
08 October 2026

Alma Mater Studiorum Università di Bologna
Archivio istituzionale della ricerca

Hong, L., Zhou, L., Baldacci, R. (2025). The traveling salesman problem with drone based on vehicle
mobile parking for customer self-pickup. TRANSPORTATION RESEARCH PART E-LOGISTICS AND
TRANSPORTATION REVIEW, 203, 1-20 [10.1016/j.tre.2025.104347].

Published Version:

The traveling salesman problem with drone based on vehicle mobile parking for customer self-pickup

Published:
DOI: http://doi.org/10.1016/j.tre.2025.104347

Terms of use:

(Article begins on next page)

Some rights reserved. The terms and conditions for the reuse of this version of the manuscript are
specified in the publishing policy. For all terms of use and more information see the publisher's website.

Availability:
This version is available at: https://hdl.handle.net/11585/1032633 since: 2025-12-15

This is the final peer-reviewed author’s accepted manuscript (postprint) of the following publication:

This item was downloaded from IRIS Università di Bologna (https://cris.unibo.it/).
When citing, please refer to the published version.

http://doi.org/10.1016/j.tre.2025.104347
https://hdl.handle.net/11585/1032633


Highlights

The Traveling Salesman Problem with Drone Based on Vehicle Mobile Parking for Customer Self-pickup

• We investigate a traveling salesman problem with drone and vehicle mobile parking.

• Customer self-pickup behavior is included to manage delivery operations.

• We develop an adaptive large neighborhood search with a two-phase local search.

• Computational experiments demonstrate the method’s effectiveness.

• We offer constructive conclusions on the last-mile delivery system.



The Traveling Salesman Problem with Drone Based on Vehicle Mobile Parking
for Customer Self-pickup

Abstract

This paper introduces the traveling salesman problem with drone based on vehicle mobile parking for customer self-
pickup (TSPD-VMPCP) in last-mile delivery. A set of vertices is considered, including a depot, parking spots, home
delivery (HD) customers that must be visited directly within predefined time windows by truck or drone, and cus-
tomers with self-pickup (CP) preference that must be served by designated parking spots. Specifically, we allow the
drone to perform multi-loop, in which the drone launches and lands at the same location. CP customers are covered
using a probability function based on their self-pickup behavior and the truck’s stoppage duration. The TSPD-VMPCP
aims to minimize the total operating cost. We model the TSPD-VMPCP as a mixed-integer linear program and de-
velop an adaptive large neighborhood search (ALNS) metaheuristic, in addition to a two-phase local search (2P-LS)
based on variable neighborhood descent (VND) and matheuristic. We assess the performance of ALNS by comparing
it with the Gurobi solver on small instances. The numerical results for medium and large instances highlight the
effectiveness of the various components of the ALNS. Furthermore, we provide some managerial insights.

Keywords: last-mile delivery, truck-drone delivery, vehicle mobile parking for customer self-pickup, probabilistic
coverage, adaptive large neighborhood search

1. Introduction

The last-mile delivery, which refers to the final transport of parcels from a distribution center to customers’ hands,
represents 53% of overall shipping costs (Dolan, 2022). Recent advances in drones have contributed to the develop-
ment of parcel delivery to reduce delivery costs, improve customer satisfaction, and provide more efficient operations
of last-mile delivery (Otto et al., 2018). An increasing number of companies are using drones for parcel delivery,
including JD (Mulia, 2019), UPS (Leonard, 2021), SF Express (Brett, 2021), Amazon (Bigora, 2023), and Google
(Daleo, 2024). Drones offer several advantages over traditional delivery trucks, such as faster delivery speed, lower
pollutant emissions, less restricted to road congestion, and the absence of a costly human pilot (Wang and Sheu (2019);
Moshref-Javadi et al. (2020)). While the performance of a drone-delivery system also has some inherent limitations,
such as small carrying capacity and short flight time (Agatz et al. (2018); Yin et al. (2023); Madani et al. (2024)). To
overcome these limitations, the truck-drone hybrid delivery system capitalizes on the benefits of both the truck and
drone (see Figure 1a), which is increasingly prevalent in logistics distribution (Boysen et al. (2018); Campuzano et al.
(2023); Murray and Chu (2015)).

In last-mile delivery, the typical service approach is home delivery (HD), allowing customers to receive parcels
at their convenience when they are available at home. However, constraints such as time, budget, traffic restrictions,
and road conditions make it impossible to visit all customers by vehicle. Alternatively, the customer self-pickup (CP)
service model provides flexibility and efficiency by allowing customers to collect their packages from a designated
location (Moradi et al., 2023). Specifically, Draeger’s Market, a California-based grocery store, allows a delivery van
to be dispatched to a specified parking spot, where it remains for one hour and waits for CP customers to collect
their groceries as they arrive conveniently (Medium.com (2018), see Figure 1b). We define this delivery model as the
vehicle mobile parking for customer self-pickup (VMPCP).

Our study integrates truck-drone delivery systems with the VMPCP model. Specifically, HD customer satisfaction
is enhanced when customers are allowed to choose specific time windows, even if they do not have a strong preference
for particular time slots (Yin et al., 2023). To ensure service within the stipulated time frames, vehicles that arrive
early at the customer’s location must wait until the designated time window opens. Consequently, during the intervals
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(a) Drone lands on the UPS vehicle (b) Customers retrieve goods from the Udelv vehicle

Figure 1: Two new delivery models

between serving HD customers, vehicles can proceed to designated parking spots to await CP customers for self-
pickup. Drones not only facilitate the swifter transportation of parcels by vehicles but also continue to perform HD
services while the vehicles are stationary at the parking spots. The synergy between the two new delivery models
enhances vehicle utilization rates and achieves more efficient delivery, which inspires our research.

This paper introduces a novel last-mile delivery problem called the traveling salesman problem with drone based
on vehicle mobile parking for customer self-pickup (TSPD-VMPCP). To our knowledge, this problem has not been
studied in the literature. In the TSPD-VMPCP, a truck and its companion drone synchronously serve all customers,
where customers are categorized into those requiring HD service within specified time windows and those opting for
CP service. The drone operations have two distinct features. First, the drone launch and retrieve operations can occur
at both parking spots and HD customer locations. Second, our model allows the drone to perform multi-loop, in which
the drone launches and retrieves at the same location, adding new layers of decision-making to the drone delivery.
With limited payload capacity, the drone can serve only one customer per trip. Additionally, the truck operations have
a unique feature: they arrive at the parking spots and wait for customers to pick up their orders at these locations,
i.e., the VMPCP delivery model. The time customers take to pick up their goods at the parking spots successfully
varies among individuals. It exhibits certain statistical distribution characteristics, which we call customer pickup
behavior. The truck’s stoppage duration influences the expected number of successful CP customers or the customers
successful self-pickup probability. In such cases, the decision-maker has to construct a prior solution, determining the
location of opened parking spots, the allocation of CP customers, the duration of truck stops, and the routing of both
the truck and the drone. The TSPD-VMPCP aims to minimize the total operating cost, including the truck tour, drone
tours, compensations paid to the CP service, and the expected penalty costs for failed self-pickup probability. The
TSPD-VMPCP introduces new aspects and challenges to the last-mile delivery problem using new delivery methods.

The main contributions of this paper are manifold:
(i) We introduce a novel problem in last-mile delivery, the TSPD-VMPCP, which is to provide effective delivery

services for customers with both home delivery and self-pickup requests. In this scenario, a truck and a drone
are combined to deliver goods to customers within specified time windows. Additionally, a mobile parking
strategy for vehicles is introduced for those who prefer self-pickup. We formulate the customer pickup behavior
to establish a relationship between the success rate of self-pickup requests and the truck’s stoppage duration.
Subsequently, we present an interesting optimization problem that integrates the location of vehicle parking
spots, the scheduling of vehicle stoppage duration at each parking spot, and the routing of the truck and the
drone. A new mixed-integer linear programming (MILP) model is presented for the TSPD-VMPCP, which can
be solved by the Gurobi solver for small-scale instances.

(ii) Methodologically, we propose an effective adaptive large neighborhood search (ALNS) metaheuristic approach,
including problem-specific destroy-and-repair operators and two-phase local search (2P-LS) with a variable
neighborhood descent (VND) and matheuristic.

(iii) We perform comprehensive numerical experiments to evaluate the performance of our developed model and al-
gorithm. These experiments also aim to quantify the benefits of incorporating flexible vehicle stoppage duration
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and drone multi-loop operations into our model. Additionally, we analyze the influence of key model parame-
ters on the solutions, thereby providing valuable managerial insights that can inform strategic decision-making
in last-mile delivery operations.

The remainder of this paper is organized as follows: We review the related literature in Section 2. In Section 3, we
formally characterize and formulate the problem. In Section 4, we describe the hybrid ALNS approaches. In Section
5, the mathematical model and ALNS algorithm are applied to solve various instances and discuss the results from
sensitivity analysis. Finally, in Section 6, we summarize the findings and propose potential research directions for the
future.

2. Literature review

In this section, we primarily discuss papers relevant to the TSPD-VMPCP, encompassing both the drone delivery
problems and coverage in routing problems.

2.1. Drone delivery problems

We have observed a steady increase in recent drone-assisted delivery problems. For a detailed review of vehicle-
drone routing problems, readers are referred to Chung et al. (2020), Macrina et al. (2020), Li et al. (2021), and Liang
and Luo (2022). For an overview of civil drone applications, refer to Otto et al. (2018). Below, we concentrate on the
single truck-drone combination delivery problem.

Murray and Chu (2015) first presented the flying sidekick traveling salesman problem (FSTSP) to minimize the
overall tour duration for servicing all customers, where a drone assisted the truck in deliveries. The drone serves
one customer per trip. They showed that MILP was effective for only small instances and thus developed a truck-
first-drone-second-based heuristic to address larger instances. Agatz et al. (2018) introduced the traveling salesman
problem with drone (TSP-D), with most assumptions similar to FSTSP. The main difference is that in TSP-D, the
drone can return to its launch location, referred to as loops in this text. They developed fast heuristics based on
local search and dynamic programming to solve the TSP-D problem. Schermer et al. (2020) restricted the TSP-D to
scenarios where drones can perform a loop at each node at most once. They proposed a branch-and-cut algorithm,
demonstrating an average improvement of 2%-7.5% in the makespan for the tour involving up to 20 nodes.

Recent studies have explored several extensions of the TSP-D/FSTSP. Ha et al. (2018) extended the FSTSP model
with a different objective function to minimize operational costs by considering the delivery and waiting costs of the
truck-drone system. They proposed a greedy randomized adaptive search procedure (GRASP), which includes a new
split procedure that optimally splits any TSP tour to form a TSP-D solution. Marinelli et al. (2018) proposed a new
variant of TSP-D where drone launches and landings could be performed along truck arcs, referred to as en-route
operations. They applied an adapted version of the GRASP algorithm from Ha et al. (2018) to address the problem.
Poikonen and Golden (2020) assumed that a drone could carry multiple packages at a time and introduced a route,
transform, and shortest path heuristic solution. Roberti and Ruthmair (2021) extended the basic TSP-D with several
features, introducing a compact mixed-integer linear program and a branch-and-price algorithm. Liu et al. (2022)
extended the FSTSP with stochastic travel times and formulated the problem as a Markov decision process, solved
using reinforcement learning algorithms. Yang et al. (2023) proposed an exact branch-and-price algorithm for the time
windows constrained TSP-D (TWTSP-D), aiming to maximize profit while mitigating risks arising from uncertainties
in ground traffic networks.

Although our study only considers a single truck and a single drone, we also discuss some articles about a single
truck with multiple drones. Tu et al. (2018) introduced the traveling salesman problem with multiple drones (TSP-
mD) and provided an adaptive large neighborhood search heuristic. Raj and Murray (2020) extended the TSP-mD
by considering drone speeds as decision variables and proposed a three-phased algorithm to adjust drone speeds
dynamically. Murray and Raj (2020) considered using various types of drones and the sequencing of setup operations
when multiple drones are launched or retrieved at a single node. They proposed a heuristic approach that sequentially
addresses three subproblems. Luo et al. (2021) explored the extension of the FSTSP to include multiple drones, with
each drone capable of serving several customers per trip. They introduced a multi-start tabu search method to address
large-scale problems.
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2.2. Coverage in routing problems

In logistics, models have been developed, allowing customer demand to be met at any location within walking
distance of a designated point rather than necessitating service at a single fixed location. These problems are common
in scenarios such as emergencies (Viswanath and Peeta, 2003), mobile healthcare (Allahyari et al., 2015; Hachicha
et al., 2000), and last-mile delivery (Zhou et al., 2018; Zhang et al., 2023). For a comprehensive review of coverage
in routing problems, readers are suggested to the survey by Glock and Meyer (2023). This paper differentiates among
various types of coverage explored in the literature, primarily focusing on complete coverage, partial coverage, and
probabilistic coverage.

