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Abstract: This paper presents an electric vehicle-drone (EV-drone) collaborative-delivery routing
optimization model that leverages the time-varying characteristics of electric vehicles and drones
across multiple distribution centers (i.e., central depots) to address the logistics industry’s low-
carbon transformation in the last-mile delivery. The model aims to minimize total delivery costs by
formulating a mixed-integer programming (MIP) model that accounts for essential constraints such
as nonlinear charging time, time-varying EV travel time, delivery time window, payload capacity, and
maximum range. An improved adaptive large-neighborhood search (ALNS) algorithm is developed
to solve the model. Experimental results validate the effectiveness of the proposed algorithm and
highlight the impact of EV and drone technology parameters, along with the time-varying EV travel
times, on the economic efficiency of delivery distribution and route planning.

Keywords: low-carbon logistics; last-mile delivery; time-varying travel time; electric vehicle; drone;
adaptive large-neighborhood search algorithm

1. Introduction

As the global logistics industry advances, last-mile delivery has become a central
focus in optimizing logistics networks. Traditionally, this segment has relied heavily on
manual labor, but with the rapid growth of e-commerce and express delivery services, such
methods are increasingly unable to meet the rising demand. Companies like JD.com, SF
Express, and Meituan are actively exploring drone technology to overcome these limita-
tions. While drones hold promise, their current payload capacity and range limitations
prevent them from independently supporting urban delivery networks. A more practical
approach is the integration of vehicles and drones in collaborative-distribution strategies.
Historically, research has focused on optimizing the traditional truck and drone model for
such systems. However, as environmental concerns intensify and efforts to conserve energy
and reduce emissions gain momentum, electric vehicles (EVs) emerge as a viable alternative
to conventional delivery trucks for urban logistics. Although research on the “EV-drone”
model is beginning to emerge, it remains limited, due to the various commercial challenges
that EVs continue to face [1].

The objective of this study is to develop a sustainable, low-carbon urban delivery
scheme that leverages electric vehicles (EVs) and drones to optimize delivery routes, reduce
energy consumption, and minimize transportation costs. To achieve this, we propose a
multi-depot EV-drone collaborative-delivery routing optimization model that incorporates
practical constraints such as EVs’ nonlinear charging times, time-varying travel speeds,
and drones’ payload and range limitations. The model is solved using an improved
adaptive large-neighborhood search (ALNS) algorithm. This research aims to provide an
efficient, cost-effective solution for EV-drone collaborative delivery, advancing the practical
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application of green logistics in urban distribution, enhancing overall delivery efficiency,
and supporting the low-carbon development goals of the modern logistics industry.

The remainder of this paper is structured as follows: Section 2 reviews the relevant
literature on EV-drone collaborative-delivery route optimization. Section 3 outlines the
proposed model, including the problem definition, mathematical formulation, and key
assumptions. Section 4 describes the design and implementation of the improved adaptive
large-neighborhood search (ALNS) algorithm. In Section 5, we present the experimental re-
sults and analysis, demonstrating the effectiveness and efficiency of the proposed algorithm
and exploring the impact of time-varying factors on route optimization. Finally, Section 6
concludes the paper with key insights and suggestions for future research directions.

2. Literature Review

In recent years, electric vehicle (EV) distribution has gained significant attention in
the fields of operations research and computer science, due to its environmental advan-
tages. The electric vehicle routing problem (EVRP), a critical variant of the traditional
vehicle routing problem (VRP), introduces essential considerations such as battery capacity
constraints and charging operations [2]. In two foundational studies of the electric ve-
hicle routing problem (EVRP), Conrad et al. [3] introduced the concept of incorporating
charging stations into vehicle routes, requiring vehicles to recharge at customer nodes.
Meanwhile, Erdogan et al. [4] proposed a model that replaced traditional fuel vehicles with
alternative fuel vehicles. Since these pioneering works, many researchers have sought to
deepen the study of the EVRP by continuously expanding the model to account for the
specific operational characteristics of EVs within distribution routes. Schneider et al. [5]
examined the EV routing problem with time-window constraints, focusing on minimizing
the number of charging station visits. They proposed a hybrid variable neighborhood
tabu-search heuristic and demonstrated its effectiveness in solving large-scale instances.
Yang et al. [6] investigated the integration of battery swap stations into EV routes, high-
lighting the efficiency gains from rapid battery exchange despite the high initial costs of
battery replacement infrastructure. Keskin et al. [7] further considered incomplete charging
strategies during EV charging, relaxing the assumption of complete charging strategies in
the study by Schneider et al. [5]. Desaulniers et al. [8] explored various EV distribution
scenarios, comparing the effects of different charging strategies on route optimization. Paz
et al. [9] addressed the multi-depot EV routing problem with time windows, incorporating
both conventional charging and battery-swapping technologies into their decision-making
model. Froger et al. [10] extended previous research by constructing a more realistic EVRP
model, using a concave linear function to capture the nonlinear nature of charging time.
Zhang et al. [11] developed a fuzzy optimization model based on plausibility theory, using
fuzzy numbers to represent uncertainties in service time, energy consumption, and travel
time across different regions and customer types. Lee [12] focused on optimizing both
EV route mileage and charging time by considering a nonlinear charging-time function.
Wang et al. [13] proposed a multi-depot EV routing model with time windows and shared
charging stations and designed an improved multi-objective genetic algorithm with nested
tabu search to optimize EV routes and charging station placement.

Murray and Chu [14] introduced the flying sidekick traveling salesman problem
(FSTSP) to minimize completion time in a traditional traveling salesman problem (TSP)
with the assistance of drones. Building on this work, Agatz et al. [15] proposed the drone
traveling salesman problem (TSPD) as an extension of the FSTSP. Since then, numerous
studies have aimed to expand upon the TSPD, with one of the most prominent variants be-
ing the vehicle routing problem with drones (VRPDs). The VRPDs integrates drone-assisted
delivery into the classic vehicle routing problem (VRP). Wang et al. [16] were the first to
conceptualize a model where a fleet of trucks carries one or more drones for deliveries.
In this model, drones can be launched and retrieved from either a distribution center or
customer nodes, with customers served by either trucks or drones exclusively. Sacramento
et al. [17] developed a mixed-integer optimization model for the VRPDs, incorporating
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vehicle load capacity and drone-endurance constraints. They designed an adaptive large
neighborhood search (ALNS) algorithm to solve large-scale instances, demonstrating its
effectiveness for the VRPDs. Pugliese et al. [18] further investigated the VRPDs considering
the constraints of customers’ time windows, and experimentally concluded that the intro-
duction of drones would improve the delivery efficiency. Tamke et al. [19] developed an
optimization model targeting different time orientations for drone flight mileage and speed
constraints. Kuo et al. [20] proposed a mixed-integer programming model considering the
customer time windows and designed an adapted variable neighborhood search algorithm,
which proved to be a superior VRPD solution method in addition to the ALNS algorithm
proposed by Sacramento et al. [17].

Although there has been progress in research on optimizing EV routing and drone-
assisted vehicle delivery routing, the exploration of the synergy between EVs and drones
remains in its early stages. Baek et al. [21] were the first to propose a collaborative-delivery
system involving a single EV and a drone to reduce energy consumption and emissions.
In their model, the drone is limited to serving one customer at a time, and its battery is
non-replaceable, restricting its effectiveness to its range. Zhu et al. [22] extended this by
incorporating scenarios where the EV must visit charging stations during delivery while
allowing the drone to share energy with the EV. In their model, the EV’s remaining power
decreases each time the drone completes a delivery. They demonstrated that an adaptive
large-neighborhood search algorithm outperformed a variable neighborhood search for
solving the EV-drone collaborative-delivery problem. Kyriakakis et al. [23] introduced
an MIP model that optimizes energy consumption for EV-drone collaborative delivery,
solving it with a hybrid ant-colony optimization algorithm. However, in their approach, the
EVs primarily served as platforms for launching and recovering drones, with all customers
serviced by the drones. Building on this, Mara et al. [24] proposed a more comprehen-
sive cooperative delivery model where EVs and drones deliver to customers simultane-
ously. In this model, the EVs must visit charging stations to ensure the feasibility of the
delivery route.

Although significant progress has been made in studying the electric vehicle routing
problem (EVRP) and the vehicle routing problem with drones (VRPDs), several research
gaps remain in the exploration of EV-drone collaborative-delivery routing. First, many
existing studies adopt a linear charging model for EVs, overlooking the fact that charging
rates are influenced by external factors such as temperature, which limits the practical
application of these models. Second, most research focuses on single distribution-center
scenarios, with limited attention to resource sharing and collaborative optimization in
multi-depot environments. Furthermore, studies on EV-drone collaboration often assume
that EVs serve merely as landing platforms for drones, failing to fully leverage the de-
livery potential of EVs and overlooking the integration of charging operations with time
window constraints.

