta The transit departure time and transit station node at layer £

Wy Walking distance from customer r origin to meeting point i € G’

Cij Distance from vertex i to vertex j

. Bus travel time from vertex i to vertex j Vi,j € Vi y4q. Note that t,; is the
Y walking time from customer  origin to meeting point j, Vr € R,j € G'.

0] Detour factor

Maximum ride time for customers picked-up at node i. Calculated as ‘straight

‘ line’ ride time multiplied by a detour factor ¢.

Winax Maximum walking distance

u; Service time at vertexi € V

e l; Earliest and latest starting times of service at vertex i € Vg y1

d,,d; Drop-off transit station dummy node of customer r € Rand i € G’

W Penalty cost if a customer is rejected
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Qs Charging rate of charger s € S’

gk Energy consumption rate per kilometer traveled for bus k
M Large positive number

A1, A2, A3, A4 Weighting coefficient for the objective function

Parameter used in the customer-to-meeting-point assignment problem (Eqg.
p

(2.36))
Auxiliary variables

Ak Arrival time of bus k at vertex i

wk Waiting time of bus k at node i

qk Passenger load of bus k when leaving vertex i

EF Battery energy level of bus k when arriving at the vertex i

pk Indicator: 1 if node i is visited by bus k, 0 otherwise

0. Indicator being 1 if a dummy node is visited by a bus (used in Eq.(2.36)-
' Eq.(2.46))

Decision variables

yk 1 if customer r is assigned to bus k and meeting point i, O otherwise

x{‘j lifarc (i,j) is traversed by bus k, O otherwise

Bk Beginning time of service of bus k at vertex i

Tk Charging duration for bus k at charger s, s € S’

2.2.1 Problem description

We consider a first-mile DRFS operated by an operator in a rural area using a heterogeneous (in terms
of capacity, battery size, and energy consumption rate) fleet of electric buses to complement the public
transport system. To enhance system efficiency and reduce operational costs, the DRFS system adopts
the concept of meeting points i.e. customers are offered a limited number of pick-up/drop-off meeting
points, rather than a door-to-door service (Czioska et al., 2019; Ma et al., 2021) and the service is
punctuated (e.g. the bus arrives at a transit station every 10-20 minutes to drop off the transit
passengers). The system is operated as follows. For a given planning period, customers submit their
ride requests in advance indicating their origin, the transit station to be dropped off, and their desired
arrival time (corresponding to the pre-defined departure time of the transit service). Each request
(customer) contains at least one passenger. The operator collects these ride requests and communicates
whether they are accepted, the pickup time, and suggested meeting points. The operator’s objective is
to optimize bus routes so as to arrive at transit stations within a fixed buffer time (e.g. < 10 minutes
before the timetabled transit departure). We assume that customers are willing to walk from their origins
to the suggested meeting points, up to some maximum acceptable walking distance. The SoC of the
buses cannot fall below the reserve battery level throughout the route. Buses can be recharged only at
operator-owned charging stations with partial recharge policy. Each station has a limited number of
chargers. Charging operations cannot overlap at any charger i.e. waiting of a bus is not allowed at a
charger/charging station. Given a set of customer requests, the objective is to optimize bus routes to
meet these requests while considering the trade-off between system costs and customer inconvenience.



13 Chapter 2

2.2.2 Layered (departure-expanded) graph

The MP-EFCS problem is defined on a directed graph where the set of nodes includes the set of
customers R and the set of meeting point nodes (G’), transit station nodes (D’), charger nodes (S”) and
the two copies of the depot {0, N+1}. There are two sets of arcs: walking arcs A, for customers walking
from their origins to the meeting point nodes, and bus arcs Ay for bus routes starting from the depot
node 0 and terminating at N + 1. Each arc is associated with a distance and a travel time, calculated as
the Euclidean distance divided by the average walking/bus speed.

The classic DARP manages buses’ departure and arrival times and load changes easily, as each node is
visited by at most one bus. However, in the MP-EFCS, the set of meeting points G' and that of transit
stations D' are visited multiple times, necessitating multiple duplicates of these points/stations. It is
crucial to reduce the duplication of theses nodes to a necessary minimum to reduce the problem size.
To address this, we propose a layered (departure-expanded) graph model that organizes the node
duplications according to the sorted departure timetables at transit stations. The following definitions
are introduced for constructing the layered graph.

e Layer. A layer is a subset of meeting point and transit station dummy nodes at each ordered
departure of the transit service timetable (see an example in Figure 2.1). The index set of the layers
is defined as £ = {1,2,...,|L£]|}, where the latest departure times at the higher layers are not less
than those at the lower layers. A particular layer is characterized by the pair: scheduled arrival time
€4ep and associated transit station £;.

o Compatible layers: Two layers are compatible if the meeting point nodes (or transit station nodes)
on the two layers can be visited by the same bus, i.e. given a meeting point, there is a vertical arc
connecting a dummy node on one level to the one on the other level and vice versa. This
compatibility can be verified by checking whether the arcs connecting the two dummy transit station
nodes of the two layers can be part of the feasible solution. Let [e;, [;] and [e;, [;] denote the
beginning and end of the time window at the dummy transit station node i and j, respectively. The
end time window of a transit station node is the transit departure time at its associated layer. The
width of the time window corresponds to the predefined buffer time. Two layers (i,j),i < j are
compatible if e; +t;; < [;. If two layers are compatible, there are vertical arcs connecting the
dummy nodes of the same meeting point or same transit station (layer 5 and 6 are compatible layers
in Figure 2.1).

e Layered graph: We denote a layered graph as G = (Vo y+1,A), Where Vg 44 is @ set of nodes
structured with a ground layer with two copies of the depot and the dummy charger nodes, and a
set of the layers with meeting point dummy nodes, i.e., G' = {gf and transit station dummy

H !
nodes, i.e., D' = {df}iED,t,EL,

stations. The latest time window of a transit station node d? is the transit departure time at layer 2,

while the earliest time window is the departure time minus a predefined buffer time. The transit

departure (layer) that customer r specifies is denoted as €(r). A = Ag U A isaset of arcs where

Ap is a set of arcs for bus routing after trimming infeasible arcs, and A, is a set of (walking) arcs

connecting customer’s origins to reachable meeting points within a predefined maximum walking

distance.

