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Abstract

This study evaluates the effectiveness of the Biased Random-Key Genetic Algorithm (BRKGA) in solving the Travel-
ing Salesman Problem (TSP) and its extension with trucks and drones, the Flying Sidekick Traveling Salesman Problem
(FSTSP). The algorithm was tested on benchmark instances and two real-world scenarios. BRKGA achieved an average
gap of 1.4% for TSP and showed better runtime compared to Simulated Annealing (SA) for smaller FSTSP instances.
Although it produced faster computational results than SA for medium and large instances, the solution quality was
slightly lower. When compared to leading metaheuristics like HTGVNS and HGVNS, BRKGA had competitive runtimes
but was less optimal in solutions. In practice, the algorithm reduced delivery times and enabled drones to reach difficult
locations. These results suggest that BRKGA is a valuable and effective heuristic for routing problems involving hybrid
truck-drone systems.

Highlights

This study explores unmanned aerial vehicles and their role in the future of air transportation.
An optimization problem involving two simultaneous vehicles, a truck and a drone, is proposed.
Using meta-heuristics and mathematical models, two real-world scenarios are examined.

The optimization algorithm demonstrates time savings with combined truck and drone usage.
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EIA Engenharia de Infraestrutura Aeronautica

FSTSP Flying Sidekick Traveling Salesman Problem

GA Genetic Algorithm

GRASP Greedy Random Adaptive Search Procedure

HGVNS Hybrid General Variable Neighborhood
Search

HTGVNS Hybrid Tabu General Variable Neighborhood
Search

ISR Intelligence, Surveillance, and
Reconnaissance

ITA Aeronautics Institute of Technology

LB Lower Bound

mFSTSP  Multiple Flying Sidekick Traveling Salesman
Problem

MILP Mixed Integer Linear Programming

PDSTSP  Parallel Drone Scheduling Traveling Sales-
man Problem

PPGAO Programa de Pos-Graduagdo em Aplicagdes
Operacionais

PSO Particle Swarm Optimization

RPA Remotely Pilot Aircraft

RP-D Routing Problem with Drones

RPV Remote Pilot Vehicle

RVND Randomized Variable Neighborhood Descent

TS Tabu Search

TSP Traveling Salesman Problem

TSP-D Traveling Salesman Problem with Drones

UAS Unmanned Aircraft System

UAV Uncrewed Aircraft Vehicle

UFG Universidade Federal de Goias

UPS United Parcel Service

VNS Variable Neighborhood Search

VRP Vehicle Routing Problem

VRP-D Vehicle Routing Problem with Drones

List of symbols

E Drone Battery Endurance

SL  Time Preparation Before Launch
SR Time Preparation After Rendezvous
T Distance Matrix of Truck or Truck
T Distance Matrix of Truck or Drone

Table 1 Truck and drone complementarity

Truck Drone
Speed low high
Weight heavy light
Energy Consumption high low
Capacity many unitary
Range long short

Source: adapted from Agatz et al. (2018)
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1 Introduction

It is expected that the potential market value for drone tech-
nology business services will reach several billion dollars
and can be regarded as the future of air transportation for
various applications in the logistics industry. Drones, includ-
ing Unmanned Aerial Vehicles (UAVs), Unmanned Aircraft
Systems (UAS), Remotely Piloted Vehicles (RPVs), and
Remotely Piloted Aircraft (RPAs), expand their operational
reach by leveraging the long-distance travel capabilities of
trucks, eliminating the need for traditional road infrastruc-
ture, avoiding traffic and congestion, and ensuring depend-
able movement (Moshref-Javadi and Winkenbach 2021;
Otto et al. 2018; Rojas Viloria et al. (2021).

In this context, the complementarity between trucks and
drones in a multi-modal logistics system stems from their
contrasting features. Trucks typically offer lower speeds but
have high weight capacity and long ranges, making them
suitable for transporting large quantities over great dis-
tances with higher energy use. Conversely, drones deliver
high speeds and low energy consumption for delivering
small quantities over shorter distances, often carrying light-
weight loads. This unique set of qualities enables a synergis-
tic strategy where trucks efficiently manage long-distance
bulk transport to local hubs. At the same time, drones handle
quick last-mile deliveries, utilizing their speed and agility to
navigate urban congestion or remote areas. This ultimately
aims to improve efficiency and provide greater flexibility,
as summarized in Table 1. This combined approach, with a
truck acting as a mobile hub for a drone, supports the emerg-
ing field of truck-drone team logistics, which explores inno-
vative methods of integrated operations (Aksit et al. 2024;
Chung et al. 2020).

Regarding the gap in the literature and this study’s contri-
butions, it is noted that although the Flying Sidekick Trav-
eling Salesman Problem (FSTSP) has received significant
attention, with various metaheuristics explored for its solu-
tion, the application of the Biased Random-Key Genetic
Algorithm (BRKGA) in this specific domain remains
relatively underexplored. Additionally, existing literature
mainly employs compound data structures with separate
lists for truck and drone routes, contrasting with the innova-
tive approach introduced here. This research differentiates
itself by proposing and implementing a BRKGA framework
for the FSTSP, utilizing a unique, simplified data struc-
ture where both truck and drone visit points are combined
within a single list, with drone-visited locations indicated by
negative values. This novel data structure streamlines meta-
heuristic operations and provides a conceptual advancement
in representing hybrid truck-drone routing. Furthermore,
to demonstrate the practical applicability and robustness
of the proposed method, this study tests the algorithm on



A hybrid airspace model for utilizing drones in logistics operations

two real-world scenarios: a civilian logistics operation in
Florianopolis/Santa Catarina (SC), Brazil, and a military
operational scenario, thereby filling a recognized gap in the
literature regarding empirical evaluation with real-world
data in both contexts.

The problem addressed in this study is the Flying Side-
kick Traveling Salesman Problem (FSTSP), a variation
of the classic Traveling Salesman Problem adapted for
a synchronized truck and drone delivery system. Unlike
traditional routing problems that focus on a single vehicle
type, the FSTSP involves optimizing the routes of both a
truck and one or more drones working together. Key fea-
tures include serving a set of customers, where each can
be visited either by the truck or a drone. The drone has
limited battery life and can perform sorties from the truck
(which acts as a mobile depot) or a central depot, needing
to return within its flight time. The goal is to minimize the
total time (makespan) to serve all customers and return both
the truck and drone(s) to the depot. This requires optimiz-
ing the truck’s route, deciding which customers are served
by the truck or the drone, selecting launch and rendezvous
points (if truck-assisted), and ensuring all operational con-
straints—such as drone endurance and service times—are
met. The main challenge lies in the complex, combinatorial
decision of which vehicle serves each customer and the best
routing for both, given the synchronization requirements.

These UAV-based benefits are obvious in urban areas,
where they shorten delivery times and improve the respon-
siveness of the logistics system amid ongoing urbanization,
rapid growth in direct e-commerce delivery, and increasing
congestion. For example, Amazon, Google Wing, United
Parcel Service (UPS), and Rakuten have been developing
and testing drone delivery models and have recently begun
regular commercial drone deliveries, as seen with UPS
(Moshref-Javadi and Winkenbach 2021). This innovative
logistics solution impacts both economic and environmen-
tal factors, drawing interest from customers and logistics
operators regarding truck-based drone delivery systems. As
a result, existing technology can be integrated with newer
solutions, leading to potential incremental innovations in
delivery systems, including truck-drone delivery (Baldisseri
et al. 2022). This hybrid truck-drone delivery system can
be used for various purposes, such as responding to natu-
ral disasters with a transportation network; gathering vital
information for emergency missions; providing emergency
assistance; administering first aid for healthcare; performing
intelligence, surveillance, and reconnaissance (ISR) across
multiple areas; delivering vaccines; transporting water
decontamination tablets and medicines; and resupply deliv-
eries facilitated by drones (Gonzalez-R et al. 2020).

Understanding the growing field of drone-enabled logis-
tics is crucial because of its potential to transform traditional

delivery methods. The combination of increased urbaniza-
tion, rising city congestion, and the growing challenges
of drone use in the military highlights the urgent need for
innovative and efficient logistical solutions. Addressing the
complexities of last-mile delivery and improving resource
use in this changing environment has essential effects on
economic efficiency, environmental sustainability, and
overall supply chain resilience. Therefore, exploring hybrid
truck-drone systems is a timely and critical area of research
capable of bringing significant improvements to modern
logistics operations.