In this study, we propose an innovative EV-drone collaborative-delivery routing opti-
mization model that incorporates nonlinear EV charging times alongside several realistic
constraints, such as time-varying vehicle travel times, customer time windows, and the
payload and range limitations of drones. By solving this model, we offer practical solutions
for EV-drone collaborative distribution, contributing to more efficient and sustainable
logistics operations in urban environments.

3. Problem Description and Modeling Framework
3.1. Problem Description and Notation

Our proposed multi-depot EV—drone collaborative-delivery routing problem builds on
the foundations of the electric vehicle routing problem with time windows (EVRPTWs), as
introduced by Schneider et al. [5], and the electric vehicle-drone routing problem (EVDRP),
as developed by Mara et al. [24]. In this study, we refer to our model as MD-EVDRPTW, as it
incorporates both multiple distribution centers and customers’ time windows. Additionally,
our model accounts for time-varying EV travel times due to the fluctuating speeds of EVs
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in a time-dependent road network. These travel times are modeled based on the work
of Ichoua et al. [25]. Our modeling environment involves multiple distribution centers,
customer nodes, and electric vehicles (EVs) equipped with drones of identical specifications.
In particular, customer nodes are classified into two categories: those that can only be
served by drones and those that can be served by either drones or electric vehicles. The EVs
transport drones from the distribution centers to deliver customer orders within specific
time windows. While the EV performs its delivery at one customer node, the onboard
drone can serve another customer, simultaneously. However, each customer is served by
either the EV or the drone, but not both. After the drone is deployed at a customer node, it
completes its delivery independently and later reunites with the EV at a subsequent node.
Once all deliveries are completed, the EV and the drone may return to the original or an
alternative distribution center. The overall delivery process is illustrated in Figure 1.

Distribution - Electric Vehicle Drone . .
. Center Customers Customers‘ Charging Station

Figure 1. Diagram of multi-depot EV-drone collaborative delivery.

During the distribution process, EVs must visit charging stations to ensure they
have sufficient power for continued operation. With the inclusion of charging stations,
two additional factors must be considered: (i) the EV charging process is nonlinear, due
to variables such as battery performance and heating effects (as described by Montoya
et al. [26]); and (ii), while the EV is charging, the station can be treated as a special customer
node, without delivery demand or time window constraints, and can be used as a launch
and recovery point for drones as part of the drone deployment and retrieval strategy.

The following assumptions are made for the proposed MD-EVDRPTW model:

e Each EV is equipped with a drone, and while the delivery process begins and ends
at a distribution center, the EV and the drone are allowed to return to different
distribution centers.

e The EV departs fully charged, and the energy consumption while servicing customer
nodes is ignored.

The drone always takes off fully charged and operates in an instant power-swap mode.
The drone must be launched and recovered from the same EV, and these operations
can be performed at distribution centers, customer nodes, or charging stations.

e  All charging stations have standardized equipment and provide full charges, but can
only serve a limited number of EVs at any time.
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e  Each distribution center has sufficient capacity to meet all customer demands, and the
centers are homogeneous.

e Atuple <i,j,k > is used to represent a drone’s delivery route, in which the first node
represents the drone’s launch node, the second node j represents the customer node
served by the drone, and the third node k represents the drone’s recovery node.

The definitions of symbols and variables are provided in Table 1.

Table 1. Definitions of symbols and variables.

Symbol Definition
I Number of distribution centers, number of customer nodes, number of charging
T stations, respectively
Vv Set of all nodes, V = Vo U Vs U V- U V0+
Vo Set of departure distribution centers, Vy = {0,1,...,m}
Ve Set of customer nodes, Vo = {m+1,...,m+n}
Vs Set of charging stations, Vg = {m+n+1,..., m+n+r}
Sets VOJr Set of arrival distribution centers, V(fL ={m+n+r+1,....2m+n+r+1}
Vp Set of drone customers, Vp C V¢
%3 Set of drone launch nodes, V; = VU Vs U V¢
Vr Set of drone recovery nodes, Vg = Vg U Vo U VOJr
VN Set of all nodes except for distribution centers, Vy = Vs U V¢
A Set of arcs that EVs travel, A = {(i,j)|i,j € V}
F Set of EVs that are equipped with designated drones, F = {1,...,f,...,G}
gt gl Distance traveled by the EV from node i to node j, and distance flown by the drone from
yry node i to node j, respectively
o EV’s travel time from node i to node j and the drone’s flying time from node i to node
7 ij j, respectively
Sf, S;-i EV’s service time at customer node 7, and drone’s service time at node i, respectively
[ET;, LT;] Service time window for customer node i
i, Qt Customer node i’s demand, and EV’s payload, respectively
Qu, By Drone’s payload, and EV’s battery capacity, respectively
Parameters By, vy Drone’s maximum endurance, and drone’s flight speed, respectively
h It EV’s energy consumption coefficient per kilometer, and drone’s single-launch operation

time, respectively
rt, ¢1 Drone’s single-recovery operation time, and cost-per-unit distance traveled by EV
Charging station’s unit charging cost, and drone’s transportation cost-per-unit

2 6 distance, respectively
¢, U; f EV’s fixed cost, and EV f’s charging time at the charging station i, respectively
M A large positive number
Xijf Binary variable indicating if EV f travels from node i to node j
Decision Xijkf Binary variable indicating if drone f takes the route (i, j, k)
variables Yif Binary variable indicating if EV f is charged at charging station i
Pijf Binary variable indicating if node i is visited before node j
at % af’f Time when EV f, and drone f arrive at node i, respectively.
Non-decision JEVNCY EV f’s remaining amount of electricity when it arrives at node i, and EV f’s remaining
variables if 7 vif amount of electricity when it leaves node i, respectively
ecif, teif EV f’s charge amount at node i, and EV f’s charging time at node i, respectively
uis Node i’s order in EV f’s route coding

3.2. Optimization Model

The objective function of the proposed multi-depot EV—drone collaborative-delivery
routing problem is to minimize the total delivery cost Z, including EV’s transportation cost
mensport, EV’s charging cost Zéhargm o and drone’s transportation cost mensport, which are
provided in the following.

Zipansport = €1, ) Y Aty Y}, Y, Xif (1)

fEFicV,i#jjeV fEFieVy jevyuvy
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charglng =0 Z Z ecifYif ()
feF ZGVS
tmnsport C3Z Z Z dz]xl]kf ®)

fe Fie %3 ]G 1%
Therefore, our MD-EVDRPTW model can be formulated as follows.

Objective function:

minZ = Z;mnsport + Zzharging + Zttimnsport (4)
Constraints:
Y X wppt)y Y ) vim=LView )
feFieVi\{j} feFieVi\{jk} keVr\{ij}
Z xl‘]‘fgl,VfEF,iEVo (6)
]'EVNUVOJr
Y., xj<LVfeFjeV )
ieVyUVn
Z xl-]-f— Z x]-kf = O,\V/f € F,j e Vn (8)
ieVi\{j} keVr\{j}
u]f <M Z xl-]-f,Vf S F,j e Vr (9)
ieVi\{j}
Ujf — Ujf < M(l - xi]-f) — 1,Vf €F,ic VL\{j},j S VR\{i} (10)
ujr —uip < Mpyg, Vf € Fi € ViI\{j},j € Vn\{i} (11)
uis — uir < M(pjir — 1) +1,Yf € F,i € Vi\{j},j € Vn\{i} (12)
Yoo ity Y )Y a¥p SQuVfeEF (13)
JEVC keVr\{j} jeVe ieVi\{jk} keVr\{i,j}
Yijkf = O,Vf e€Fic VL\{j,k},j S Vc\{VD,i,k},k € VR\{i,j} (14)
Y. g <LVfeFieV (15)
j€VD\{ik} keVr\{i,j}
Y vk <LVfeFkeVg (16)
ieVi\{jk} jevp\{ik}
Yoo Xt Y Xuwp = 2vikg, Vf € Fi€ VIN{j k},j € Ve\{i k), k € VR\{i, j} (17)
neVr\{i} neVi\{k}
al,+th st +1t ¥ Y Yiprtrt L Y Yukr— M (1—xys) <ab
/ JeVor i Vi) eV vk 77 =" (18)
Vf c€F,ie VL\{k},k c VR\{i, Vs}
aj +th +It % Y VYipptrt X Y Ynjks + ek — Mok (11— xp) < g
/ Jevor i eV} ek vk e (19)