}iea,{’eﬁ’
sorted according to the increasing order of departure time at transit

Figure 2.1 provides an example of a layered graph for the MP-EFCS problem. The example includes
six customers, three meeting points, two transit stations, one charger and one depot. Each transit station
has three departures, with the first station operating at a service frequency of 30 minutes and the second
at 20 minutes. The layers corresponding to the transit departures selected by customers are retained in
the graph. Layers 5 and 6 are considered compatible, as bus 1 can drop off a customer at transit station
2 before 6:50 and still have enough time to drop off two customers at station 1 in layer 6 before 7:00.
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Travel between layers is accessed by predefined vertical arcs. For charging operations, bus 1 visits
charger 1, utilizing the first dummy charger node, while bus 2 recharges at a different dummy node. In
the illustrative example, it becomes evident that unnecessary layers can be easily pruned, significantly
reducing the number of nodes and arcs in the graph. Since each node is associated with a specific
departure time, this approach simplifies the management of time windows. Section 2.3.1 further details
the methods employed to minimize the problem size through the layered graph approach.

Layered Graph
i Scheduled departure
( \ timetable at transit stations

Meeting Meeting Meeting Transit Transit ] ]
i Point1  Point2  Point3 station 1 station2 Layer Station 1 Station 2
- ¥o‘o//70 ° 1 6:00
o o 2 6:10
[ N ® 3 6:30
o 4 6:30
A PY 5 6:50
<_—-* 6 7:00
Customers A
Meeting point, transit, ® (activated)
charger, depot nodes o (trimmed)
® :
-->
Origin depot  Duplicated nodes of Destination depot Walklng are
charger 1 Bus route 1 —>
Bus route 2

Figure 2.1: An illustrative example of bus routes in a layered graph (arcs omitted) for the MP-EFCS

2.2.3 MILP formulation

The MP-EFCS problem is formulated using a MILP approach. Note that a 3-index formulation is
necessary since we consider a fleet of heterogeneous buses with different initial states of charge and
bus energy consumption rate. To simplify the analysis, we formulate our model in a single-depot setting.
This can be extended to a multi-depot model without difficulty by indicating the starting and returning
depots of each bus (Bongiovanni et al., 2019; Braekers et al., 2014). The objective function minimizes
the weighted sum of total bus travel time and total bus charging time (the first term), customer’s total
walking time (the second term), total ‘excess’ bus waiting time at transit stations (exceeding the
acceptable fixed buffer time), and the total penalty for unserved requests. The weighting factors
A1, 42,13, @ are user-specified parameters to account for trade-offs between users' and operators'

objectives.
Min Z = Alz( z tl-,-x{j-+2r§)+/12 Z zyi‘itn-

keK (i,j)EAg ses’ (ri)eAc keK

+13) D W Y A=y

kEK ieD’ (ri)eA kEK
c

(2.1)

The constraints can be grouped into four categories in terms of customer-to-meeting-point assignment
constraints, bus routing constraints, bus energy constraints, and charging scheduling (synchronization)
constraints.
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2.2)

(2.3)

Constraint (2.2) ensures that each customer is served at most once. Constraint (2.3) imposes the

maximum walking distance of customers to access a meeting point.
K =1vkeK
Xoj = ,Vk €
JEG'US'U{N+1}

k —
xfyi = 1LVk €K
ie{o}us’up’

Zx{j-sL VkEK,jEG

i€V,
Zx{j.— 2 xf=0, VkeK,jeV
i€V, 1EVN+1
k < M k y !
yri— 1 xij, VkEK,lEG
TER JEVN+1
k _ k _ k :
yn._lzz:xﬁ_ 2 Xjq VkeK,ieG',r eR
JEV jeG'up’

x{‘j=1:>q}‘=q£‘+2y;‘j, vk €EK,i €Vy,jEG'
TER

X5=1=q}‘=q£‘—22yfg, vkEK,i€G,jeD'

TER geG’
0<qF<Q¥ VKEK,i€Vyni
Bf = Bf +u; + t;j—M,(1 —xf), VkE€K,i€Vpy,j€Vyyy
Bf = B +1¥ +t,;—M,(1-x¥), VkeK,seS,je{G'UN+1}
xfi=1=>Af =Bf +t;;+u;, VkeEK,ieGUD,jeD
Wk > Bk —AF —M,(1-pF), VkeK,ieD

leZZx}‘i, vkeK,i€D'

JEV
A —Bf —u; <L+ My(1—-yf),  VkeK, (ri) €A

e;<BF<l, VkeK,i€eV

(2.4)

(2.5)

(2.6)

@.7)

(2.8)

(2.9)

(2.10)

(2.11)

(2.12)
(2.13)
(2.14)
(2.15)

(2.16)
(2.17)

(2.18)

(2.19)

In terms of bus routing constraints, constraints (2.4) and (2.5) state that each bus leaves and returns to
the depot. Constraint (2.6) ensures that each meeting point (dummy) node can be visited at most once
by the same bus. Constraint (2.7) ensures bus flow conservation, while constraint (2.8) ensures
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consistency between yfi and xf‘} Constraint (2.9) ensures that the pickup and drop-off of a customer is
served by the same bus. Constraints (2.10) and (2.11) update the bus occupancy at meeting points (pick-
up locations) and transit stations (drop-off locations). Constraint (2.12) states the capacity (passenger
load) constraint of the bus. Constraint (2.13) states that the beginning time of service at node j can start
when the bus arrives at j. Constraint (2.14) states that when bus k leaves a charger node s, the starting
time of service at successive node j is greater or equal than its starting time of service at the preceding
node s plus the service time, charging time, and the travel time traversing arc (i, j). Constraint (2.15)
computes the arrival time of buses at transit stations. Note that the hard time windows (fixed buffer time
associated with the transit service timetable) are associated with transit station nodes only, not for
meeting point nodes. To determine the excess waiting time when arriving at a transit station (before the
buffer time), we introduce the arrival time variable, relevant only for the transit stations. Constraint
(2.16) then measures the excess bus waiting time. Constraint (2.17) determines the value of the auxiliary
variable indicating whether there are buses dropping off customers at transit station node i. Constraint
(2.18) ensures the ride time of customers cannot exceed the maximum ride time, characterized as the
shortest travel time (direct ride) multiplied by a pre-defined detour factor. Constraint (2.19) states that
the beginning time of service at node i is constrained by the time window associated with that node.