Complete coverage means that a node’s requirements are met or its entire profit is collected if it falls within
the covering neighborhood of at least one visited node. Typically, this involves a predetermined coverage distance
within which the demand of unvisited (covered) customers can be serviced from a location on the route. The covering
salesman problem (CSP) is one of the earliest routing problems where it is not mandatory to visit all customers on the
tour (Current and Schilling, 1989). The objective is to construct a minimum-length Hamiltonian cycle that includes a
subset of the customers, ensuring unvisited customers are within a specified coverage distance from at least one visited
customer. Subsequently, Gendreau et al. (1997) expanded the CSP to the covering tour problem (CTP), categorizing
customers into those that can be visited, must be visited, and must be covered. Hachicha et al. (2000) developed a
multi-vehicle variant of the CTP (m-CTP) with applications such as mobile healthcare delivery routes. Moradi et al.
(2023) explored using autonomous delivery vehicles for complete coverage, minimizing route and vehicle usage costs
while adhering to constraints like load and battery capacity and maximum route duration.

Shaelaie et al. (2014) proposed the generalized covering TSP (GCTSP), introducing facility nodes. This problem
involves constructing a minimum length Hamiltonian cycle over a subset of facilities, ensuring that each customer,
represented by a unit of prize, is within a certain coverage distance of at least one facility on the route while collecting
the specified prize amount. Zhou et al. (2016) refer to facilities as parcel lockers in last-mile delivery applications.
They proposed a multi-depot location-routing problem where customers can be severed by vehicles or covered within
a predefined coverage distance of parcel lockers. Jiang et al. (2022) divided customers into three groups: must be
covered, must be visited, and can be either visited or covered, aiming to construct a Hamiltonian cycle that minimizes
routing and facility usage costs. Mancini and Gansterer (2021) extended the problem by providing time window
constraints for customers who prefer home delivery. Moreover, they considered offering a fixed compensation price
for customers who pick up their parcels from lockers.

Partial coverage indicates that unvisited but covered nodes provide partial benefits compared to directly visited
nodes. Unvisited customers must be assigned to visited nodes, incurring a connection cost. The terms “covering”
and “assigning” refer to the same concept in literature. Labbé et al. (2004) introduced the ring star problem (RSP), in
which a vehicle visits a subset of customers to construct a Hamiltonian cycle, and unvisited customers are assigned
to the closest node on the cycle. The objective is to minimize the routing and assignment costs. Baldacci et al.
(2007) extended it to the capacitated RSP (CRSP), where the task involves designing a set of Hamiltonian cycles that
pass through a central depot and some Steiner nodes or customers and then assigning each unvisited customer to the
closest customer or Steiner node on the cycles. The number of customers who visit and are connected to a ring is
limited. Ghoniem et al. (2013) focused on assigning customers to selected facilities followed by constructing vehicle
routes covering both selected sites and the depot. Zhou et al. (2018) introduced a multi-depot two-echelon vehicle
routing problem with alternative delivery options. A customer can be served either at a home location by a vehicle or
through a pickup facility. Once customers choose to be served by a pickup facility, a connection cost is incurred. The
goal of the problem is to minimize the routing, connection, and handling costs. Enthoven et al. (2020) and Vincent
et al. (2021) introduced a method based on maximum coverage distance and connection cost to describe the coverage
problem. They proposed the two-echelon vehicle routing problem, where customers can be served by vehicles or
parcel lockers.

Probabilistic coverage involves using probabilistic models to establish the relationship between covered nodes
and visited nodes. This implies that the coverage degree is not pre-assigned but derived from a formalized model
that encapsulates spatial relationships. Most literature on probabilistic coverage focuses on location problems, such
as water contamination (Krause et al., 2008), temperature and salinity in bodies of water (Binney and Sukhatme,
2012; Binney et al., 2013), and wireless signal strength (Hollinger and Sukhatme, 2014), often using gaussian process
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Table 1: Comparison of related problems in the literature with our study

Reference Objective
Drone
delivery

Drone
range

Multiple
loops

Time
windows

Customer
types

Delivery
facility

Coverage
degree

Murray and Chu (2015) Makespan Yes Yes No No MV —– —–
Agatz et al. (2018) Cost Yes Yes Yes No MV —– —–
Ha et al. (2018) Cost Yes No No No MV —– —–
Schermer et al. (2020) Makespan Yes No No No MV —– —–
Roberti and Ruthmair (2021) Makespan Yes Yes Yes No MV —– —–
Yang et al. (2023) Profit Yes Yes Yes Yes MV —– —–
Current and Schilling (1989) Cost No —– —– No VC No Complete
Gendreau et al. (1997) Cost No —– —– No MV/MC No Complete
Shaelaie et al. (2014) Cost No —– —– No MC Yes Complete
Zhou et al. (2016) Cost No —– —– No VC Yes Complete
Jiang et al. (2022) Cost No —– —– No MV/MC/VC Yes Complete
Mancini and Gansterer (2021) Cost No —– —– Yes VC Yes Complete
Labbé et al. (2004) Cost No —– —– No VC No Partial
Baldacci et al. (2007) Cost No —– —– No VC Yes Partial
Ghoniem et al. (2013) Cost No —– —– No MC Yes Partial
Zhou et al. (2018) Cost No —– —– No MV/MC/VC Yes Partial
Vincent et al. (2021) Cost No —– —– Yes MV/MC/VC Yes Partial
Zhou et al. (2019) Cost No —– —– No VC Yes Probability

Karaoğlan et al. (2018)
Expected customer
demand served No —– —– No MC Yes Probability

This paper Cost Yes Yes Yes Yes MV/MC Yes Probability

(GP) models. To our knowledge, only Zhou et al. (2019) and Karaoğlan et al. (2018) considered the probabilistic
coverage in routing problems. Zhou et al. (2019) proposed a distance-based coverage model in which the probability
of customer coverage is negatively correlated with the distance to the assigned facility. They proposed a bilevel
multisized terminal location-routing problem with simultaneous home delivery and customer self-pickup services.
Karaoğlan et al. (2018) introduced the probabilistic covering tour problem (PCTP), where each customer is assigned
to a facility with a known probability. The objective is to maximize the expected customer demand covered. While
these problems share the probability coverage concept with ours, we characterize the coverage probability based on
the spatiotemporal relationships derived from customer pickup behavior.

Table 1 summarizes the differences in operational features between our work and the most relevant recent studies.
Moreover, in Table 1, if a problem involves customers who must be visited or covered, they are labeled as "MV"
or "MC," respectively. Otherwise, if some customers can be visited or covered, they are indicated with "VC" in the
customer types column.

3. Problem description and mathematical model

The TSPD-VMPCP can be formally defined over A graph G = (V, A), with V as the node set and A as the arc
set. Formally, V = {0, 0′} ∪ N, where both 0 and 0′ represent the same depot location at the start and end of the tour,
and N = NP ∪ NHD ∪ NCP, which NP represents a set of parking spots, NHD represents a set of HD customers, and
NCP represents a set of CP customers. Moreover, we also use the notation N0 = {0} ∪ NP ∪ NHD to represent a set of
nodes the drone can launch. Additionally, N

′

0 = {0} ∪ NP ∪ NHD ∪ {0′} represents a set of nodes that the truck/drone
can visit directly. Formally, the arc set A is defined as A = AD ∪ AS , where the routing arc set AD is defined as
{(i, j)|i, j ∈ N

′

0 : i , j} and the CP arc set AS is defined as {(i, j)|i ∈ NP, j ∈ NCP}.
The truck is equipped with a single drone, and both are used to serve all customers. Each arc (i, j) ∈ A has an

associated non-negative distance di j. For each arc, (i, j) ∈ AD, the truck’s traversal time and cost are denoted by tT
i j

and cT
i j, respectively. Similarly, the drone’s traversal time and cost on arc (i, j) ∈ AD are represented by tD

i j and cD
i j .

We assume the triangle inequality holds for both truck and drone travel times. Each HD customer i ∈ NHD has a
time window (ei, li) within which delivery service needs to be completed by either the truck or the drone, and only
once. Considering the reality that some customers’ demand may exceed the drone’s payload capacity, as well as
those in areas inaccessible to drones due to complex urban environments, the customers in NHD are divided into two
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Figure 2: A feasible synthetic route of TSPD-VMPCP

groups, NT ·D
HD and NT

HD. Specifically, NT ·D
HD represents HD customers who can accept deliveries by truck or drone. NT

HD
represents HD customers exclusively serviced by truck. We neglect service time at the customers, but they can be
easily included, if needed, by updating the traveling time.

The drone taking off and landing at the same location is referred to as a loop. Constrained by a limited capacity,
the drone is restricted to serving a single customer per trip. To enhance the efficiency of the truck-drone delivery
system, the drone can execute multi-loop at a single node. Besides, to provide a more flexible operation service, the
drone can take off from any node i ∈ N0 and meet the truck at another node, as assumed by most of the literature.

Each arc (i, j) ∈ AS is associated with a non-negative connection cost ui j, which represents the compensation
paid to a customer for having to perform the very last mile on their own. To align more closely with real-world
operational management, the compensation consists of two parts: basic compensation θ and distance-based variable
compensation, and is calculated as follows:

ui j = v · di j + θ (i, j) ∈ AS (1)

where, v represents the compensation coefficient per kilogram, di j represents the walking distance from customer
i ∈ NCP to parking spot j ∈ NP.

During the operation, the truck may visit a subset of the parking spots and wait for customers with CP requests
to pick up their packages. With the assumption that the truck’s stoppage duration at parking spot p ∈ NP is Tp, the
customers assigned to be served by parking spot p are expected to pick up their packages following their pickup
behavior within the time horizon Tp (see Section 3.1). For customer i ∈ NCP, the self-pickup success probability
Pip for picking up packages from parking spot p ∈ NP depends on the truck’s stoppage duration Tp. The longer the
stoppage duration at a parking spot, the larger the customer’s self-pickup success probability. To provide a customer-
satisfactory delivery service, a penalty cost (1 − Pip) · φi occurs if the customer is unable to pick up the packages,
where φi is the penalty coefficient. φi not only signifies the urgency class but also potentially reflects the priority level
of a parcel within the delivery system. Consequently, in a multi-shift setting, the operator may increase φi for a parcel
after each shift during which the parcel remains undelivered.

We regard the truck’s stoppage duration at each parking spot as a decision variable. To simplify the problem, we
have discretized the decision space of Tp within the range [0,TR] using a minimum scheduling interval τ. Here, TR

represents the maximum allowable stoppage duration at each parking spot.
The TSPD-VMPCP involves several interrelated decision-making problems: selecting truck parking spots, allo-

cating CP customers to opened parking spots, scheduling the truck’s stoppage duration at each opened parking spot,
and planning routes for both truck and drone. The objective is to minimize the total operating cost, including truck
and drone travel costs, CP service compensations, and penalties for delivery failures.

Figure 2 illustrates a feasible synthetic route involving 20 customers. Among them, HD customers 5, 6, and
12 receive delivery via truck, while HD customers 7∼11, and 13 are served by drone. CP customers 14∼20 utilize
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self-pickup services at parking spots 1, 2, and 3.

3.1. Customer pickup behavior
When the truck arrives at the designated parking spot, customers opting for CP service at that location will receive

a notification prompting them to collect their parcels simultaneously. However, due to individual differences among
customers, the behavior of customers arriving at the designated pickup point to collect their goods after receiving the
pickup information varies. These variations are primarily reflected in the different times it takes for customers to reach
the pickup point, which we refer to as the customer’s pickup behavior. The total time for customer i ∈ NCP to reach
the parking spot p ∈ NP for pickup, denoted as tip, consists of two parts: the pickup response time t1

ip which reflects
the individual characteristics of the customer after receiving the pickup information notice, and the travel time t2

ip from
the customer’s location to the parking spot. The travel time t2

ip is linearly related to the distance between customer i
and parking spot p. This relationship is described by the expression (2).

tip = t1
ip + t2

ip ∀i ∈ NCP,∀p ∈ NP (2)

Based on practical observations, customer response times tend to cluster around specific duration rather than being
consistently either too long or too short. This pattern is well-approximated by a truncated normal distribution. Such
a distribution is also used to describe a variety of natural and social phenomena, as supported by the central limit
theorem (Stein et al., 1993; Pender, 2015; Krenek et al., 2016). Consequently, the probability density function for the
response time of customer i ∈ NCP to pick up packages at parking spot p ∈ NP is defined as Equation (3).

f (t1
ip) =

1

α
√

2πσi
exp

−
(
t1
ip − ui

)2
2σ2

i

 a ≤ t1
ip ≤ b,∀i ∈ NCP, p ∈ NP (3)

α = ϕ(− ui

σi
) ∀i ∈ NCP (4)

where, Equation (4) provides the formula for the normalization coefficient, ensuring that the density function integrates
with 1. Here, ui and σi respectively denote the mean and standard deviation of the truncated normal distribution; a
and b are the lower and upper bounds of the truncated density function; ϕ is the standard 0-1 normal distribution.