Vf eF,ie VL\{k},k € (VR N Vs)\{l}
abe 1t s —M(1— Y yg) <al, VfeFieVi\{jL,je Wb\{i} (20)

keVr\{ij}
afe + 15+ rt+si =M= Y yigp) <aipVf € Fje Vp\{k} ke VR\{j, Vs} (21)
i€V \{jik}
afe + 19 +rt+top—M(1— Y yikp) < afp, Vf € Fj € Vp\{k}k € (VRN Vo)\{j} (22)

ieVi\{jk}



Vehicles 2024, 6 1818
ale—M(1- Y Y. i) <alpVfEFicVy (23)
jeVp\{ik} keVe\{ij}
alp+M(1—- ) Y. i) <alpVfeFieV (24)
jeVp\{ik} keVe\{ij}
ﬂ]t(f — M(l — Z Z yz]kf) < ﬂgf,Vf € F ke Vg (25)
iV \{jk} jeVp\{ik}
G tMI- Y} vi) SafpVf €EKE VR (26)
i€V \{jk} jeVp\{ik}
d d
ay +M(3_pim - )y Yijkf — Ym )Sﬂ
/ T ievenin”™ peviimayaevintmpy T T o)
,VfeF,ieVi\{mk},me Vy\{ik}, ke Vr\{i,m}
ET; gaf.f <LT,Vf€eFi€Vc—Vp (28)
ET; < a;?f < LT,Vf €F,ic Vp (29)
tCif = lllf(el(})),Vf €F,iecVs (30)
ecif = (Bt — ef})) *xif, Vf € F,i € Vs (31)
eff) —hxdij— Mx (1—xyp) < el vf € Fi e Vi\{j},j € Va\{i} (32)
elf) >0vfeFieV (33)
eff) —B,VfeFicWg (34)
elf) =elf ¥feFieVc (35)
el?J%) —B,VfeFieV, (36)
af-f:O,erF,iGVO (37)
a‘l-’lfzo,erF,iGVo (38)

t+ ! + 19 — Mx (1 —yyup) < By, Vf € Fi € VIN{j, k},j € VD\{i,k}, k € VR\{i,j} (39)

xijr €{0,1},Vf € Fijje A

vijs € {0,1},Vf € F,i € Vi\{j, k},j € Vp\{i,k}, k € Vr\{i,j}
pijf € {0,1},Vf € F,i € Vi\{j},j € Vn\{i}

ujf € NVfeFieV

(40)
(41)
(42)
(43)

Equation (4) defines the objective function as minimizing the total delivery costs.
Equation (5) ensures that each customer is visited by an EV or a drone exactly once.
Constraints (6) and (7) specify that every route begins and ends at one of the distribution
centers. Equation (8) represents the node flow-conservation constraint, ensuring the conti-
nuity of the delivery route. Constraints (9) and (10) are sub-loop elimination constraints to

prevent unnecessary loops in the routing.

Constraints (11) and (12) restrict the order of the EV routes, ensuring no turnback
occurs. Constraint (13) sets the payload capacity constraint for the EV. Equation (14)
specifies that drones only visit customer nodes that meet the criteria for drone service.
Constraints (15) and (16) ensure that each drone launch and recovery node is used only
once. Constraint (17) stipulates that drones can only be launched and retrieved at two

distinctive nodes that the designated EV has visited.
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Constraints (18) and (19) ensure that when the EV visits both charging and non-
charging station nodes, the arrival time must be greater than the previous node’s visit time.
Constraint (20) ensures that the drone arrives at a customer node after the EV reaches the
launch node. Constraints (21) and (22) apply the same timing constraints for drone visits to
charging and non-charging station nodes. Constraints (23) and (24) ensure synchronization
of the arrival times of both the EV and drone at the launch node, while Constraints (25)
and (26) ensure the synchronization of their arrival times at the recovery node.

Constraint (27) restricts each EV to carrying only one drone. Constraints (28) and (29)
enforce customer time window constraints for EVs and drones. Equation (30) calculates the
charging time for the EV, while Equation (31) determines the amount of charge needed at
the charging station. Constraint (32) calculates the EV’s energy consumption between any
two points, and Constraint (33) ensures the EV’s charge level remains non-negative.

Equation (34) defines a full-charge strategy for EV charging, and Equation (35) specifies
that there is no energy consumption while the EV is at a customer node. Equation (36) en-
sures that the EV departs from the distribution center fully charged. Equations (37) and (38)
set the starting time for the EV and drone at the distribution center to zero. Constraint (39)
imposes the range constraint for the drone. Finally, Constraints (40) through (43) specify
the decision variable attributes.

4. Algorithm Design

Our proposed multi-depot EV-drone collaborative-delivery routing optimization
problem is apparently classified as NP-hard. We have developed an improved adaptive
large-neighborhood search (ALNS) algorithm to solve the MD-EVDRPTW model. The
framework of the proposed algorithm is presented in Figure 2.
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Figure 2. An improved ALNS algorithm framework.



Vehicles 2024, 6

1820

4.1. Solution Description and Initial Solution Construction
4.1.1. Solution Description

Using integer arrangement coding, we assume that the road network contains n
customer and charging station nodes, as well as m distribution centers, represented by
the natural numbers 0,1, ..., m. An initial solution consists of two codes: an upper code,
denoted by ©), representing the vehicle path, and a lower binary code of the same length,
denoted by (©, which is used to determine the service type for each customer node. A
non-negative integer value i € {2,3,...,n + 1} is assigned to distinguish customer nodes
based on the following rules:

e  If the i-th node of © is coded as 0, the corresponding i-th customer node in © will be
served by an EV;

e If the i-th node of © is coded as 1 and the (i — 1)-th node is coded as 0, the i-th
customer node in ©) will be served by a drone;

e If thei-th node of © is coded as 1 and the (i — 1)-th node is also coded as 1, then the
i-th customer node in © will be served by an EV.

From the three rules described above, the following can be inferred: when a sequence
of © contains a coded “1”, the first “1” represent a customer node served by a drone.
In this case, the drone’s launch and recovery nodes correspond to the nodes of © that
are immediately preceded and followed by “0”s in the sequence. Figure 3 illustrates an
example of a delivery route solution with 2 distribution centers, 16 customer nodes, and
4 charging stations, along with the corresponding route encoding method.

|<— Route 1 ——l-— Route 2 —>|-— Route 3 —>|<— Route 4 ——l
© B 2]z <R e[5] 7 [E] o B 11[10]12]13 ELEH 14 [ 15 |2 1617 B])
© Bolol o B [io[+ oo KN+ o]o[+[* KN ]+ [1]o[o kY

Distribution
Center Node

Charging

D Drone Service Node |:| EV Service Node Station Node

Figure 3. Illustration of a multi-depot EV-drone cooperative-delivery solution coding.

It is important to note that in a multi-depot, time-dependent network, the insertion
of drones and charging stations into the EV route expands the solution space in two key
ways: (1) charging stations can simultaneously accommodate EV charging, drone launch,
and synchronization between the EV and drone; and (2) drones cannot independently visit
charging stations to perform launching and recovering functions. Figure 4 illustrates the
expansion of the solution space following the insertion of a charging station.
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Customer Node

Figure 4. Solution space expansion due to charging station insertion.

4.1.2. Initial Solution Construction

Constructing a high-quality initial solution is critical for the efficiency and effectiveness
of the improved ALNS algorithm, as it directly impacts both the search process and the
final solution. In this paper, we generate a high-quality initial solution through six key
steps: customer node grouping, EV customer node insertion, charging station insertion,
EV route decomposition, route integration optimization, and drone route insertion. The
overall construction process is illustrated in Figure 5, with the detailed steps outlined in
the following.

O
(@]
@) e o
o o
° @)
©
(@)
® o
o O
2 EV Customer Node 3 Charging Station
Grouping Insertion Insertion
o @)
@)
o @)
EV Route 5 Route Integration 7 Drone Route
Decomposition Optimization Insertion

Figure 5. The initial solution construction process.

Step 1. Customer node grouping

First, the customer nodes that meet the technical specifications of the drone are sep-
arated from the set of customer nodes Vi and classified as the alternative set of drone-
serviceable customers Vpg. Next, the minimum round-trip flight distance between each
node in this alternative set and other customer nodes is calculated. If a node falls within
the drone’s mileage range, it is included in the set of drone-serviceable customers Vp;.

The nodes in Vp; are then randomly shuffled and divided into two subsets: Vlgll), which

represents the nodes to be directly served by drones, and V,:()Zl), which includes nodes
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not served by drones. The final set of drone-served customers is Vp = [()11), while the
remaining customer nodes are placed into Vr to be served by EVs. This method allows the
greedy insertion operator in the subsequent ALNS neighborhood operation to reintroduce
drone nodes into the EV route, establishing the “trinity” relationship illustrated in Figure 6.

Figure 6. Trinity of customer node subsets.

