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ABSTRACT This paper proposes the integration of Unmanned Aerial Vehicles (UAVs) into conventional
delivery trucks as a solution to the challenges caused by the growing requirements of e-commerce and
the congestion in urban areas in the logistics sector. The variable neighborhood priority routing problem
using truck and multi-UAV (VNPRPTmD) is presented as a multi-heuristic technique aimed at minimizing
delivery delays by utilizing both terrestrial and aerial delivery methods. The VNPRPTmD model improves
delivery efficiency by utilizing consumer segregation and clustering, routing optimization, and multi-vehicle
collaborative routing. The concept enables UAVs to operate with flexibility, departing from and returning
to any specified spot, hence eliminating the requirement to return to their original location. This approach
minimizes operational expenses and enhances the efficiency of delivering parcels by effectively leveraging
the capabilities of trucks and multiple UAVs. The research provides an elaborate mathematical model,
evaluates the materials and methods employed, and concludes with findings that clearly establish the
effectiveness of this innovative delivery system.

INDEX TERMS Vehicle routing problem, unmanned aerial vehicle, synchronization heuristic algorithm,
K-nearest neighbor, variable neighborhood search.

I. INTRODUCTION
The rapid evolution of e-commerce and the growing demand
for timely parcel delivery present significant challenges for
the logistics industry. Traditional delivery systems struggle
to meet these demands due to increasing road congestion and
the limitations of existing infrastructure.

Unmanned Aerial Vehicles (UAV) have emerged as a
promising solution to these challenges. Companies like
DHL [1], Amazon [2], Alibaba [3], UPS [4], Google [5],

The associate editor coordinating the review of this manuscript and

approving it for publication was Guillermo Valencia-Palomo .

FedEx [6] are rapidly integrating UAVs into their delivery
networks. Unlike traditional ground vehicles, Ackerman et al.
[7] mention UAVs can navigate areas lacking proper roads
and bypass road traffic, and Joerss et al. [8] promise the
UAV can have faster delivery times to consumers. Several
delivery companies have also carried out experiments to
assess the feasibility of employing UAVs for food delivery.
Transitioning from conventional urban traffic to urban air
traffic will increase available air traffic capacity [9].
However, UAVs face significant challenges, including

limited payload capacities and short battery life, which
restrict the size of parcels they can carry and the distance
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TABLE 1. List of abbreviations.

they can travel [10], [11]. To overcome these limitations,
integrating UAVs with traditional ground vehicles, such as
trucks, presents a groundbreaking approach [12]. This hybrid
system utilizes trucks for delivering larger parcels and UAVs
for smaller or more urgent deliveries, potentially reducing
delivery costs significantly [13], [14], [15].
The problem becomes crafting the most efficient delivery

routes that accommodate both trucks and UAVs, ensuring
they meet payload, battery, timing, and distance require-
ments. This challenge is known as the Vehicle Routing
Problem (VRP) [16]. Solving the VRP presents a challenge
because the potential routes multiply exponentially with each
added location or vehicle, making it difficult to fetch the
optimal route quickly.

TheVRP is anNP-hard problem, whichmeans the problem
does not have a straightforward solution as it grows, requiring
significant computational power and time to find even an
approximate answer. To navigate this complexity, several
mathematical programming and heuristic techniques have
been developed to solve the VRP’s unique constraints and
optimization goals [17], [18], [19].
Numerous studies [10], [20] have proposed solutions to the

VRP by combining trucks with UAVs. Most research in this
area has simplified the routing challenge by pairing a single
UAV with each truck [17], [18], [19]; while this approach
streamlines the routing problem, it fails to fully capture the
complexities and demands of real-world logistics operations,
prompting the need for more comprehensive investigations
and diverse approaches.

In [18], all of the authors suggested the use of a truck
both as a depot and battery replacement station for the UAVs.
However, they overlooked the potential for trucks to also
serve directly in delivering parcels, alongside their support for
UAVs. Incorporating parcel delivery by trucks could further
enhance the efficiency of this system.

Moshref et al. [24] introduced a model called the Flexible
Traveling Repairman Problem with Drones (FTRPD), where
a UAV can leave from and return to a moving depot or truck,
allowing for dynamic delivery routes. The limitation here is

a UAV’s single-parcel capacity per flight, which constrains
delivery efficiency.

Conversely, Leon-Blanco et al. [25] proposed the Truck-
multi-Drone Team Logistics Problem (TmDTL) to allow
UAVs to carry multiple parcels in one flight. However, this
model requires the truck to wait for all UAVs to return before
proceeding, potentially delaying the delivery process. The
development of automation, aviation, battery, and artificial
intelligence technologies has been rapid, and they are now
extensively utilized in the trucks and UAVs inside of this
system. Over the past few years, there has been an increase in
the carrying capacity of trucks and UAVs. This means that a
single truck can now transport more UAVs, and eachUAV can
do more flying excursions over a longer period of time. As a
result, a UAV can visit and service more customers during a
single flying trip [26].

Compared to the existing literature summarized in Table 2,
our study considers UAV speed and energy consumption.
By proposing a heuristic approach, the variable neighbor-
hood priority routing problem using truck and multi-UAV
(VNPRPTmD) aims to minimize delays in current delivery
systems. This method allows each UAV to depart from the
depot and return to any designated location, either a depot
or truck, after parcel delivery. This flexibility means UAVs
do not have to return to their starting point, enabling more
efficient delivery paths.

The proposedmethod enhances delivery efficiency through
a three-phase, multi-heuristic algorithm:

1) Consumer Segregation and Clustering: The first
step is to sort and group consumer orders using
Variable Neighborhood Priority (VNP) and K-Nearest
Neighbors (K-NN), streamlining delivery orders.

2) Path Planning: Next, employ a heuristic to plan the
best routes for a truck and its UAVs, aiming to cut
delivery times and boost efficiency.

3) Multi-vehicle Collaborative Routing: Lastly, fine-
tune the delivery strategy to tackle time constraints,
elevating system performance.

The structure of our paper is organized as follows:
Section II reviews related works; Section III details the
VNPRPTmD model; Section IV provides a mathematical
model description; Section V discusses the materials and
methods; and Sections VI and VII present the results and
conclusions, respectively. Additionally, the abbreviation is
listed in Table 1.

II. RELATED WORKS
Murray and Chu [18] introduced the Traveling Salesman
Problem with Drones (TSP-D), exploring two variations and
focusing on heuristic and mathematical models for efficient
routing. They innovated a heuristic based on dividing truck
routes into UAV-assisted deliveries after path acquisition.

Agatz et al. [17] furthered this by creating truck and
UAV route permutations, suggesting an operation-based
formulation. They improved upon Murray et al. [18] work
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TABLE 2. Existing literature comparison.

by allowing trucks to meet UAVs at the start of their
flight, introducing dynamic programming and local search
heuristics.

Ha et al. [19] delved into TSP-D delivery costs using the
Greedy Randomized Adaptive Search Procedure (GRASP)
and local search, showcasing results for scenarios with up to
100 consumer nodes. In parallel, Ponza et al. [31] applied
Simulated Annealing (SA) to TSP-D, focusing on multi-
vehicle and multi-UAV operations and providing theoretical
boundaries and worst-case scenarios. Moreover, Poikonen et
al. [32] further expanded on the collaboration between truck
and UAV and suggested a theoretical investigation.

Multiple studies [18], [19], [21], [22], [23] considered
trucks as mobile depots and battery replacement hubs,
removing battery charge time from the equation due to the
assumption of instant battery replacement after each flight.

The research conducted by Moshref-Javadi et al. [24]
explained the FTRPDmodel, whichwas built once aUAVhad
been launched from a vehicle. This model allows the UAV to
rejoin the truck at a location distinct from its initial departure
point. This concept is most prevalent in the literature on
truck and UAV delivery paradigms and can be used in
urban areas where it is difficult for trucks to locate parking
spaces [18], [19], [27], [31]. Hence, a UAV can be dispatched
and recovered at a different location on the truck route [33].
Leon-Blanco et al. [25] proposed the TmDTL model to

tackle multi-UAV and single-truck routing without consid-
ering UAV landing, recharging, or take-off times. Instead,
it focused on loading and unloading times and UAV speed
adjustments based on parcel load, revealing potential time
delays due to UAVs departing and returning simultaneously.