With above definition, the self-pickup success probability Pip of customer i ∈ NCP to pickup packages at parking
spot p ∈ NP can be calculated based on the truck’s stoppage duration Tp:

Pip =

∫ Tp−t2
ip

0
f (t1

ip)dt1
ip =

∫ Tp−t2
ip

0
exp

−
(
t1
ip − ui

)2
2σ2

i

 dt1
ip ∀i ∈ NCP, p ∈ NP (5)

3.2. Mathematical model
In this section, we develop the mathematical model for the TSPD-VMPCP based on Roberti and Ruthmair (2021).
Let xT

i, j ∈ {0, 1} be a binary variable, which is 1 if the truck traverses arc (i, j)∈ AD (regardless of whether the
drone is attached or flying), and let xD

i, j ∈ {0, 1} be a binary variable, which is 1 if the drone traverses arc (i, j) ∈ AD

(regardless of whether it is onboard or airborne). Let yT
i ∈ {0, 1} (yD

i ∈ {0, 1}, resp.) be a binary variable, which is 1 if
the customer i ∈ NHD is served by the truck (drone, resp.) alone. Moreover, let yC

i ∈ {0, 1} be a binary variable, which
is 1 if the customer i ∈ NHD is served by both the truck and the drone teamed up. Let fp ∈ {0, 1} be a binary variable,
which is 1 if the parking spot p ∈ NP is selected to open, and let gip ∈ {0, 1} be a binary variable, which is 1 if the
customer i ∈ NCP travels to the parking spot p ∈ NP to collect its parcel. Let zr

i j ∈ {0, 1} be a binary variable equal,
which is 1 if the drone performs a loop service from node i to customer j ∈ NT ·D

HD and back to node i during its rth loop
(rth ∈ R, |R| represents the maximum number of loop per node) while the truck waits at node i ∈ N0, i , j. Let hp be
an integer variable belonging to [0, ⌊TR/τ⌋], which indicates the intervals of the truck’s stoppage duration at parking
spot p ∈ NP. Accordingly, the stoppage duration of the truck at parking spot p is given by Tp = τhp. Finally, let ati
be a continuous variable that indicates the arrival time of the vehicle (truck alone, drone alone, or teamed up) at node
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i ∈ N
′

0, wti be a continuous variable that indicates the waiting time of the vehicle (truck alone, drone alone, or teamed
up at node i ∈ N

′

0.
The TSPD-VMPCP can be formulated as:

min
∑

(i, j)∈AD

cT
i j · xT

i j +
∑

(i, j)∈AD

cD
i j ·max[(xD

i j − xT
i j), 0] +

∑
(i,p)∈AS

uip · gip +
∑

(i,p)∈AS

φi · (1 − Pip) · gip (6)

s.t. ∑
(i,p)∈AS

gip = 1 ∀i ∈ NCP (7)

1
|NCP|

∑
(i,p)∈AS

gip ≤ fp ∀p ∈ NP (8)

∑
(i, j)∈AD

xT
i j =

∑
( j,i)∈AD

xT
ji ∀i ∈ NP ∪ NHD (9)

∑
(i, j)∈AD

xT
i j = yT

i + yC
i ∀i ∈ NP ∪ NHD (10)

∑
(0, j)∈AD

xT
0 j =

∑
(i,0′)∈AD

xT
i0′ = 1 (11)

∑
(i, j)∈AD

xD
i j =

∑
( j,i)∈AD

xD
ji ∀i ∈ NP ∪ NHD (12)

∑
(i, j)∈AD

xD
i j = yD

i + yC
i ∀i ∈ NP ∪ NHD (13)

∑
(0, j)∈AD

xD
0 j =

∑
(i,0′)∈AD

xD
i0′ = 1 (14)

yT
p + yC

p = fp ∀p ∈ NP (15)

yT
i + yC

i = 1 ∀i ∈ NT
HD (16)

yT
i + yD

i + yC
i +
∑
r∈R

∑
j∈N0: j,i

zr
ji = 1 ∀i ∈ NT ·D

HD (17)

zr
i j ≤ yC

i ∀i ∈ N0, j ∈ NT ·D
HD : i , j, r ∈ R (18)

xD
i j ≤ yC

i + yC
j ∀i, j ∈ N (19)

ati + wti + tT
i j ≤ at j + M(1 − xT

i j) ∀(i, j) ∈ AD (20)

ati + wti + tD
i j ≤ at j + M(1 − xD

i j) ∀(i, j) ∈ AD (21)

ati ≤ li ∀i ∈ NHD (22)

ei ≤ ati + wti ∀i ∈ NHD (23)
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at j + wt j + tD
ji − ati − M(1 − zr

i j) ≤ wti ∀i ∈ N0, j ∈ NT ·D
HD , r ∈ R (24)

τhp − M(1 − fp) ≤ wtp ∀p ∈ NP (25)

ati + tD
i j − M(1 − zr

i j) +
∑

h∈NT ·D
HD :h,i

∑
r′∈R

(tD
ih + tD

hi + wth)zr′
ih ≤ at j ∀i ∈ N0, j ∈ NT ·D

HD : i , j, r, r′ ∈ R, r′ < r (26)

∑
j∈NT ·D

HD : j,i

zr
i j ≤ 1 ∀i ∈ N0, r ∈ R (27)

∑
j∈NT ·D

HD : j,i

zr
i j ≥

∑
j∈NT ·D

HD : j,i

zr+1
i j ∀i ∈ N0, r ∈ R (28)

xT
i j, x

D
i j ∈ {0, 1} ∀(i, j) ∈ AD (29)

yT
i , y

D
i , y

C
i ∈ {0, 1} ∀i ∈ NP ∪ NHD (30)

zr
i j ∈ {0, 1} ∀i ∈ N0, j ∈ NT ·D

HD : i , j, r ∈ R (31)

fp ∈ {0, 1} ∀p ∈ NP (32)

gip ∈ {0, 1} ∀(i, p) ∈ AS (33)

ati,wti ≥ 0 ∀i ∈ N′0 (34)

hp ∈ [0, ⌊TR/τ⌋] ∀p ∈ NP (35)

The objective (6) minimizes the total distribution cost, consisting of travel costs of the truck and drone, compen-
sations due to self-pickup delivery, and penalty costs for the customer’s failed self-pickup probability. Constraints
(7) incorporate that each CP customer is assigned to only one parking spot, and constraints (8) require that a parking
spot must be opened if assigned to a CP customer. Constraints (9) are flow conservation constraints for the truck.
Constraints (10) link the xT

i j variables with the yT
i and yC

i variables. Constraints (11) ensure that the truck leaves and
returns to the depot exactly once. Constraints (12)-(14) correspond to constraints (9)-(11) but are defined for the
drone. Constraints (15)-(16) state that opened parking spots and customers of the set NT

HD can only be served by the
truck at most once. Constraints (17) state that customers of the set NT ·D

HD can be visited by the truck alone, by the
drone alone (either in a loop), or by the truck and drone together. Constraints (18) allow the drone to perform a loop
i → j → i only if the customer i is served by both the truck and the drone teamed up. Constraints (19) restrict the
drone from flying from node i to node j only if the truck visits at least one of these nodes, ensuring that the drone
serves no more than one customer per trip. Constraints (20)-(21) not only define the arrival time at each node for the
truck and drone but also serve as sub-tour elimination constraints, where M is a sufficiently large number. Constraints
(22)-(23) ensure that the time widows cannot be violated. Constraints (24) state that if the drone performs a loop,
the truck must wait for the drone to complete its loop operation. Constraints (25) guarantee that the truck has to wait
for the stoppage duration at the opened parking spot. For drone loop operation, constraints (26) set lower bounds on
the earliest arrival time of the drone. Constraints (27) ensure that the drone only performs at most one loop in rth

loop. Constraints (28) imply the drone takes multi-loop following a specific sequence. Constraints (29)-(35) model
the range of the decision variables.
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4. Adaptive large neighborhood search

Although we propose a compacted MILP in Section 3.2, it is only feasible for commercial solvers to solve small-
scale problems within an acceptable timeframe optimally. Consequently, it is essential to devise an efficient method-
ology for tackling large-scale problems. The ALNS metaheuristic has demonstrated its effectiveness in various drone
delivery problems (Mulumba et al., 2024; Rave et al., 2023; Sacramento et al., 2019), which motivated us to design
a hybrid ALNS metaheuristic for solving the TSPD-VMPCP. Our methodological contributions include proposing a
new solution representation and introducing problem-specific destroy-and-repair operators. Additionally, we devel-
oped a two-phase local search (2P-LS) approach with a variable neighborhood descent (VND) and matheuristic to
enhance local optimization performance.

The general ALNS algorithm incorporates a variety of destroy-repair operators. It starts with an initial solution and
subsequently enhances its objective value by the probabilistic application of destroy-repair procedures based on their
historical performance. Algorithm 1 describes our ALNS framework. First, a greedy construction heuristic generates
an initial solution (line 1). Then, the best solution S best is iteratively improved by exploring the neighborhood of
the solution S in a loop that terminates after a maximum iteration without improvement maxNonImprove (lines 6-
24). We decompose the TSPD-VMPCP into three subproblems based on the characteristics of the decision variables,
namely the location, scheduling, and routing subproblems. Each iteration selects a subproblem and a corresponding
destroy-repair operator using a roulette wheel selection mechanism influenced by their respective weights. Then, a
new solution S ′ is generated by applying the chosen operators (lines 7-10). A two-phase local search procedure that
includes variable neighborhood search and matheuristic can be used with probability P2P−LS to enhance the solution S ′

(lines 11-13). Only when the new solution S ′ improves on the best solution found S best, then S best are updated (lines
14-18). The current solution S is accepted as the new solution S ′ depending on a simulated annealing acceptance
criterion (lines 19-24). Finally, the weights associated with the subproblems, the destroy-repair operators, and the
temperature parameter are updated (lines 22-23).

The solution representation is first introduced in Section 4.1 and introduces how to construct the initial solution in
Section 4.2. Then, the subproblems and destroy-repair operators and two-phase local search are given in Section 4.3
and 4.4. Finally, Section 4.5 and 4.6 discuss the selection mechanism and acceptance criteria.

4.1. Solution representation
Kuo et al. (2022) proposed a solution representation that is convenient for encoding complex truck-drone delivery

routes. However, their method has a limitation in that it does not allow for drone loop operations. To overcome this
problem, we have introduced a new solution representation based on the work of Kuo et al. (2022), which can express
both truck-drone collaborative routes and drone loop operations.

The solution S is composed of two main components.
• The truck-drone route R = (Ru,Rl) , where:

– Ru defines the ordered sequence of nodes (depots, HD customers, and open parking spots), with length
|Ru| = |NHD| + |N′P| + 2.

– Rl specifies the service mode (truck alone/drone alone/teamed up) for each node in Rl, ensuring |Rl| = |Ru|.
• The allocation matrix X maps each CP customer to an open parking spot, with length X = |NCP| + |N′P|.
R is a tuple consisting of two arrays: the upper part Ru and the lower part Rl, indicating the routes of truck and

drone. The elements in Ru of the solution vector are composed of node indices. We assume that 0 represents the
depot, {1, ..., d} represent the parking spots, {d + 1, ..., d + r} represent the HD customers only served by truck, and
{d+ r+1, ..., d+ r+n} represent the HD customers can be served by either truck or drone. The length of the Rl is equal
to that of the Ru, but its elements are composed of 0, 1, and 2. These numbers in Rl indicate whether the node in Ru is
served by a truck alone, a drone alone, a truck and drone together, or a drone performing a loop. For a non-negative
integer i ∈ {1, . . . , d + r + n}, the Rl functions as follows:

(i) If the i-th number in Rl is 0, the node indicated by the i-th number in Ru is served by both the truck and the
drone teamed up.

(ii) If the i-th number in Rl is 1 and the (i − 1)-th number in Ru is 0, the node indicated by the i-th number in Ru is
served by the drone alone.

(iii) If the i-th number in Rl is 1 and the (i − 1)-th number in Ru is 1, the node indicated by the i-th number in Ru

is served by the truck alone.
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Algorithm 1: Pseudo-code for ALNS
Data: inital temperature T0; maximum iteration without improvement: maxNonImprove

1 S inital ←Initial solution construction (Section 4.2)
2 S ← S inital

3 S best ← S inital

4 T ← T0
5 nonImprove← 0
6 while nonImprove ≤ maxNonImprove do
7 select a subproblem
8 d ← select a destroy operator of the subproblem
9 r ← select a repair operator of the subproblem

10 S ′ ← r(d(S ))
11 if Random(0, 1) < p2P−LS then
12 S ′ ← 2P − LS (S ′)
13 end
14 if f (S ′) ≤ f (S best) then
15 S best ← S ′

16 noImprove← 0
17 T ← T0

18 end
19 if f (S ′) ≤ f (S ) or Random(0, 1) ≤ exp(( f (S ′) − f (S ))/T ) then
20 S ← S ′

21 end
22 update the weights of subproblems and operators
23 T ← T × e
24 end

Result: Best solution found S best

(iv) If the i-th number in Rl is 2, the node Ru(i) is served by a drone through a loop originating from the most recent
combine node, defined as the last occurrence of 0 in Rl prior to position i. Each such loop constitutes an independent
delivery operation, allowing a drone to perform multiple loops from the same node.