The literature still needs to improve in implementing
better metaheuristic techniques and testing models with
real-world military data. This theoretical gap aims to be
addressed through a study of applying BRKGA in FSTSP
for both civilian and military scenarios. As highlighted by
Chung et al. (2020), with the imminent commercial use of
trucks and drones, it is crucial to develop a heuristic algo-
rithm that is both efficient and effective.

This study aims to investigate, characterize, and develop
route planning optimization for trucks and drones in logis-
tics operations. Specific objectives include implementing
and testing the Biased Random Key Genetic Algorithm
(BRKGA) within the context of the Traveling Salesman
Problem (TSP), implementing and testing BRKGA for the
Flying Sidekick Traveling Salesman Problem (FSTSP), and
evaluating the model in real-world scenarios using civilian
and military data.

2 Solution methods related to routing
problems

A Combinatorial Optimization Problem (COP) P = (S, f) can
be defined by a search space (or solution space) S with each
element s as a candidate solution that satisfies all the con-
straints and an objective function to be optimized f (Blum
and Roli 2003). The solution methods include enumerative
procedures and optimization algorithms, such as the sim-
plex algorithm, as well as non-exact strategies like heuris-
tics and metaheuristics. These non-exact approaches can
address significant real-world problems, balancing solution
quality with reasonable processing time (Peres and Castel-
lari 2021).

Unlike problem-specific heuristics, this methodology is
more general and not limited by the specifics of individ-
ual optimization problems (Boussaid et al. 2013; Murray
and Chu 2015). The word “metaheuristic” comes from the
Greek words “heuristic” and “meta,” meaning “to find” and
“beyond, in an upper level,” respectively. It is a non-deter-
ministic algorithm that intelligently explores a search space
using various strategies of exploration and exploitation,

@ Springer
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employing learning techniques to discover high-quality and
near-optimal solutions efficiently (Blum and Roli 2003).
The Flying Sidekick Traveling Salesman Problem (FSTSP)
is a difficult COP that could benefit from metaheuristics.

Despite the wide variety of metaheuristics, which differ
in balancing exploration of the search space (diversification)
and exploitation of accumulated search experience (intensi-
fication), there is no guarantee that a particular metaheuris-
tic will perform well on all optimization problems, as shown
by the hypothesis known as the “No Free Lunch Theorem”
(Wolpert and Macready 1997). The macro classification
of metaheuristics is based on the number of solutions the
algorithm processes at any given moment. If it processes a
single solution at a time, it is called single-solution or tra-
jectory-based (example: Greedy Random Adaptive Search
Procedure — GRASP). However, if it processes multiple
solutions simultaneously, it is classified as population-based
(examples: Genetic Algorithm — GA, Ant Colony Optimiza-
tion - ACO (Boussaid et al. 2013).

Other classifications shown in Fig. 1 may include memory
use for leveraging search history as information for future
actions (example: Tabu Search - TS), accepting poorer
solutions (example: Simulated Annealing - SA), variable
neighborhood structures (example: Variable Neighborhood
Search - VNS), large neighborhood structures (exam-
ple: Large Neighborhood Search), inspiration from Dar-
win’s principle of environmental adaptation (evolutionary

Fig. 1 Solution methods
classification.

Source: adapted from Elshaer and
Awad (2020).

Metaheuristic
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computation example: Genetic Algorithm — GA), inspira-
tion from the collective behavior of social insect colonies
or other animal groups (swarm intelligence example: ACO),
and methods that can combine different metaheuristics and
other approaches (Blum et al. 2011; Boussaid et al. 2013).

Figure 1 shows these different methods encountered in
the literature in blue, while the method selected in this study
is shown in dark blue. Another metaheuristic, a variant of
canonical GA (Holland 1992), with a random-key encoder,
mutant insertion, and elitism, is called BRKGA. It demon-
strates promising potential, as it has enhanced the perfor-
mance of GA in the BRKGA proposal and the comparison
study by Gongalves and Resende (2011).

This study uses a precise approach to thoroughly under-
stand the problem and compare its computational results
with those in the literature, focusing on performance metrics
and solution validation. The BRKGA metaheuristic has also
been applied to address the problem across small, medium,
and large instances from both the literature and real-world
scenarios. The exact and metaheuristic solutions referenced
can be identified in Fig. 1 by their dark blue color, while the
other approaches shown in light blue help illustrate addi-
tional methods from the literature review.
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Fig. 2 Routing problem classification.
Source: Adapted from Macrina et al. (2020).

3 Routing problem with drones

There are several variants of drone routing, so it is essen-
tial to understand the different usage approaches. In this
way, Macrina et al. (2020) classify the Routing Problem
with Drones (RP-D) into four categories. The first category
involves using drones only for delivery, a problem known
as the Drone Delivery Problem (DDP). The second category
refers to using one truck and one or more drones as deliv-
ery helpers, which is called the Traveling Salesman Problem
with Drones (TSP-D). The third approach involves using
two or more trucks and drones as delivery helpers, called the
Vehicle Routing Problem with Drones (VRP-D). The fourth
category is similar to VRP-D, except that only drones make
the deliveries. At the same time, trucks are used solely as
carriers for one or more drones, known as the Carrier Vehicle
Problem with Drones (CVP-D). Figure 2 shows this classifi-
cation, with RP-D in column 1, vehicle usage in column 2,
and the classifications of TSP-D, VRP-D, CVP-D, and DDP

Fig.3 FSTSP example.
Source: research data.

.’
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in column 3. Besides this classification, other systems exist,
like those by Chung et al. (2020), which categorize Drone
Operation (DO) as when only a drone performs the deliv-
ery, and Drone and Truck Cooperative Operation (DTCO)
as when both the truck and drone handle the delivery. How-
ever, this study adopts Macrina et al. (2020)’s classification.

In this study, the problem is FSTSP, which falls under
the TSP-D classification and is a prime example of truck-
drone team logistics. This approach uses one truck and one
drone synchronized for delivery, with the truck serving as
a mobile base for drone operations. Either the drone or the
truck can perform the task, as illustrated in the dark blue
boxes in Fig. 2. This choice is based on delivery tasks car-
ried out by ground vehicles like trucks, making it potentially
more straightforward to implement drones as auxiliary sup-
port to the trucks as an innovative enhancement.

The FSTSP is a variation of TSP where one truck and one
drone deliver items in sync, without any loops, as shown
in Fig. 3, compared to other routing problems with drones.

In Fig. 3, the routing problem involves a set of custom-
ers, each receiving deliveries from either a delivery truck
operated by a driver (with the truck’s path shown as a
solid line and customers served by the truck marked with
orange circles) or a drone (with the drone’s path indicated
by a dashed line and customers served by the drone marked
with green circles), coordinated with the truck. The truck
must serve some customers on its own because parcels may
exceed the drone’s payload capacity. Both the truck and
drone start from and return to a single depot (represented
by a square) exactly once, ecither together (to save battery
while the drone is carried by the truck) or separately. The
drone can make multiple sorties, beginning from the depot
or the customer location. However, it may need time to
change its battery and load parcels before launching. Once
launched, the drone must visit a customer and return to the
truck or depot within its flight endurance limit. The goal of

Drone’s Node

Truck’s Node

. \‘

Depot

®

Truck’s Route

—.—.—.—.» Drone’s Route
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the FSTSP is to minimize the total time needed to service
all customers and return both vehicles to the depot (Murray
and Chu 2015).

This variant of the TSP, known as FSTSP, was first intro-
duced by Murray and Chu (2015) as a routing problem that
involves both a truck and a drone in serving a set of custom-
ers with a single truck synchronized with a drone. The goal
is to minimize the total time to serve all customers and to
return both vehicles to the depot. Figure 3 shows FSTSP
through a delivery operation with one depot containing the
products to be delivered, four truck nodes representing cus-
tomers served by the truck, and three drone nodes represent-
ing customers served by the drone, along with five truck
paths and six drone paths. Therefore, Fig. 3 illustrates a pos-
sible scenario where the truck collaborates with the drone
for delivery.

FSTSP is derived from the TSP, a problem where the goal
is to determine the route with the lowest cost or distance,
ensuring each customer is visited exactly once and the start
and end points are the same. Unlike the TSP, FSTSP uses
one drone as an auxiliary to the truck vehicles (Murray and
Chu 2015).

It is known that, for Macrina et al. (2020), TSP-D is a
classification of RP-D. However, according to Agatz et al.
(2018), it is a similar problem to FSTSP, another related
issue that is nearly the same as FSTSP, except that the
drone can wait in the airspace for the truck if it arrives first,
enabling loop operations (Agatz et al. 2018). The Parallel
Drone Scheduling Traveling Salesman Problem (PDSTSP)
is also connected to FSTSP and was first formulated by
Murray and Chu (2015). However, in this case, the drone
is not synchronized with the vehicle and is recommended

for scenarios with many customers within the drone’s flight
range from the depot as the origin.