Baek et al. [34] emphasized the critical role of UAV
energy consumption in dictating delivery speed and capacity.
An optimal balance between energy requirements and
delivery speed is crucial for operational efficiency. According
to studies conducted by Youngmin et al., the flight range
of a UAV decreases according to the amount of payload it
carries [35].

According to Murray and Raj et al. [20], the speed of the
UAV has an effect on its power consumption, which in turn
has an effect on its flying range and endurance. For example,
when considering the speed of a variable UAV, it is best to
select a speed that is lower than the maximum speed in order
to reduce the amount of energy [23]. Therefore, the energy
consumption of the UAV provides a realistic representation
of its lifespan. It could be proportional to the flight distance
of the UAV [36] or depends on the weight of the UAV as
well as the speeds and other characteristics of the packages
[23], [37], [38], [39]. According to the findings of these
types of research, optimizing the relationship between the
payload, the UAV’s endurance, and the battery capacity is one
of the most important factors in reducing either the cost or the
amount of time required for UAV deliveries [40], [41].

Despite these advancements, existing literature often
overlooks the flexibility of UAV departures and returns, along
with detailed investigations into speed control and energy
consumption during parcel delivery. Our review in Table 2
underscores this gap, indicating the need for further research
in these areas.

CONTRIBUTION
This section discusses several technical contributions related
to the proposed system that has been developed:

1) Various UAV parameters, including UAV energy con-
sumption and controlling speed, are considered in the
routing process.

2) Non-dominated Sorting Genetic Algorithm (NSGA-II)
[42] and 2-opt are combined to achieve a better initial
route for truck routing with limited capacity.

3) A priority customer system is set up that sorts
customers on each route based on the size of the parcels
they have ordered, considering the capabilities of UAVs
and trucks. Truck delivery is an option for packages that
do not meet the requirements for UAV delivery.

4) VNPRTmD routing planning based on amulti-heuristic
algorithm is proposed to achieve better performance.
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TABLE 3. Notation for set representation and decision variables.

III. VARIABLE NEIGHBORHOOD PRIORITY ROUTING
PROBLEM USING TRUCK AND MULTI-UAV
Trucks play an essential part in our heterogeneous logistics
systems. Trucks are necessary to carry large quantities of
goods and serve as mobile storage facilities for UAVs. This
dual functionality enables the efficient management of larger
packages and serves as a foundation for UAV operations
in places not readily reachable by road. In addition, trucks
enhance the operational range of UAVs by bringing them in
proximity to delivery sites, hence minimizing the necessity
for UAVs to travel back to a central depot for recharging
or reloading. Moreover, trucks play a crucial part in the
route planning algorithms by being incorporated in a way
that optimizes their direct delivery routes and enhances
their ability to assist in deploying and recovering UAVs at
strategic locations and ensuring a comprehensive assessment
of all technology elements inside our logistic systems. This
emphasizes the crucial role of trucks in facilitating UAV

operations and maintaining the dependability of the entire
supply chain.

VNPRPTmD is a combination of a truck (k0) and several
UAVs (k1, k2, .., km). The notation and their description
are described in Table 3. Each consumer can be served by
a truck; however, not every consumer can be accommodated
by a UAV due to varying parcel orders. The limited capacity
of each UAV to carry parcels further contributes to this
constraint. The maximum of parcel dimensions (Msd ) and
maximum of parcel weight (Mwd ) represent the initial state.
When the UAV leaves the truck to deliver the parcels,
the time taken to load the parcels (lui ) onto the UAV at
the meeting location or depot and the time for unloading
parcels (uluj ) from the UAV at the consumer target are
considered.

After the UAV has left the truck to deliver the parcel to a
consumer, the truck simultaneously leaves the location and
heads to the next location. A truck can only wait at the
rendezvous point for the return of the UAV at the consumer’s
location. This is a concept prevalent in cities where a truck
cannot park randomly because this would disrupt traffic.
Additionally, several regions need to permit UAVs to operate
within their territory. Regarding the meeting location, the
UAV (Nd ) will move on to themeeting point at the consumer’s
location served by the truck (Nt ) after it has completed
delivering packages to the consumer. In addition, the vehicle
(truck/UAV) that arrives at the earliest waits for the others
before continuing to the next destination. Fig. 1 represents the
above-described scenario. First, while arriving at the meeting
point at (Nt ), the truck unloads the customer’s parcel into
the UAV. The UAV can carry up to three small packages
in a single flight. In addition, consumers who order more
than three small or large parcels can be delivered by truck.
After loading the parcel, the UAV moves to the customer
(Nd ) to deliver the packages. After delivering the parcel to
each customer ((Nd ), (Nd1 ). . . .(Ndn )), the UAV meets the
Truck at the meeting point ((Nt1 ),(Nt2 ), . . . . (Ntn )). A delay
is considered in this scenario when the truck unloaded the
parcel before the arrival of the UAV at the meeting location.

Several important aspects and limitations must be consid-
ered to solve these problems:

1) Specific consumers will be served by trucks and UAVs.
2) The designated locations for the takeoff and landing of

the UAV.
3) The scheduled times for departing and returning

the UAV.
4) The approach does not consider the possibility of

vehicle collisions when determining routes.
5) UAV battery replacement will take place at depots or on

trucks using battery swapping systems, which can be
executed rapidly, eliminating the requirement for time
calculations for UAV battery charging [43].

6) Energy consumption is not considered when the UAV
waits for the truck’s arrival at the meeting location [36].

The problem formulation in this research is modeled as
follows:
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FIGURE 1. An estimation scheme for the arrival of UAV and truck at consumer locations.
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2) UAV and truck routing: Either the truck or a UAVmust
visit each consumer location exactly once.∑

j,k

xkij +
∑
j

yij = 1 ∀i

3) Capacity constraint for UAV: The total number of
parcels carried by each UAV cannot exceed its capacity.∑

i,j

Pcdxuij ≤ U ∀k

4) Flight time constraint for UAV: The total flight time for
each UAV must not exceed its flight time limit.∑

i,j

dij
Su(Pcd )

xuij ≤ Fu ∀k

5) Connectivity and launch/retrieve mechanisms: Ensure
that if a UAV starts a journey, it must end at either a
consumer location or the depot.∑

i

xui0 =
∑
j

xu0j = 1 ∀k

6) UAV speed: The speed of a UAV is determined by the
total number of products carried by the UAV.

7) Launch and retrieve points: UAVs can be launched
from and retrieved at different points by the truck.

IV. MATHEMATIC MODEL
G (N ,A) is defined as a directed graph, N =

{
v0, v1,

v2, . . . , vn
}
is a set of vertices representing n consumers,

v0 represents a depot. A =
{(
vi, vj

)
| vi, vj ∈ N , i ̸= j

}
represents a set of edges connecting the vertices, which
represents the distance between consumers (i and j are indices
for the nodes/consumers i, j = 0, 1, 2 . . . , n). K is the total
set of vehicles m with a total capacity of U, and index k
is the index for all vehicles M = {k0, k1, k2, . . . , km}.
Additionally, k0 represents the truck, and the others represent
UAVs. The speed of the UAV (Su) is higher than the speed
of the truck (Sg). It is assumed that the UAV’s movement is
straight toward the targets and does not follow the highway
like the truck. The parameters used in this study are qi and cij,
where qi is a simple node of i, and cij is the time required to
cover the distance from i to j. The objective of this study is
to minimize travel time by ensuring the parcel is sent to the
consumer as soon as possible.