The X component of the solution is a list of natural numbers, including parking spots represented by {1, . . . , d} and
CP customers represented by {n + r + d + 1, . . . , n + r + d + m}. If the i-th number in X corresponds to a parking spot
and the next parking spot is the j-th number, then the CP customers from the (i + 1)-th to the ( j − 1)-th positions in X
are served by the parking spot at the i-th position.

The lengths of Ru, Rl, and X are dynamically determined by the number of open parking spots N′P. Initially, N′P is
set via customer clustering (Section 4.2), then adaptively adjusted during optimization through parking spot destroy-
repair operations (Section 4.3.1). This dynamic mechanism allows the solution structure to balance route efficiency
and service coverage.

The solution representation of Figure 2 is encoded within Figure 3. On the right of Figure 3, the categories of
node sets are distinguished by colors, which are based on known information. On the left of Figure 3 is the actual
service sequence and service mode. For example, customers 7 to 13 can be served by either truck or drone. In the
feasible solution given on the left side of Figure 3, customer 12 is served by both the truck and the drone teamed up,
and customers 7, 8, 9, 10, and 13 are served by the drone only. Specifically, customers 9 and 10 are served by a drone
performing multiple loops. The drone takes off from node 2, delivers to customer 9, and returns to node 2 (first loop).
Then, it takes off again, delivers to customer 10, and returns to node 2 (second loop).

4.2. Initial solution

The ALNS procedure starts by generating an initial solution. Our observation during the preliminary design phase
showed that a pre-defined initialization method is more advantageous than the typical randomized approach, as it
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Figure 3: An example of solution representation

serves as the starting point for the algorithm’s search phase. A greedy construction heuristic is employed to generate
an initial solution through five steps. These steps are then described in detail as follows:

• Clustering: For each CP customer i ∈ NCP, the distance di j to all candidate parking spots j ∈ NP is computed.
The customer is then assigned to the closest parking spot j∗, formally defined as j∗ = arg min j∈NP di j. A parking
spot j is designated as "opened" if identified as the nearest neighbor for at least one CP customer. The set of
opened parking spots N′P is constructed as: N′P =

{
j ∈ NP | ∃ i ∈ NCP, j = arg min j∈NP di j

}
• Construct truck-only route (CTOR): We built a truck-only route, which is the truck serves all HD customers

NHD and opened parking spots NP′ . This is a regular traveling salesman problem with time windows (TSPTW).
As the time window is a hard constraint, we order the HD customers by their time window end time in ascending
order. In contrast, opened parking spots without a time window are inserted between the customer with the time
window end time and before returning to the depot (Doppstadt et al., 2020).
• Optimize truck route (OTR): The TSPTW route will be improved using the classical 2-Opt approach (Croes,

1958). This method systematically reorders the sequence of adjacent nodes along the route to minimize the
total travel distance concerning the time window constraints.
• Construct truck-drone route (CTDR): We construct a TSPTW-D route from the TSPTW route by assigning

some customers as drone nodes and some as truck nodes. Moreover, we use a greedy partitioning heuristic to
do so (more details can be seen in Appendix B).
• Maximum stoppage duration (MSD): We first rank the opened parking spots based on the number of CP

customers served in a descending sequence. Subsequently, we progressively extend the stoppage duration to its
upper limit for each parking spot listed in this order, ensuring that the time window constraints are not violated.

4.3. Subproblems and destroy-repair operators

The TSPD-VMPCP, which comprises location, scheduling, and routing subproblems, is essential to opt for one
of these subproblems during each iteration of the ALNS. After determining a subproblem, a destroying operator is
randomly selected and used to remove β nodes from the solution, where β ∈ [0,∆/2], and for the location, scheduling,
and routing subproblems, ∆ is defined as |NCP|, |N′P|, and |NHD|. Then, a random repair operator repairs a destroyed
solution to a new one. The principle of designing destroy-repair operators is to balance solution diversity and greedy
optimization, expanding the search space while guiding the ALNS toward convergence in regions of high-quality
solutions. We developed several operators and adapted existing ones from the literature to suit our problem setting, as
explained below.

4.3.1. Location subproblem
In the location subproblem, we aim to enhance the networks infrastructure by closing and opening parking spots

to find an improved solution. The destroy and repair operators are based on the operators suggested by Rave et al.
(2023). We modify these operators to suit the specifics of our problem setting. Three destroy operators are employed:

Random parking spot removal: We randomly select one of the opened parking spots to close, with each opened
parking spot having an equal probability of selection. All CP customers assigned to this parking spot are removed and
put in the subnode pool. Furthermore, this parking spot has also been removed from the truck-drone route.
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Worst usage parking spot removal: This destroy operator works similarly to the random parking spot removal
operator but only considers the opened parking spot that serves the fewest CP customers.

Random parking spot opening: We choose one randomly and open it among all the closed parking spots. Then,
the β CP customers are randomly selected, removed from their assigned parking spots, and put in the subnode pool.

For the location subproblem, the three repair operators are used:
Random CP customers to a parking spot insertion: The CP customers of the subnode pool are allocated to a

random parking spot and opened if it is not in use yet. Then, the parking spot is added in a random place in Ru with
take the value 0 in Rl.

Greedy CP customers to a parking spot insertion: This operator works similarly to the previous random inser-
tion but chooses the parking spot that can serve all CP customers of the subnode pool at the lowest cost.

Random CP customers to opened parking spots insertion: Each CP customer of the subnode pool is randomly
allocated to an opened parking spot.

Close CP customers to opened parking spots insertion: Each CP customer of the subnode pool is allocated to
the nearest opened parking spot.

Greedy CP customers to opened parking spots insertion: Each CP customer of the subnode pool is allocated
to the opened parking spot with the lowest cost.

4.3.2. Scheduling subproblem
In the scheduling subproblem, we try to improve the stoppage duration to reduce the penalty costs caused by

the customers failed self-pickup probability. Since no existing destroy-repair operators apply to the new scheduling
subproblem proposed in this study, we develop novel operators integrating both stochastic and greedy mechanisms.
The three destroy operators are used:

Random stoppage duration removal: Among all the opened parking spots, we choose β randomly and put into
the subnode pool.

Worst stoppage duration removal: This operator works similarly to the previous removal operator but only takes
into account the opened parking spots that would incur the highest penalty cost.

Greedy stoppage duration removal: This operator only chooses the β opened parking spots that serve the largest
number of CP customers.

For the scheduling subproblem, the two repair operators are used:
Random stoppage duration repair: For the parking spots in the subnode pool, random stoppage duration is

generated without violating the time window constraints.
Greedy stoppage duration repair: Maximizing stoppage duration of the parking spots in the subnode pool

without violating the time window constraints.

4.3.3. Routing subproblem
In the routing subproblem, we try to improve the sequence of truck and drone service nodes to minimize the travel

cost. The used operators are mainly adapted from those used in Ropke and Pisinger (2006), Friedrich and Elbert
(2022), and Wu et al. (2022). The five destroy operators are used:

Random removal: Randomly removes β nodes in Ru and puts them in the subnode pool.
String removal: Randomly removes β sequences of nodes in the Ru and puts them in the subnode pool.
Distance-related removal: Randomly removes a node in Ru and removes β − 1 nodes close to the selected node

for the Euclidean distance. Then, all nodes to be removed are placed into the subnode pool.
Time-related removal: Randomly removes a node in Ru and removes β−1 nodes that have similar time windows.

Then, all nodes to be removed are placed into the subnode pool.
Worst removal: The removal cost for each node is calculated by the difference between the objective values

before and after removal. This operator is to remove β nodes with the highest removal cost and puts them in the
subnode pool.

For the routing subproblem, the three repair operators are used-Notably, only nodes for truck delivery, where the
state can only take the value of 0:

Random insertion: Each node in the subnode pool is randomly placed in Ru and randomly generated a state in
Rl.
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Greedy insertion: For each node in the subnode pool, calculate the insertion cost at each position in Ru for each
state in Rl by the difference between the objective values before and after insertion. This operator inserts nodes from
the subnode pool with minimal insertion costs.

Regret insertion: This operator works similarly to greedy insertion, but when calculating the insertion cost, it is
multiplied by a random number ranging from [1,2].

4.4. Two-phase local search
We implement a two-phase local search (2P-LS) procedure, which can be invoked with a probability P2P−LS ,

to improve the current solution S ′. In the first phase, we apply variable neighborhood descent (VND) with four
specific neighborhood moves to further refine the routes of both the truck and the drone. Subsequently, in the second
phase, we introduce the Assignment and Scheduling Problem (ASP) as a new MIP model, which optimizes customer
assignments and the trucks stoppage schedule based on the routes established in the first phase. Algorithm 2 describes
the 2P-LS framework.

Algorithm 2: Pseudo-code for 2P-LS
Data: the current solution S ′

1 S best ← S ′

2 k ← 1
3 while k ≤ 4 do
4 S ′′ ← Nk(S ′)
5 if f (S ′′) < f (S best) then
6 S best ← S ′′

7 S ′ ← S ′′

8 k ← 1
9 end

10 else
11 k ← k + 1
12 end
13 end
14 S best ← AS P(S best)

Result: Optimal solution S best

4.4.1. Variable neighborhood descent
We use the VND algorithm for the first phase of local search. Each iteration invokes four neighborhood moves in

sequence to produce neighborhood solutions, with the best feasible one selected as the candidate solution.
We propose four different neighborhood moves: (1) Random swap node, (2) Random swap whole, (3) Random

insertion whole, and (4) Random change state. Figure 4 shows the procedure of these neighborhood moves.

4.4.2. Matheuristic
After the VND procedure, a mathematical model, Assignment, and Scheduling Problem (ASP) is established to

reconstruct the optimal CP customer allocation and stoppage duration. By solving the VND, we can obtain a solution
that represents the routes of both the truck and the drone. Suppose S = {x̃T

i j, x̃
D
i j , z̃

r
i j, f̃p} is the solution of the VND and

N′P = {i ∈ NP| f̃i = 1} represents the set of opened parking spots. The ASP is only used to find the optimal {gip, hp} of
the solution S , with the goal of minimizing compensation and penalty costs. It can be described as follows:

min
∑

(i,p)∈AS∩p∈N′P

uip · gip +
∑

(i,p)∈AS

φi · (1 − Pip) · gip (36)

∑
(i,p)∈AS∩p∈N′P

gip = 1 ∀i ∈ NCP (37)
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Figure 4: Four neighborhood moves

ati + wti + tT
i j ≤ at j + M(1 − x̃T

i j) ∀(i, j) ∈ AD (38)

ati + wti + tD
i j ≤ at j + M(1 − x̃D

i j) ∀(i, j) ∈ AD (39)

ati ≤ li ∀i ∈ NHD (40)

ei ≤ ati + wti ∀i ∈ NHD (41)

at j + wt j + tD
ji − ati − M(1 − Z̃r

i j) ≤ wti ∀i ∈ N0, j ∈ NT ·D
HD : i , j, r ∈ R (42)

τhp ≤ wti ∀p ∈ N′P (43)

ati + tD
i j − M(1 − z̃r

i j) +
∑

h∈NT ·D
HD :h,i

∑
r′∈R

(tD
ih + tD

hi + wth)z̃r′
ih ≤ at j ∀i ∈ N0, j ∈ NT ·D

HD : i , j, r, r′ ∈ R, r′ < r (44)

gip ∈ {0, 1} ∀(i, p) ∈ AS ∩ p ∈ N′P (45)

ati,wti ≥ 0 ∀i ∈ N′0 (46)

hp ∈ [0, ⌈TR/τ⌉] ∀p ∈ NP (47)

The objective (36) minimizes the sum of the compensation costs and penalty costs. Constraints (37) ensure that
each CP customer is assigned to an opened parking spot. Constraints (38)-(44) are similar to Constraints (20)-(26).
Constraints (45)-(47) model the range of the decision variables.
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4.5. Selection of subproblems and operators

A roulette wheel selection principle selects the subproblems and operators based on their weights. We introduce
a dual-objective adaptive roulette selection mechanism according to the quality and diversity of the new solution
obtained through subproblems and operator applications. This approach ensures the algorithm’s search’s effectiveness
while preventing it from becoming trapped in local optima. To be specific, the improvement ρ1

j and the diversity ρ2
j

of the pair of destroy and repair operators j contribute to updating the weights of the selection during the historical It
iterations. ρ1

j and ρ2
j are calculated as follows:

ρ1
j =

1
It j

It j∑
it=1

| f (S it) − f (S
′

it)|
f (S it)

(48)

ρ2
j =

1
It j

It j∑
it=1

|A| −∑(i, j)∈A D(i, j)(S it, S
′

it)
|A| (49)

where It j is the number of the selected pair of operators j; f (S it) and f (S
′

it) are the objective value of the current solu-
tion S it and the modified solution S

′

it at iteration it; D(i, j)(S it, S
′

it) is equal to 1 if the arc (i, j) ∈ A exists simultaneously
in both solutions S it and S

′

it, and 0 otherwise.
Let wit, j be the weight of the pair of operators j at iteration it, and is updated as follows:

wit, j = ηρ
1
j + (1 − η)ρ2

j (50)

where η is a balance factor with the range of [0,1].
Based on the definition above, the probability of selecting the pair of operators pit, j by the roulette wheel strategy

is calculated as follows:
pit, j =

wit, j∑
j∈J wit, j

(51)

Similar mechanisms are also used in the selection of the subproblems.