As TSP, another classic problem related to FSTSP is the
vehicle routing problem (VRP), with the main difference
being the number of trucks (two or more). The VRP vari-
ant that includes drones is called VRP-D, which features
one or more drones assisting the vehicles (Wang and Sheu
2019). Additionally, Fig. 4 illustrates the TSP and VRP vari-
ants, including a legend with the depot represented as a blue
box, customers as circles, solid arrows as truck routes, and
dashed arrows as drone routes, showing traditional TSP and
VRP scenarios, as well as variants such as FSTSP, TSP-D,
PDSTSP, and VRP-D.

Figure 4 shows the different variants studied. While the
primary focus is on the specific variant FSTSP, it’s essential
to recognize that the literature also covers other aspects of
these problems, such as energy efficiency, payload capacity,
multiple visits, and dynamic scenarios (Benarbia and Kya-
makya 2022; Coutinho et al. 2018; Elshaer and Awad 2020;
Khoufi et al. 2019; Macrina et al. 2020; Moshref-Javadi and
Winkenbach 2021; Ojeda Rios et al. 2021; Otto et al. 2018;
Tan and Yeh 2021). The FSTSP is a variation of the TSP
where one truck and one drone make deliveries together,
synchronized, without loops, first introduced by Murray and
Chu (2015). A similar problem, TSP-D, was first introduced
by Agatz et al. (2018), and in this study, it was solved using
heuristics based on local search and dynamic programming.

Another issue highlighted in the literature, as noted by
Murray and Chu (2015), is the Parallel Drone Scheduling
Traveling Salesman Problem (PDSTSP). In this problem,
customers can be served either by a single truck or by a
fleet of one or more identical drones, to minimize the time
when the truck returns to the depot (makespan). There is no

Fig.4 TSP and VRP variants.
Source: Adapted from Macrina et
al. (2020).

TSP

Clasical

Variants

two trucks, one or more drones

FSTSP TSP-D PDSTSP
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cooperation or synchronization between the truck and the
drones. Additionally, drones start and end their routes at the
depot, serve one customer at a time, and can make multiple
trips, departing from the depot multiple times. Based on this
objective and these constraints, a heuristic is proposed that
constructs an initial solution with drones serving all eligible
customers and then applies local search to solve PDSTSP.

Several studies propose solutions to Murray and Chu
(2015) and Agatz et al. (2018), serving as a basis for various
extensions and variants, such as multiple FSTSP (mFSTSP),
min-cost TSP-D, and others found in Macrina et al. (2020)
and Chung et al. (2020). Additionally, Chung et al. (2020)
include TSP-D, FSTSP, and PDSTSP in a class of problems
defined as drone and truck cooperative operation (DTCO),
where some approaches to solving these problems are dis-
cussed in the following paragraphs and summarized in
Table 2.

The study by Boccia et al. (2021) addresses an FSTSP
to minimize the time required to serve all customers while
considering constraints like drone payload capacity and bat-
tery life. The new method of representing FSTSP using an
extended graph allows for modeling a compact integer lin-
ear programming, offering an innovative formulation that
avoids the big-M constraints used in synchronized prob-
lems. The proposed formulation is solved using an exact
branch-and-cut algorithm with a column generation pro-
cedure. Tests are conducted with small and medium-sized
benchmark instances to demonstrate the competitiveness of
this approach.

Another FSTSP algorithm is introduced by Dell’ Amico
et al. (2021), featuring a branch-and-bound method for
small instances with up to 15 customers and a heuristic that
employs a branch-and-bound subroutine for larger instances.
Experimental results indicate its effectiveness across small,
medium, and large instances. Additionally, addressing the
FSTSP, De Freitas and Penna (2018) consider an initial
solution to the TSP using the Concorde Solver, then apply
a heuristic called Randomized Variable Neighborhood
Descent (RVND) as a local search to find the solution. They
also create 11 instances based on the TSP benchmark to per-
form computational experiments.

Additionally, De Freitas and Penna (2020) introduce a
hybrid heuristic for FSTSP called Hybrid General Variable
Neighborhood Search (HGVNS). This method starts by
using an exact approach to solve the initial TSP with the
Concorde Solver. Then, it applies General Variable Neigh-
borhood Search (GVNS) to improve the delivery routes
for trucks and drones. Computational experiments are per-
formed to assess the effectiveness of this solution. More
recently, De Freitas et al. (2023) enhanced the best-known
solutions in the literature by applying a hybrid metaheuristic

named Hybrid Tabu General Variable Neighborhood Struc-
ture (HTGVNS).

Also, from a metaheuristic perspective, Ponza (2016)
introduces Simulated Annealing (SA) to solve the integer
programming formulation by Murray and Chu (2015) for
small, medium, and large instances. This study also exam-
ines the trade-offs of using faster drones versus drones with
longer autonomy through numerical analysis, considering
the savings from a combined truck and drone delivery sys-
tem compared to truck-only delivery.

The related studies include the multiple FSTSP
(mFSTSP). Raj and Murray (2020) examine a single truck
and a fleet of drones operating at different speeds, offering
an innovative approach to drone endurance. This model
aims to minimize the total delivery time (or makespan) by
treating drone speed as a decision variable, using a three-
phased algorithm that dynamically adjusts drone speed to
improve performance. The main findings show that operat-
ing drones at higher speeds will either reduce or have no
negative impact on total delivery time. Additionally, time
savings can be achieved by flying drones at variable speeds,
and optimizing drone speeds can lead to shorter truck travel
distances.

Another related study, the TSP-D proposed by Agatz et
al. (2018), is discussed by Roberti and Ruthmair (2020),
who introduce a compact mixed-integer linear program-
ming (MILP) model designed to coordinate truck and drone
operations effectively. To solve this model, the authors rec-
ommend an exact method that includes a branch-and-price
algorithm with set partitioning and route relaxation within
a three-level hierarchical branching framework, solving
instances with up to 39 customers and examining various
scenarios.

In contrast, Ha et al. (2018) concentrated on TSP-D to
reduce operational costs, including total transportation
expenses. They adapted an algorithm from Murray and Chu
(2015), which initially produces an optimal TSP solution
and then improves it into a feasible TSP-D solution using
local search. Additionally, they used a Greedy Random-
ized Adaptive Search Procedure (GRASP), enhanced with
local search and split procedures. They presented numerical
results from a variety of instances with different characteris-
tics and sizes in their study.

Building on the evolution of truck-drone route optimiza-
tion, Yu et al. (2023) addressed the FSTSP using Simulated
Annealing (SA) to reduce service time. They described solu-
tion encoding, neighborhood structure, and cooling sched-
ule, demonstrating that a well-tuned SA can effectively
solve benchmark instances and serve as a firm methodologi-
cal reference. Expanding on the structural modeling of the
problem, Boccia et al. (2024) improved FSTSP modeling by
introducing customer classification, which groups deliveries

@ Springer
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Table 2 FSTSP literature review Reference Model Objective  Proposed Main contribution
solution
Murray and  FSTSP, Min time MILP, Propose the FSTSP and PDSTSP models for
Chu (2015)  PDSTSP Heuristic up to 10 customers for a new instance.
Ponza FSTSP Min time Simulated Add two constraints to prevent infeasible
(2016) Annealing solutions and a new set of instances for up to
200 customers.
Agatzetal. TSP-D Min time Heuristic Propose a new model that accounts for differ-
(2018) ent speeds (the drone is faster than the truck).

A drone can join the truck at the node where
it was released (loop). The new instance sup-
ports up to 100 customers.

Haet al. TSP-D Min Cost Heuristic, A new TSP-D variant aims to minimize

(2018) GRASP operational costs with a new instance of up to
100 customers.

De Freitas ~ FSTSP Min time RVND Using drones for last-mile delivery can
and Penna decrease total delivery time by nearly 20%,
(2018) reducing the travel distance for trucks.

Raj and mFSTSP  Min time Heuristic Consider deploying multiple drones instead of
Murray just one, as shown by case studies in Buffalo,
(2020) NY, and Seattle, WA.

De Freitas ~ FSTSP Min time HGVNS A Hybrid General VNS that sets new best-
and Penna known solutions (BKS) for every FSTSP
(2020) instance.

Bocciaetal. FSTSP Min time Branch and cut, The proposed branch-and-price method can
(2021) Column optimally solve instances with up to 39 cus-

Generation tomers, outperforming the state-of-the-art.
Robertiand  TSP-D Min time Branch and Advancements in the exact method, with
Ruthmair Price branch-and-cut and column generation, solve
(2020) instances with up to 20 customers.