Ef=Ek, Vkek (2.20)

EF. . <EF<Ek,, VkeKieV (2.21)

xl=1=Ef =Ef —B¥c;j,  Vk€K,i€Vo\S'j € Vyss (2.22)

x5 =1=Ef =E¥ + agl — e, VkeKseS,je{G'UN+1} (2.23)

For bus energy constraints, Constraints (2.20) and (2.21) state the initial SoCs of the buses and their
constraints. Constraints (2.22) and (2.23) ensure energy conservation with and without recharged
energy when traversing an arc (i, j).

vs=z Z xfj,SES’ (2.24)

kEK jEGIUN+1
v, < v, Vh 1€ S)0€S h<I (2.25)
Z Bi = Z B + Z T = My(2 — vy — ), Vh, L € S0 €S, A < | (2.26)
keK keEK keEK
T+ B <M, Z x5, vseS kek (2.27)
JEGIUN+1
v, <1,s€S’ (2.28)

With respect to the constraints on charging scheduling (synchronization), constraints (2.24) - (2.28)
ensure that each charger can be occupied by no more than one bus at a time, i.e., if multiple charging
events are scheduled at the same charger, they cannot overlap. Creation of dummy charger nodes allows
multiple visits by buses to the same chargers. Constraint (2.24) introduces an auxiliary binary variable
to indicate whether a dummy charger node is visited or not. Constraint (2.25) states that the dummy
charger nodes are visited in reverse order as they appear in the list of their associated physical charger
nodes to eliminate the symmetry problem (see Figure 2.2) (see e.g. Froger et al., 2017; Lee and
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Savelsbergh, 2017). Each dummy node can be connected maximum once by buses, and follows the
inverse order from node I, then node h, (i.e., I-1), ..., 2,1. Constraint (2.26) ensures that charging of a
bus can start only after the previous charging has finished. This means that the start time of a charging
visit cannot be earlier than the start time of the previous charging visit of a bus plus its charging duration.
In constraint (2.27), if a bus is not connected to a dummy charger node, its start time and charge duration
are set to zero to determine which bus is connected to the dummy charger node in constraint (2.26).
Since each dummy charger node can only be visited once, the unique connected bus and its associated
charge start time and charge duration can be determined by constraint (2.26). Constraint (2.28) states
that each dummy charger node can be visited at most once. Note that if the symmetry issue is not
addressed when modeling multiple visits to charging stations, the computation time will increase
significantly even for moderate problem sizes.

Charger o
ac;“J '__,—‘V:J;,'
Visiting order
g @‘:E:_— ----- » /) O Dummy charger node
@ )~11 ;7™ Other bus/transit/depot

iy .

node

®
@

Figure 2.2: lllustration of visit order of dummy charger nodes for a charger

Finally, constraints (2.29) — (2.33) define the domain of the decision/auxiliary variables.

x5 €{01}, VKEK,i,j€Vons (2.29)
yk €{01}, VkeKreRi€G (2.30)
¥ >0,v,€{01},Vk€K,s€S' (2.31)
A¥ > 0,BF >0,Vk €K,i € Vynyq (2.32)
pke{01},wf>0,vkeK,ieD' (2.33)

Note that constraint (2.9) can be linearized equivalently as the following two constraints.

Z xji 2 Z X =M (1-yk), VkeKieG,rer (2.34)
JEV JEG'uD'
z xj; < z X+ M (1-yf), VkeK,ieG,reR (2.35)
JEVS jeGc'up’

Constraints. (2.10) — (2.11), (2.15), and (2.22) — (2.23) can be extended equivalently in the similar way
as above. The big positive numbers M are setas M; = |R|, M, =T.
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2.3 Hybrid metaheuristic algorithm

Different from existing EDARP problem formulations (see e.g. Bongiovanni et al., 2019) and on-
demand bus routing problems (Melis and Sorensen, 2022), the proposed MP-EFCS (Section 2.2)
introduces greater flexibility by allowing partial bus recharging, minimizing buses’ waiting times at
transit stations, and rejecting customers. This added complexity necessitates to develop efficient
metaheuristics to solve the problem efficiently for real-world applications.

We propose a hybrid metaheuristic with a two-stage solution scheme. The first stage assigns customers
to meeting points, while the second stage solves the routing problem with charging synchronization
constraints and a post-optimization procedure. The metaheuristic is hybrid as it integrates two additional
subproblems formulated as two MILPs—customer-to-meeting-point assignment and post-optimization
— into the solution framework. The bus routing procedure is based on DA metaheuristic that has been
successfully implemented in solving the general heterogeneous DARP using non-EVs (Braekers et al.,
2014). While the algorithm’s structure is inspired by Braekers et al. (2014), it is tailored to the problem
of MP-EFCS with additional procedures to reduce the computational time. The DA-based metaheuristic
uses local search operators to refine solutions and employs a temperature parameter to accept worse
solutions, enabling it to escape from local optima. This parameter gradually decreases during the
optimization process until no further improvements or some stopping criteria are reached.

Key challenges for the MP-EFCS include synchronizing vehicle charging schedules and reassigning
unserved customers to meeting points, which are addressed in subsequent sections and computational
studies. This section first describes the preprocessing procedures on the layered graph to reduce the
problem size, followed by the overall algorithm structure. Details on customer-to-meeting-point
assignment, bus routing optimization, and post-optimization are provided in Section 2.3.3 — Section
2.3.5.

2.3.1 Preprocessing

Building on the preprocessing procedures for the DARP outlined by Cordeau (2006), the preprocessing
steps for MP-EFCS involve time-window tightening and arc elimination in the layered graph described
in Section 2.2.2. However, in the context of the meeting-point-based first-mile service, all the customers
are treated as outbound users, and the time-window tightening is applied exclusively at meeting points.
As customers specify their transit station and transit departure time, and each layer in the graph
corresponds to a transit departure, non-selected layers are identified and eliminated in the beginning.
The time windows at a meeting point i € G’ at layer £ € L is tightened as ¢; = max{o, er, — Ptie, —
Mi} and [; = min{T, Lo, = tie, — ui}, where £ is the transit station node at layer £, and 1, represents
its transit departure time.

We eliminate the bus arc V(i,j) € Ag if e; + t;; + p; > 1;, or if they are not in one of the following

situations:

- Arcs fromnode Oto G, S’, and {N + 1}.

- Arcs from D’ to S’ and {N + 1}.

- Arcs connect from meeting point nodes to different meeting point nodes and transit station nodes on
the same layer.

- Arcs from transit station nodes to meeting point nodes on the higher layers.

- Arcs connect the meeting point and transit station nodes of the same physical location on two different
layers if their layers are compatible.

- Arcs from S"to G' and N + 1.
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For the walking arc set A, it contains only the arcs within the maximum walking distance of customers
on the layer of the customer's desired train departures.