Step 2. EV customer node insertion

A distribution center is randomly selected, and an EV is dispatched to begin delivery
by finding the nearest customer node to the current position. Starting from the first customer
node, the EV’s capacity and the customer’s time window requirements are checked for
feasibility. If both conditions are satisfied, the EV proceeds to that customer; otherwise,
the EV returns to the nearest distribution center from the last served customer node. A
new EV is then dispatched from the closest distribution center to the next customer node,
to continue the service. This process is repeated until all EV-served customer nodes are
inserted into the route. The process of EV customer node insertion is illustrated in Figure 7.

O ¢

B O

Figure 7. Illustration of EV customer node insertion.

Step 3. Charging station insertion

The previously mentioned EV customer node insertion process does not account for
the vehicle’s energy feasibility along the route. To maintain sufficient power throughout
the journey, the greedy charging-station insertion strategy, as proposed by Keskin et al. [7],
is applied.

Step 4. EV route decomposition

During the charging station insertion process, infeasible routes need to be decomposed
to handle scenarios where the EV’s remaining charge is insufficient to reach a charging
station, or the time window constraints of subsequent customer nodes cannot be met. For
the set of infeasible-route customer nodes, the process begins by inserting each node into
a new route, starting from the distribution center closest to the first customer node. A
charging station is added if the route remains infeasible after inserting the customer nodes.
If the insertion of a charging station still fails to create a feasible route, the longest currently
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feasible portion of the route is retained. The customer node that could not be inserted
becomes the starting point for a new route, beginning at the nearest distribution center.
This process is repeated until all infeasible customer nodes are incorporated into a valid
route. The EV route decomposition process is illustrated in Figure 8.

o o
8 OO = O
8 ; o Dj o

Figure 8. Illustration of EV route decomposition.

Step 5. Route integration optimization

First, a threshold value is established for the number of customer nodes to be merged.
Customer nodes that do not meet this threshold are extracted from the routes, leading
to the deletion of those routes. The removed customer nodes are then reinserted into
the existing routes using the customer node insertion method described in Step 2. New
routes are created using the same method if this insertion fails. Once the integration and
optimization process is complete, the objective function values of the old- and new-route
sets are compared, and the more efficient set of routes is retained. The route integration
optimization process is illustrated in Figure 9.
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Figure 9. Illustration of route integration optimization.

Step 6. Drone route insertion
This step primarily involves the strategies for launching and recovering drones within
the complete EV route.

e  Drone launch strategy: For each drone customer node in the complete EV route,
identify the nearest node as the launch point for the drone. Each EV customer node
must be selected only once to prevent drones carried by different EVs from sharing
the same launch node.

e  Drone recovery strategy: After assigning a launch node to each drone, search for
a suitable recovery node based on proximity. Traverse each EV route to locate the
drone’s launch node, then examine all potential recovery nodes—including charging
stations and distribution centers—moving toward the route’s end node. Suppose the
flight distance from the launch node to the customer node, followed by the distance to
the potential recovery node, does not exceed the drone’s maximum flight distance: in
that case, the node is designated as the recovery point.

The EV route insertion process is illustrated in Figure 10.
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Figure 10. Illustration of drone route insertion process.

4.2. Destruction and Reconstruction Operations

After the improved ALNS algorithm generates the initial solution, it proceeds to
create a new solution through a process of destruction (“destroy”) and reconstruction
(“repair”) [17]. This paper aims to minimize the delivery costs of the EV and drone routes.
To facilitate this, we have designed four removal operators (i.e., destroy operators) and
two insertion operators (i.e., repair operators), which address delivery costs and random-
ness during the destruction and reconstruction processes. Additionally, these operators
incorporate perturbation mechanisms to enhance solution diversity in the neighborhood
search process.

4.2.1. Removal Operators

(1) Random Removal Operator

Randomly select a certain number of customers from each currently solved EV route
for removal, ensuring that all drone customers are excluded. If a route ends up with zero
customer nodes, it will be deleted as invalid. For example, as illustrated in Figure 11, EV
customer nodes 5, 10, 12, and 16 are randomly removed from the route. Consequently,
the invalid route 1 — 20 — 1, which consists solely of travel to the charging station,
is eliminated.

— — . - _ = /
g - OfE0 8 - D6 - DE I
== = - — =71 == == 7

DO ﬂn 18 po kAo ﬂ D1 |20 D1 m 21 DO ammm «— Remove EV Costomer Nodes

i nnnmmm <—}Remove Drone Customer Nodes
| .
Y 2 [ s [EEY 7 [ o B v« 17 BB < lmalid Route

|
|
L

Figure 11. Illustration of random removal operator.

(2) Saving-Degree Removal Operator

Calculate the saving degree cost by comparing the original objective function value
f(s) of the current solution s with the objective function value f(s)_; after removing
the EV customer node i. Remove a specified number of customer nodes, ranked from
largest to smallest based on their savings degree, while excluding all drone customers and
eliminating invalid routes. The formula for calculating the saving degree of customer nodes
is presented in Equation (44).

cost(i,s) = f(s) — f(s)_; (44)

As illustrated in Figure 12, the cost value cost(i,s) for each EV customer node is
calculated and sorted after multiplying each value by a random number between 0 and
1. Nodes 16, 9, 2, and 3 are then selected for removal in order from the highest to the
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lowest cost. After removing the drone customer node, a new invalid route 0 — 18 — 0 is
generated, which is subsequently eliminated.
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Figure 12. Illustration of the saving-degree removal operator.

(3) Correlation Removal Operator

When the correlation 7(i, j) between two customer nodes in the current solution s
exhibits a negative relationship with the distance d;;, customer nodes with higher correlation
within the route are removed, along with all drone customers. The method for calculating
the correlation is outlined in Equation (45), where D(s) represents the total mileage of
route s. P

AN 1y
r(i,j)=1— D(s) (45)

As illustrated in Figure 13, we randomly select customer nodes 5 and 16 from the current
solutions of Routes 2 and 4. Taking Route 2 as an example, the correlation between neighboring
customer nodes 5 and 7 is denoted as r(5,7). For non-neighboring nodes, the correlation
is calculated by summing the computed values across multiple segments; for instance, the
correlation between nodes 5 and 9 is given by r(5,9) = r(5,7) +r(7,19) +r(19,9), which
includes the distances to and from any charging stations, if applicable. After calculating
the correlation for the current node against all subsequent nodes, each correlation value is
multiplied by a random number in the range of 0 to 1. Subsequently, customer nodes 9 and
17 are removed in descending order of their calculated values, followed by the removal of
the drone customer node.

1! Route2 =-1(5,9)=r(5,7)+r(7,19)+r(19,9)---;
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Figure 13. Illustration of the correlation removal operator.

(4) Extreme-Distance Removal Operator

Filter out customers with the largest total distance between each EV route in the
current solution and their immediate preceding, and following nodes for removal. This
includes all drone customers and invalid routes. As illustrated in Figure 14, we take Routes
2 and 3 as examples. We calculate the sum of distances between each customer node and its



Vehicles 2024, 6

1826

neighboring nodes (which may include distribution centers and charging stations). In this
process, we identify and remove the extreme-distances of customer nodes 7 and 10 from
the routes, extract the drone customer nodes, and delete the invalid route: 1 — 20 — 1.

1 Route2

2 Route3

|
i nm 4—: Remove EV Customer Nodes
} nnnmm }“» ve Drone Ci Nodes

} 4—; Invalid Route
| |

Figure 14. Illustration of the extreme-distance removal operator.

4.2.2. Insertion Operator

(1) Random Insertion Operator

For the customer nodes removed by the operators mentioned above, the insertion
points for EV customer nodes are randomly selected and inserted back into the EV route.
Drone customer nodes are reinserted into the EV route using the same method described
for drone route insertion in Section 4.1.2. This process is repeated until all customer nodes
are added back to the route. Using the corrupted code in Figure 15 as an example, the
removed EV customer nodes (5, 10, 12, and 16) are reinserted after randomly selecting their
insertion points. Additionally, the drone launch and recovery nodes are adjusted as the
drone customer nodes are reinserted, resulting in a newly optimized solution.
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Figure 15. Illustration of the random insertion operator.

(2) Greedy Insertion Operator

In our study, some customers suitable for drone delivery are deliberately kept as EV
customers during the initial solution construction phase of the ALNS algorithm. After
merging the removed EV and original drone customers, the algorithm filters them and
inserts those that exceed the drone’s maximum carrying capacity or flight distance back into
the EV route, aiming to minimize the cost increment while satisfying all constraints. Using
the solution coding in Figure 16 as an example, the algorithm checks whether the removed
customer nodes {5, 10, 12, 16, 4, 6, 8, 11, 13, 15} can be reinserted into the current EV route
under drone delivery conditions. In this case, the original drone customer nodes {8, 13} no
longer meet the drone delivery criteria, while the original EV customer nodes {10, 12} do.
The remaining nodes {5, 8, 13, 16} are reinserted into the EV route by selecting the insertion
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Original Route—>
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points with the smallest difference in route cost before and after insertion, both multiplied
by random numbers between 0 and 1, as outlined in the EV route construction method in
Section 4.1.2. Finally, the drone customers are inserted to restore a feasible solution while
ensuring the EV’s payload capacity and the customer’s time window constraints are met.
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Figure 16. Illustration of the greedy insertion operator.