4.6. Acceptance criteria

We use a simulated annealing mechanism to accept degrading solutions to avoid being trapped in a local optimum
(Glover and Kochenberger, 2006). The probability of accepting degrading solution S ′ ( f (S ′) > f (S )) is calculated as
below:

p = e−( f (S ′)− f (S ))/T (52)

where T is called temperature and set as T0 when the algorithm starts. At each iteration, T is reduced by multiplying
the cooling factor e to maintain the stability of the search.

5. Numerical experiments

This section describes the computational experiments conducted on test instances and provides their numerical
results. Since no benchmark exists for the TSPD-VMPCP, we adapt benchmark instances from Doppstadt et al.
(2020) used for the TSPTW. More precisely, Section 5.1 details the creation of test instances. Then, Section 5.2
presents the parameters used in the ALNS algorithm. Section 5.3 and 5.4 are reported to evaluate the performance of
the ALNS and the 2P-LS. Finally, sensitivity analyses in Section 5.6 to 5.10 offer some managerial insights.

The algorithms were implemented in Python 3.9, and all the experiments were conducted on a laptop with Intel
(R) Core (TM) i78550U CPU and 8 GB RAM. Gurobi 10.0.1 is employed to solve the MILP in Section 3.2 and
Section 4.4.2.
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5.1. Test instance
We modified 72 instances from the TSPTW benchmark instances proposed by Doppstadt et al. (2020) based on

real-world delivery tours. According to Doppstadt et al. (2020), all delivery areas cover approximately 25 km2, and
we choose two sets of instances with the depot near (N) and far away from customers (F). These instances differ in
the number of customers (nCust = 8, 10, 20, 50). For each scale of the instance, we select three different numbers
of time windows (nTW). The nTW for each time window density is calculated as follows: For small density (S ),
nTW = 0; for middle density (M), nTW = 0.5 × nCust; for large density (L), nTW = nCust. Doppstadt et al. (2020)
also published other time window densities, in our experience, are far less amenable to our problems. To construct test
instances that meet the scenario of the TSPD-VMPCP, we made the following modifications to the aforementioned
examples:

First, we constructed two subsets of instances with customer quantities of 30 and 40 by retaining 60% and 80%,
respectively, of the instances with 50 customers. As a result, we obtained comprehensive and base instances that
include customer quantities of 8, 10, 20, 30, 40, and 50. Thus, we obtained 36 base instances.

Second, customers in the base instances are defined as HD customers, as they were originally. Then, we selected a
certain proportion of these customers to serve as parking spots. To reflect real-world situations where not all customers
can be accessed by drones, we have divided the customers into two groups: one group is served only by truck, and the
other group can be served by either truck or drone. The numbers of various types of determined nodes are presented
in Table 2.

Finally, we generated some CP customers in delivery areas. Two generated methods are applied in each instance.
The first is random generation (R): the CP customers are independently and uniformly located within the delivery
area. The second is cluster generation (C), which is inspired by the work of Agatz et al. (2018). Each CP customer is
generated according to a random parking spot and within a distance from a distribution with a mean of 0.5 km and a
standard deviation of 50.

The instances are denoted as |NP|-|NT
HD|-|NT ·D

HD |-|NCP|-D-T -L, in which D states the distance between depot and
delivery area (D ∈ {N, F}), T states the time window density (T ∈ {S ,M, L}) and L states the type of the location of
CP customers (L ∈ {R,C}).

The baseline parameter values are chosen as a truck speed of 24km/h and a drone speed ratio of δ = 1.5, resulting
in 36 km/h, which is suggested by Moshref-Javadi et al. (2020). According to actual data investigation, the truncated
normal distribution of CP customers is set to ui = 15min, σi = 20, a = 0, b = 30min. The minimum scheduling interval
is set to τ = 10min, and the maximum allowable stoppage duration is set to TR = 30min. Without loss of generality, the
maximum number of loops per node |R| is limited to 10. Finally, based on the last-mile delivery operation environment
in China, we set the cost parameters as follows: cT = 5 CNY/km, cD = 1 CNY/km, υ = 1 CNY/km, θ = 1 CNY ,
φi = 5 CNY .

Table 2: The number of different nodes

Doppstadt et al. (2020) Our instances

nCust |NP| |NT
HD| |NT ·D

HD | |NCP| |N|
8 2 3 3 8 16

10 2 4 4 10 20
20 4 8 8 20 40
30 6 12 12 30 60
40 8 16 16 40 80
50 10 20 20 50 100

5.2. Parameter tuning
The ALNS parameters are fine-tuned to achieve a balance between solution quality and computational efficiency.

The maximum iteration without improvement is capped at maxNonImprove = 500. The initial temperature T0 is
set so that the probability of accepting a solution that is 30% worse than the initial solution, with a cooling rate of
e = 0.95. The historical iteration is set as It = 20, and the balance factor is adjusted to η = 0.7. Finally, the probability
of using 2P-LS is set to p2P−LS = 0.2.
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5.3. Validation of performance of the ALNS metaheuristic

This section assesses the ALNS metaheuristic’s performance by comparing it with the optimal solutions of the
MILP. To conduct this evaluation, we solve the MILP to optimality using the Gurobi solver in Python for small-size
instances and then compare these results with those from ALNS, which is run five times per instance.

Table 3 and 4 presents the outcomes after executing Gurobi and the ALNS algorithm on small and medium-size
instances. The table includes the best objective function values (Best), run time in seconds (T (s)), and the gap between
the best-found solutions Gap(%). An asterisk (∗) indicates that Gurobi has found the global optimal solution through
an exact algorithm.

Table 3 show that Gurobi can only find 22 out of 24 optimal solutions at 382.9 seconds within 60 minutes. How-
ever, as the number of customers increases, Gurobi’s runtime escalates significantly. In contrast, ALNS demonstrates
greater robustness, achieving 22 optimal solutions with an average execution time of just 11.6 seconds. In table 4,
Gurobi exhibits notable limitations in solving medium-sized instances within the given time frame. It succeeds in
finding optimal solutions for merely 9 out of 24 cases within the 60-minute limit. It is worth noting that in the 4-8-8-
20-N-S-R instance, Gurobi’s upper bound coincides with the best solution found by ALNS, yet its lower bound fails
to converge sufficiently to certify optimality. Moreover, in table 4, Gurobi has an average runtime of 2661.4 seconds
and a gap of 2.6% from the best-known solution. In contrast, ALNS only takes an average of 32.6 seconds and has a
gap of 0.2%. In summary, ALNS effectively delivers both high-quality solutions and efficient computational time.

Table 3: Comparison of results of the proposed ALNS with Gurobi solver over the small-size instances

Instance
Gurobi ALNS

Best T (s) Gap(%) Bset T (s) Gap(%)

2-3-3-8-F-S -C 144.3∗ 26.9 0.0 144.3 9.1 0.0
2-3-3-8-F-M-C 144.3∗ 25.3 0.0 144.3 6.2 0.0
2-3-3-8-F-L-C 145.9∗ 20.6 0.0 145.9 7.9 0.0
2-3-3-8-F-S -R 168.4∗ 26.4 0.0 168.4 8.2 0.0
2-3-3-8-F-M-R 168.4∗ 24.3 0.0 168.4 8.4 0.0
2-3-3-8-F-L-R 170.6∗ 20.6 0.0 170.6 6.5 0.0
2-3-3-8-N-S -C 104.9∗ 21.0 0.0 104.9 9.1 0.0
2-3-3-8-N-M-C 104.9∗ 21.2 0.0 104.9 6.6 0.0
2-3-3-8-N-L-C 107.6∗ 20.4 0.0 107.6 8.8 0.0
2-3-3-8-N-S -R 125.6∗ 21.1 0.0 125.6 8.2 0.0
2-3-3-8-N-M-R 125.6∗ 20.7 0.0 125.6 7.2 0.0
2-3-3-8-N-L-R 128.3∗ 20.9 0.0 128.3 7.9 0.0
2-4-4-10-F-S -C 157.2 3600.0 2.7 153.1 13.9 0.0
2-4-4-10-F-M-C 159.7∗ 52.8 0.0 159.7 18.4 0.0
2-4-4-10-F-L-C 164.0∗ 370.7 0.0 164.0 17.2 0.0
2-4-4-10-F-S -R 192.8 3600.0 3.9 185.5 17.2 0.0
2-4-4-10-F-M-R 190.8∗ 71.0 0.0 190.8 18.6 0.0
2-4-4-10-F-L-R 191.4∗ 51.1 0.0 191.4 15.8 0.0
2-4-4-10-N-S -C 111.9∗ 162.5 0.0 111.9 14.0 0.0
2-4-4-10-N-M-C 111.9∗ 41.1 0.0 111.9 15.3 0.0
2-4-4-10-N-L-C 111.9∗ 60.6 0.0 111.9 13.1 0.0
2-4-4-10-N-S -R 132.6∗ 53.1 0.0 132.6 12.9 0.0
2-4-4-10-N-M-R 132.6∗ 648.3 0.0 132.6 10.8 0.0
2-4-4-10-N-L-R 132.6∗ 208.8 0.0 132.6 17.4 0.0
Average 142.8 382.9 0.3 142.4 11.6 0.0

5.4. Validation of performance of the two-phase local search

To verify the efficiency of the 2P-LS, three versions of the 2P-LS, the solo VND (ALNS-VND), the solo matheuris-
tic (ALNS-matheuristic), and without 2P-LS (ALNS-2PLS), are considered. Table 5 and 6 show the results achieved
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Table 4: Comparison of results of the proposed ALNS with Gurobi solver over the middle-size instances

Instance
Gurobi ALNS

Best T (s) Gap(%) Bset T (s) Gap(%)

4-8-8-20-F-S-C 211.5 3600.0 2.9 205.5 21.4 0.0
4-8-8-20-F-M-C 209.7 3600.0 1.8 205.9 26.9 0.0
4-8-8-20-F-L-C 215.2∗ 668.8 0.0 215.2 26.1 0.0
4-8-8-20-F-S-R 256.2 3600.0 4.2 245.8 27.2 0.0
4-8-8-20-F-M-R 249.7 3600.0 1.0 247.3 32.4 0.0
4-8-8-20-F-L-R 254.8∗ 767.1 0.0 254.8 25.7 0.0
4-8-8-20-N-S-C 150.3 3600.0 5.3 142.7 29.8 0.0
4-8-8-20-N-M-C 154.1 3600.0 4.1 148.0 32.6 0.0
4-8-8-20-N-L-C 154.8∗ 316.5 0.0 157.0 29.0 1.4
4-8-8-20-N-S-R 198.4 3600.0 0.0 198.4 33.1 0.0
4-8-8-20-N-M-R 205.1∗ 313.4 0.0 205.1 30.7 0.0
4-8-8-20-N-L-R 204.6∗ 159.0 0.0 208.0 28.9 1.7
6-12-12-30-F-S-C 265.5 3600.0 5.6 251.4 36.1 0.0
6-12-12-30-F-M-C 269.4 3600.0 6.8 252.2 32.6 0.0
6-12-12-30-F-L-C 252.4∗ 1254.5 0.0 252.4 33.2 0.0
6-12-12-30-F-S-R 292.4 3600.0 4.1 280.9 38.5 0.0
6-12-12-30-F-M-R 297.3 3600.0 3.6 286.9 34.3 0.0
6-12-12-30-F-L-R 287.0∗ 1472.3 0.0 287.0 36.1 0.0
6-12-12-30-N-S-C 186.8 3600.0 6.9 174.8 37.4 0.0
6-12-12-30-N-M-C 177.0∗ 1321.9 0.0 178.6 39.7 0.9
6-12-12-30-N-L-C 187.1 3600.0 3.9 180.1 35.8 0.0
6-12-12-30-N-S-R 244.2 3600.0 5.0 232.5 32.1 0.0
6-12-12-30-N-M-R 245.4 3600.0 5.5 232.6 37.0 0.0
6-12-12-30-N-L-R 243.5 3600.0 2.1 238.6 45.4 0.0
Average 225.5 2661.4 2.6 220.1 32.6 0.2
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by three versions of ALNS over the medium and large-size instances in ten runs, using the same parameter settings.
Also, in Table 5 and 6, Avg. is the average of the objective function values.