The variable xkij is a binary variable to the decision-making
process in the model. It is a binary variable that represents
whether there is a direct trip from node i to node j by vehicle k
(truck or UAV). Specifically, xkij is set to 1 if vehicle k
travels directly from node i to node j; otherwise, it is set
to 0, indicating no such trip is made by vehicle k . This
binary representation simplifies the problem’s constraints and
objectives by clearly defining each vehicle’s routes, thus
facilitating the calculation of costs, distances, or other route-
related metrics within optimization frameworks, particularly
in transportation or logistics network models.

xkij =


1, if there is a trip from i to j

using vehicle k.
0, else.

(1)

The total number of trips Z is obtained by adding the total
number of trips on each route.

Z =
∑m

k=1

∑n

i=0

∑n

j=0
cijxkij (2)
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Each consumer can only be visited once. If the consumer is
being served, leave the consumer using one of the routes.∑m

k=1

∑n

i=0
xkij = 1,∀j ∈ {1, 2, . . . , n} (3.a)∑m

k=1

∑n

j=0
xkij = 1,∀i ∈ {1, 2, . . . , n} (3.b)

If a vehicle visits consumer xkij = 1, and leaves the consumer
after the visit, then,∑n

i=0
xkir −

∑n

j=0
xkrj = 0,

∀r ∈ {1, 2, . . . , n}, k ∈ {1, 2, . . . ,m} (4)

The maximum parcel capacity that the UAV can deliver
(U) along a route in one flight is calculated by aggregating
the orders of every consumer (qj) along the route.

∑m

j=0
qj

(∑n

i=0
xkij

)
≤ U , ∀k ∈ {1, 2, . . . ,m} (5)

The total UAV travel time for each route Z must be less than
the maximum set time (Tmax), and the total UAV travel time
is obtained by summing the travel times required to visit each
consumer using a route.

Each vehicle travel route begins and ends at a depot. If each
route starts at the depot, there will be vehicle trips on each
route leaving the depot. If each vehicle travel route ends at
the depot, then a trip back to the depot will occur on each
route. ∑n

j=1
xk0j ≤ 1, ∀k ∈ {1, 2, . . . ,m} (6)∑n

i=1
xki0 ≤ 1, ∀k ∈ {1, 2, . . . ,m} (7)

The Euclidean distance is used to calculate the distance
to every location, where the distance from i to j is equal to
the distance from j to i. The Euclidean distance calculates
between two points x and y in an n-dimensional space.
Here, xi and yi are the coordinates of points x and y
in the ith dimension, respectively. The equation calculates
the distance by summing the squares of the differences
between corresponding coordinates of the two points across
all n dimensions and then taking the square root of this sum.
By applying the following formula, a straight line can be
calculated from the query point to the point being measured:

d(x, y) =

√∑n

i=1
(yi − xi)2 (8)

The time taken by the vehicle to travel from i to j (cij) is the
distance from i to j divided by the speed of the vehicle.∑

i∈N
cuij =

dij
Su

,∀j ∈ N (9.a)∑
i∈N

cgij =
dij
Sg

,∀j ∈ N (9.b)

For each node j in the set N (which represents all customer
nodes or locations), the total traffic or resources entering
node j (from other nodes i) is exactly equal to the total traffic
or resources leaving node j to other nodes i.

A large area of operations research involves routing
and scheduling. Some of these routing problems include
scheduling. Due to the high cost of fuel, cost-efficient routes
often also reduce CO2 emissions. Routing problems for
which an assignment of demands occurs are called routing
and scheduling problems. Routing is selecting a path by
which an object will travel, and scheduling is the assignment
of tasks or commodities to objects, often including time [44].

xkiji =


1, trip from i to j and back to i

using vehicle k.
0, else.

(10.a)

xkiji = dkij + d
k
ji (10.b)

This variable (xkiji) indicates whether a round trip is made
from node i to node j and then returns back to node i. It is used
to model routing scenarios where a vehicle or agent returns
to the starting point after visiting another location.

xkijn =


1, trip from i to j, and j to n,

using vehicle k.
0, else.

(11.a)

xkijn = dkij + d
k
jn (11.b)

This variable (xkijn) is used when modeling paths that
include sequential trips, where a vehicle k trip starts at node i,
goes to node j and continues to node n. It is particularly useful
in scenarios like multi-stop delivery routes or sequential task
assignments. ∑n

i=1
ckij =

∑n

j=1
xkij ∀k (12)

Ensure that every truck leaving node i arrives at node j. This
equation represents the equality of two summations, one over
index i and the other over index j, for each k . The notation
∀k indicates that this equality holds for all k. The vehicle that
arrives at the rendezvous location will first wait for the arrival
of the other vehicles.

wtgj ≥ at
u
j −

(
atgj + ul

g
j

)
(13)

Waiting time constraint if the UAV is delayed at the
meeting point. The formula calculates truck waiting time at j
(wtgj ) by taking the difference between the UAV’s arrival time
(atuj ), the truck’s arrival time (atgj ) at location j, and truck
unloading at j (ulgj ).

dtgj > atuj + l
u
j + ul

g
j (14)

dtgi = max(lgi + at
g
i , at

u
i ,

((mi × (lui + t
o
i ))+ ((1− mi)× t0i ))) (15)

Given in Eq. 14 is the synchronization of truck departure
time at location j (dtgj ) with UAV arrival, without concern
about UAV activity. Eq. 15 is the synchronization of truck
departure time at location j with UAV arrival and concern
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about UAV activity at the meeting point location. If mi = 1
(UAV performs loading and takeoff again), the truck must
wait until the UAV has finished loading and has taken off.
If mi = 0 (UAV does not perform loading), the truck must
wait for the UAV to land on the truck if the UAV does not
perform loading.

1) lgi + at
g
i : This is the earliest time needed for the truck

to complete its loading and be ready to depart without
considering interactions with the UAV.

2) atui : This is the arrival time of the UAV at location i.
The truck must ensure that the UAV has arrived before
departing if they need to interact further (such as
transferring parcels or equipment).

3) (mi×(lui +t
o
i )): If location i is a meeting point (mi = 1),

the truck must wait for the UAV to complete loading
(lui ) and take-off (t

o
i ) before departing.

4) ((1 − mi) × t li ): If location i is not a meeting point
(mi = 0), then the relevant time is the UAV landing
time (t li ). The truck must wait for the UAV to land if
the location is used as a rendezvous point where the
UAV meets back with the truck for further joint travel
or cargo transfer.

dt ji = l ji + at
j
i (16)

According to Eq. 16 is a concern if the truck is not at the
meeting point location; the truck only needs to complete its
own loading activities and then can depart from the consumer
location.

Owing to changes in the speed, weight, and dimensions
of the UAV, the number of parcels carried is affected by the
battery power consumption (kb) of the UAV [34]. Eq. 17
presents the energy consumption of the drone when using
arc (i, j) with a payload, where the payload is adjusted
according to the remaining customer demand Qj. The energy
consumption is ECij[W ], where the symbols and parameters
are defined in Amine et al. [43].

ECij[W ] =
(∑

r∈R
m(Qj)+ F + m

) 3
2

√
g3

2ρεω
(17)

V. METHODOLOGIES
This section will examine the VNPRPTmD method in
greater depth. The previous section covered the method’s
components. In Section V-A, the task is to create routes
to serve all customers, assuming the use of only trucks.
Each truck has a capacity limit for delivering parcels to
customers. Once the routes are established, the next step
involves separating the customers into two groups: consumers
who will be served by the truck (Nt ) and consumers who
will be prioritized by the UAVs (Nd ). After separation,
in Section V-B, a specific path will be created to serve
customers who will be served by trucks only. In Section V-C,
the clustering of UAV customers will be conducted in relation
to the truck customer routes. Section V-D involves the
merging process of truck customers with UAV customers. It is

ensured that the routes created by combining trucks andUAVs
do not exceed the truck’s capacity for a single trip.