To better illustrate the destruction and reconstruction operations process using re-
moval and insertion operators, Figure 17 demonstrates how a new route is generated
from the original route after applying a random removal operator followed by a random
insertion operator.
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Figure 17. Illustration of applying random removal and insertion operators.

4.3. Choice of Operator

During each algorithm iteration, the destruction and repair operators are selected
using a roulette wheel method. Let Op represent the set of all operators, w;(i € Op),
represent the weights of the operators, and J;(i € Op) represent their scores. The number
of times each operator is used is recorded as v;. Operators are scored based on the quality
of the new solutions they generate, following three criteria:
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Global optimal solution: +1.5 points
Suboptimal solution: +1.2 points
Feasible solution: +0.8 points

Let the update coefficient, ¢, for the operator weights range between 0 and 1. Based
on the operator scores, the weights are updated according to Equation (46).

I VieOo (46)
r (l—é‘)*wi+§*%§,if0i>0' P

4.4. Stopping and Acceptance Criteria

(1) The Metropolis criterion in the simulated annealing algorithm is employed to
accept inferior solutions. To effectively prevent the algorithm from prematurely converging
to a local optimum, a neighborhood solution f(x),,,, which is worse than the current
solution f(x),;;, is accepted with a certain probability p. At the start of the simulated
annealing algorithm, an initial temperature Ty is set, with a decay rate within the range
of [0,1]. The temperature T at each iteration is the product of the previous iteration’s
temperature and the decay rate. The probability p is calculated using Equation (47).

p 1, f(xf)(ne)w <f](c()x)old (47)
= X)otd —J X ) new

exp(mf)' f(x)new = f(x)old

(2) The algorithm’s iteration is terminated using an unimproved-threshold policy.
When the number of consecutive iterations without improvement, denoted as num_con,
reaches the preset threshold num_end, the iteration stops, and the satisfactory solution
is returned. Both the preset threshold num_end and the maximum number of iterations
num_iterations are determined based on the population size, ensuring that the number of
adaptive neighborhood searches is suitable for the problem being solved.

5. Experimental Analysis

All experiments in this study were conducted on a computer equipped with an Intel
Core i7-10875H 2.30GHz CPU, 16GB of DDR4 RAM, running the Windows 10 operating
system, and using Python 3.7 for programming.

5.1. Experimental Design

Due to the complexity of the MD-EVDRPTW model, no existing dataset contains in-
stances that directly meet its requirements. To address this, we utilize the EVRPTW dataset
C101_21, developed by Schneider et al. [5] and made available through a link provided
by Goeke [27]. We apply the K-means clustering algorithm, using profile coefficients, to
group all nodes and identify the distribution centers. This process transforms the EVRPTW
dataset into one suitable for the MD-EVDRPTW model, which we label as C101_21M. The
new dataset consists of 4 distribution centers, and 21 charging stations.

(1) Parameter settings related to the nonlinear charging function for EVs:

The EV nonlinear charging function is represented as shown in Figure 18. The
charging time, t;, and the state of charge, a;, corresponding to the turning point k in
the function are set as follows: f1, a1 = [226.7814, 65.3047], t>, 0 = [276.6302,73.4023], and
ts, a3 = [378.6145,77.75].

(2) Setting of parameters related to EV’s time-varying travel speed:

To analyze the impact of speed variation on delivery route planning under time-
varying conditions, three different EV travel speed scenarios were set up for comparison.
In the experiment conducted by Sacramento et al. [17], the EV travels at a fixed speed
of 56.3 km/h (Case 1). To incorporate time-varying characteristics, this section uses a
computer-generated set of seven random speed values with an average of 56.3 km/h,
representing the EV’s speed across different time intervals (Case 2). A holiday scenario
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featuring widespread congestion is also introduced (Case 3). The specific time periods and
corresponding speeds for each scenario are provided in Table 2.

801 [378.6145, 77.75]
[276.6302, 73.4023]
[226.7814, 65.3047]

Electricity Status
(kwh)
bt

0 50 100 150 200 250 300 350 400
Charging Time (min)

Figure 18. EV’s nonlinear charging function.

Table 2. Time-varying EV travel speed in different scenarios.

Time-Varying Travel Speed (km/h)

Scenario 7:00-9:30 9:30-13:30 13:30-15:30 15:30-17:30 17:30-20:30 20:30-24:00 24:00-31:00
Case 1 56.3 56.3 56.3 56.3 56.3 56.3 56.3
Case 2 434 64.7 68.1 52.4 33.8 56.3 754
Case 3 21.7 32.25 34.05 26.2 16.9 28.15 37.7

(3) Initial parameter settings for the remaining experiment variables:
The initial values for the remaining experiment-related parameters are outlined in

Table 3 below.
Table 3. Initial values of experiment-related parameters.
Parameters Values
EV payload (kg) 200
EV battery capacity (kWh) 79.69
EV power-consumption coefficient per kilometer 1
drone payload (kg) 10
drone endurance time (min) 55
drone flight speed (km/h) 80
drone launch and recovery operation time (min) 1
EV unit fixed cost (CNY) 100
EV cost per kilometer of electricity consumption (CNY) 0.6
EV unit charging cost (CNY) 0.4
EV transportation cost-per-unit distance (CNY) 0.3
Initial temperature of the simulated-annealing acceptance criterion 100
Decay rate of the simulated-annealing acceptance criterion 0.94
Initial weight of ALNS operator 0
Initial score of ALNS operator 1
ALNS weight-update factor 0.3
ALNS unimproved threshold 200

ALNS maximum number of iterations 10,000
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5.2. Analysis of Experimental Results

Ablation experiments will be conducted to evaluate the performance of the proposed
algorithm and assess the impact of the four removal operators and two insertion operators.
These experiments will involve masking the perturbation strategies within the extremum-
distance removal operator module and the greedy insertion operator. The results of these
masked experiments will be analyzed by comparing them with those of the original algo-
rithm. Each of the latter three experiments will be executed 10 times using the C101_21M
dataset, which includes 100 customers. Here, G represents the number of dispatched EVs, rs
denotes the number of charging stations utilized, Z 41 x5 indicates the satisfactory solution
generated by the algorithm, while T4y ns and 141 ns represent the algorithm’s solution time
and the optimal number of iterations, respectively.

(1) The experimental results of using our proposed algorithm to solve the instances in
the dataset are listed in Table 4.

Table 4. Results of using the proposed algorithm.

Series Number G s ZALNS Tarns (s) Tains
1 13 3 1895.08 25.41 212
2 13 5 1890.57 35.65 244
3 13 5 1916.16 37.79 238
4 13 4 1886.38 33.61 231
5 13 4 1884.13 30.50 234
6 13 5 1876.80 33.69 207
7 13 4 1881.54 31.20 217
8 13 2 1911.81 33.07 221
9 13 3 1897.89 36.08 239
10 13 4 1900.49 29.73 224

Table 4 shows that in the 10 operations of the ALNS algorithm applied to the C101_21M
example, the maximum and minimum costs are 1916.16 and 1876.80, respectively. The
deviation of these values from the median is 1.23% and —0.85%, while their deviation from
the mean is 1.17% and —0.91%, all within acceptable ranges. Additionally, the number of
dispatched EVs stabilized at 13, with the utilization rates of charging stations remaining low.
The algorithm consistently produces satisfactory solutions within 250 iterations. Figure 19
illustrates the convergence curve when the known optimal solution of 1876.80 is reached,
and Figure 20 presents the route maps derived from two of the optimal solutions. Overall,
the ALNS algorithm developed in this study effectively solves the multi-depot EV-drone
collaborative-delivery routing problem under time-varying EV travel times.
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Figure 19. Iterative convergence curve of the ALNS algorithm.
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Figure 20. Route maps of two optimal solutions for C101_21M.

(2) The results of masking extreme-distance removal operator are shown in Table 5.

Table 5. Solution results of masking extreme-distance removal operator.