2.3.2 The structure of the hybrid metaheuristic

The overall structure of the algorithm is outlined in Algorithm 1 and consists of three main components:
customer-to-meeting-point assignment, electric bus routing, and post-optimization to reinsert unserved
customers. The input includes a preprocessed layered graph of the problem instance. The algorithm
begins with a customer-to-meeting-point assignment (line 2). Once the meeting points are assigned, the
problem is transformed into an EDARP for bus routing optimization, with the EDARP instance
constructed in line 3. Let s represent the current solution, s, the current best solution, and c(s) the
cost (objective function value of Eq. (2.1)) of solution s. An initial feasible solution s;,;, is generated
as the best feasible solution found for n random solutions (i.e. n=100) using a greedy insertion approach
(line 4). If a feasible solution is not found, n is increased to 1000 to improve the probability to find one.

The algorithm applies a randomly selected local search operator s on the current solution s and obtains
a temporary solution s’ (lines 11-12). If the cost of s” is smaller than that of the current solution s plus
a threshold value T (i.e. a worse solution but within the threshold), and there are no charging operation
conflicts, a bus exchange operator (line 14) is applied on s’ to further reduce the charging time of the
buses of s’. This is because we assume that the initial SoCs of the buses are heterogeneous. Given two
routes, this route switcher could reduce the total charging time if the bus with the higher SoC travels
the longer route, thus reducing the amount of energy to be charged. To handle this operation efficiently,
this operator sorts the buses by their total charging time, including the additional time to access the
charging stations. A first bus is exchanged with a second bus (without changing the sequence of pickups
and drop-offs of the route). If the resulting bus exchange and rescheduled charging operations (if any)
improves cost without charging conflicts for all buses, then the current solution is updated. When the
cost of s is smaller than that of the best solution s, and the number of used buses n (s) does not
exceed the fleet size |K|, update the best solution (lines 16-18), and reset the non-improvement count
limp = 0. When s;.; is not improved (i;n,, > 0), reduce the threshold value by Tp,qx/Tyeq, Where
Treq is the threshold reduction parameter. If T < 0, reset T randomly between 0 and Ty,q,. When i,

exceeds the maximum number of iterations, reset i;,,,, = 0 and the current solution as s, ;.

The algorithm incorporates an early stop criteria (line 8-10), which stops the process if solution shows
no more improvements after 100 X ngqgnqne CONsecutive stagnations (we check whether no
improvement (relative improvement is no more than 0.05%) occurs for every 100 iterations of the main
algorithm loop). Otherwise, the algorithm stops when the maximum number of iteration, iter;, 4y, iS
reached. As the bus routing optimization relies on the customer-to-meeting-point assignment in the first
stage, unserved customers may potentially be accommodated by reassigning their meeting points. To
address this, we propose an efficient post-optimization procedure to refine the best solution obtained
from the DA algorithm (line 30). The parameters Ty, Treds Nimp @Nd Nsragnane are required to be
tuned to optimize the algorithm’s performance. The following sections present the mathematical
formulations and algorithmic description of the three main components of the hybrid metaheuristic.
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Algorithm 1. Hybrid metaheuristic algorithm for solving MP-EFCS

© o N kbR

WNRONRNONNMNNNNNNRERPRERRERRRERRREPRER
CLOWX®MN O A WNE O O©O©OKONOOTA~WDNDEO

G < createLayerdGraph(Vy y+1)

(q,G") «<customer-meeting-pointAssign(R, G)
Set up EDARP(q, G") instance

Sinit <generatelnitSol(EDARP)

Set the current solution s = Spegt = Sinits limp = 0, cOUNtsragnant = 0, T = Tax

for iter = 1: itety gy
iimp < iimp +1; Countstagnant < Countstagnant +1
if countsiggnant = 100 x Nstagnant
Go to line 30
end if
ls «rand(LS)
s« Is(s)
if c(s") < c(s) + T and noChargingConflict(s")=true
s"" « busExchange(s")
s e s”
if c(s) < c(spest) and n, (s) < |K|+ 1
Spest < S; limp = 0; countseggnant = 0
end if
end if
if lip > 0
T < T —Thax/Trea
ifT <0
T « random(0,1) * Tp,qx
if iimp > Nimp * nk(sbest)
S < Spest; limp = 0
end if
end if
end if
end for
return s, <postOptimization(syest)

2.3.3 Customer — meeting points assignment

Given customers’ origins and the maximum walking distance constraint, it is necessary to determine
the assignment of customers to meeting points by balancing bus routing times and customer
inconvenience (walking time). This customer-to-meeting-point assignment problem is formulated using

a MILP approach, which is a variant of the capacitated facility location problem.

Recall that G, represents the subset of dummy meeting point nodes for layer £, where ¢ belongs to the
set of layers £. The objective function (Eq. (2.36)) minimizes the weighted sum of total customer
walking time and bus travel time between activated meeting points (with positive assigned customers).
The weights 4, and A,, defined in the original objective function (Eq. (2.1)), control the relative
importance of these two components. p, is a non-negative coefficient to be tuned to balance the trade-
off between customer walking time and bus travel time (see Section 2.4.2 for the tuning method). The
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decision variable y,.; determines whether customer  is assigned to meeting point j. 6; and zf;. are two
intermediate binary variables indicating whether meeting point j has positive assigned customers, and
whether arc (i,j) in layer £ is used, respectively. Constraint (2.38) ensures that each customer is
assigned to one meeting point, while constraint (2.39) restricts the number of customers assigned to
each meeting point to not exceed the maximum bus capacity. Constraint (2.40) ensures a meeting point
j is activated if any customers are assigned to it. Note that the second term in the objective function
(Eg. (2.36)) does not represent the actual total bus traveling cost. Instead, it provides an estimation
designed to assist in the customer-to-meeting-point assignment process.

Mind, ' Y tyyethpe Y Y Y tyz) (2.36)

TE€R jEG, teL ieGy jeGy
Subject to
CrjVrj < Wmnax, V7T € R,j € Gy (2.37)
2 yri=1VreRr (2.38)
JEGy(r)

Z Vrj < Qmax: VJ € Gy (2:39)

TER
Z Vrj < M6,V € Gy (2.40)

TER
75 >0,+0;,—1,Vi€Gy,jEG,LEL (2.41)
zf; €{0,1}, Vi€ Gyj € Gyt eL (2.42)
6; € {0,1}, V] € Gy, VT ER (2.43)
yrj €{0,1},Vj € Gy, V7 €R (2.44)

2.3.4 Bus route optimization with charging synchronization
2.3.4.1 Initial solution generation and bus charging scheduling

We randomly generate n solutions based on the greedy insertion operator. This operator inserts one
customer at a time at the least cost and feasible position of that route by checking the time window,
maximum ride time, precedence, and bus capacity constraints using the eight-step evaluation scheme
(Cordeau and Laporte, 2003). Afterwards, the energy constraints resulting from that insertion are
checked. If violated, charging operations (insertion of visits to chargers) are scheduled.