A. CONSUMER SEGMENTATION
Even though all consumers can be served by truck, it is
possible to accelerate delivery when the truck and UAVs
cooperate together. Therefore, the consumers are divided into
two groups: consumers who will be served by the truck (Nt )
and consumers who will be prioritized by the UAVs (Nd ). For
example, the number of parcels for each consumer is selected
as shown in Table 4. The process of separating consumers can
be observed in Alg. 1.

Algorithm 1 Segmentation Nd and Nt
1: N ← Input Data consumer
2: ps← Size of Parcel for Ni. i ∈ N
3: pw←Weight of Parcel for Ni. i ∈ N
4: psumax ← Max Size of Parcel for UAV
5: pwumax ← Max Weight of Parcel for UAV
6: repeat
7: for (i = 0, i < n, i++) do
8: if (ps ≤ psumax) and (pw ≤ pwumax) then
9: consumer Nd
10: else
11: consumer Nt
12: end if
13: end for
14: until N = 0

The algorithm presented aims to classify consumer data
into two groups based on parcel size and weight. The
consumer input data is represented byN , with each consumer
Ni having a parcel size (ps) and a parcel weight (pw). There
are also two given maximum weight thresholds: maximum
parcel size (psumax) and maximum parcel weight (pwumax)
for UAVs. The Alg. 1 proceeds as follows:

1) Initialization starts by setting all consumers in the
dataset N .

2) The algorithm repeatedly checks each consumer from
i = 0 to ni, where ni is the total number of consumers.

3) For each consumer Ni, the algorithm checks if the ps is
less than or equal to psumax and if the pw is less than or
equal to pwumax .

4) If both conditions are met, consumer Ni is considered
suitable for inclusion in group Nd . Otherwise, they are
placed in group Nt .

5) This process continues until consumer data remains
in N .

B. ROUTING TRUCK
The following consumers have been categorized using Alg. 1.
The first task is to create a parcel delivery route for
Consumer Nt and Consumer Nd . This section introduces a
novel approach that integrates the NSGA-II algorithm with
the 2-Opt algorithm to obtain the optimal routing results for
consumer Nt and Consumer Nd .

175994 VOLUME 12, 2024



R. Nugraha et al.: Collaborative Routing With Multi-Heuristic Algorithm

TABLE 4. Example: List of consumers and their parcel sizes.

The NSGA-II algorithm, introduced by Deb et al. [42],
is widely employed for solving multi-objective optimization
problems. NSGA-II is designed to identify Pareto-optimal
solutions in multi-objective optimization problems. A com-
prehensive survey by Ma et al. [45] highlights the continuous
improvements and applications of NSGA-II in various
fields, noting its competitive performance compared to other
evolutionary algorithms. These solutions are characterized by
the fact that improving one objective would require compro-
mising at least one of the other objectives. It recognizes that
no one solution can achieve the optimum performance for all
objectives.

Algorithm 2 NSGA-II With 2-Opt
1: function NSGAIIWith2Opt(P)
2: Initialize population P with feasible random solu-

tions
3: Evaluate each individual in P
4: while termination condition not met do
5: Divide P into Pareto fronts F using

non-dominated sorting
6: Calculate crowding distance CD(i) for

each
individual i

7: P′← Select parents based on rank and CD
8: P′′← Apply crossover and mutation to P′

9: for all x ∈ P′′ do
10: Validate and adjust x to ensure each

route
complies with capacity

11: end for
12: Evaluate each x ∈ P′′

13: for all x ∈ P′′ do ▷ Improvement with 2-Opt
14: x ← Alg.3(x)
15: end for
16: P←Merge and sort P and P′′ by F and CD
17: Select the topN individuals fromP for the

next generation
18: end while
19: return the best solution from F1 with the highest CD
20: end function

The goal of Alg. 2 is to find the smallest total travel cost,
which is given by

∑
i∈V

∑
j∈V ,j̸=i cijxij, while keeping the

vehicle capacity limit at
∑

i∈V
∑

j∈V qixij ≤ Q,∀k ∈ K .
Each individual in the population is evaluated based on
objective functions pertinent to Routing vehicles with limited

capacity, such as the total distance traveled and the number of
vehicles used. This evaluation helps rank individuals based on
their performance. Each solution in the offspring undergoes
an improvement process using the 2-Opt heuristic. This local
search technique optimizes the routing paths by iteratively
reversing segments of routes to decrease the total travel
distance or improve other objectives without increasing the
solution’s complexity. The population for the next generation
is formed by merging the current parents and offspring and
then selecting the top-performing individuals based on their
Pareto ranking and crowding distance. This elitist approach
ensures that the best solutions are retained, preventing
regression in solution quality. The algorithm repeats the main
loop until a specified termination condition is met, which
might be a maximum number of generations or a convergence
criterion where no significant improvements are observed.
At the end of the evolutionary process, the best solution
from the first Pareto front with the highest crowding distance
is selected and returned. This solution is considered the
optimal trade-off among the objectives and offers a diverse
and balanced approach to solving the problem of routing
vehicles with limited capacity.

Following this, the 2-Opt algorithm, a well-established
method for refining routes, is employed as a local search
strategy to enhance the shaken path further. If the newly
obtained path from the 2-Opt process has a lower cost
function value, indicating an improved route, it replaces
the current solution. This loop continues, incrementing an
iteration counter each time until no further improvements
are made or a pre-defined maximum number of iterations
is reached. The algorithm halts when the population of
paths converges on an optimal or near-optimal solution. The
2-Opt algorithm, detailed separately, takes a given route as
input and searches for a shorter path by reversing segments
of the tour between two nodes if it results in a cost
reduction. This improvement check runs in a loop until no
further gains are achieved, ensuring that the function returns
the most optimized tour possible within the local search
space. It is possible to find a good solution to the path
planning problem by combining the 2-Opt algorithm with the
NSGA-II algorithm. This is possible because NSGA-II
algorithm can get out of local optima, and 2-Opt is efficient
at fine-tuning routes.

Alg. 2 provides and outlines the implementation of the
NSGA-II algorithm, augmented with the 2-Opt technique at
Alg. 3, to address the routing problem. Initially, an initial
populationP is initializedwith feasible random solutions, and
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FIGURE 2. (A) Routing consumer by one truck. (B) routing consumers for (Nd ) and (Nt ).

Algorithm 3 2-Opt Algorithm
1: function 2-Opt(TourS)
2: S ′← S
3: improvement← true
4: while improvement do
5: improvement← false
6: for i← 1 to length(S ′)− 3 do
7: for j← i+ 2 to length(S ′)− 1 do
8: if cost(S ′[i] to S ′[i + 1]) + cost(S ′[j] to

S ′[j + 1]) > cost(S ′[i] to S ′[j]) +
cost(S ′[i+ 1] to S ′[j+ 1]) then

9: Reverse the tour segment between
S ′[i+ 1] and S ′[j]

10: improvement← true
11: end if
12: end for
13: end for
14: end while
15: return S ′

16: end function

each individual in this population is evaluated. Subsequently,
the algorithm partitions the population into various Pareto
fronts through non-dominated sorting and calculates the
crowding distance for each individual. Based on these
rankings and crowding distances, individuals are selected
for the reproduction process, where crossover and mutation
are applied to generate new offspring P’’. Each route within
this new offspring is then validated and adjusted to ensure
compliance with vehicle capacity constraints. Following this,
the offspring are evaluated, and each solution is enhanced
using the 2-Opt technique. The enhanced population is
then remerged and sorted based on the Pareto fronts and
crowding distances, and the best individuals are selected for
the next generation. This process is repeated until termination
conditions are met, with the best solution derived from the
first Pareto front with the highest crowding distance as the
final output of the algorithm.