Dell’Amico FSTSP Min time Branch and A branch-and-bound algorithm efficiently han-
etal. (2021) bound dles small instances with up to 15 customers,

a heuristic using branch-and-bound manages
larger ones, and there have been advances
across small, medium, and large instances.

De Freitas et FSTSP Min time HTGVNS A hybrid Tabu General VNS that created new
al. (2023) best-known solutions (BKS) for every FSTSP
instance.
Yu et al. FSTSP Min time MILP Formula- A well-tuned simulated annealing meta-
(2023) tion, Simulated heuristic serves as an efficient methodological
Annealing benchmark for solving the FSTSP.
Aksitetal.  FSTSP Min total Mixed-Integer A mixed-integer mathematical model that
(2024) arrival Formulation considers energy issues is implemented using
Min total the GAMS solver with up to six customers.
tardiness
Teimoury FSTSP Min MILP FSTSP variant with time, sustainability, and
and Rashid comple- Formulation, rendezvous flexibility, solved using a hybrid
(2024) tion time, HVNS metaheuristic (HVNS).
operational
cost, truck
emission,
and social
penalty
Bocciaetal. FSTSP Min time Machine FSTSP with customer classification and the
Source: research data (2024) Learning introduction of adaptive routing.
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based on client categories. Their algorithms use this feature
to enhance routing decisions, resulting in a more informed
and adaptive optimization approach.

Adding further complexity to the FSTSP, Teimoury and
Rashid (2024) expanded the classical formulation by includ-
ing time dependence, sustainability concerns, and flexible
rendezvous points into a new MILP model. To address
these real-world factors, they developed a Hybrid Variable
Neighborhood Search (HVNS) metaheuristic that combines
multiple local search strategies. Their main contribution is
modeling a more realistic and time-aware version of the
FSTSP while proposing an adaptable metaheuristic capable
of managing dynamic logistical constraints.

Building on these efforts with a focus on operational
feasibility, Aksit et al. (2024) studied drone energy limits
by developing an MILP that combines flight energy con-
sumption to minimize total tardiness and total arrival time.
However, it only tackles problems with up to 6 customers.
The literature review explores various methods for solving
the FSTSP and related issues as proposed by Murray and
Chu (2015) and Agatz et al. (2018). Nevertheless, it does
not explicitly mention the use of the BRKGA metaheuristic
or its implementation with simplified data structures. Addi-
tionally, there is a gap in applying these methods to civil-
ian and military scenarios, which presents opportunities for
future research to find more efficient and practical solutions.

4 Methodology

This chapter describes the methodology, including a con-
ceptual model, data, and implementation.

Fig. 5 Model input-output schema. INPUT

Source: research data.

Battery Endurance

Pre-flight time SL

Post-Flight time SR

Truck Distance
Matrix 77

Drone Distance
Matrix 72

4.1 Conceptual model

As the model input, the Ponza (2016) model considers bat-
tery endurance (E) as input, which must have a time endur-
ance greater than the drone’s travel time from the source
1 to customer destination j (7 5) plus drone travel from
customer source j to rendezvous destination k (7 jDk); pre-
flight time (SL); post-flight time (SR); truck distance
matrix (77;); drone distance matrix (7 /7). The output
includes the truck route and drone route based on the objec-

tive functions and related constraints in the model, as shown
in Fig. 5.

Next, the problem objectives and constraints involve
customer coverage, truck departure and return to the depot,
subtour elimination, flux conservation, drone customer
launch and rendezvous, coupled movement of trucks and
drones, drone and truck time, drone endurance, truck pre-
cedence, prohibited movements, initial time, and variable
domains. The mathematical model proposed by Ponza
(2016) serves as the foundation for understanding the prob-
lem and its connections, and guiding the implementation of
key elements such as data structures, the objective function,
and constraints within this study’s framework. The model,
described by Eqs. 1-31, provides the basis for understand-
ing the problem and influencing the design of data struc-
tures, the objective function, and constraints.

4.2 Mathematical model

Table 3 introduces the notation of the mathematical model,
with three columns: the first shows the type, the second dis-
plays the mathematical symbols, and the third provides the
description.

OuUTPUT

o=y

rgu
Truck Routing
>
Drone Routing
>
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Table 3 Symbols for variables, Type Symbol Description
paths, sets, and parameters in the

thematical model Decision Ti; Truck route variable with x;; = 1 ifthenode j € Ny is visited
mathematical mode Variables immediately after node ¢ € No, j # 14, and 0 otherwise
Yijk Drones sortie representation with s, (i,, k) € F if the sortie is
performed, 0 otherwise
Auxiliary +P Time at which the vehicle is prepared to leave from ¢ € N
Variables ’ . . . .
+T Time at which the drone is prepared to leave from i € N
K2
Pi Auxiliary binary variable if i is visited by truck before j, with 2 € No

and j € C with i # j
Auxiliary integer variable to handle with the position of vehicle’s path

i innode i € Ny

Path Digraph problem representation with the N as set of nodes and A as set
G=(N,A) of arcs
(i,5,k) A sortie where 1 € No,j € Cr, k€ Ny
(i,7) Arcswith i € Noand j € N4, i # j

Sets N Set {0,1, ..., c+1} with all the nodes
No Set {0,1, ..., ¢} of the nodes representing launching node
N, Set {1, ..., c+1} of the nodes representing rendezvous node
C Set {1, ..., c} of all the customers
c’ Set C' C C of the customers available for drone sortie
A Set of all arcs (i, j)

Parameters F Set of all sorties (%, j, k) that can be performed within time endurance E
T z; Time for truck travel
T 3 Time for drone travel
SIL Time for preparing drone’s launch

Source: Ponza (2016) SR Time for preparing drone’s rendezvous

As the model input, the model of Ponza (2016) consid-
ers as input: battery endurance (E), which must have time  assisting drone. The first part of the equation represents the
endurance higher than drone travel from source i to cus-  sum of decision variables of truc z;;, the second part rep-

tomer destination j (7 3 ) plus drone travel from customer ~ resents the sum of drone decision variables y;;x, and the
entire expression equal to 1 means that each node (point to

be visited) will be visited exactly once, either by the truck
or by the drone.

source j to rendezvous destination & (7 ﬁ); pre-flight time
(SL); post-flight time ( SR); truck distance matrix (7 5),
drone distance matrix (7 5) The output includes the truck

route and drone route based on the objective functions and Sowmt+ Y > Yigk =1VjeC
relevant constraints in the model. i€ No i€ No ke Ny )
.. . i# i#j <ijk>€F

Next, there are objective problems and constraints
related to customer coverage, truck departure and return to
the depot, subtour elimination, flux conservation, drone cus-  The truck must depart and return to the depot.
tomer launch and rendezvous, coupled movement of trucks
and drones, travel times for drones and trucks, drone endur- Z zo; =1 3)
ance, prohibited movements for truck precedence, initial jE N4
timing, and the domain of variables. The goal is to reduce
the total time for truck and drone movements, as shown in Z T -1

i,c+1 — (4)

Eq. 1, which aims to minimize ( tcT+1), that means, the time
t of the truck T in the destination (¢ + 1).

i€ No

Equation 5 is a constraint that eliminates subtours through

mintZ_H (1)  an auxiliary variable decision u.
Equation 2 guarantees that each city j in set C is visited ui—uj+1< (e+2)(1-a2y) Vie Cje Nyj#1i (5)

exactly once during the tour, either by the truck or the
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Equation 6 guarantees flux conservation by balancing each
flow entering and leaving each customer.

2. mi= )

i€ No,i# j k€ Ny k# j

Tjk Vjie C (6)

Each eligible customer can be launched by the drone at most
once (Eq. 7) and rendezvous with the drone at most once

(Eq. 8).

Z Z Yijk

IA

1Vie Ny

je Cy ke Ny (7)
j#i <ijk>e F

> > yijk < 1Vke Ny
ie Ny je Oy (3)
ik <ijk>eF

Defines constraints for the movements of both the truck and
the drone: if the drone departs to a visit point and then pro-
ceeds to a rendezvous point, the truck must travel from the
launch point to the rendezvous point (Eq. 9). Equation 10
covers the case where the starting point is the depot.

2yi .k < Z ip + Z 2, Vi€ Noje C ke Ny (9)
he Ny hti le NoJl# k

Yo,k < Z ahpVj€e Chke NY,<0,j,k>€ F (10)
he No, he k

Equations 11 and 12 ensure synchronized launch times for
the drone and truck serving customer i by choosing the
longer of the two elapsed times. Likewise, Eqs. 13 and 14
handle rendezvous times, ensuring the truck’s and drone’s
coordinated departures or arrivals.