Series Number G rs ZALNS TALNS (s) IALNS
1 13 3 1955.06 64.91 368
2 14 4 1950.32 59.52 304
3 13 2 1987.12 52.09 300
4 14 2 1971.62 70.07 317
5 14 2 1966.40 72.99 323
6 14 3 1972.13 80.76 410
7 14 4 1958.25 69.94 320
8 14 3 1959.25 53.68 448
9 13 3 1990.56 74.26 352
10 14 2 1987.27 50.85 333

Table 5 shows that in the results of solving the C101_21M algorithm 10 times after
masking the extreme-distance removal operator, the maximum and minimum costs are
1990.56 and 1950.32, respectively. The deviations from the median are 1.09% and —0.95%,
while the deviations from the mean are 1.05% and —0.99%, all falling within acceptable
ranges. Additionally, the number of dispatched EVs remains stable between 13 and 14, and
the utilization rates of charging stations stay low. The algorithm consistently produces sat-
isfactory solutions within 450 iterations. This indicates that masking the extreme-distance
removal operator effectively solves the multi-depot EV—drone collaborative-delivery rout-
ing problem. Figure 21 compares the results obtained after masking the operator with those
of the original algorithm presented in this study.

Figure 20 illustrates the impact of the extreme-distance removal operator on the
algorithm’s performance, specifically regarding satisfactory solutions, algorithm solution
time, and optimal number of iterations. The results are as follows:

(i) Satisfactory solution: the original algorithm achieves a minimum cost of 1876.80
and a maximum cost of 1916.16. However, after masking the extreme-distance removal
operator, the minimum cost rises to 1950.32, and the maximum cost increases to 1990.56.
This indicates that the cost of obtaining a solution has increased following the removal of
this operator.
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(ii) Algorithm solution time: the average solution time of the original algorithm is
shorter than that of the algorithm after masking the extreme-distance removal operator,
suggesting that this operator contributes to reducing the overall solution time.

(iii) Optimal number of iterations: the original algorithm obtains a satisfactory solution
within 250 generations, while the modified algorithm requires up to 450 generations to
achieve an acceptable solution. Additionally, the original algorithm reaches a stable state
after 250 iterations, whereas the convergence speed of the modified algorithm slows down,
necessitating more iterations to attain stability.
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Figure 21. Comparison of the algorithm with extreme-distance removal operator masked vs. the
original algorithm.

It can be concluded that the performance of the ALNS algorithm declines after masking
the extreme-distance removal operator, yet it remains within an acceptable range. This
underscores the operator’s critical role in enhancing both the efficiency of the algorithm and
the quality of the solutions obtained. The extreme-distance removal operator contributes to
the algorithm’s global search capability by removing specific elements from the current
solution during iterations, helping to escape local optima. By increasing the exploitability
of the solution space, this operator enables the algorithm to transition from a local optimum
to new regions, potentially uncovering superior solutions.

In the proposed ALNS algorithm, the extreme-distance removal operator works in
conjunction with other operators, forming a comprehensive set of tools. The algorithm
dynamically adjusts the score of each operator based on its performance during the iteration
process, prioritizing those with higher scores. This adaptive selection mechanism allows
the algorithm to choose the most suitable operator for the current state at various stages,
thereby enhancing both search efficiency and solution quality.

The adaptive selection of operators in the ALNS algorithm is achieved through a dy-
namic scoring system. The extreme-distance removal operator’s score fluctuates according
to its effectiveness within the algorithm, influencing its probability of being selected. This
mechanism enables the algorithm to adjust its search strategy adaptively, aligning with the
different stages and characteristics of the problem.

(3) The results of blocking the perturbation strategy in the greedy insertion operator
are shown in Table 6.
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Table 6. Results of blocking the perturbation strategy in the greedy insertion operator.

Series Number G rs ZALNS TALNS (s) IALNS
1 14 3 2014.69 52.30 388
2 15 3 2041.81 70.85 425
3 14 2 2014.56 94.45 393
4 15 3 2039.72 82.79 592
5 15 2 2044.19 85.86 360
6 15 2 1993.70 66.67 337
7 15 3 2022.50 65.72 414
8 15 3 2021.34 72.44 302
9 15 3 2028.72 76.92 375
10 15 2 2007.44 52.72 441

Table 6 shows that after blocking the perturbation strategy in the greedy insertion
operator for solving the C101_21M example, the maximum and minimum costs across
10 runs are 2044.19 and 1993.70, respectively. The deviations from the median are 1.10%
and —1.40%, while the deviations from the mean are 1.05% and —1.44%, all within the
acceptable range. The number of EV dispatches remains stable, between 14 and 15, with
the utilization rates of charging stations consistently low.

Regarding the algorithm’s iterations, a satisfactory solution is reached within
600 generations, demonstrating that the algorithm remains effective in solving the multi-
depot EV-drone collaborative-delivery routing problem with time-varying characteristics,
even with the perturbation strategy in the greedy insertion operator blocked. A comparison
of the results between blocking the perturbation strategy and the original algorithm is
shown in Figure 22.

3000

2000

S,

Series Series Series Series Series Series Series Series Series Series
No.1 No.2 No.3 No.4 No.5 No.6 No.7 No.8 No.9 No.10

[ Optimal Solution of Original Algorithm
Optimal Solution of Blocking Perturbation Strategy in Greedy Insertion Operator
Running Time of Original Algorithm
Running Time of Blocking Perturbation Strategy in Greedy Insertion Operator

@ Number of Iterations of Original Algorithm

[ Number of Iterations of Blocking Perturbation Strategy in Greedy Insertion Operator

Figure 22. Comparison of the algorithm with perturbation strategy blocked in the greedy insertion
operator vs. the original algorithm.

From Figure 21, it is evident that the perturbation strategy affects the algorithm’s
performance in several key areas:

(i) Satisfactory solution: after blocking the perturbation strategy, both the maximum
and minimum costs increase—the maximum rising from 1916.16 to 2044.19, and the min-
imum from 1876.80 to 1993.70. Despite this increase, the percentage deviation remains
within an acceptable range. This suggests that the algorithm struggles to escape local
optima without the perturbation strategy, impacting the solution quality. In contrast, the
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perturbation strategy introduces randomness, helping the algorithm explore new regions of
the solution space, thereby increasing the likelihood of finding a globally optimal solution.

(if) Algorithm solution time: blocking the perturbation strategy significantly increases
the solution time. Without the strategy, the algorithm focuses too much on the neigh-
borhood of the current solution, slowing the convergence and increasing runtime. By
enhancing exploration, the perturbation strategy allows the algorithm to escape local
optima, ultimately reducing the solution time.

(iii) Optimal number of iterations: the original algorithm achieves a satisfactory solu-
tion in 250 generations, but after blocking the perturbation strategy, it requires
600 iterations to reach the same outcome. This highlights the fact that the lack of a perturba-
tion strategy limits the algorithm’s ability to search efficiently, requiring more iterations to
achieve comparable results. This effect is particularly pronounced in larger solution spaces
or more complex problems, where the perturbation strategy helps reduce the iterations
needed to find a satisfactory solution.

To sum up, the perturbation strategy is crucial in reducing costs, accelerating conver-
gence, and minimizing the number of iterations in the ALNS algorithm. The improved
ALNS algorithm designed in this paper integrates the perturbation strategy with an adap-
tive selection mechanism, which dynamically adjusts the operators’ usage frequency and
weights, based on their historical performance. This mechanism ensures that effective
perturbation strategies are applied more frequently, further optimizing the algorithm per-
formance. It also tailors the intensity and frequency of perturbations based on the current
state and historical performance, achieving a more efficient search process.

5.3. Sensitivity Analysis
5.3.1. Sensitivity Analysis of Drone Parameters

The experiment examines the impact of drone parameters on delivery costs by ana-
lyzing the results of the MD-EVDRPTW. The number of customers that meet the drone
payload requirement is set at Vp = 25, Vp = 50, and Vp = 75. The drone’s flight speed,
v, varies from 50 km/h to 110 km/h in increments of 30 km/h, while its endurance, E,
ranges from 30 min to 80 min, increasing by 25 min intervals. All other parameters are
kept at their default values. In this context, V}, represents the actual number of customers
served by the drone, D; and D; denote the drone’s flight mileage and the EV’s driving
mileage, respectively, and ERC refers to the EV’s power consumption and charging cost.
The results of the algorithm are presented in Table 7.

Table 7. Solution results with different drone parameters.