In the following Alg. 2, it is crucial to examine two
more factors: crossover and mutation. Crossover, also
known as recombination, is a fundamental mechanism in
NSGA-II, where two-parent solutions are combined to
generate new offspring, thus introducing necessary variability
into the genetic pool. The Partially Mapped Crossover
(PMX) approach, outlined by Ting et al. [46], accelerates
the convergence of these algorithms by utilizing partial
sequences inherited from each parent. This method operates
by selecting two random points within the parent genomes,
with the segment between these points exchanged between
the parents to ensure offspring inherit a combination of traits.
To preserve genetic diversity and prevent duplication, areas
outside these points are filled with original parental genes,
substituting any duplicates that emerge during the crossover.
This approach effectively integrates beneficial traits from
both parents, enhancing solution quality while maintaining
essential characteristics.

Following the crossover phase, mutation mechanisms
are employed to further diversify the solution space,
as exemplified in research by Kuo et al [47]. The swap
mutation technique is applied, where two positions within
a chromosome are randomly selected and their contents
swapped. The insertion mutation also plays a role, involving
the relocation of one gene to a different position on the
chromosome. Additionally, the inversion mutation reverses
the sequence between two selected points. This study utilizes
a randomized selection among these mutation methods with
equal likelihood. Following these mutations, the viability
of the offspring is evaluated by recalculating the objective
function values, thereby enhancing the algorithm’s ability to
address complex optimization challenges.

As shown in Fig. 2(A), the routing problem states that all
consumers are only served by the truck. Fig 2(B) shows the
routing division between the consumers only served by the
truck and others that are served by the UAVs. Fig. 2(A) and
Fig. 2(B) show the result of path planning based on the Alg. 2.
A more detailed explanation of Fig. 2(B) is provided in Fig. 3
where a truck route (rt ) starts at the depot and goes from
consumerGt1 (no 1) untilGtn and finally returns to the depot.
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FIGURE 3. Pathway segmentation for consumer clustering according to characteristics purchased.

The routingUAV (rd ) starts from the depot and then continues
to the consumer Gd1 (no 2) until Gdn before finally returning
to the depot.

C. K-NEAREST NEIGHBORS (K-NN) ALGORITHM
In contrast to the segregation in Section V-A, which tries to
separate consumers into two clusters, the clustering in this
section is intended to enable themerging of consumerNd with
the existing path of the truck. It is essential to streamline the
process of developing collaborative routing between trucks
and UAVs. The initial stages entail identifying the takeoff
location of the UAV for delivering parcels to customers,
as well as determining the return location of the UAV after
delivering parcels from the consumers.

This section introduces the K-NN algorithm, which is
implemented to calculate the members of each cluster based
on the consumers Nd and rt . The K-NN algorithm is a simple
and effective algorithm for clustering and classification in
machine learning. It is a nonparametric method applied to
classify data points based on the class of their K-nearest
neighbors. The basic idea of K-NN is to assign a data point to
the class that is most commonly represented among its nearest
neighbors. The value of K determines the number of nearest
neighbors used to make the assignment, and it is a parameter
that can be adjusted to control the complexity of the model.

The K-NN can be used for clustering in a group of similar
data points. The algorithm assigns each data point to a cluster
of its K-nearest neighbors, which can be performed using
various distance measures such as the Euclidean distance
or cosine similarity. The K-NN is a simple and effective
algorithm; however, it can be computationally expensive for
large data sets because it needs to search for the K-NN of
each data point. Additionally, the choice of k can have a
substantial effect on the algorithm’s performance, making the
determination of the ideal value of k difficulties.
Despite its limitations, the K-NN is widely used for cluster-

ing and classification owing to its simplicity, flexibility, and
ability to handle noisy and incomplete data. It is often used
as a baseline method for comparison with other sophisticated

FIGURE 4. Consumer clustering using K-NN.

algorithms and in combinationwith other methods to improve
performance and robustness.

Algorithm 4 K-NN Clustering
1: for (i = 0, i<n− 1, i++) do ▷ n = total element in Gt
2: Ci← Gti and Gti+1 ▷ C = list of clusters with their

members
3: end for
4: for (i = 0, i<m, i++) do ▷ m = total element in Nd
5: for (j = 0, j<k, j++) do ▷ k = total element in C
6: d1← euclidean Distance(Nd^i,Cj^0)
7: d2← euclidean Distance(Nd^i,Cj^1)
8: Wj← (d1 + d2)/2 %%
9: Wj← w
10: end for
11: idx ← W .index(min(W ))
12: Cidx .append(Nd^i)
13: end for

Over the stage of cluster determination, several modifi-
cations are performed according to the K-NN previously
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FIGURE 5. Diagram K-NN clustering.

implemented by Mazin et al. [48]. And some of these steps
are shown in Alg. 4. In the first step of cluster creation,
a cluster member from (Nt ) is created whose routing has
been formed. Then the cluster members going to i (Ci) and
entering Gti and Gti+1 are determined. Up to this stage,
each cluster contained two members from Nt . Subsequently,
the members of the cluster are defined as C0

j and C1
j , and

new cluster members are added from Nd by calculating the
distance between each Nd and the members of each cluster
using Eq. 8. The calculation of the distance from Nd to each
cluster is shown in Alg. 4, where each Nd is a member of a
cluster with the shortest distance from it. This clustering can
be seen in Fig. 4, and the clustering results are illustrated in
more detail in Fig. 5.
For instance, cluster 1 (C1) starts with Gt1, which is the

1st consumer, and ends with Gt2, which is the 3rd consumer.
In addition, C1 has Nd1 and Nd2 as members, where Nd1 is
the 2nd consumer, and Nd2 is the 4th consumer. The sequence
of consumer numbers is listed in Table 4.

D. NEIGHBORHOOD ROUTING STRUCTURES
An explanation of the technique used to generate the routing
path of the truck and the UAVs while sending parcels is
outlined in this section. The location where the UAVs have
loaded the parcel from the truck or depot is initialized as ldt ,
and the point where the UAVs return to the truck after
delivering parcels is initialized as mdt .
Each UAV has loaded the parcels (lui ) from the truck

or depot within t seconds before traveling to the intended
consumer and unloading the parcels (ului ) at the first
consumer’s location in cluster i (Ci). After unloading, the
UAV flies to the next target and repeats the procedure until its
cargo capacity is empty. When the delivery is complete, the
UAV flies to the meeting point at the next consumer location
(mdt ). When the UAV is about to make a delivery, it will take
into account the maximum number of packages it can carry,
its battery capacity, and the distance of each consumer. It is
assumed that when a UAV carries more parcels, it consumes
more energy to deliver them. The number of parcels the UAV
can carry in this situation affects its speed, with a high number
of parcels slowing it down and lengthening the travel time.

Algorithm 5 Synchronize Routing
1: input ← Rt ,Rd , cj,C,U
2: input ← Maxspeedd,Maxspeed t,Maxflighttimed
3: r ← Rd
4: set cj as r0
5: set the starting point of cj in C as r0
6: delete rn
7: set rn+1 with the reconvene point of rn in C
8: setisfied ← False
9: while !setisfied do
10: if total distance of route r<= Maxflightime^d then
11: if total parcels of route r<= U then
12: setisfied ← True
13: Rs.append(r)
14: else
15: delete rn and rn−1 from r
16: set rn + 1 with the reconvene point of rn in C
17: end if
18: else
19: delete rn and rn−1 from r
20: set rn + 1 with the reconvene point of rn in C
21: end if
22: end while

For the synchronized routing algorithm, the output of
Alg. 5 represents the routing results for parcel delivery using
truck and UAVs collaboration.

The routing results of Alg. 5 can be seen in Fig. 6,
and more details are shown in Fig. 7. It can be seen that
consumers number 12, 17, and 18 are not served in the
delivery of parcels. This is owing to the influence of the
algorithm that limits the number of parcels that can be carried
by a UAV, the maximum distance traveled by the UAVs,
and the impossibility of UAVs departing from one location
and returning to the same location. To solve this problem,
a VNPRPTmD algorithm is proposed in Alg. 6.
After routing, if any consumer parcels are not delivered

by the UAVs (nrd ), Ndn is transformed into Ntn. However,
not all Nd are transformed into Ntn; thus, a transfer scheme
is performed by checking the location of Nd . This is done
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FIGURE 6. Initial routing truck and multi UAV for the first step.