P>l M |1- Y > Yigr | Vie C (11)
je cd ke Ny
j#i  <i,jk>€ F

P -M|1- 3 > Yigk | Vie C (12)
je P ke Ny
R <i,j k> F

TNV P > vigr | YhE N (13)
i€ No je cd
i#Fk <ijk>eF

th>tP-m|1- Y > Yk | Ve N (14)
i€ Ny je c?
itk <ijk>e F

Relationship between the duration of a drone’s movement.

P> tP+7 0+ SL-M | 1- > Yijok
ke N, (15)
<i,j, k> F

Vie Clie Noi# j

tkDZ t]D‘FT]Dk‘FSR*AJ 1- Z Yi,j,k
i€ No (16)
<ij k> F

Vie Chke Ny k# j

The correlation between truck movement completion times.

th >th +7T ;{k +SL Z Z Yhlm
le CP méeE Ny
I1#h <hlm>eF

17)
+ SR Z Z Yi,jk

1€ Ny je cP
itk <ijk>cF
~M(@Q—2p) Vhe Noyke Npk# h

Limits the total flight time of the drone movement according
to battery endurance E.

tP —tP< E+M|[1- >
je CP <ij k> F
Vke Ni,ie Ny

Yi,jk

(18)

Equations 19, 20, and 21 define precedence constraints
between customer visits by the truck.

ug—u; > 1—(c+2)p;y; Vie Cje Cj#i (19)
wi—u; < —1+(c+2)(1-py)Vie Cje Cj#i  (20)
Pij +pji =1 21
Equation 22 enforces a constraint that prevents unsafe
situations in solving the problem, such as when a drone is

launched before completing a rendezvous or when a drone
has both a launch and a rendezvous occurring after a launch.
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tP >ty

- M|3- Z
je CPj#k
<ijk>€F
Vie Noke Ny,le Ck+# il+# il#k

Equations 23 and 24 specify the initial movement times for
the truck and drone, respectively. Equation 25 defines the
initial auxiliary decision variable p.

tf' =0 (23)
th =0 (24)
po,j=1Vj€C (25)

Definethe domain forthe variables x; ;, ¥s j i, Ui, tiT, tf’ \Dij
zij € {0,1} Vi€ No,j€ Ny, j# i (26)

yijk € {01} Vi€ No,je CP ke Ny, j# i, <i,jk>€ F 27

1< u;< (c+2)Vie Ny (28)
th > 0vie N (29)
t?h > o0vie N (30)
pi; € {01} Vi€ No,j€ C,j# i (31)

Table 4 Parameters and features of Ponza dataset (2016)
Category Value

Truck: 35 mph (56 km/h or 15 m/s)
Drone: 50 mph (80 km/h or 22 m/s)

Before launch (o ©): 40 s
After rendezvous (o ©): 30 s
1440 s (24 min)

0.8 (accounts for acceleration,
deceleration, traffic lights, etc.)

T/D) T'T: dij

ij % (truck speed X v )
— dij

Tij = (drone speed X v )

Average Speed

Service Times

Drone Battery Endurance
Correction Factor (v )

Travel Time Matrix (T

Yig.k — Z
me CP

m%# i, m#% km#£1

Drone-Serviceable Customers
(eDrones)

Ineligibility Reasons

Dataset Instances

80% of customers, randomly
selected

Geographical limitations, heavy
parcels, etc.

Total of 50 instances:

-Small: 5, 6, 7, 8,9, 10 customers
- Medium: 50, 100 customers

- Large: 150, 200 customers

Source: research data
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Z Yimmn — Di,l

ne€ Ny, <ijk>e F
n#in#k (22)

The mathematical model proposed by Ponza (2016) and
described by Eqs. 1-30 provides the foundation for under-
standing the problem and its connections, and it guides the
implementation of key elements such as data structures,
the objective function, and constraints within this study’s
framework.

4.3 Testinstances and data

Since Ponza’s (2016) data serves as the benchmark model,
this study uses the same parameters. The truck’s average
speed is set at 35 mph (56 km/h or 15 m/s), while the drone’s
average speed is 50 mph (80 km/h or 22 m/s). The service
time before launch is 40 s, and after rendezvous, it is 30 s.
The drone’s battery endurance lasts 1440 s (24 min). The
truck distance matrix reflects a speed of 35 mph, and the
drone distance matrix considers a speed of 50 mph.
Artificial data from existing literature is essential for
benchmarking the algorithm against others. Therefore, the
dataset from Ponza (2016) has been used, which consid-
ers the number of customers, average truck speed, average
drone speed, and service time before launch ( o ©), service
time before rendezvous (o ), flight time endurance of the
drone ( F), big enough number to be used in mathematical
equations strategies ( M), set of all eligible customers ser-
viceable (cDrones), set of all drone’s possible sorties ( F'),
distance matrix considering Euclidian distances ( d;;), truck
travel time matrix (7 5), drone travel time matrix (7 3)

These 7 ;"; and 7 5 is calculated according to the formula

P = d; j/(speed™P* v), with speed” as the truck
constant average speed of 35 mph, and speed” as the drone
constant average speed of 50 mph, v is a generic coefficient
of acceleration, deacelerations, traffic lights, road network,
assumed to be v =0.8. The set of serviceable customers for
the drones (cDrones) is selected randomly, with 80% of cus-
tomers being serviceable. This selection is made without a
specific reason, but in a real-world scenario, it can be due to
geographical limitations, too heavy parcels, and other real-
world criteria (Ponza 2016).

T

The dataset includes 50 instances, each with a different
number of customers. These instances feature 5, 6, 7, 8, 9,
and 10 customers, as well as medium and large cases with
50, 100, 150, and 200 customers. Smaller instances (ranging
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from 5 to 10 customers) are suitable for exact methods and
optimal solutions. In contrast, medium-sized instances
(ranging from 50 to 100 customers) are better suited for
heuristic methods, offering insights into real-world scenar-
ios. Larger instances with 150 and 200 customers are used
to test the model’s capabilities extensively.

Each of these instances reflects the idea that Amazon and
HorseFly drones have a 10-mile endurance in a drone sortie
(Ponza 2016). The x and y node coordinates are randomly
generated numbers, as shown in Table 4, except for the fixed
depot, which is always at (0,0).

The literature indicates that few studies utilize real-
world data in the FSTSP. Therefore, this paper presents a
real-world scenario using the coordinates of a civilian and a
military logistics operation.

To evaluate the FSTSP model with real-world data, this
study presents two scenarios: civilian and military opera-
tional data. The Haversine distance is used to assess the
distance matrix, as demonstrated by the nodes’ locations in
Fig. 6, rather than the Euclidean distance employed in Ponza
(2016). The reason for this choice is that the Haversine
distance considers the Earth’s curvature, offering a more
accurate measure of geographic distances in real-world situ-
ations. The velocity parameters for both the truck and drone
remain consistent with those defined by Ponza (2016), with
a standardized acceleration coefficient (v) set to 0.8. Addi-
tionally, following Ponza’s methodology, this study uses
the same values for SL (Service Launch) and SR (Service
Rendezvous), which are 40 s and 30 s, respectively. It also
maintains an endurance threshold (E) of 1440 s (equivalent
to 12 min).

Fig. 6 Civilian scenario.
Source: research data. )
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Two separate case studies were conducted: the first in
Florianépolis, Brazil, covering nine locations, including
deliveries to the town center, the beach, and the oil plat-
form at Florianopolis Air Base. This scenario is also used by
the Spatial Center ITA (CEI-ITA) as part of the Air Domain
Study (ADS) Brazil-Sweden Project, providing a relevant
context for evaluating performance in civilian urban deliv-
ery operations. The second case involved a military opera-
tion scenario with 10 points, including a maintenance point,
an observation point, an operational base, and distribution
points for class III and V supplies and airbases. It is based
on a real maneuver that can be used in a delivery simulation.
For security reasons, Fig. 7 has been modified to prevent the
identification of military locations.

The first case study in Fig. 6 examines a civilian urban
delivery scenario in Floriandpolis, Brazil. This scenario
includes a network of nine different locations, carefully
selected to reflect the diverse geographic and logistical chal-
lenges of a modern city. These locations feature deliveries
in the busy town center, coastal deliveries on the beach, and
more complex destinations such as the oil platform at Flo-
rianopolis Air Base. This case study is especially relevant
because it aligns with the Spatial Center ITA’s (CEI-ITA)
Air Domain Study (ADS) Brazil-Sweden Project, high-
lighting its significance within the academic and research
community for evaluating the performance of innovative
delivery solutions in real-world civilian settings, particu-
larly in urban delivery operations.