Series Number Vp Vp’ V4 E,4 D, D; ERC ZAINS
1 25 22 80 30 240.11 1071.20 668.96 1940.99
2 50 24 80 30 291.51 975.09 594.06 1881.51
3 75 27 80 30 353.96 785.89 478.77 1784.96
4 25 22 80 55 288.52 981.51 617.90 1904.46
5 50 23 80 55 357.55 879.40 543.82 1851.09
6 75 27 80 55 402.82 665.66 419.40 1740.25
7 25 22 80 80 274.04 978.81 613.69 1895.90
8 50 25 80 80 363.53 817.28 507.88 1816.94
9 75 28 80 80 457.43 657.46 411.48 1748.71
10 25 23 50 55 267.24 1043.73 638.27 1918.44
11 50 25 50 55 291.39 977.28 596.37 1883.79
12 75 27 50 55 370.11 702.80 427.62 1738.65
13 25 22 110 55 316.78 1028.55 635.14 1930.17
14 50 26 110 55 397.40 804.73 492.88 1812.10
15 75 29 110 55 480.52 612.97 374.86 1719.02

Based on the experiments, the sensitivity analysis of drone parameters is presented
in Figure 22. By comparing the data from Table 7 and Figure 23, the following can be
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observed: as the drone’s flight speed increases from 50 km/h to 110 km/h, its flight
mileage grows by an average of 28.64%, the EV’s driving mileage decreases by 10.19%
on average, electricity consumption and charging costs improve by 9.59%, and the total
delivery cost is reduced by 1.44%, on average. The algorithm produces better solutions
when the drone’s speed surpasses the upper limit of the EV’s traveling speed and the
proportion of customers served by the drones increases. This occurs because the optimal
solution to the MD-EVDRPTW problem favors maximizing drone dispatch to improve
delivery efficiency, which also helps minimize EV mileage. However, as the drone’s mileage
increases, the associated transportation costs rise, leading to less noticeable optimization in
the overall delivery cost. Similarly, when the drone’s battery life extends from 30 to 80 min,
the drone’s flight mileage increases by an average of 23.65%, EV driving mileage decreases
by 13.37%, electricity consumption and charging costs are optimized by 11.98%, and the
total delivery cost is reduced by 2.60%. These results align with the previous conclusions.
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Figure 23. Sensitivity analysis of drone parameters.

As the number of customers meeting the drone payload requirements increases, the
algorithm will more likely assign EV target customers to the drone service during the
customer-type screening process. From the analysis results in Figure 24, it is evident that
when the proportion of customers meeting the drone payload rises from 25% to 75%, the
drone’s flight mileage increases by an average of 48.90%. In comparison, EV mileage
decreases by 32.90%, on average. Additionally, electricity consumption and charging costs
improve by 33.45%, and the total delivery cost is reduced by 8.95%, demonstrating a notable
optimization effect.
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5.3.2. Sensitivity Analysis of EV Parameters

The experiment focuses on EV battery capacity and the charging efficiency of stations,
analyzing the impact of EV parameters on delivery costs by examining the solution results
of the MD-EVDRPTW. Since EV charging efficiency varies with charging time, the experi-
ment sets the charging efficiency as a fixed value to observe the impact of different charging
times on delivery costs. The EV battery capacity, E;, is increased by 20 kWh increments,
ranging from 60 kWh to 100 kWh. The charging efficiency, R;, is represented by the slopes
of nonlinear charging functions: 3.47 kWh/min, 3.77 kWh/min, and 4.87 kWh/min. All
other parameters are set to default values. The results of the algorithm are presented
in Table 8.

Table 8. Solution results with different EV parameters.

Series Number Vb VD, (7] Ed Dd Dy ERC ZALNS
1 25 23 60 4.87 245.87 1022.08 664.25 1938.01
2 50 24 60 4.87 291.39 952.83 611.70 1899.12
3 75 25 60 4.87 338.50 880.55 555.33 1856.88
4 25 21 80 4.87 281.24 956.36 609.82 1894.19
5 50 23 80 4.87 364.75 862.90 546.74 1856.16
6 75 26 80 4.87 517.89 750.68 468.41 1823.77
7 25 22 100 4.87 300.82 898.79 570.27 1860.52
8 50 24 100 4.87 395.51 815.60 514.36 1833.01
9 75 25 100 4.87 482.38 716.07 445.64 1790.36
10 25 23 80 3.77 279.75 942.88 596.73 1880.65
11 50 24 80 3.77 377.61 870.77 553.46 1866.74
12 75 25 80 3.77 509.08 746.30 477.78 1830.50
13 25 22 80 3.47 277.82 954.07 604.44 1887.79
14 50 24 80 3.47 370.91 871.13 553.68 1864.95
15 75 26 80 3.47 515.58 748.86 481.32 1835.99

Based on the experiments, Figure 25 presents the sensitivity analysis results of EV
parameters. The following conclusions can be drawn by combining Table 8 with Figure 25.
When EV battery capacity increases from 60 kWh to 100 kWh, the drone flight range
improves by an average of 34.59%, while EV driving range decreases by an average
of 14.88%. Electricity consumption and charging costs are optimized by an average of
16.44%, and the total delivery cost is reduced by an average of 3.69%. When the charging
efficiency increases from 3.47 kWh/min to 4.87 kWh/min, drone flight mileage shows a
minimal increase of 0.04%, EV driving mileage decreases by an average of 0.16%, electricity
consumption and charging costs improve by 0.88%, on average, and the total delivery cost
is optimized by only 0.26%.

It can be observed that increasing EV battery capacity significantly reduces driving
mileage and optimizes electricity consumption and charging costs. This is because a higher
battery range reduces the reliance on charging stations during trips, minimizing detours
for recharging. However, improving battery capacity and charging efficiency does not
significantly reduce total delivery costs. This is due to the nature of the MD-EVDRPTW
problem, which treats drones as a key decision variable, resulting in lower EV dispatch
rates compared to EVDRP-type problems [17]. Consequently, the impact of battery capacity
and charging technology is diminished. Additionally, the experimental settings assume an
average EV charging rate of 200 kWh/h, classified as fast-charging technology, which may
be cost-prohibitive for general commercial use [28]. These findings suggest that focusing
on drone energy-consumption strategies is a more practical approach for enhancing EV
logistics and distribution system performance, rather than relying heavily on advancements
in battery and charging technologies.



Vehicles 2024, 6 1837

T 0 1940
500 1000 52 § 1920
T 950 2 g e
g 450 2 - £ 2600 Z 1900
8 400 § <900 E é L:‘ 1880
= [5) o B
s ° Baso S 5550 B 1860
2 350 5= 2 5 3 1840
£ 2 S0 2k e
2 300 = g 5500 T 1820
750 m = 1800
250 450
60 80 100 60 80 100 60 80 100 60 80 100
Battery Capacity (kwh) Battery Capacity (kwh) Battery Capacity (kwh)

Battery Capacity (kwh)

500 950
450

400

350 ;

300 750

3.47 3.77 4.87 3.47 3.77 4.87 3.47 3.77 4.87 3.47 3.77 4.87
Charging Efficiency (kwh/min) Charging Efficiency (kwh/min) Charging Efficiency (kwh/min) Charging Efficiency (kwh/min)

1890

1880
1870
1860
1850
1840

1830

S
S

ge (km}a
w o
o o
A O @
o o o

a g o g a o
)
=3

Electric Vehicle
Milea

©

o

o

Drone Miles (km)

t=}
S

Electricity Consumption and
Charging Costs (yuan)
Total Delivery Cost (yuan)

o
@
S

Figure 25. Sensitivity analysis of EV parameters.

5.3.3. Time-Varying Characteristics

The experiments evaluate the impact of time-varying characteristics on delivery route
planning by analyzing the solution results across three EV driving scenarios: Cases 1, 2,
and 3, as described in Section 3.1. All other experimental parameters are set to their default
values, and the algorithm’s results are presented in Table 9.

Table 9. Solution results for different time-varying scenarios.

Vp Vp’ G Dy Dy ERC ZALNS
25 22 12 280.64 961.88 599.13 1883.32
Case 1 50 24 12 370.59 842.01 525.21 1836.39
75 27 12 410.97 728.30 451.98 1775.27
25 22 12 288.52 981.51 617.90 1904.46
Case 2 50 24 12 357.55 879.40 543.82 1851.09
75 27 12 402.82 765.66 489.40 1810.24
25 25 14 384.77 706.15 440.69 1956.12
Case 3 50 32 14 486.05 601.60 369.96 1915.78
75 35 14 522.19 518.38 320.03 1876.68

Based on the experiments conducted, Figure 26 presents the sensitivity analysis results
regarding the time-varying characteristics of EV driving speed. Examining Table 9 along-
side Figure 26 shows that the results vary across the three time-varying scenarios. When
transitioning from Case 1 to Case 2, the number of drone customers remains constant, and
there is no significant change in drone flight mileage. However, the EV driving mileage,
electricity consumption, and charging costs experience modest increases, averaging 3.73%
and 4.75%, respectively, while the total delivery cost rises by an average of 1.28%. In
contrast, when moving from Case 1 to Case 3, the number of drone customers increases,
resulting in an average flight mileage increase of 31.14% for drones. Conversely, the driving
mileage of EVs and the costs associated with electricity consumption and charging show
significant decreases, averaging 27.88% and 28.27%, respectively, while the total delivery
cost increases by an average of 4.62%.
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Figure 26. Sensitivity analysis results of time-varying EV travel speeds.