The charging scheduling algorithm is outlined in Algorithm 2. It begins by identifying energy-feasible
positions for recharging (line 2), which are limited to after leaving the depot or a transit station, as
recharging is not allowed with customers on board. Direct connections between chargers are also
prohibited. For the current route, the algorithm calculates forward slack time (line 5), which determines
the available time for recharging without violating route time windows. To avoid charging duration
overlaps, a mixed randomization strategy is used: the charging position is randomly chosen from the
candidate list (line 3), and a charger is selected based on a greedy strategy, prioritizing the one with the
shortest total operation time (including access, egress, and charging time). Given the slack time for
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recharging and the desired charging duration, a feasible starting time for recharging is randomly selected
within a reduced interval (due to feasibility) without compromising the desired charging duration (lines
7-8 in Algorithm 2). If the bus cannot achieve the desired charge level, another charging stop is added
at the next feasible location (line 10). If this fails, the algorithm restarts from the first feasible position
(lines 15-16). If no feasible charging insertion is found, the route is deemed infeasible. If the charge
schedule is successful, the output includes a sequence of charging operations specifying the insertion
position, charger node, and start and end time of recharge. The charging conflict checks with other
buses are performed when a solution is promising (line 13). To track charger occupancy, a binary matrix
is used, with rows representing chargers and columns representing 10-second intervals. This allows
conflict checks to be conducted in O(1) time by referencing the matrix.

Algorithm 2. Bus charging scheduling algorithm

1. Input: an energy-infeasible temporary route r = {v,, ..., v, }.

2. Setsuccess = false, repair = false. Compute the cumulative energy consumption from
the depot to each node of r. Identify the first infeasible node v* where the state of charge is
insufficient to reach that node (i.e., inferior to EX ;).

3. Letloc, = {(vi-1,vi)}i=1,.,p b€ a list of candidate positions for inserting a recharge
operation where a possible recharge visit to a charger location is between v;_; and v;.
Randomly select a position between 1 and p to insert the first charging visit.

4. Choose a charger vg among the list of chargers with the least charging operation time (i.e.,
including access, egress, and charging times to connect v;_; and v;).

Compute the amount of recharge energy A = Er’flm — (Ei";u-t — ec,), Where ec, is the total
energy consumption of r, including this charging visit. Compute the charge time SAEr of Ag_
given the power of charger v;.

5. Compute the allowed delays for service start time at v;_, as Sid_ellay =
min {F;_4, Y;_1<p<n W, } for all candidate positions, where F;_; and W; are the forward time
slack and the waiting time at node v;_,, respectively (Cordeau and Laporte, 2003).

6.  Try inserting vy after v;_, as follows. Compute 84ccess = to, v, + togw; —
if a, + Saccess < 8iy

Compute the recharge start time B,,_ := D,,__ +t,._ , + rand(6{5" — 84, ), Where
D,,,_, is the departure time, and rand() generates a random real number between 0 and its
input. Compute the termination time of recharge Tv‘;"d =B, + 5AEr' Set success = true.

9. else

10 Compute B, =Dy, , +Ty,_ » and T¢" = B, + (824 — 84ccess)- Update the energy

mount to be recharged after v,. Perform the same charging scheduling procedure for the
remaining candidate positions. If successful, set success = true.

tv,-_l,vi-

11. end

12. if success = true

13. return the charging schedule of r, i.e., {v;_4, v, By, Tvind :

14. else

15. if repair = false

16. Set repair = true. Restart the charging schedule from the first candidate position, i.e.,
v;_1 = vy, and go to line 6.

17. else

18. return success = false

19. end

20. end
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2.3.4.2 Local search operators

The local search operators need to be designed by considering their complementarity in diversifying the
searched neighborhood from the current solution (Arnold and Sérensen, 2019) and the specificity of the
problem at hand. As we allow customer requests to be rejected, unserved customers are managed in a
pool, which is regarded as a virtual route, allowing customers® to be removed from the buses. Given
the layered graph structure, we can efficiently screen out infeasible insertion positions by checking
whether the layer of a customer to be inserted is (in)compatible with the layer of the current inserted
position of the route (based on the determination of compatible layers). This conflict check can be done
in 0(1) (given constant number of transit stations) based on a lookup table of compatibility information
for the layered graph. We propose eight local search operators as follows, where the last one adopts
the destroy-repair operators in LNS (Pisinger and Ropke, 2019) to enlarge the neighborhood size.

o Two-opt*: Two routes are randomly selected. Identify the candidate arcs to be removed from each
route, i.e. the load of the bus is zero on these arcs (Parragh et al., 2010). Remove one candidate arc
from each route and recombine the first part of the first route with the remaining part of the second
route, and vice versa. The feasible one with the best cost improvement is retained.

o Two-opt: Reverses the order of visiting the nodes of a segment of the current route, in a sequential
manner along the current route. First, the length of the segment is randomly determined between 2
and 4. A node is randomly selected and the end node of the segment can be identified. The feasible
one with the best cost improvement is kept.

e Exchange-segment: Randomly select two routes. Identify candidate arcs with zero passenger load
over the entire current route. The segments between two consecutive candidate arcs of a route are
the swappable segments. Exchange two such segments, sequentially along the route, until a feasible
and improved route is found (i.e., the bus travel time savings after the exchange is greater than the
current threshold T).

e Exchange-customer: Swap two customers on two randomly selected routes. The pickup (drop-off)
position of the customer on the first route needs to be reinserted at the pickup (drop-off) position of
the customer on the second route (Braekers et al., 2014). If successful, the removed customer of the
second route is reinserted into the first route at any feasible position. If unsuccessful, the customer
is reinserted on another randomly selected route until a feasible insertion is found. This operator is
applied sequentially along the routes until an improved and feasible exchange is found.

o Four-opt: Remove four successive arcs (three successive nodes) from the current route and find a
feasible and improved one among all possible combinations of the removed segment in a sequential
search along the route. The feasible and improved one with the least cost is retained.

e Create: if the number of used buses is smaller than the fleet size and the pool of unserved customers
is not empty, create a new route by randomly inserting an unserved customer on an unused bus.

o Relocate ensemble: To avoid repetitive local search operations applied to the same neighborhood,
we randomly select a relocation operator from the following two relocation operators: greedy
relocation and worst relocation. The two relocation operators search different parts of a solution
neighborhood. Greedy relocation randomly removes a customer from their current route and

% Note that a customer in the bus route optimization procedure denotes the requests assigned to the same
dummy meeting point based on the customer-to-meeting-point assignment (Egs. (3.36)-(3.46)).
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reinserts the customer to the least cost position of the current solution. Worst relocation removes
the worst customer (i.e., the most expensive with respect to the objective function) of a randomly
selected route and reinserts the customer into the least cost position of the current solution.