The second case study illustrates a military operation
scenario shown in Fig. 7, featuring a network of ten dis-
tinct points, each representing a critical element of a real

(XS
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Rio Tavares
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Fig. 7 Military operation.
Source: research data.

Generation Next Generation

Most Fit

Fitness

Least Fit

A

Fig. 8 Elitism Procedure in BRKGA.
Source: research data.

maneuver adapted for delivery simulation. These points
include a maintenance point for equipment servicing, an
observation point for surveillance, an operational base serv-
ing as the central command hub, and a distribution point
for class III supplies (typically fuel and lubricants) as well
as class V supplies (ammunition and explosives), among
various airbases. Due to military sensitivity and data secu-
rity protocols, the geographic locations in Fig. 7 have been
intentionally altered to prevent the identification of specific
military installations while maintaining the operational
complexities and logistical challenges inherent in such sce-
narios. This case study provides a valuable opportunity to
evaluate the FSTSP model’s applicability and effectiveness
in a demanding military operational setting.

@ Springer

4.4 Model implementation using Biased Random
Key Genetic Algorithm (BRKGA)

The BRKGA is a metaheuristic algorithm used in optimiza-
tion problems, incorporating several key concepts:

e Genetic Algorithm (GA): BRKGA is a specialized type
of GA inspired by natural selection principles. GA
evolves a population of potential solutions over multiple
generations to improve quality.

e Random-Key Encoding: It uses random-key encoding
to represent potential solutions, employing real numbers
within the [0, 1] range as keys to construct solutions.

e Biased Sampling: This method introduces bias into the
sampling process by favoring certain regions of the
solution space over others. Essentially, BRKGA uses
these ideas to tackle optimization problems, making it
especially effective in scenarios with complex solution
spaces and the need for efficient exploration.

Figure 8 visually shows how BRKGA develops over sev-
eral generations to improve solution quality. Generations
are organized by ranking solutions based on fitness, empha-
sizing both elite and non-elite solutions. In each iteration,
one elite solution and one non-elite solution are randomly
chosen for the crossover process. The elite population is
directly carried over to the next generation, and a set of ran-
domly generated mutant solutions is added. This ongoing
process leads to continuous improvement and refinement of
solutions from one generation to the next.

In this evolutionary process shown in Fig. 8, the popula-
tion is divided into an elite group, which includes the best
solutions in the generation, and a non-elite group made up
of the rest. Then, an individual is assigned to either the elite
or non-elite group for a crossover operation, which is biased
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since an elite solution is always chosen. The elite group is
carried over to the next population according to the p below
the line i, and this parameter is used to preserve and improve
good solutions. To generate new solutions, a mutant popula-
tion is created based on the p below the line m and the rate,
forming the next generation.

4.4.1 Data structure

The data structure used in the BRKGA implementation con-
sists of a list of points to be visited by a truck or drone. When
the number is positive, the truck visits, and when the num-
ber is negative, the drone visits. Compared to other studies
in the literature, such as those by Murray and Chu (2015)
and Ponza (2016), this study integrates trucks and drones
within the same data structure, a conceptual advancement
not found in the literature except for a preprint by Mah-
moudinazlou and Kwon (2023). Consequently, it lays the
groundwork for more efficient heuristic algorithms in truck
and drone routing optimization, as recognized by research-
ers like Chung et al. (2020). This approach can reduce com-
plexity by performing metaheuristic operations using just
one data structure. It explores the application of a previ-
ously unused metaheuristic to this problem, introduces new
methods for route optimization with drone assistance, and
offers new insights by implementing a BRKGA encoder that
incorporates real numbers.

BRKGA uses a unique data structure with a single list
that includes both truck and drone components. It distin-
guishes between the two using negative numbers designated
solely for drone flights. In contrast, other studies on routing
problems with drones employ different data structures, often
based on a combined approach with separate lists for trucks
and drones (Agatz et al. 2018; De Freitas and Penna 2018;
Freitas and Penna 2020; Ha et al. 2018; Murray and Chu
2015; Ponza 2016; Raj and Murray 2020).

As shown in Fig. 9, the route is visually represented and
documented with data in the list format [1, 1, 1,2, -3, 4, 3, 4,
3,4,5], along with the truck path, drone path, depot, and the
nodes for both truck and drone, as indicated in the legend of
Fig. 9. The truck moves from the central point O to points 1,
2,4, 5, and then back to 0. Meanwhile, the drone is mounted
on the truck during arcs 0-1, 1-2, 4-5, and 5—0, but not
during arc 2—4, as it is visiting point 3. The drone departs
from point 2 with a pre-flight time (SL), visits point 3, flies
to point 4 with a post-flight time (SR), and continues travel-
ing with the truck. To compute the objective function value
of the tour, an iterative process must be used to calculate
each arc of the truck and drone paths.

The data representation in Fig. 9 is for convenience, with-
out a starting point of 0, to facilitate algorithm execution.
However, the truck always starts and arrives at this point.
As shown in Fig. 9, the truck travels from 0 to 1, 1-2, 24,
4-5, and 5—-0, but not from 2 to 3 and 3—4 because these
segments represent the drone’s path. In this section, two

Fig.9 Visual representation of
FSTSP. Source: research data
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Decoder
1 2 3 4 5

0.7711 0.419 | 0.432 | 0.667 | 0.540

Fig. 10 BRKGA decoder with type-aware chromosome. Source:
research data

scenarios may occur: first, the truck arrives at point 4 and
waits for the drone; second, the drone arrives at point 4 and
waits to fly to the truck, depending on battery endurance.
These two scenarios are characterized by the maximum time
between them, as the truck and drone are synchronized. In
the BRKGA algorithm, a penalty is added to the cost func-
tion when the battery endurance condition is violated.

4.4.2 Algorithm initialization and solution representation

The algorithm starts by creating an initial set of potential
delivery schedules. It randomly arranges these schedules and
immediately considers options for both trucks and drones. It
determines the sequence of customer visits and assesses the
cost-effectiveness of using either a truck or a drone for each
delivery, including the time needed for drone launch and
return. This initial evaluation helps generate a preliminary

feasible solution that uses both transportation modes. The
algorithm then explores variations around the best solu-
tions found so far to identify neighborhood solutions. New
schedules are generated by making slight adjustments based
on these promising solutions, combining elements from
them, and adding some randomness to expand the search.
Each new possible solution is evaluated based on the costs
of trucks and drones, enabling the algorithm to gradually
improve the delivery plan and select the best transport mode
for different parts of the route.

The underlying structure, known as the chromosome
structure, represents a potential delivery plan and encodes
the sequence in which customers might be visited. Within
this structure, the algorithm implicitly decides whether a
delivery to a specific customer should be made by truck or
drone. This decision is based on calculating and comparing
the costs for each option, effectively ‘assigning’ each deliv-
ery task to the most suitable mode to minimize costs or time.
Notably, a point visited by a drone is usually marked as neg-
ative to distinguish it from other locations in the delivery
sequence.

4.4.3 Decoder

he BRKGA decoder is a key step in the BRKGA algorithm
because it can result in high computational costs and signifi-
cantly affect the solution quality. As shown in Fig. 10, the
chromosome is created with a length equal to the number of
points to visit, represented by chromosome elements, also
known as genes. Each gene in BRKGA is expressed as a
random key, a real number between 0 and 1.

In the example from Fig. 10, a chromosome is repre-
sented as a list: [0.771, 0.419, 0.432, 0.667, 0.540], with
indices arranged in ascending order by gene value: [2, 3,

Biased Crossover

Chromosome 1

Chromosome 2

Crossover

Relation to
crossover
Offspring

Chromosome

Fig. 11 Biased crossover.
Source: research data
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5,4,2.3,5,4,1]. The first gene is made negative because the
drone costs less than the truck and has enough battery and
condition to complete the task. This indicates a drone sortie
visiting point 2 from point 0 to point 3.

4.4.4 Biased crossover

These BRKGA crossover operators, known as biased cross-
over, function as elitist selection and population combina-
tion, because the best solutions are more likely to be chosen
for the elite group. In Fig. 11, a chromosome from the elite
group, chromosome 1, is combined with a non-elite chromo-
some, chromosome 2. Based on the rate of 0.7, only genes
0.35 and 0.78 are selected from chromosome 2, resulting
in the offspring chromosome [0.45, 0.67, 0.35, 0.49, 0.07,
0.78].