Algorithm 6 VNPRPTmD
1: Rt ← PathRouting(Nt )
2: Rd ← PathRouting(Nd )
3: C ← K − NNClustering(Rt ,Nd )
4: c← SynchronizeRouting
5: D← UAVScheduling(d)
6: P← UAV-on-truck positions
7: for (i = 0, i < n, i++) do ▷ n = total element in C
8: if Ci has Nd that needs to be served then
9: c← Nd ∈ Ci

10: for (j = 0, j< m, j++) do ▷ m = total member
in c

11: if there is a UAV available then
12: Rs.append(RoutingAlgorithm()) ▷ Rs =

list of UAV route
13: if cj cannot be served then
14: Nt .append(cj)
15: MainAlgorithm(Nt ,Nd )
16: end if
17: else
18: Nt .append(cj)
19: MainAlgorithm(Nt ,Nd )
20: end if
21: end for
22: if there is an unused UAV then
23: P← moveUAVsWithTruck(P)
24: end if
25: else
26: P← moveUAVsWithTruck(P)
27: end if
28: end for

sequentially based on the order of the clusters, where the
consumer is transformed as the nrd , which is closest to tcn1
in that cluster. After one nrd has been transformed into Ntn,
then routing for every Nt is regenerated using a heuristic
algorithm.

Algorithm 7 UAV Schedulling
1: repeat
2: for UAV>0 do
3: r ← Select trip from list
4: u← Select the earliest available UAV
5: u← Assign trip r
6: Remove r from List
7: end for
8: until List = 0

TABLE 5. List of parameters.

After the Nd is reclustered, the UAV and truck routing
is regenerated. Afterward, nrd is rechecked. This process
continues until nrd is no longer observed. For the algorithm
itself, the results based on Alg. 6 are shown in Fig. 8, and
more details are presented in Fig. 9 and Fig. 10 where it can
be seen that all consumer deliveries can be served by using the
truck and UAVs. It can also be seen how to select the UAVs
that will be used to deliver the parcel in Alg. 7.

VI. RESULTS ANALYSIS
A. EXPERIMENTAL DESCRIPTION
This section presents the results of the experimental tests,
which were conducted using the previously described
VNPRPTmD algorithm in Section V-D. In order to assess the
efficacy of our system, experiments were carried out using
diverse sample sizes derived from existing research. The
experiments were conducted on a Windows-based desktop
computer with an Intel Core i7 2.8 GHz processor and 16 GB
RAM. The implementation used Python code.

Operational parameters used in NSGA-II are listed in
Table 5-b. The table illustrates key parameters utilized in
tuning the NSGA-II. It includes a population size of 500,
which indicates the number of candidate solutions evaluated
in each generation. There are 1000 generations throughwhich
the algorithm iterates, refining solutions at each step. A high
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FIGURE 7. Diagram of initial routing truck and multi UAV for the first step.

FIGURE 8. Routing truck and multi UAV after re-clustering.

crossover probability of 0.9 ensures that there is a significant
blending of genetic material between pairs of solutions,
aiming to explore a diverse solution space effectively. The
crossover distribution index set at 10 and the mutation
distribution index set at 20 dictate the granularity and range
of the genetic variations introduced during crossover and
mutation events, respectively. These parameters collectively
fine-tune the algorithm’s performance to balance exploration
and exploitation, aiming to find a diverse set of optimal
solutions efficiently.

Owing to changes in the speed, weight, and dimensions
of the UAV, the number of parcels carried is affected by
the battery power consumption (kb) of the UAV [34], [43].
The testing parameters can be seen in Table 5-a. The UAV’s
maximum speed is 20 meters per second without additional
weight, while its maximum carrying capacity is 4 kg. The
velocity of the UAV decreases proportionally with the load
it carries, resulting in a speed of merely 10 meters per
second when carrying the maximum load. This relationship
is formulated in the mathematical model in Eq. 18.

Suij = (−2.5 ∗ payload)+ 25 (18)

In our simulation, Eq. 18 shows the relationship between
UAV speed and payload (the load carried by the UAV).
A constant of -2.5 indicates the impact of each kilogram of

payload on the speed reduction. Thus, for every kilogram
of load added, the UAV’s speed decreases by 2.5 meters
per second. The number 20 is the maximum speed of the
UAV without a payload, which is 20 meters per second. For
example, if the payload = 0 kg, then the UAV’s speed =
20 m/s. If the payload = 4 kg, then the UAV’s speed = (IV)-
2.5 × 4) + 20 = 10 m/s. Eq. 18 shows that the UAV’s speed
decreases linearly as the load increases.

B. PERFORMANCE OF SYSTEM MODEL
The first test is conducted to evaluate the combination of
NSGA-II [42] and 2-opt to serve all consumers for the
truck routing with limited capacity in consideration. The
finest outcomes are obtained when an improved algorithm
is implemented. The computational results of benchmark
problems were obtained by running the coded algorithm on a
computer.

As shown in Fig. 11, the test results of the TSP algorithm
using one truck. The behavior of the agent-based algorithm
has been tested when applied to a set of different-size
instances from the literature [49] by modifying the payload
for each consumer. Meanwhile, the location of the consumers
remains the same. The authors considered only the UAV
to serve the consumer, whereas our proposed model uses
UAVs and a truck to serve the consumer. In addition,
to determine the number of parcels ordered by consumers,
they are categorized as small and large-sized parcels. A small-
sized parcel implies that a truck or a UAV can perform
delivery, while a large-sized parcel implies that a truck can
only deliver the ordered parcel. Testing comparisons are
made with SA literature [50] and Genetic Algorithm (GA)
literature [51]. Fig. 11 depicts a schematic representation of
the experimental outcomes related to the transportation of
parcels only by utilizing a truck. Our proposed system shows
greater time efficiency compared to both GA and SA. The
dataset has an average value of 90-A-1 to 90-A-10, indicating
the presence of ten distinct datasets comprising 90 consumers
in each. The geographical distribution of consumers and the
composition of their ordered parcels vary across each dataset.
The obtained results for this proposed model indicate a time
of 169.98 seconds. In contrast, the time taken by the GA
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FIGURE 9. Diagram after reclustering.

FIGURE 10. After re-routing.

FIGURE 11. The average time traveled by truck.

and SA approaches are 195.23 seconds and 182.45 seconds,
respectively.

Presented in Fig. 12 is a comparison of the travel time
for parcel delivery between VNPRPTmD and truck-only
systems. VNPRPTmD itself is divided into three categories
based on the maximum payload for the UAV: Puav ≤ 2 kg
(maximum UAV payload of less than or equal to 1 kg),
Puav ≤ 2.5 kg (maximum UAV payload of less than
or equal to 2 kg), and Puav ≤ 4 kg (maximum UAV
payload of less than or equal to 3 kg). Each dataset has
a different number of consumers, and each consumer has
different orders. For example, for the dataset 90-A-1 to
90-A-10, there are 90 consumers, with 10 models consisting
of 90 consumers each. Each consumer orders a different
parcel. Each consumer can only order one parcel weighing
2 kg, 2.5 kg, 4 kg, or 5 kg. Setting the maximum payload

FIGURE 12. The time difference between a truck and a multi-UAV with a
variety of maximum payloads.

for the UAV at Puav ≤ 4kg implies that the UAV can only
deliver one 4 kg or two parcels weighing 2 kg each. The 5 kg
category falls into the heavy category (B), which only the
truck can service. Fig. 12 demonstrates that the collaboration
of the UAV and truck takes less time to deliver the parcel
compared with a single truck delivery scenario. Moreover,
when a UAV carries a large payload, the proposed system’s
efficiency declines a little bit, but it is still better than the only
truck-based parcel delivery scenario.

As illustrated in Fig. 13, an overview is presented of a
comparative analysis focusing on the time required for parcel
delivery through a collaborative system combining UAVs and
trucks. The depicted scenario assumes a UAV speed of 20 m/s
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TABLE 6. Number of UAV delay at meeting point.