Opverall, incorporating time-varying characteristics significantly impacts the delivery
route planning, ultimately influencing delivery costs. In the shift from Case 1 to Case 2,
certain customer nodes that could be served by EVs at normal speeds become invalidated,
causing EVs to take detours, which leads to increased mileage and higher electricity
consumption and charging costs. Despite these changes, the number of EV dispatches
remains stable, due to minimal speed fluctuations between the two scenarios.

When transitioning from Case 1 to Case 3, substantial speed fluctuations result in
the failure of some original routes constrained by time windows for demanding customer
nodes, necessitating the re-dispatch of EVs for deliveries and increasing fixed costs. How-
ever, since the drone is a crucial decision variable, the algorithm optimizes EV delivery costs
by increasing the number of drone customers. It is important to note that dispatching an
additional EV also enhances drone flight mileage, which helps to mitigate the costs incurred
by the EV’s driving process and high fixed costs, ultimately reducing the total delivery cost
despite significant fluctuations in EV travel speed. In short, the time-varying characteristics
of the road network contribute to an increase in total delivery costs. Decision-makers
should proactively plan routes based on actual road congestion to optimize distribution
resources and avoid unnecessary expenses.

5.4. Comparative Analysis of Various Models
5.4.1. Comparison of Time-Varying Speed Model vs. Fixed-Speed Model

To demonstrate the advantages of the MD-EVDRPTW model with time-varying vehicle
travel speeds, we conducted ten experiments using the computational dataset C101_21.
These experiments compare the performance of the fixed-speed model and the time-varying
speed model across different scenarios. In the fixed-speed model, EVs are assumed to travel
at a constant speed of 60 km/h, while the time-varying speed model follows the conditions
outlined in Case 2 of the time-varying scenarios. The objective of these experiments is
to assess the difference in total delivery costs between the two models. This includes
evaluating the costs associated with using the same route plan generated by the optimal
solution of the fixed-speed model, as well as comparing it to the optimal solution of the
time-varying speed model. The results, shown in Table 10, include three key cost measures:
the delivery cost of the fixed-speed model’s optimal solution, the delivery cost of applying
the time-varying speeds to the fixed-speed optimal routes, and the delivery cost of the
optimal solution from the time-varying speed model.

As shown in Table 10, there are significant differences in delivery costs between the
fixed-speed model and the time-varying speed model, with the latter demonstrating clear
advantages in optimizing delivery costs by accounting for traffic flow variations. The aver-
age delivery cost of the fixed-speed model’s optimal solution is 1851.86. However, when
these optimal routes are applied to the time-varying scenario, the cost rises substantially to
an average of 1982.71, reflecting an increase of approximately 7.07%. This highlights the
fixed-speed model’s limitations in addressing complex traffic conditions. To further vali-
date the time-varying speed model’s effectiveness, we optimized the routes specifically for
the time-varying scenario, considering traffic fluctuations and peak hours. The result was
an average delivery cost of 1895.72, a reduction of 4.59% compared to using the fixed-speed
model’s routes in the same time-varying scenario. This demonstrates that incorporating
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time-varying characteristics into routing optimization not only allows for better adaptation
to complex traffic environments, but also significantly reduces total delivery costs.

Table 10. Comparative results of time-varying speed model vs. fixed-speed model.

. Delivery Costs of the Delivery Costs of the
. Delivery Costs of the . , . .
Series . , Fixed-Speed Model’s Time-Varying Speed
Fixed-Speed Model’s . . , .
Number Optimal Solution Optimal Routes with Model’s Optimal
P Time-Varying Speeds Solution
1 1806.41 1914.42 1885.13
2 1865.21 1999.00 1896.14
3 1870.45 2010.71 1898.44
4 1863.63 1989.32 1907.78
5 1871.51 1999.05 1911.04
6 1831.26 1998.84 1890.98
7 1856.77 1989.73 1894.31
8 1845.74 1963.47 1889.08
9 1869.33 2005.13 1896.89
10 1838.24 1957.44 1887.45

In summary, while the fixed-speed model performs better under ideal, stable traffic
conditions, the time-varying speed model proves more effective in real-world scenarios
where traffic dynamics are more pronounced. These findings suggest that fully considering
dynamic traffic-flow changes in logistics and distribution route planning enhances both the
rationality and cost-efficiency of route optimization.

5.4.2. Comparison of Single-Depot Model vs. Multi-Depot Model

To investigate the differences in delivery costs between the single-distribution center
and multiple-distribution center models, we conducted ten comparative experiments to
calculate the total delivery costs for each model. In the single-depot model, all deliveries are
dispatched from one central distribution center, and both EVs and drones must return to
that same center. In contrast, the multi-depot model allows EVs and drones to depart from
multiple distribution centers, with the flexibility to return to the nearest one, providing more
options for optimizing delivery routes. The experimental results, presented in Table 11,
illustrate the performance of both models across ten computational experiments.

Table 11. Comparative results of single-depot model vs. multi-depot model.

. Delivery Costs of Delivery Costs of
Series Number Multi-Dreypot Model Single-Derot Model
1 1895.08 2320.73
2 1890.57 2337.74
3 1916.16 2279.52
4 1886.38 2306.35
5 1884.13 2200.86
6 1876.80 2343.34
7 1811.54 2323.19
8 1911.81 2287.56
9 1879.89 2334.17
10 1900.49 2345.23

The experimental results show that the average delivery cost in the multi-depot model
is 1894.09, significantly lower than the 2307.87 average cost in the single-depot model. In
every test case, the multi-depot model outperforms the single-depot model, demonstrating
clear advantages in delivery-route optimization and cost reduction. In the single-depot
model, EVs must travel longer distances for deliveries and return trips. Conversely, in
the multi-depot model, EVs and drones can depart from the distribution center closest to
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the customers and return to the most convenient one, allowing for greater flexibility and
shorter routes, which helps minimize unnecessary return distances and total delivery costs.

Furthermore, spreading delivery tasks across multiple distribution centers reduces the
load on any single center, improving the overall efficiency of EVs. This not only reduces
the number of dispatches, but also lowers operational costs. Shorter routes also lead to
decreased energy consumption and reduced dependency on charging stations, further
cutting down on energy and charging expenses. In contrast, the centralized nature of
the single-depot model results in longer routes, lower EV utilization, and higher total
delivery costs.

6. Conclusions

This paper proposes a multi-depot EV—drone collaborative-delivery routing problem
that incorporates time-varying EV travel times. We establish a mixed-integer programming
(MIP) model to minimize the transportation costs associated with electric vehicles (EVs),
charging, and drone operations. The model considers several complexities, including
nonlinear charging times, time-varying travel speeds, customer time windows, carrying
capacities, and operational ranges. This approach enhances the distribution process’s
realism and extends existing research on drone-assisted vehicle routing problems.

We develop an improved adaptive large-neighborhood search (ALNS) algorithm to
solve the proposed model. This algorithm enhances global search capability and con-
vergence speed by integrating an extremum-distance removal operator, a perturbation
strategy, and an adaptive selection mechanism. The result significantly reduces computa-
tional costs and processing time, while preserving solution quality, particularly for complex
optimization scenarios. The algorithm’s adaptive nature allows it to dynamically adjust its
search strategy based on changing problem conditions, making it particularly effective for
addressing uncertainties and complexities inherent in real-world applications.

Through sensitivity analyses of drone parameters and the examination of time-varying
characteristics of EVs, we demonstrate that EV-drone collaboration can lead to substantial
reductions in delivery costs. However, we also observe that time-varying characteris-
tics of the road network can increase overall delivery costs. Therefore, decision-makers
must engage in proactive route planning that considers actual road congestion, optimizes
distribution-resource utilization, and minimizes unnecessary expenses.

In summary, this research contributes valuable insights into integrating EVs and drones
for collaborative delivery, offering practical solutions for enhancing efficiency in logistics
and distribution systems. Future work could explore additional time-dependent variables
or constraints to refine the model further and improve the algorithm’s performance in
diverse operational contexts.

While our proposed model effectively addresses the EV—drone collaborative-delivery
routing problem under various constraints, several limitations remain in the current frame-
work. First, we assume a constant unloading time across all customer nodes, which
overlooks the complexity of varying unloading requirements. Future research could en-
hance route planning by incorporating minimum and maximum unloading times based on
customer-specific factors. Second, the study is built on fixed customer demand, without
considering dynamic scheduling for drones. Future studies should explore more sophisti-
cated drone-scheduling strategies that account for real-time changes in delivery conditions.
Additionally, our model does not account for drone flight-restriction areas, such as no-fly
zones, which should be incorporated to better align with real-world operational constraints.
Finally, due to the unavailability of real-world datasets, this study relies on simulated data.
Future research should aim to validate the model using real-world case studies to assess its
practical applicability.
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