4.4.5 BRKGA flowchart

The BRKGA algorithm was chosen for this study because of
its strong performance in other optimization problems and
its ability to prioritize and select genes based on specific
criteria for drone sorties.

Pseudocode Algorithm 1 outlines the steps from initial-
ization to completion, as shown in the pseudocode. It starts
by setting problem parameter (drone cost 7 P— the drone
cost of movement from one to another point, truck cost 77
- the truck cost of movement from one to another point, SL —
pre-flight time, SR — post-flight time, £ — battery endurance,
Virone — set of points that drone can flight) and algorithm
parameter ( peyite — clite probability, py,qtqnt — mutant rate,
Ngenerations — Number of generations, nNotimprove—stop
— number of runs without improvement; P — initial

Fig. 12 BRKGA flowchart.
Source: research data.

Classify solution
as elite or non-
elite

Copy Elite
Solution to Next
Population

Mutants in Next

population, it means, the number of individuals (solutions)
in each generation). It has been used the next parameters to
this algorithm implementation: p¢jize Of 20%; Prutant Of
10%; Ngenerations 0f 500; P of 500; n0timprove—stop 0f 15.
The choice of these parameters was based on both existing
applications of the BRKGA algorithm in the literature and
empirical testing. In the future, these parameters can be fur-
ther refined to attain optimal computational results.

The process starts by creating an initial population P and
identifying the best individual. Then, an iteration begins,
continuing until reaching the maximum number of gen-
erations (lines 2—11) or the limit of runs without improve-
ment (lines 8—10). Within the population, individuals are
decoded, and their fitness is computed (line 3) to rank them
based on fitness and classify them as either elite or non-
elite populations (line 4). A mutant population is generated
(line 5) to introduce new individuals, and a biased crossover
is performed using parametric uniform crossover (PUX)
between elite and non-elite groups, as shown in line 6. Line
7 shows the union of the elite, mutant, and offspring popula-
tions, while lines 8-10 indicate that the algorithm stops if
there is no improvement in solutions.

Similar to a flowchart that clarifies the information flow
in the algorithm, the BRKGA flowchart in Fig. 12 illustrates
the process, starting with generating a random key and
decoding each list of random keys. Then, the iteration con-
tinues until the stopping rule criterion is met. The popula-
tion is ordered by fitness and divided into elite and non-elite
groups; the next generation is created by copying the elite
to the new population, generating mutants, and performing
biased crossovers between elite and non-elite individuals
until the stopping rule halts the process.

Generate Decode each

vector of
random keys

P vectors of
random keys

Sort solutions by

their costs

Generate Combine elite
and non-elite
solutions and

add children to

next nooulation

Population
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Algorithm 1: BRKGA with type-aware chromosome

. D D
Input. DLetiter Pmutant n‘qenerations!nOtim'pruvefstupa drone cost (T )7 truck cost (T )9 SL:

SR: E; Vdrone
Qutput: bestindividual

1: Generate Randomly an initial population P
2: for generation=1.. Ngencrations 0

3: Decode each type of aware chromosome of P with negative signal change if drone tour
is better and has conditions necessary to flight and evaluate the fitness

4: Sort chromosome, classify as Ppe» Proneiire and getting chromosome with best
fitness

5: Randomly generate a new set Py of chromosome

6: Generate the offspring set Posipring by using Parametric Uniformed Crossover (PUX),

giving random parents from elite population P and other parents from non-elite Puoseie

7: P = Puite U Poyrane Y Po

ffspring
& if norimprave < nOtimproue—stup then
9: break
10: end if
11: end for

4.4.6 Performance measurement

The algorithm’s performance has been evaluated using the
GAP measure, which quantifies the relative percentage
deviation of a solution. This metric is calculated from the
relative deviation between the best solution of algorithm 1
(BS1) and algorithm 2 (BS2), as explained by Eq. 32.

(32)

GAP} (%) = (BSlBS?) £100

BS2

Furthermore, the statistical analysis of the computational
results will include box plots, a graphical tool that comple-
ments numerical data and helps improve understanding
of the performance evaluations derived from these results
(Talbi 2009). It is advantageous when analyzing cost and
time metrics in optimization algorithms. Providing a con-
cise visual summary, it aids in assessing the distribution,
central tendency, and variability of these metrics, thereby
enhancing the understanding of the optimization algo-
rithm’s performance.

5 Computational results
To test the BRKGA algorithm, the TSPlib dataset generated
by Reinelt (1991) was used, and the computational results

are shown in Table 5. The first column displays the instance
serial number. The second column displays the instance

@ Springer

name in the format {“name” + “number of points”}. Each
line in this dataset can potentially expand the instances
addressed. The third column lists the best-known solution
(BKS) encountered by Reinelt (1991). Next, statistical mea-
sures are used to evaluate the objective function (OF) over
10 runs, including the best value encountered by BRKGA,
the average value, standard deviation, and the gap between
BKS and the BRKGA results in this study (GAPZEEGA),
The final two columns show the best and average execution
times in seconds.

Table 5 shows that BRKGA produces good computational
results when applied to the TSP problem using the TSPLib
dataset. It achieved less than 1% GAP in 26 instances,
between 1% and 3% GAP in 8 instances, and between 4%
and 10% GAP in 5 instances, resulting in an average GAP of
1.4% across all instances. This is a strong result compared
to the BKS of Reinelt (2024).

The average of in column 5 also indicates the consistency
of the execution because the average result is close to the
best solution within an average standard deviation of 213,3.
The best execution time in column 8 varies depending on
the instance complexity, ranging from 4s to 3699 s, with an
average of 500s. The average execution time ranges from
4s to 4463 s, with an overall average of 975s. This dem-
onstrates BRKGA’s strong performance in solving the TSP
problem.

In Fig. 13, the left side shows the Traveling Salesman
Problem (TSP) cost GAP, indicating a minimal devia-
tion from the best-known solution with a mean of 1.4 and
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Table 5 Computational results of BRKGA in TSPLib

Nr Instance Best Known Solution ~ Objective Function (OF) Time (s)
(BKS) Best OF  Average OF  Standard deviation (4 pg }??@es’t execution time (s) Average

execution
time (s)

1 prl44 58,537 58,537 58558,0 32,5 00 90,0 90,3

2 pr107 44,303 44,303 44303,0 0,0 00 24,0 323

3 pr76 108,159 108,159  108159,0 0,0 00 9,0 11,7

4 pr264 49,135 49,135 49434,7 253,5 00 446,0 663,3

5 pr226 80,369 80,369 80404,3 48,6 00 164,0 3353

6 pri24 59,030 59,031 59031,0 0,0 00 44,0 50,0

7 ts225 126,643 126,646  128170,7 2156,2 00 112,0 4347

8 pris2 73,682 73,684 73775,3 64,6 00 99,0 108,7

9 berlin52 7542 7544 7544,0 0,0 00 4,0 4,0

10 lin105 14,379 14,383 14383,0 0,0 00 47,0 52,7

11 ch130 6110 6113 6121,0 5,7 00 99,0 106,7

12 rd100 7910 7918 79353 12,3 0,1 34,0 37,7

13 pri3e6 96,772 96,926 97278,7 268,2 0,2 47,0 58,0

14 bier127 118,282 118,550  118819,3 213,1 0,2 78,0 111,7

15 d198 15,780 15,825 15851,0 36,1 0,3 149,0 3393

16 st70 675 677 677,3 0,5 03 9,0 12,3

17 pr299 48,191 48,334 48758,0 589,8 03 223,0 1025,0

18  tsp225 3916 3929 3996,3 48,1 03 145,0 311,7

19 fl417 11,861 11,914 11966,3 37,1 0.4 1073,0 2320,3

20 ch150 6528 6559 6559,0 0,0 0,5 156,0 175,7

21  p654 34,643 34,825 35036,0 228,2 0,5 1025,0 41283

22 rat99 1211 1219 1219,0 0,0 0,7 32,0 37,3

23 eil5l 426 429 429,0 0,0 0,7 4,0 6,7

24 ul59 42,080 42,393 424493 79,7 0,7 64,0 137,0

25  pr439 107,217 108,047  110244,7 1661,6 0,8 515,0 22213

26 1in318 42,029 42,405 42733,7 394,9 0,9 673,0 1344,0

27 gil262 2378 2404 24427 29,6 11 145,0 549,3

28 a280 2579 2608 2651,3 59,9 11 370,0 851,7

29  ratl95 2323 2355 2400,0 57,4 1,4 86,0 3253

30 pcb442 50,778 51,580 52070,7 597,0 1,6 1938,0 40223

31  eill01 629 643 646,7 2,6 22 49,0 86,7

32 eil76 538 550 550,7 0,5 22 15,0 17,3

33 d493 35,002 35,843 36414,3 4229 2.4 1206,0 2332,0

34 linhp318 41,345 42,396 43067,7 476,9 2,5 580,0 985,3

35 u574 36,905 38,580 38961,3 278,0 45 1586,0 23277

36  rd400 15,281 16,061 16106,3 32,7 51 683,0 907,0

37 u724 41,910 44,703 44934,7 176,2 6,7 3699,0 44633

38  rat575 6773 7225 7289,0 45,3 6,7 1437,0 2910,7

39  rat783 8806 9626 9633,7 10,1 93 2361,0 41173

Median/Mean - - - 46,7/213,3 0,5/1,4 145,0/500,5 330,3/975,7

Min/Max - - - 0,0/2156,2 0,0/9,3 4,0/3699,0 4,0/4463,3

Source: research data

a median of 0.5. On the right side of Fig. 13, the average
execution time is displayed, demonstrating good time per-
formance with a mean of 975 s and a median of 325 s. These
computational results emphasize the algorithm’s effective-
ness in solving the challenges presented by the TSPLIB
dataset.