FIGURE 13. UAV flight duration with speed 20 meters per second with
varying payloads.

FIGURE 14. A comparison of delivery times for various maximum payload
capacities.

and a truck speed of 10 m/s. The findings indicate that there
is a positive correlation between the load capacity of the UAV
and the speed of delivery.

Presented in Fig. 14, parcel delivery times are compared
across various maximum load sizes that the UAV can carry.
Additionally, the TmDTL model is written according to the
algorithm architecture in the literature [25] for comparison
with the model presented. The result shows that VNPRPTmD
has better values than TmDTL. This is because the UAV in
TmDTL can not deliver the parcel to another consumer in
a different cluster, but our proposed model can efficiently
solve this drawback and deliver the parcel. As seen in datasets
90-A-1 to 90-A-10, the TmDTL value for a maximum UAV

load of 4 kg is 144.67 seconds, while the VNPRPTmD value
is 138.67 seconds.

The UAV’s expected arrival time at the designated ren-
dezvous point with the truck is detailed in Table 6. A different
dataset comprising 20-A-1 to 90-A-10 was utilized for this
test. UAV speeds were set to 5 m/s, 10 m/s, 15 m/s, and
20 m/s, while the truck speed was maintained at 10 m/s and
20 m/s for the initial test. The pace of the UAV remains
consistent despite variations in the payloads. It is evident from
Table 6 that the number of delays in the UAV’s arrival at the
rendezvous point decreases with increasing speed.

In addition, a series of tests were performed to evaluate the
efficacy of our proposed algorithm compared to existing ones,
employing various testing situations that differed from the
previous scenario. Each consumer is categorized as type one,
two, and three, and large-sized parcels. The numbers 1, 2, and
3 represent the number of parcels ordered by the consumer,
which means that delivery can be performed by truck or
UAV. A large-sized parcel implies that the parcel ordered by
the consumer is large and can only be delivered by truck.
In addition, the TmDTL algorithm is written according to the
algorithm architecture in the literature [25] and the Adaptive
Tabu Search Algorithm (ATSA) is written according to the
architecture in the literature [52] models are compared, and
each algorithm is given the same data for each experimental
test. In our simulation, the speed of the UAV is two times
faster than the speed of a truck. The experimental test that
is related to the time it takes the UAV to deliver a parcel is
shown in Table 7. Total UAV is the number of UAVs used in
performing the parcel delivery, and the consumer parcel is the
number of parcels delivered to each consumer. For example,
if the consumer parcel is 1, it means that 70% of all consumers
have ordered parcel type 1, and 30% of them have ordered a
large-size parcel.

When multiple UAVs are utilized, the travel time and
distance of each UAV varies according to its route. Based
on Table 7, which represents the average flight time for the
UAV to deliver parcels, it can be seen that the VNPRPTmD
algorithm has the fastest result compared to other algorithms.

When all consumers order type-2 and type-3 parcels, the
routing result is the same because the maximum number of
parcels that a UAV can carry during a flight is three. However,
the time required for delivery varies because the UAV speed
is affected by the number of parcels.

Table 8 as a continuation of Table 7 and only describes
the truck’s travel time for each delivery. The first column of
Table 8 shows the total use of UAVs. The next column is the
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TABLE 7. The average time (in seconds) traveled with UAV. (Dataset: 20-A-1 to 20-A-10).

TABLE 8. The average time (in seconds) traveled by truck. ( Dataset:
20-A-1 to 20-A-10).

total number of payloads that can be allowed by UAV (CP).
The travel time for the truck is shorter with an increasing
number of UAVs, as listed in Table 8. The time taken by the
truck is the sum of travel time, loading time of the parcels into
the UAV, unloading the parcels at the consumer location, and
the waiting time for the UAV if the truck arrives first at the
meeting location.

In Table 8, it can be observed that the truck’s travel time
in the VNPRPTmD algorithm is faster than that in the others
because of the UAV’s capability to deliver multiple parcels
in one flight by maximizing its travel time, distance, and
capacity. The data in Table 8 show that the delivery time
will be faster because the number of UAVs used to assist
the truck is increased. Trucks only serve consumers who
order large packages and consumers whose distance to their
location exceeds the maximum range of the UAV. As shown
in Table 8 in the condition when every consumer orders
one parcel, the time needed for a Truck to send a parcel
assisted by one UAV is 36.207 seconds, assisted by twoUAVs
takes 31.613 seconds and 30.281 seconds when assisted by
three UAVs. Therefore, travel time is affected when the
number of UAVs is varied.

Table 9 displays a set of attempted benchmarks: the
type A instances from Augerat (1995). The first field in
the name refers to the problem type, where A refers to the
Asymmetric Capacitated Vehicle Routing Problem (ACVRP)
instances. The problem instances were downloaded from the

Capacitated Vehicle Routing Problem Library [54]. The first
column of Table 9 shows the name of each problem. The next
three columns are the most important characteristics, namely
the number of nodes (n), the capacity of the vehicles (Q),
and the number of vehicles (K ). Columns 5–7 display the
BKS’s best, worst, and average. Columns 8–10, respectively,
show the best, the worst, and the average from 10 tests for
each dataset. Columns 11–13, respectively, show the quality
of the solutions produced and measure the efficiency of the
proposed algorithm. The quality is given in terms of the
percentage relative deviation from the best-known solution,
calculated using the formula:

Best = 100×
( 2Best− 1Best

1Best

)
(19.a)

Worst = 100×
( 2Worst− 1Worst

1Worst

)
(19.b)

Average = 100×
( 2Average− 1Average

1Average

)
(19.c)

The formulas presented are used to measure a proposed
solution’s performance deviation compared to the BKS in
optimization problems. Specifically, the formulas calculate
the percentage deviation for the best, worst, and average
results obtained by the proposed method relative to the BKS.
The Best indicates how much the best result of the proposed
method deviates from the known optimal result, the Worst
measures the deviation of the worst result, and the Average
captures the overall deviation of the average performance.
These metrics are useful in determining whether a new
optimization approach performs better, worse, or similarly to
existing benchmark solutions, with positive values indicating
inferior performance and negative or zero values suggesting
comparable or superior performance. Based on Table 9
showing the percentage deviation (deviation (%)) for the
best, worst, and average results of the proposed solution
compared to the BKS, the following conclusions can be
drawn: Best: Most of the values in the ‘‘Best’’ column are
close to zero or negative, indicating that the best results of
the proposed method are generally very close to, or in some
cases even better than, the BKS for most problems. Negative
values suggest that the proposed solution has outperformed
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TABLE 9. Computational results for the problem set A.

the BKS in some instances (e.g., problem A-n80-k10 with
a -2.273% deviation). Worst: The ‘‘Worst’’ column shows a
wider range of deviation. In several instances, the proposed
method’s worst performance has deviated positively from
the BKS, implying worse performance (e.g., A-n38-k5 with
1.215% deviation). However, there are also cases where
the worst result was better than the BKS, with negative
deviations. Average: The ‘‘Average’’ column shows that, for
many problems, the average performance of the proposed
solution is close to the BKS,with several deviations being less
than 1% (e.g., problem A-n32-k5 with 0.128%). However,
some problems display more significant positive deviations,
indicating that the average performance is worse than BKS
in certain cases (e.g., problem A-n80-k10 with a 3.736%
deviation). In summary, the proposed solution generally
performs well compared to BKS, achieving near-optimal or
better best-case results. While its performance varies more
significantly in worst-case and average-case scenarios, the
overall performance is reassuring. Some problems exhibit
notable performance improvements, while others show
degradation, particularly in the worst and average results.