Destroy-repair operators: The destroy and repair operators are applied in pairs with each is
randomly selected from below. The number n?est™oY js selected randomly as 1 < n4estroy <
min(n™%, §|R|), where n™%* s a pre-defined maximum number of customers to remove. § is a
coefficient between 0.2 and 0.5. Based on our preliminary analysis, we set n™%* = 60, and § =
0.275 (Lutz, 2014). Five destroy operators and two repair operators are used as follows.

Destroy operators

- Random destroy: Randomly remove n?estro¥ customers from the candidate list (i.e. all
customers on the current solution s).

- Worst removal: Remove the first n4¢st"°¥ customers with the most contribution to the
objective value from the existing served customers.

For the following three related-destroy operators, the served customers in solution s are sorted
based on their relatedness in decreasing order with a randomly selected customer from the unserved
customer pool. The first n"¢™°v¢ — 1 customers in the sorted list are removed. The relatedness
value is calculated using Eq.(2.45) — Eq.(2.49), where a lower value indicates a higher relatedness.

Distance-related destroy: The distance relatedness for customers i and j at their origin and
destinations is computed in equation (2.45) (adapted from Lutz, 2014), where ¢4 iS the distance
of the longest arc in Ap.

Cij + Cntvintj
Pt (i ]) = ij n+in+j (2.45)

Cmax
- Time-window-related destroy: The time-window relatedness for customers i and j is computed

in equation (2.46).

Li—1 lnvi = lnsj (2.46)
e B
- Shaw removal: Shaw relatedness (adapted from Ropke and Pisinger (2006)) integrates the

distance-relatedness and time-window relatedness. The Shaw relatedness for customers i and j

is computed in equation (2.47), where §; is the normalized capacity demand of customer i (with

respect to max{ g;} for all i € G’ where g; is the number of passengers associated with i. We

set (¢, x,¥) as (9, 3, 2) (Ropke and Pisinger, 2006).

Tshaw (6 ) = 07 aise (L)) + x7aise (G ) + ¥1gi — §j (2.47)

”ﬂtw(i'j) =

Repair operators

Greedy repair: lteratively select and insert a customer whose best insertion position has lowest
cost among the customers in the unserved pool.

Regret repair: Insert the customers of the unserved pool one by one based on the regret heuristic
of Ropke and Pisinger (2006). Note that we implement Regret-2 and Regret-3 heuristics, which are
selected randomly to achieve more diverse insertions.

Note that at the end of each local search operator, we update the bus charging schedule by applying the
bus charging scheduling procedure (Algorithm 2). If the resulting routes satisfy all the constraints, the
updated solution s’ is kept (line 12 in Algorithm 1).
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2.3.5 Post optimization

If the best solution obtained by the DA algorithm contains unserved customers, the customers on the
layers containing unserved customers are reassigned and the sub-routes on the affected layers are
reoptimized to satisfy the time windows, maximum ride time, and bus capacity constraints. The
reassignment problem is solved by a matheuristic that formulates a conventional MILP problem for
reassigning customers on the same layer that contains unserved customers. This matheuristic aims to
find improved partial routes for each of such layers that minimize the total bus routing time and the
total penalty of unserved customers without violating constraints. A short computation time limit is
applied to find an optimal solution. If the solution reduces the initial number of unserved customers on
the current layer, the corresponding sub-routes are updated. Finally, the charging schedules of the
modified routes are updated and checked for charging conflicts. If the new solution is feasible and has
an improved cost, the best solution is updated. The reader is referred to Ma et al. (2024) for the MILP
formulation and solution algorithm for reassigning unserved customers.

2.4 Computational experiments

In this section, we present computational experiments for the proposed hybrid metaheuristic algorithm
and compare its performance with exact solutions obtained by a state-of-the-art MILP solver. We first
present the test instances and tune the algorithmic parameters. Then, the performance of the hybrid
metaheuristic is evaluated, including analysis of bus charging scheduling. The performance of the
layered graph is analyzed at the end of this section.

2.4.1 Test instance generation

To get a nuanced performance of the algorithm, we consider two scenarios corresponding to peak (P)
and off-peak (OP) demand profiles. Scenario P simulates a peak-hour situation where customers’
desired arrival times at transit stations are concentrated around 6:00-8:00, whereas scenario OP assumes
a uniform distribution of arrival times over the operating period. 10 instances with the number of
customers ranging from 10 to 100 customers are generated for each scenario. These test instances have
a single bus depot, two train stations, and four chargers as shown in Figure 2.3. Half of the customers
choose station 1 as their drop-off point, while the other half choose station 2. Meeting points are
generated as a grid with a separation distance of 1 km, and the maximum walking distance of customers
is 1.5 km. The two train stations offer punctuated services with three departures per hour, starting at
6:00 (6:10) and ending at 10:00 (9:50), resulting in 26 layers. In total, there are 26 layers with 25 to 49
activated meeting points per layer (meeting points within the maximum walking distance of the
customers). Each customer can access up to 7 meeting points within their walking distance (Figure 2.3).
Consequently, the possible customer-to-meeting-point assignment combinations are very large,
providing non-trivial experiments to test the performance of the algorithm.
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Figure 2.3: Example of a test instance with 100 customers®.

We consider two types of buses, each with distinct passenger capacities, battery capacities, and energy
consumption rates. Instances are labeled as cxx, where xx indicates the number of customers in the
instance. In order to force bus charging operations, initial SoCs of buses are set as low as 20%, 30%,...,
and 80% of the battery capacity. The number of buses is determined by considering approximately 70%
of bus occupancy. The average initial battery state for both scenarios is 26.4%. We assume that, when
returning at the depot, the minimum SoC is 10% of its capacity. An overview of the experiment is

shown in Table 2.1.