Table 5 and 6 show the numerical results of the problem instances by three versions of ALNS and the original one
(ALNS), applied to medium and large-scale instances.

The results clearly demonstrate that:

(i) Both VND and the matheuristic improve the effectiveness of the ALNS algorithm and complement each other
on the solution quality with a minor computational time increase. The matheuristic is more effective than VND,
with the ALNS-matheuristic finding a larger number of best solutions (35 out of 48) and achieving an average
solution quality improvement of 1.9% ( Avg.(ALNS−VND)−Avg.(ALNS−matheuristic)

Avg.(ALNS−VND)
× 100%) over ALNS-VND.

(ii) Compared to the individual enhancements, the combined use of VND and matheuristic produces the largest
improvement in algorithmic performance. The average Gap for ALNS-VND and ALNS-matheuristic is 1.3%
and 0.5%, respectively, when compared to ALNS. More specifically, the impact of the combined approach is
more evident as the scale of the instances increases. This can be observed by noting the differences in the
average Gap: 0.5% for medium-size instances and 0.1% for large-scale instances, compared to 2.0% and 0.9%
for ALNS-VND and ALNS-matheuristic, respectively. Therefore, the ALNS we designed is beneficial for
solving large-scale real-world problems.

Figure 5 evaluates the effect across all test scenarios solved by ALNS. We observed that the average objective
savings for the scenarios of N over F is 24.9%, for scenarios of S over M and L is 1.3% and 2.7%, and for scenarios
of C over R is 20.1%. Thus, different scenarios significantly affect last-mile delivery costs.

Table 5: Comparison of four versions of the proposed ALNS over the medium-size instances

Instance ALNS-VND ALNS-matheuristic ALNS-2PLS ALNS

Best Avg. T (s) Gap(%) Best Avg. T (s) Gap(%) Best Avg. T (s) Gap(%) Best Avg. T (s) Gap(%)

4-8-8-20-F-S -C 207.2 215.1 22.2 0.8 205.5 213.1 23.8 0.0 207.6 213.6 17.7 1.0 205.5 212.5 21.4 0.0
4-8-8-20-F-M-C 208.7 218.6 24.0 1.4 205.9 213.6 29.1 0.0 210.3 227.5 25.8 2.1 205.9 214.5 26.9 0.0
4-8-8-20-F-L-C 215.2 224.9 23.0 0.0 215.2 228.1 23.1 0.0 215.2 217.4 22.0 0.0 215.2 224.2 26.1 0.0
4-8-8-20-F-S -R 245.8 264.0 24.9 0.0 245.8 259.3 26.2 0.0 245.8 257.1 20.9 0.0 245.8 256.8 27.2 0.0
4-8-8-20-F-M-R 247.3 264.4 27.4 0.0 247.3 257.2 31.9 0.0 247.3 262.9 32.1 0.0 247.3 251.8 32.4 0.0
4-8-8-20-F-L-R 254.8 258.9 22.6 0.0 254.8 269.3 20.8 0.0 254.8 260.4 18.7 0.0 254.8 265.0 25.7 0.0
4-8-8-20-N-S -C 142.7 151.3 23.9 0.0 142.7 148.6 26.2 0.0 142.7 146.8 24.7 0.0 142.7 148.1 29.8 0.0
4-8-8-20-N-M-C 148.0 155.0 19.6 0.0 148.0 151.6 26.6 0.0 150.2 154.3 20.9 1.5 148.0 149.8 32.6 0.0
4-8-8-20-N-L-C 160.0 169.3 23.6 1.9 157.0 162.5 26.7 0.0 158.7 162.2 22.1 1.1 157.0 159.5 29.0 0.0
4-8-8-20-N-S -R 198.4 203.4 26.4 0.0 198.4 209.1 29.1 0.0 198.4 204.7 32.7 0.0 198.4 200.6 33.1 0.0
4-8-8-20-N-M-R 205.1 213.5 24.9 0.0 205.1 209.8 32.6 0.0 205.1 215.8 21.8 0.0 205.1 213.5 30.7 0.0
4-8-8-20-N-L-R 208.0 223.4 25.9 0.0 208.0 216.5 25.9 0.0 208.0 220.1 21.2 0.0 208.0 210.7 28.9 0.0
6-12-12-30-F-S -C 252.9 269.7 31.2 0.6 252.2 258.3 32.5 0.3 257.3 260.7 27.7 2.3 251.4 257.7 36.1 0.0
6-12-12-30-F-M-C 252.2 264.3 26.5 0.0 252.2 259.3 33.4 0.0 252.2 269.9 28.7 0.0 252.2 258.5 32.6 0.0
6-12-12-30-F-L-C 252.4 258.7 25.3 0.0 252.4 262.7 28.4 0.0 252.4 273.9 24.1 0.0 252.4 261.0 33.2 0.0
6-12-12-30-F-S -R 283.1 292.7 33.9 0.8 280.9 300.0 34.4 0.0 282.6 286.6 29.8 0.6 280.9 289.6 38.5 0.0
6-12-12-30-F-M-R 286.9 302.7 31.2 0.0 286.9 296.7 36.5 0.0 286.9 306.1 31.8 0.0 286.9 293.8 34.3 0.0
6-12-12-30-F-L-R 293.4 308.2 25.1 2.2 288.8 290.4 31.9 0.6 291.5 306.8 25.3 1.6 287.0 298.5 36.1 0.0
6-12-12-30-N-S -C 174.8 188.9 39.5 0.0 174.8 182.8 33.7 0.0 174.8 184.1 35.6 0.0 174.8 182.4 37.4 0.0
6-12-12-30-N-M-C 182.6 197.3 34.2 2.2 181.8 183.5 37.3 1.8 188.3 203.6 28.4 5.4 178.6 187.9 39.7 0.0
6-12-12-30-N-L-C 182.8 192.5 25.9 1.5 180.1 186.8 32.3 0.0 185.9 195.0 21.2 3.2 180.1 184.4 35.8 0.0
6-12-12-30-N-S -R 232.5 240.2 31.4 0.0 232.5 242.5 30.3 0.0 232.5 246.0 30.1 0.0 232.5 243.0 32.1 0.0
6-12-12-30-N-M-R 234.7 245.6 31.3 0.9 232.6 234.9 32.9 0.0 235.1 245.4 25.0 1.1 232.6 241.9 37.0 0.0
6-12-12-30-N-L-R 240.6 247.9 30.4 0.8 238.6 246.7 40.1 0.0 241.6 251.3 33.3 1.3 238.6 243.1 45.4 0.0
Average 221.3 232.1 27.3 0.5 220.3 228.5 30.2 0.1 221.9 232.2 25.9 0.9 220.1 227.0 32.6 0.0

5.5. Performance of dual-objective adaptive roulette
To comprehensively evaluate subproblem selection strategies, we conduct comparative studies on four mecha-

nisms: uniform random selection (URS) with equal probabilities, fixed order selection (FOS) applying predeter-
mined cyclic activation (location→ routing→ scheduling), performance-weighted roulette (PWR) updating weights
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Table 6: Comparison of four versions of the proposed ALNS over the large-size instances

Instance ALNS-VND ALNS-matheuristic ALNS-2PLS ALNS

Best Avg. T (s) Gap(%) Best Avg. T (s) Gap(%) Best Avg. T (s) Gap(%) Best Avg. T (s) Gap(%)

8-16-16-40-F-S -C 284.8 306.7 58.4 0.4 283.7 296.9 57.9 0.0 289.2 295.7 48.5 1.9 283.7 288.0 58.8 0.0
8-16-16-40-F-M-C 285.8 300.1 47.7 0.0 285.8 300.7 50.7 0.0 288.1 292.7 45.6 0.8 285.8 297.2 55.4 0.0
8-16-16-40-F-L-C 294.7 302.4 50.2 1.8 291.0 295.9 53.4 0.6 295.3 323.9 52.2 2.0 289.4 295.5 61.5 0.0
8-16-16-40-F-S -R 330.6 351.3 51.2 0.0 330.6 333.2 54.6 0.0 332.8 353.4 44.7 0.7 330.6 343.2 56.8 0.0
8-16-16-40-F-M-R 330.6 352.1 47.9 0.0 330.6 337.5 49.4 0.0 334.7 359.7 43.3 1.2 330.6 342.8 55.3 0.0
8-16-16-40-F-L-R 331.5 349.7 49.9 0.0 331.5 344.4 52.5 0.0 337.5 346.5 49.8 1.8 331.5 335.5 57.9 0.0
8-16-16-40-N-S -C 216.4 224.2 45.3 0.0 216.4 225.3 54.3 0.0 216.4 229.4 47.9 0.0 216.4 225.5 61.1 0.0
8-16-16-40-N-M-C 227.1 230.3 49.9 0.8 225.4 235.5 46.4 0.0 231.4 237.4 47.0 2.7 225.4 234.6 58.2 0.0
8-16-16-40-N-L-C 227.4 239.9 48.4 0.0 227.4 242.4 52.1 0.0 229.7 234.1 46.1 1.0 227.4 233.5 55.5 0.0
8-16-16-40-N-S -R 279.1 289.1 54.0 0.0 279.1 294.7 50.7 0.0 279.1 290.8 41.3 0.0 279.1 291.4 56.4 0.0
8-16-16-40-N-M-R 290.6 300.5 53.5 0.0 290.6 301.4 56.3 0.0 290.6 303.4 47.6 0.0 290.6 303.1 54.6 0.0
8-16-16-40-N-L-R 292.0 308.1 47.1 0.0 292.0 302.8 49.7 0.0 292.0 319.2 42.5 0.0 292.0 299.3 47.3 0.0
10-20-20-50-F-S -C 324.6 349.6 84.1 2.6 322.4 329.2 90.7 1.9 332.9 349.5 77.3 5.2 316.4 331.1 109.2 0.0
10-20-20-50-F-M-C 328.5 352.5 81.7 3.8 321.1 329.1 95.8 1.5 332.5 345.8 80.7 5.1 316.5 326.0 107.7 0.0
10-20-20-50-F-L-C 331.7 342.6 92.6 2.0 325.3 346.1 86.8 0.0 334.2 365.3 88.0 2.7 325.3 339.9 104.8 0.0
10-20-20-50-F-S -R 372.1 388.4 87.4 3.6 361.2 380.1 90.1 0.6 372.3 387.6 70.6 3.7 359.1 370.6 94.0 0.0
10-20-20-50-F-M-R 378.6 395.2 84.0 5.1 364.5 378.2 89.2 1.2 379.9 405.4 75.5 5.4 360.3 370.0 104.1 0.0
10-20-20-50-F-L-R 381.3 393.9 86.5 3.5 374.8 395.8 89.1 1.7 387.4 427.3 89.1 5.2 368.4 379.5 97.2 0.0
10-20-20-50-N-S -C 263.8 278.0 86.4 4.4 257.1 274.6 86.5 1.7 264.8 279.9 76.9 4.8 252.7 255.2 97.3 0.0
10-20-20-50-N-M-C 265.4 288.3 88.8 3.6 259.9 273.4 90.3 1.4 265.1 273.3 74.5 3.4 256.3 269.5 103.7 0.0
10-20-20-50-N-L-C 267.9 278.6 96.7 3.4 259.1 264.8 95.8 0.0 267.4 292.0 80.5 3.2 259.1 262.7 101.6 0.0
10-20-20-50-N-S -R 311.6 326.2 89.4 4.5 306.4 321.7 92.4 2.7 312.3 332.9 81.2 4.7 298.3 306.0 102.8 0.0
10-20-20-50-N-L-C 267.9 278.6 96.7 3.4 259.1 264.8 95.8 0.0 267.4 292.0 80.5 3.2 259.1 262.7 101.6 0.0
10-20-20-50-N-S -R 311.6 331.2 89.4 4.5 301.4 321.7 92.4 1.0 312.3 332.9 81.2 4.7 298.3 306.0 102.8 0.0
10-20-20-50-N-M-R 315.3 332.6 82.4 4.8 313.9 324.2 98.1 4.3 317.9 338.8 78.0 5.6 300.9 305.4 97.9 0.0
10-20-20-50-N-L-R 316.6 332.7 94.9 4.1 315.2 325.4 98.6 3.7 316.6 339.5 89.6 4.1 304.1 312.3 114.5 0.0
Average 302.0 317.2 69.1 2.0 298.5 310.6 72.1 0.9 304.2 321.8 63.3 2.7 295.8 304.9 79.7 0.0
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via Sacramento et al. (2019)’s scoring rule, and our dual-objective adaptive roulette (DOAR) extending PWR with
destruction-aware adaptation. The average objective values of each mechanism over 10 runs on instances with
|N| = 100 are shown in Figure 6.
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Figure 6: Performance of the selection strategies

Figure 6 reveals substantial performance disparities among URS, FOS, and the proposed DOAR, with average
objective value gaps of 24.5% and 25.3%, respectively. These differences originate from the distinct disruption char-
acteristics of the subproblems: the location subproblem triggers large-scale perturbations by restructuring the search
space, whereas the scheduling and routing subproblems focus on local refinements within fixed parking states. In
contrast, URS suffers from the uncontrolled activation of high-disruption subproblemsdestabilizing local optimization
through erratic perturbations. FOS imposes a rigid cyclic sequence, disproportionately amplifying large-scale disrup-
tions and recurrently negating progress from local refinements. DOAR overcomes these limitations by embedding
destruction-aware adaptation into the PWR framework. This mechanism dynamically adjusts subproblem selection
weights by jointly evaluating historical performance and perturbation magnitude, thereby suppressing excessive dis-
ruptions while maintaining the continuity of localized optimization.