C. BENCHMARK INSTANCES
A benchmark dataset derived from VRP-D [43] is utilized
in this section to assess the efficacy of our solutions
more efficiently. A new collection of instances has been
produced in light of the fact that VRP-D-MC is a novel
contribution to the field. These instances are derived from

the benchmark instances developed by Pugliese et al. [36]
for the UAV delivery problem, which are altered iterations
of the instances originally proposed by Solomon et al.
[55] for the widely recognized vehicle routing problem
with time windows (VRPTW) benchmark. C1, C2, R1, R2,
RC1, and RC2 are the six categories that comprise these
samples. 50 to 100 customers or requests are included in
each dataset. Category C1 and Category C2 contain every
customer location. Consumers may specify a weight range
of 1 kg to 100 kg for each shipment. Drone delivery is a
prevalent method of transporting small-sized packages by
Poikonen et al. [23]. Concepts, such as generation, were
employed to capture the constraints associated with UAV
delivery, as [36] suggested.
The algorithm was applied to instances of VRP-D by

David et al. [29]. Table 10 summarizes [29] findings for
small and medium-large instances, which range from 100 to
200 consumers. In contrast, our algorithm’s performance is
evaluated in relation to that of the Hybrid Genetic-sweep
Algorithm (HGA) approach proposed by Euchi et al. [30],
which is regarded as the cutting-edge algorithm in the field
of VRP-D solutions for the instances of the Sacramento data
set [29]. The objective in such cases is to reduce the overall
travel time required to convey the package.

The findings from Table 10 in our study of the
VNPRPTmD algorithm, executed over 1000 iterations, reveal
that utilizing a single UAV yields results closely comparable
to those obtained using the HGA algorithm, as reflected by
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TABLE 10. Comparison with the BKS on medium and large instances.

the data in the columns for HGA and VNPRPTmD with one
UAV. When the number of UAVs is increased from one to
two, there is a noticeable improvement in the VNPRPTmD
algorithm’s performance. This enhancement is demonstrated
by the reduced CPU time required and the better correlation
with the HGA results.

In the simulation, the UAV model is distinguished from
the BKS model by the capabilities of the UAVs. While the
BKS model limits each UAV to delivering only one parcel
per flight, the enhanced UAV functionality allows for the
delivery of multiple parcels in a single trip. This improvement
leads to amore efficient routing strategy, especially beneficial
in areas with dense consumer clusters and modest parcel
demands. The same dataset was used to facilitate a direct
comparison with the BKS benchmark, maintaining the con-
sumer coordinates to ensure that performance improvements
are attributed to the methodology rather than geographic
differences. However, the demand parameters of the dataset
were adapted to accommodate the increased capabilities
of the UAVs. Specifically, UAVs are configured to service
consumerswhose demands do not exceed 3.0 kg, while higher
demands are handled by trucks, which are better equipped
for larger loads. These strategic modifications in demand
management ensure that the dataset aligns with the UAV
model’s capabilities without compromising the fundamental
challenges of the original BKS problem. By only modifying
the demand parameters and not the locations or the essential
nature of the deliveries, the integrity of the BKS benchmark

TABLE 11. Details of the solutions from a proposed algorithm. 1 Truck
and 2 UAV with max payload UAV 10 kg.

is upheld while demonstrating the efficiency of the enhanced
UAV delivery model.

Regarding CPU time efficiency, adding more UAVs
reduces the time needed for data processing, suggesting
that deploying multiple UAVs can lead to more efficient
operations. Furthermore, the VNPRPTmD algorithm, when
used with two UAVs, displays better scalability and enhanced
performance in larger scenarios, particularly when the
delivery demands involve two packages per consumer. This
situation presents more complex optimization challenges and
highlights the advantages of utilizing two UAVs to manage
increased delivery demands.

According to Table 11, the maximum payload for UAVs
is 10 kg, as indicated. Additionally, Table 12 states that the
maximum payload for UAVs is 20 kg. The first column of
Table 11 and 12 shows the name of each problem. The next
four columns are the most important characteristics, namely
the truck delivery (TD), the total travel time for VRP solution
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TABLE 12. Details of the solutions from a proposed algorithm. 1 truck
and 2 UAV with max payload UAV 20 kg.

(TT ), the consumer served by UAV (UC), the consumer
served by truck (TC), the total travel time for our proposed
method truck multi UAV (TT ), and CPU time. The velocity of
the truck is 10 meters per second, the duration of unloading at
each customer is 1 second, and the maximum velocity of the
UAV is 20 meters per second. The data clearly demonstrates
the advantages of integrating UAVs into delivery systems.
The use of UAVs reduces the total delivery time, significantly
decreases road traffic, and increases customer service effi-
ciency. This dual delivery mode (UAVs and trucks) allows
for more flexible, efficient, and faster delivery services,
particularly useful in urban areas or regions where road
traffic can significantly delay traditional delivery methods.
Although the CPU time is slightly increased in some cases,
it remains competitive, indicating that the algorithm can
be implemented without significant computational overhead.
Overall, the proposed algorithm outperforms traditional VRP
solutions, highlighting its potential to optimize logistics and
delivery systems effectively.

VII. CONCLUSION AND FUTURE WORK
In this study, the VNPRPTmD algorithm was developed to
improve the efficiency and effectiveness of parcel delivery.
A unique collaborative model was proposed to solve the
problem of parcel delivery through the collaboration of mul-
tiple UAVs and a truck. A heuristic model was synchronized
to determine the best location of the UAV for the initial
delivery and the meeting point. Moreover, In our model,
the Combination NSGA-II algorithm [42] along with the
2-opt algorithm has been successfully utilized to efficiently
solve the CVRP problems. This approach has been proven
to be superior to other methods in terms of solution quality,
particularly when considering truck routing with limited
capacity (Tabel 9). A VNP algorithm was utilized to facilitate
the classification of each consumer based on the packages
they ordered. Furthermore, heuristics with a VNP algorithm
were utilized to generate separate routes for trucks and
UAVs before integrating routes for all agents. In addition,
the K-NN algorithm was utilized to cluster each consumer
based on their location. Each cluster has to include two
connected (Nt ) or one (Nt ) with a connected depot based
on the routing results generated by the heuristic with the
VNP algorithm. Finally, the experimental results have shown
that the proposed model performed better than other existing
literature for time estimation (Tabel 10); out of the 24 datasets

tested, 8 datasets showed that the quality of our algorithm
was better. Moreover, this suggested approach has eliminated
the conventional problem where waiting time increases
proportionately as more UAVs arrive at a rendezvous point.

In future research, a significant area of focus will be
the integration of collision avoidance mechanisms into
VRP. Currently, our models optimize routes and schedules
without explicitly considering the potential for vehicular
collisions, which could impact the safety and reliability
of the transport solutions. Incorporating dynamic collision
avoidance strategies will enhance the routing algorithms’
safety aspects and reflect more realistic operational scenarios.
We aim to develop and implement sophisticated algorithms
that can predict potential conflicts between vehicles, and
this advancement will involve the use of real-time traffic
data, machine learning techniques to predict traffic patterns,
and advanced simulation tools to test the efficacy of
collision avoidance algorithms under various conditions.
Moreover, we will explore the integration of communication
technologies that allow vehicles to share their positions and
velocities, enabling a cooperative collision avoidance system
that enhances the overall efficiency and safety of the logistic
networks.

Future studies will also explore the integration of charging
stations for UAV batteries into the operational framework.
This inclusion has the potential to significantly extend the
range and operational duration of UAVs, offering further
improvements in logistical efficiency and cost-effectiveness.

By addressing these challenges, our future work will
contribute to the theoretical aspects of VRP and significantly
improve its practical applications, making it more applica-
ble to complex and dynamic transportation environments.
Enhance the study by exploring alternative distance metrics
like Manhattan or Network Distance for better real-world
route optimization. Integrating real-time traffic data could
improve routing algorithms’ dynamic adaptability. Addition-
ally, expanding applications to diverse logistics networks and
employing machine learning for predictive analytics would
be valuable. Investigating sustainability impacts and regula-
tory challenges and utilizing cross-disciplinary approaches
would further advance logistics and transportation research.
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