4 Number next to each customer shows desired transit departure. The greyed out (meeting point) are beyond the

maximum walking distance of any customer.
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Table 2.1: Overview of the experiment and algorithmic parameter settings

Parameter Value Parameter Value
Number of type of buses 2 Charging power 0.83kWh/minute
Number of meeting points . 20%, 30%, ...,80% of
within customer’s walking 25t0 42 Enie 5
distance k
Number of punctuated 12 or 13 Energy consumption 0.24 kwWh/km and
service per transit station rate of buses 0.29 kWh/km
Number of transit stations 2 Number of customers 10,20,...,100
Number of chargers 4 Walking speed 0.085 km/minute
Number of buses 2106 Detour factor ¢ 15
Passenger capacity of the 10 or 20 1 1
buses
Bus speed 0.83 km/min @ (penalty of one unser 40
customer)*
B_attery capacity of buses 35.78 kWh and Maximum walking 1.5 km
(By) 53.70 kWh distance of customers '
EK o (EE.D 0.8B) (0.1By) u;(service time) 0.5 minutes

*based on our preliminary experiments. The characteristics of electric buses is adapted from Volkswagen’s 8-
seat 100% electric Tribus with 35.8 kWh (https://www.tribus-group.com/zero-emission-volkswagen-e-crafter-
electric-wheelchair-minibus/)

2.4.2 Algorithm parameter settings

The parameters used in Algorithm 1 include the customer-to-meeting-point assignment weight p, and
several parameters used for the DA algorithm. We first present the sensitivity analysis of the parameters
of the DA algorithm. Following Braekers et al. (2014), the parameters of the DA algorithm and the
associated discrete values to be tested are listed as follows.

tmax: A user-defined coefficient to determine the maximum threshold value T, to accept worsen
temporary solutions, i.e. Tax = tmax Taupus WHere Tqpus 1S the average bus travel time between
all pick-up and drop-off nodes in the layered graph of a problem instance. 8 values of t,,,,, are tested,
i.e. tmax € {0.3,0.6,0.9,1.2,1.5,1.8}.

Treq - Threshold reduction factor for reducing the threshold value (T :=T — %} (line 20 in

Algorithm 1). Six values of T,..; are tested, i.e. T,.q € {100,200,300,400,500,1000}.

Nimp- Restart parameter, set as n;,,,,, € {100,200, 300,400,500, 600}.

Itery,q,: Maximum number of iterations (in thousands), set as Iter;,q, € {25,50,100,150,200,
300,400}.

Nstagnant: Maximum stagnation multiplier, set as ng;qgnans €{25,50,100,150,200,250, 300}

We generate 10 random test instances with random numbers of requests between 20 and 100 (see Table
2.2). We solve each instance 5 times with a constant p to get the average performance for each tested
parameter setting. It takes a few days to complete the experiments on a high-performance machine.
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Table 2.2: Best values of p on the test instances

Instance c24 c28 ¢30 ¢34 c¢40 c48 52 c72 c82 88
Number of buses 2 2 3 3 3 3 3 5 5 6

Average EX ;. (% of By) 20 20 23 23 23 23 23 28 28 32
Best p 07 12 07 01 06 11 02 04 05 01

Note: p is the same for each layer (constraint. (2.36)).

To evaluate the performance of a solution, a gap (Z — Z*)/Z* is calculated with respect to the best
solution found for each instance. Based on our preliminary analysis, t,qx, Treq aNd Ny, are initialized
as 0.6, 500 and 200, respectively. We first tune Iter;,,, without considering ns;qgnant- Given the tuned
[teTmqyx, WE Vary Ngqgnane 10 analyze its sensitivity and a best value. Since the effects of t,,,4x, Treq,
and n;,,,, on the performance of the algorithm are not independent (Braekers et al., 2014), the best
parameter setting needs to consider all possible combinations of the tested values of these parameters.
Figure 2.4 (a) shows the results of Iter,,,, On the average gaps over the 10 test instances, all other
parameters remain unchanged. The best Iter,, ., is found at 300k iterations with an average gap of
0.06%. However, the computation time is proportional to Iter;,,,. For the remaining experiments, we
decide to use Iter;, 4, = 100k which is a good trade-off between computation time and solution quality
(9ap=0.17%). In Figure 2.4 (b), the best ngqgnane is found at 200 with the average gap of less than
0.15%. Increasing ns;qgnane further to 300 significantly increases the computation time with little
improvement in the gap value. The sensitivity analysis of t,,qx, Treq, and 1y, is shown in Table 2.3.
We can observe that in general the gap increases With ty,qx, Treq, and ngy,,. From the result of 512
combinations, the minimum gap 0.13% is found with t;,4, = 2.1, Treq = 200 and n,, = 100.
Therefore, we will use these values with n;e, = 100k and 154 gnane = 200 for the computational
studies in the following sections.

a b
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Figure 2.4: Impact of Iter;, 4, (2) and ngiqgnans (b) 0N the performance of the hybrid metaheuristic
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Table 2.3: Sensitivity analysis on t, 4y, Trea, Mimp

t 0.3 0.6 0.9 1.2 15 1.8 2.1 2.4
Avg.gap  054% 061%  0.60%  064%  0.62%  0.67%  0.69%  0.67%
Trod 100 200 300 400 500 1000 2000 3000
Avg.gap  058% 061%  062% 061% 0.61% 0.63%  0.68%  0.69%
Timp 100 200 300 400 500 600 1000 2000

Avg. gap. 0.36%  0.49% 0.56% 0.65%  0.66%  0.68% 0.79%  0.84%

Regarding the impact of p = {p,},c., it depends on the characteristics of each test case. Different
factors such as demand intensity, spatial distribution of requests, maximum walking distance of
customers, number of buses, capacity of buses, location of meeting points and transit stations may affect
the best value of p for each test instance. Figure 2.5 shows the effect of p on the performance of the
algorithm on three test instances with 28, 52, and 88 customers. It can be observed that the relationship
between p and the algorithm performance is not unimodal. Thus, the classical golden section search
method is not relevant to find the best value of p. The best p tends to be smaller (0.2) for larger instances
to minimize the customer walking time in Eq. (2.36). We conduct a systematic p search experiment
over the above 10 test instances using a 2-step approach as follows. First, set 10 test values of p
(ie.pp = pforall £ € £) as p € P = {0.2,0.4,..,2.0}. Get the preliminary best 5 (best solution found)
over P for each test instance. Then run two tests to get the best p* on the neighborhood of 5, i.e. g +
0.1. For instances with unserved users, we tune the layer-specific p, with 5 additional runs on a second
step. Initially set p°® = p* for all £ € L. For the subsequent iterations, increase the value of p, for £ €
L with § (e.g. 1.5), where £ is the subset of layers with non-empty unserved users. We retain {p;}c
of the best of the 5 runs. It can be observed that for instances with more than 50 customers, the best
p*is no larger than 0.5, while for small instances, the best p* can be larger than 1. This suggests that a
narrowed search range between 0 and 0.5 is sufficient to find good p* for the cases with more than 50
requests. In practice, it is not a problem to find the best p* with more test values for small instances
since the computation time is in the order of seconds. On the other hand, for larger instances, a budget
of 5 runs can be allocated to find the best solution using 5 test values of p, i.e. p € {0.2,0.4,0.6} with
two additional test values on the neighborhood (+£0.1) of g. If there are unserved users, additional 3
runs are necessary to adjust p for layers with unserved users.
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Figure 2.5: Impact of p on the performance of the hybrid metaheuristic algorithm

2.4.3 Computational results

We investigate the performance of the algorithm on the 20 test instances in P and OP scenarios using
the tuned parameters for the DA algorithm. The algorithm performance is compared with the solutions
obtained by the state-of-the-art MILP solver (Gurobi, version 10) with a computation time limit of 4
hours. Our algorithm and the MILP model are both implemented using the Julia programming language.
The experiments are conducted on a laptop with an 11th generation Intel(R) Core(TM) i7-11800H, 16
logical processors and 64 GB of memory.