5.6. Delivery model sensitivity analysis
This section evaluates the performance of the VMPCP and drone delivery by comparing them with four baseline

models: TSP (only the truck providing HD service, Doppstadt et al. (2020)), TSP-D (both the truck and drone pro-
viding HD service, Roberti and Ruthmair (2021)), TSP-VMPCP (the truck providing both HD and VMPCP services),
and TSPD-VMPCP (truck-drone HD service with integrated VMPCP).

For TSP and TSP-D, we release parking spots, and all CP customers are considered to have failed to pick up their
packages, incurring a penalty cost

∑
i∈NCP
φi. Additionally, the compensations paid to the CP service are calculated

as the minimum
∑

i∈NCP
min{ui j| j ∈ NP}, representing the lower bound of compensations. For TSP and TSP-VMPCP,

each customer can only be served by truck, i.e. yD
i = 0,∀i ∈ NHD and zr

i j = 0,∀ j ∈ NHD.
Concerning the solving method of each of the above variant models, we determine the components of the ALNS

based on the decision variables of the model. For the TSP, we employed an ALNS composed of initial solution
generation considering only CTOR and OTR, optimization of the routing subproblem, and VND in the 2P-LS. Com-
pared with the ALNS mentioned above, we added CTDR in the initial solution generation for the TSP-D. For the
TSP-VMPCP, compared with the complete ALNS, we only removed CTDR in the initial solution generation. We
conduct the experiments under the instances with |N | = 100. The results obtained by TSP, TSP-D, TSP-VMPCP, and
TSPD-VMPCP are provided in Figure 7.

As shown in Figure 7, the TSPD-VMPCP model reduces average costs by 39.1%, 36.9%, and 5.8% compared
to TSP, TSP-D, and TSP-VMPCP, respectively. The higher costs of TSP and TSP-D highlight the limitations of
conventional delivery methods, while the VMPCP service significantly lowers costs through centralized delivery
optimization. The comparison between TSP and TSP-D, and between TSP-VMPCP and TSPD-VMPCP, further
demonstrates that drone delivery enhances cost efficiency when combined with centralized services.

Across all instance types, TSPD-VMPCP consistently achieves the lowest objective values, indicating its robust
performance in various scenarios. This validates the effectiveness and superiority of the TSPD-VMPCP model in
last-mile delivery, providing strong support for optimizing real-world logistics systems.
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Figure 7: VMPCP and drone delivery performance comparison

5.7. Flexible stoppage duration sensitivity analysis
In this section, we assess the effect of flexible stoppage duration (SD) by comparing with fixed SDs of 10, 20, and

30 minutes under the instances with |N | = 100.
Figure 8 demonstrates that flexible SD consistently enhances the solution quality. Compared to fixed SDs of

10, 20, and 30 minutes, the average cost savings are 5.0%, 22.2%, and 35.3%, respectively. This improvement can
be attributed to flexible SD, which allows for a greater range of route and schedule combinations and helps avoid
ineffective idling, thereby reducing the total cost.
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Figure 8: Comparison of the flexible with fixed stoppage duration

5.8. Drone loops sensitivity analysis
In this section, we examine the impact of drone operations in both Single-loop and Multi-loop configurations,

using instances where |N | equals 100 as our basis. For each instance, we contrast the objective value savings achieved
by enabling multi-loop and single-loop operations with the savings observed when the loop is prohibited, which is
referred to as acyclic delivery.

Figure 9 illustrates that both Single-loop and Multi-loop are capable of consistently enhancing the total costs over
acyclic delivery, with savings ranging from 0.0% to 3.0%. Our findings also indicate the necessity of establishing
conditions that are favorable for multi-loop operations, where the multi-loop system shows an average performance
improvement of 1.0%, surpassing the 0.7% improvement seen in Single-loop operations. These savings are primarily
attributed to the frequency of drone flights, as evidenced by the fact that Multi-loop is activated in 7 out of 12 cases.
For a more detailed analysis, the number of drone flights for each scenario is delineated in Table 7. It is evident
that the Multi-loop scenario boasts a higher average number of flights compared to both the Single-loop and acyclic
delivery scenarios.
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Figure 9: The impact of drone loops

Table 7: The number of drone flights broken down by Multi- versus Single-loop versus acyclic delivery

Instance type Multi-loop Single-loop Non-loop

F-S -C 13 13 12
F-M-C 11 11 9
F-L-C 11 10 8
F-S -R 14 11 9
F-M-R 13 11 8
F-L-R 13 11 8
N-S -C 10 9 9
N-M-C 8 8 7
N-L-C 8 8 6
N-S -R 10 9 6
N-M-R 9 9 6
N-L-R 8 7 5
Average 10.7 9.8 7.8
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5.9. Time window width sensitivity analysis
In this section, we discuss the impact of varying the time window width (TWW). Originally, the TWW was set at

30 minutes in our main setup, but we are now exploring its effects at 60, 120, and 180 minutes. From our instance set,
we selected instances with a time window density of L, resulting in 20 instances. For each instance, we compare the
average savings from different TWW settings against the baseline of a 30-minute TWW.

Figure 10 demonstrates that varying TWW contributes to a reduction in total cost, with savings ranging from 0.0%
to 10.0%. This effect could be attributed to the ability of a synthesized route to accommodate more HD customers
with a wider time window. Consequently, the problem’s search space expands, which in turn decreases the total travel
distance for both the truck and the drone, thereby reducing the total cost.
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Figure 10: The impact of the time window width

5.10. Drone flight range sensitivity analysis
This section explores the impact of the drone’s maximum flight range ζ on the system’s performance. We run

the experiments under the instances with |N | = 100 and varying ζ across the range of 0.5 to 5.0 km. The following
constraints are added to MILP in Section 3.2:

xD
i j ≤ xT

i j ∀(i, j) ∈ AD : di j ≥ ζ (53)

zr
i j = 0 ∀i ∈ N0, j ∈ NT ·D

HD , r ∈ R : i , j, di j + d ji ≥ ζ (54)∑
(i, j)∈AD

di jxD
i j +

∑
( j,i)∈AD

d jixD
ji ≤ ζ + M(1 − yD

j ) ∀ j ∈ NT ·D
HD (55)

Figure 11 indicates that increasing ζ from 0.5 to 4.5 km can effectively reduce total costs. However, when ζ
exceeds 4.5 km, there is hardly any further contribution to improving the objective value. One reason may be the
limited number of customers who can be served by the drone, which restricts its flexibility. Moreover, the presence of
time window constraints makes time another critical factor that limits the use of the drone.
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6. Conclusions and future work

This paper introduced a new TSP-D variant, the TSPD-VMPCP, which integrates two novel delivery models:
truck-based drone delivery and vehicle mobile parking for customer self-pickup. This integration aims to enhance the
efficiency of delivery services by accommodating two types of delivery requests: home delivery with time windows
and customer self-pickup. This problem is distinguished by two unique features. The first is the implementation
of a hybrid drone operation strategy, which encompasses multi-loop, single-loop, and acyclic delivery methods to
cater to the needs of customers with time windows. The second feature integrates the truck’s stoppage duration and
the individual differences in customer pickup behavior into the model, providing a more nuanced representation of
the customer self-pickup process. This problem adds complexity to the decision-making process by encompassing
not only the scheduling of the truck and drone delivery sequence but also the strategic determination of the truck’s
stoppage duration. This priori solution can enhance the robustness of the delivery system.

First, we proposed a MILP formulation that extends the TSP-D model proposed by Roberti and Ruthmair (2021).
Using this formulation, Gurobi can solve small instances (16-20 customers). This MILP might be extended with
constraints such as prohibiting the drone from waiting for the truck, considering launch and rendezvous times for the
drone, and limiting the maximum number of customers served solely by the truck.

Second, we designed an effective ALNS algorithm, solving instances with up to 100 customers. The algorithm
begins with a greedy heuristic to generate an initial solution, followed by various destroy and repair operators that
tackle three subproblems: location, scheduling, and routing. Additionally, we implemented a two-phase local search
combining variable neighborhood descent and matheuristic to further refine the solution.

Numerical experiments, using instances generated from the TSPTW dataset by Doppstadt et al. (2020), validate the
efficiency of the proposed ALNS. The best-found solutions not only reached the optimal solutions obtained by Gurobi
but also surpassed Gurobi in 2 out of 24 instances. Moreover, the results highlight the effectiveness of integrating
ALNS with 2P-LS in solving the TSPD-VMPCP.

Finally, the sensitivity analysis has yielded several key conclusions:
(i) When compared to TSPD and TSP models, TSPD-VMPCP achieves an average cost reduction of 36.9% and

39.1% on 100 customer instances, respectively. The model’s advantage becomes particularly evident when
CP (customer pickup) customers are concentrated in clusters. This suggests that the integration of TSPD and
VMPCP models is better suited for scenarios where there is a high density of CP customers.

(ii) Using flexible stoppage durations of 10, 20, and 30 minutes for the truck can save operating costs by 5.0% to
35.3% compared to adopting any single one of these durations. Allowing a hybrid drone operation strategy
enhances the flexibility of drone routes and, on average, reduces 1.0% and 0.7% operating costs compared to
single-loop and acyclic scenarios. This suggests that refined operation strategies and decision-making systems
are beneficial to operations.

(iii) There are lower operating costs with wider time windows for HD customers. Logistics firms can achieve lower
operational expenses by encouraging their customers to select broader or multiple delivery time windows, which
in turn can enhance efficiency and flexibility in their operations.

(iv) In the context of the specified delivery system, extending the flight range of the drone within a certain limit
can help reduce delivery costs. However, increasing the flight distance of the drone also raises their operational
expenses. With the observation that incorporating multi-loop is beneficial to the system, in practice, allowing
drones to carry several packages on a single trip can decrease the frequency of empty flights, thereby enhancing
the economic viability of drone operations.

Future studies based on this paper could explore several potential directions. Given the complexity of solving the
TSPD-VMPCP for a single truck and drone, future technological advancements might make it possible to consider
scenarios involving multiple trucks and drones, as well as drones carrying multiple parcels simultaneously. Another
challenging yet promising direction is the integration of exact methods with approximation algorithms. Enhancing the
exact model could involve investigating effective, valid inequalities to expedite the search process and yield tighter
bounds.
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Appendix A. A comprehensive table of notations

Table 8 summarizes all the sets, variables, and parameters used in formulating the TSPD-VMPCP.