The results of MILP formulation and the hybrid metaheuristic are presented in Table 2.4. The Best
Known Solution (BKS) in the MILP results is the incumbent solution after 4-hour CPU time. For the
hybrid metaheuristic, the results are based on five runs. The best objective function value (Best obj.)
represents the minimum objective function value over five runs. Gap avg. and Gap best are calculated
as the gap between the average and minimum objective function value over five runs and the BKS,
respectively. The results show the efficiency and good solution quality obtained by the proposed
algorithm. Overall, the gaps for the 20 test instances are 1.80% (Gap avg.) and 1.69% (Gap best), with
an average CPU time of only 55 seconds. The OP scenario shows a smaller average gap compared to
the P scenario but requires longer CPU time due to the larger problem size caused by more activated
layers. All customers are served in the OP scenario, while one customer is rejected in instances c30p
and c50p. Both the MILP and hybrid metaheuristic results indicate less charging time in the OP scenario
than in the P scenario. Note that the worst gap is found for the ¢50p in both P and OP scenarios. This
also appears to be a difficult instance for the MILP in terms of its BKS and gap to the lower bound.
These results indicate that for some difficult instances, more computational effort needed to explore
other solutions involving other potential customer-to-meeting-point assignment alternatives.
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Table 2.4: Computational results of the hybrid metaheuristic and MILP
MILP Hybrid metaheuristic

Best Gap to CT* Best Gap**  Gap** CT* CPU

ntance | know - lower UC* i et avg) sy O min) ()
solution  bound ' '

c10op 10791  4.29% 0 49 | 10791 0.00% 0.00% O 4.9 8
c200p 23257 15.14% O 179 | 23415 069% 068% 0 182 12
c300p 32776 1390% O 154 | 33426 210% 198% 0 165 28
c400p 41396 2349% O 29.2 | 416.88 0.77% 0.71% 0 311 26
c500p 566.74 31.74% O 44,1 | 586.80 3.69% 354% 0 424 30
c600p 596.35 24.05% O 22.8 | 602.63 1.24% 105% 0 26.1 84
c700p 702.64 25.09% O 32.7 | 69431 -083% -118% 0 334 76
c80op 84229 3213% O 40.0 | 81556 -2.82% -3.17% 0 43.1 85
c900p 816.47 29.05% O 25.1 | 816.17 0.30% -0.04% 0 315 149
c1000p 967.48 27.79% O 33.2 | 980.16 156% 131% O 272 142
Average | 55741 2267% O 265 | 558.88 0.67% 049% 0 274 64
cl0p 112.02 1681% O 28 | 11255 047% 047% O 4.9 6
c20p 283.40 40.72% 1 135 | 311.26 984% 983% 0 126 10
c30p 34111 33.48% 1 10.7 | 361.15 588% 5.88% 1 8.9 76
c40p 42179 39.10% 1 157 | 44180 4.74% 474% 0 132 15
c50p 606.48 46.82% 1 319 | 67419 11.19% 11.16% 1  27.3 66
c60p 584.07 34.47% O 116 | 628.98 7.86% 7.69% O 3.6 47
c70p 684.36 34.71% 1 7.7 | 689.05 0.75% 0.69% 0 114 45
c80p 87250 4321% 1 20.7 | 83152 -465% -470% O 8.6 51
c90p 811.70 38.11% O 69 | 761.15 -6.22% -6.23% 0 18.7 85
c100p 943.47 3425% O 140 | 937.87 -053% -059% 0 1438 61
Average | 566.09 36.17% 0.60 135 | 57495 293% 2.89% 0.2 124 46
Overall
average | 561.75 29.42% 0.30 20.04 | 566.92 1.80% 1.69% 0.1 19.9 55

*UC: Number of unserved customers; CT: charging time
** Gap to the best solutions found by Gurobi at a computation time of 4 hours. Charging time of the obtained
solutions is measured in minutes. CPU time is measured in seconds.

To test the performance of the post-optimization process, Table 2.5 compares the computational results
with and without applying post-optimization. We only report the results where there are unserved
customers without applying post-optimization to verify the effectiveness of this post-optimization. Note
that Table 2.5 repots the average objective values based on 5 runs of the hybrid metaheuristic. Post-
optimization is shown to both improve the solution quality (2/3) and reduce the number of unserved
customers to half or zero. The average gap is significantly improved from 12.96% to 8.97%. In terms
of computation time, the average time for the algorithm with post-optimization is significantly higher
on average (+40 seconds on average), depending on the problem size of the MILP formulation for the
post-optimization.
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Table 2.5: Computational results for the post-optimization procedure of the hybrid metaheuristic

Algorithm without the post-optimization Algorithm with the post-optimization
Instance Avg. Gap* # unserved CPU (s) Avg. Gap* # unserved CPU (s)
obj. customers obj. customers
c20p 335.03 18.22% 3.0 6 311.29 9.84% 0.0 10
c30p 361.19 5.89% 1.0 14 361.16  5.88% 1.0 76
c50p 696.09 14.78% 2.0 14 674.34 11.19% 1.0 66
Average** | 464.11 12.96% 2.0 11 44893  8.97% 0.7 51

* Gap to the best solutions found by Gurobi with 4 hours of computation time
**Average over the instances with unserved customersS

To analyze the impact of charging operations on the hybrid metaheuristic, we conducted an experiment
with a high (80%) initial SoC for all buses. Table 2.6 compares the algorithm's performance with high
and low initial SoC levels across the 20 instances. The results for the low initial SoC are referenced
from Table 2.4. No charging operations are observed when buses are 80% charged at the beginning of
the service. With a high initial SoC, the CPU time for the hybrid metaheuristic in the OP scenario is
lower than in the P scenar