Table 8: Sets, parameters, and decision variables
Sets
V The set of all nodes
{0, 0′} The depot location at the start and end of the tour
NP The set of parking pots
NHD The set of HD customers
NCP The set of CP customers
N0 The set of nodes that drone can launch
N0
′ The set of nodes that the truck/drone can visit directly

NT ·D
HD The set of HD customers who can accept deliveries by truck or drone

NT
HD The set of HD customers exclusively serviced by truck

A The set of arcs
AD The set of routing arcs
AS The set of CP arcs
Parameters
di j The distance between arc (i, j) ∈ A
tT
i j The travel time of the truck on arc (i, j) ∈ AD

cT
i j The travel cost of the truck on arc (i, j) ∈ AD

tD
i j The travel time of the drone on arc (i, j) ∈ AD

cD
i j The travel cost of the drone on arc (i, j) ∈ AD

(ei, li) The time window for customer i ∈ NHD

ui j The connection cost for customer i ∈ NCP assigned to parking spot j ∈ NP

t j The stoppage duration of truck at parking spot j ∈ NP

TR The maximum allowable stoppage duration at each parking spot
τ The minimum scheduling interval
tip The total time for customer i ∈ NCP to reach the parking spot p ∈ NP for pickup
t1
ip The pickup response time for customer i ∈ NCP to reach the parking spot p ∈ NP

t2
ip The travel time for customer i ∈ NCP to reach the parking spot p ∈ NP

Pip The self-pickup success probability of customer i ∈ NCP to pick up packages at parking spot p ∈ NP

φi The penalty coefficient of customer i ∈ NCP failed to pick up the packages
Decision variables
xT

i j A binary variable equal to 1 if truck traverses arc (i, j) ∈ AD (regardless of whether the drone is attached or flying); 0 otherwise
xD

i j A binary variable equal to 1 if drone traverses arc (i, j) ∈ AD (regardless of whether it is on board or airborne); 0 otherwise
yT

i A binary variable equal to 1 if truck serves customer i ∈ NHD alone; 0 otherwise
yD

i A binary variable equal to 1 if drone serves customer i ∈ NHD alone; 0 otherwise
yC

i A binary variable equal to 1 if truck serves customer i ∈ NHD together with the drone; 0 otherwise
fi A binary variable equal to 1 if parking spot i ∈ NP is selected to open; 0 otherwise
gip A binary variable equal to 1 if customeri ∈ NCP is allocated to parking spot p ∈ NP; 0 otherwise
zr

i j A binary variable equal to 1 if drone performs a loop service from node i ∈ N0 to customer j ∈ NT �D
HD and back to node i during its rth loop; 0 otherwise

ati A continuous variable that indicates the arrival time of the vehicle (truck alone, drone alone, or teamed up) at node i ∈ N
′
0

wti A continuous variable that indicates the waiting time of the vehicle (truck alone, drone alone, or teamed up) at node i ∈ N
′
0

hp An integer variable belonging to [0, TR/τ] which indicates the intervals of the trucks stoppage duration at parking spotp ∈ NP

Appendix B. A greedy partitioning heuristic

A greedy partitioning heuristic (GPH) can transform a TSP route into a sub-route for the drone and a sub-route for
the truck, which is proposed by Agatz et al. (2018). While Agatz et al. (2018) employs the traditional natural number
encoding, they require more complex rules to calculate savings. In contrast, the new solution representation proposed
in this paper allows for a simpler calculation of savings.

The GPH calculates the cost savings of various operations, including switching truck deliveries to drone deliveries,
changing drone takeoff or landing points, or assigning drones to perform loop deliveries. It selects the operation with
the highest savings until no feasible operations remain. The algorithm 3 describes our GPH framework. First, after
constructing the truck-only route and optimizing the truck route, we can obtain a TSPTW route Ru = (r0, r1, . . . , rn+1).
Second, we initialize the corresponding Rl to 0 and set the label of each node i ∈ NT ·D

HD to "unfix". Third, according
to the calculation method shown in Figure 2, we compute the saving values for setting each state of the node to 1 or
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2 and store them in saving-1 and saving-2, respectively (lines 1-3). If a node labeled unfix with finite savings exists,
the algorithm will execute the action with the highest savings. Subsequently, the node’s label is updated to fix, and
the corresponding state of the node is updated to Rl. Finally, saving-1 and saving-2 are updated based on the new Rl

(lines 4-8). The algorithm will output (Ru,Rl), which can be decoded into a TSPTW-D route.

Algorithm 3: Pseudo-code for greedy partitioning heuristic
Data: the TSPTW route Ru = (r0, r1, . . . , rn+1)

1 Initialize Rl = (0, 0, . . . , 0)
2 Initialize each node i ∈ NT ·D

HD with label unfix
3 Initialize savings-1 and savings-2 as calculated in Figure 12
4 while there is a node with label unfix and finite savings do
5 Execute feasible action with the highest savings
6 Update labels and Rl

7 Update savings-1 and savings-2
8 end

Result: the TSPTW-D route (Ru,Rl)

The formulations provided in Figure 12 allow for the direct calculation of saving-1 and saving-2 based on the
new solution representation, eliminating the need to convert it into truck and drone sub-routes before computing the
cost difference. When the state of node ri changes (from 0 to 1 or 2), according to the combination of the states of the
adjacent nodes ri−1 and ri+1 ({0, 1, 2} × {0, 1, 2}), there are a total of 18 cases. Actions 1c, 1f, 1i, 2d, 2e, and 2f are all
infeasible because they involve consecutive states of 1 and 2 after the action. This is due to the conflict between the
drone needing to fly to the next landing point and returning to the takeoff point to perform a loop delivery. Since a
change in the state of a node can lead to a change in the drone’s takeoff node and rendezvous node, this may involve
more nodes than just the immediate preceding and following ones. Therefore, it is essential to define the following
nodes: Node r0′ denotes the nearest left node of node ri, which has a state of 0. Node r0′′ represents the nearest right
node of node ri, also with a state of 0. When ri follows a series of nodes with state 2, rs represents the first node whose
state is not 2. As the state of rs can be 0 or 1, there are two different ways of calculating savings in actions 2c and 2i.
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Moradi, N., Sadati, İ., Çatay, B., 2023. Last mile delivery routing problem using autonomous electric vehicles. Computers & Industrial Engineering

184, 109552.
Moshref-Javadi, M., Lee, S., Winkenbach, M., 2020. Design and evaluation of a multi-trip delivery model with truck and drones. Transportation

Research Part E: Logistics and Transportation Review 136, 101887.
Mulia, K., 2019. Jd warms indonesia up to drone deliveries with first government-endorsed test flight. https://kr-asia.com/

jd-warms-indonesia-up-to-drone-deliveries-with-first-government-endorsed-test-flight.
Mulumba, T., Najy, W., Diabat, A., 2024. The drone-assisted pickup and delivery problem: An adaptive large neighborhood search metaheuristic.

Computers & Operations Research 161, 106435.
Murray, C.C., Chu, A.G., 2015. The flying sidekick traveling salesman problem: Optimization of drone-assisted parcel delivery. Transportation

Research Part C: Emerging Technologies 54, 86–109.
Murray, C.C., Raj, R., 2020. The multiple flying sidekicks traveling salesman problem: Parcel delivery with multiple drones. Transportation

Research Part C: Emerging Technologies 110, 368–398.
Otto, A., Agatz, N., Campbell, J., Golden, B., Pesch, E., 2018. Optimization approaches for civil applications of unmanned aerial vehicles (uavs)

or aerial drones: A survey. Networks 72, 411–458.
Pender, J., 2015. The truncated normal distribution: Applications to queues with impatient customers. Operations Research Letters 43,

40–45. URL: https://www.sciencedirect.com/science/article/pii/S0167637714001540, doi:https://doi.org/10.1016/j.

31

https://www.sciencedirect.com/science/article/pii/S0360835215004842
https://www.sciencedirect.com/science/article/pii/S0360835215004842
http://dx.doi.org/https://doi.org/10.1016/j.cie.2015.12.014
https://www.supplychaindive.com/news/ups-covid-vaccine-drone-delivery/605547/
https://www.supplychaindive.com/news/ups-covid-vaccine-drone-delivery/605547/
https://medium.com/@udelv/mobile-lockers-new-delivery-methods-by-self-driving-cars-de04e50d4cea
https://medium.com/@udelv/mobile-lockers-new-delivery-methods-by-self-driving-cars-de04e50d4cea
https://kr-asia.com/jd-warms-indonesia-up-to-drone-deliveries-with-first-government-endorsed-test-flight
https://kr-asia.com/jd-warms-indonesia-up-to-drone-deliveries-with-first-government-endorsed-test-flight
https://www.sciencedirect.com/science/article/pii/S0167637714001540
http://dx.doi.org/https://doi.org/10.1016/j.orl.2014.10.008
http://dx.doi.org/https://doi.org/10.1016/j.orl.2014.10.008


orl.2014.10.008.
Poikonen, S., Golden, B., 2020. Multi-visit drone routing problem. Computers & Operations Research 113, 104802.
Raj, R., Murray, C., 2020. The multiple flying sidekicks traveling salesman problem with variable drone speeds. Transportation Research Part C:

Emerging Technologies 120, 102813.
Rave, A., Fontaine, P., Kuhn, H., 2023. Drone location and vehicle fleet planning with trucks and aerial drones. European Journal of Operational

Research 308, 113–130.
Roberti, R., Ruthmair, M., 2021. Exact methods for the traveling salesman problem with drone. Transportation Science 55, 315–335.
Ropke, S., Pisinger, D., 2006. An adaptive large neighborhood search heuristic for the pickup and delivery problem with time windows. Trans-

portation science 40, 455–472.
Sacramento, D., Pisinger, D., Ropke, S., 2019. An adaptive large neighborhood search metaheuristic for the vehicle routing problem with drones.

Transportation Research Part C: Emerging Technologies 102, 289–315.
Schermer, D., Moeini, M., Wendt, O., 2020. A b ranch-and-cut approach and alternative formulations for the traveling salesman problem with

drone. Networks 76, 164–186.
Shaelaie, M.H., Salari, M., Naji-Azimi, Z., 2014. The generalized covering traveling salesman problem. Applied Soft Computing 24, 867–878.
Stein, W.E., Pfaffenberger, R.C., Mizzi, P.J., 1993. A stochastic dominance comparison of truncated normal distributions. European Journal of

Operational Research 67, 259–266. URL: https://www.sciencedirect.com/science/article/pii/037722179390066V, doi:https:
//doi.org/10.1016/0377-2217(93)90066-V.

Tu, P.A., Dat, N.T., Dung, P.Q., 2018. Traveling salesman problem with multiple drones, in: Proceedings of the 9th International Symposium on
Information and Communication Technology, pp. 46–53.

Vincent, F.Y., Jodiawan, P., Hou, M.L., Gunawan, A., 2021. Design of a two-echelon freight distribution system in last-mile logistics considering
covering locations and occasional drivers. Transportation Research Part E: Logistics and Transportation Review 154, 102461.

Viswanath, K., Peeta, S., 2003. Multicommodity maximal covering network design problem for planning critical routes for earthquake response.
Transportation Research Record 1857, 1–10.

Wang, Z., Sheu, J.B., 2019. Vehicle routing problem with drones. Transportation research part B: methodological 122, 350–364.
Wu, Y., Qureshi, A.G., Yamada, T., 2022. Adaptive large neighborhood decomposition search algorithm for multi-allocation hub location routing

problem. European Journal of Operational Research 302, 1113–1127.
Yang, Y., Yan, C., Cao, Y., Roberti, R., 2023. Planning robust drone-truck delivery routes under road traffic uncertainty. European Journal of

Operational Research 309, 1145–1160.
Yin, Y., Li, D., Wang, D., Ignatius, J., Cheng, T., Wang, S., 2023. A branch-and-price-and-cut algorithm for the truck-based drone delivery routing

problem with time windows. European Journal of Operational Research 309, 1125–1144.
Zhang, W., Xu, M., Wang, S., 2023. Joint location and pricing optimization of self-service in urban logistics considering customers choice behavior.

Transportation Research Part E: Logistics and Transportation Review 174, 103128.
Zhou, L., Baldacci, R., Vigo, D., Wang, X., 2018. A multi-depot two-echelon vehicle routing problem with delivery options arising in the last mile

distribution. European Journal of Operational Research 265, 765–778.
Zhou, L., Lin, Y., Wang, X., Zhou, F., 2019. Model and algorithm for bilevel multisized terminal location-routing problem for the last mile delivery.

International Transactions in Operational Research 26, 131–156.
Zhou, L., Wang, X., Ni, L., Lin, Y., 2016. Location-routing problem with simultaneous home delivery and customers pickup for city distribution

of online shopping purchases. Sustainability 8, 828.

32

http://dx.doi.org/https://doi.org/10.1016/j.orl.2014.10.008
https://www.sciencedirect.com/science/article/pii/037722179390066V
http://dx.doi.org/https://doi.org/10.1016/0377-2217(93)90066-V
http://dx.doi.org/https://doi.org/10.1016/0377-2217(93)90066-V

	Introduction
	Literature review
	Drone delivery problems
	Coverage in routing problems

	Problem description and mathematical model
	Customer pickup behavior
	Mathematical model

	Adaptive large neighborhood search
	Solution representation
	Initial solution
	Subproblems and destroy-repair operators
	Location subproblem
	Scheduling subproblem
	Routing subproblem

	Two-phase local search
	Variable neighborhood descent
	Matheuristic

	Selection of subproblems and operators
	Acceptance criteria

	Numerical experiments
	Test instance
	Parameter tuning
	Validation of performance of the ALNS metaheuristic
	Validation of performance of the two-phase local search
	Performance of dual-objective adaptive roulette
	Delivery model sensitivity analysis
	Flexible stoppage duration sensitivity analysis
	Drone loops sensitivity analysis
	Time window width sensitivity analysis
	Drone flight range sensitivity analysis

	Conclusions and future work
	Acknowledgments
	A comprehensive table of notations
	A greedy partitioning heuristic