5.1 Smallinstances - MM, SA, BRKGA

Table 6 shows the computational results for various instances
across the mathematical model (MM), Simulated Anneal-
ing (SA), and BRKGA. The columns list the instance name
and objective function values for each method. The last two
columns display the GAP between MM and BRKGA and
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Time

O BRKGA

Fig. 13 BRKGA GAP of TSP. Cost
Source: research data.
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between SA and BRKGA. The previous row presents the
average GAP values.

Ten runs of BRKGA were executed and compared to
Simulated Annealing by Ponza (2019) and the mathematical
model. It was observed that BRKGA outperforms Simulated
Annealing in three instances (007.3, 008.4, 010.5) and per-
forms equally well in seven instances (005.1, 005.4, 005.5,
006.1, 006.5, 007.5, 009.1). Moreover, BRKGA demon-
strated dominance over SA in 10 of the 20 instances evalu-
ated, underscoring its equal or better performance in half.

In Fig. 14, MM has a mean of 6284.7 and a median of
6352.5, whereas SA shows a mean of 6351.4 and a median
of 6503.4. These results indicate that BRKGA’s perfor-
mance is similar to that of SA in smaller instances. How-
ever, in the future, drone flights can be further improved to
cover more ground and lower costs.

Figure 14 compares execution times for BRKGA, SA,
and MM. The first column shows the instance names, while
columns 2 to 4 display the execution times (in seconds) for
each algorithm across 20 small instances. The last row sum-
marizes the overall performance with the mean, median,
minimum, and maximum times for each algorithm. This
highlights the strong performance of BRKGA over time,
with a mean and median of 0.04s, compared to SA’s median
of 12.3s and mean of 2.8s, and MM’s median of 22.7s and
mean of 4562.3s.

As shown in Fig. 14, BRKGA’s execution time performs
well for small instances. In summary, the application of
BRKGA to FSTSP is analyzed using small instances from
Ponza (2016). BRKGA outperformed Ponza’s (2016) Simu-
lated Annealing in three cases and showed comparable per-
formance in seven cases. Additionally, BRKGA achieved
an average execution time of 0.41 s, outperforming both
Simulated Annealing (12.34 s) and the Mathematical Model
(4,562.32 s).

@ Springer
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5.2 Medium and large instances

Table 7 provides a detailed cost comparison for large
instances across four optimization algorithms: HTGVNS,
HGVNS, SA, and BRKGA, to compare medium and large
instances. Instances are categorized by size and sequentially
numbered, with each row representing a specific instance.
The first column of Table 7 is the best-known solution
(BKS) from De Freitas and Penna (2020), followed by the
columns HTGVNS, HGVNS, SA, and BRKGA, which
show the average cost for each algorithm’s optimization
on the respective instances. The last four columns display
the average GAP of these algorithms, respectively, giving
insights into their relative cost performance. The final row
of Table 7 presents the average GAP values, offering a con-
solidated overview of overall cost performance trends.

Regarding cost, HTGVNS achieved an average of
—0.01s compared to BKS, while HGVNS reached 0.03s,
SA achieved 0.10s, and BRKGA reached 0.18s. Figure 15
shows the HGTVNS, HGVNS, SA, and BRKGA boxplots
for medium and large instances. The y-axis represents the
cost, and the x-axis indicates each algorithm. The graph dis-
plays the data distribution using box plots.

HTGVNS in Fig. 15 has achieved the best computational
results, surpassing the best-known solution with a mean of
—0.01, followed by HGVNS at 0.03, SA at 0.1, and BRKGA
at 0.18. One factor contributing to BRKGA'’s results is the
limited implementation of drone flight.

To compare the optimization algorithm times, Table 7 pro-
vides a comprehensive comparison of HTGVNS, HGVNS,
and SA BRKGA across 20 medium and large instances,
with 50, 100, 150, and 200 points considered. Each row cor-
responds to a specific instance, categorized by size and a
sequential number. The columns HTGVNS, HGVNS, SA,
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Table 6 BRKGA FSTSP cost in small instances

Cost Time
Instance MM SA BRKGA pSA PBRKGJ&RKGA SA MM
Ponza (2016) Ponza (2016) fvﬁ MM ?75 MM Ponza (2016) Ponza
(2016)
005.1 4456,8 4456,8 4456,8 0,00 0,00 0,3 5,48 0,98
005.2 3507,1 3507,1 3652,9 0,00 4,16 0,3 62,97 0,83
005.3 3275,7 3275,7 3436,8 0,00 4,92 0,3 0,01 0,98
005.4 5312,5 5312,5 5312,5 0,00 0,00 0,2 0,05 0,42
005.5 5510,2 5510,2 5510,2 0,00 0,00 0,2 16,9 0,64
006.1 7080,9 7080,9 7080,9 0,00 0,00 0,3 0,01 0,94
006.2 6148,0 6148,0 6426,8 0,00 4,53 0,3 1,3 0,92
006.3 6835,2 6835,2 6895,1 0,00 0,88 0,3 0,01 0,86
006.4 4402,1 4402,1 4619,1 0,00 4,93 0,3 3,65 1,23
006.5 5392,1 5392,1 5392,1 0,00 0,00 0,3 32,83 1,46
007.1 5533,9 5533,9 5765,5 0,00 4,19 0,4 0,46 6,94
007.2 53427 5342,7 5382,8 0,00 0,75 0,4 1,98 8,54
007.3 7725,9 7783,9 7725,9 0,75 0,00 0,3 8,79 2,17
007.4 7610,4 7610,4 7617,1 0,00 0,09 0,3 0,4 2,33
007.5 7011,0 7011,0 7011,0 0,00 0,00 0,4 9,05 7,44
008.1 6709,0 6709,0 6763,1 0,00 0,81 0,4 1,07 36,78
008.2 6587,2 6587,2 6746,7 0,00 2,42 0,5 0,1 55,44
008.3 5780,1 5780,1 62133 0,00 7,49 0,5 53,24 47,14
008.4 6505,1 6914,8 6579,9 6,30 1,15 0,4 0,1 52,02
008.5 5953,5 5953,5 6336,3 0,00 6,43 0,5 7,61 70,61
009.1 7338,8 7338,8 7338,8 0,00 0,00 0,4 0,76 333,33
009.2 6204,6 6204,6 6240,7 0,00 0,58 0,5 39,82 377,46
009.3 7698,1 7698,1 7836,0 0,00 1,79 0,4 16,8 418,6
009.4 6817,7 6817,7 6897,0 0,00 1,16 0,5 0,06 245,47
009.5 7802,7 7802,7 7904,1 0,00 1,30 0,4 6,64 495,74
010.1 5986,7 5986,7 6137,9 0,00 2,53 1 1,07 18541,91
010.2 6394,4 6394,4 6654,9 0,00 4,07 0,6 37,42 80298,63
010.3 6310,6 6585,4 6599,8 4,35 4,58 0,6 56,06 25097,39
010.4 83779 8377,9 8503,8 0,00 1,50 0,5 1,23 3791,53
010.5 8934,4 8984,2 89344 0,56 0,00 0,6 4,47 6970,96
MEDIAN/ 6325,6/ 66274/ 6503,4/ 0,00/ 1,16/ 0,40/ 2,81/ 22,66/
MEAN 62848 64159 6351,4 0,40 2,01 0,41 12,34 4562,32
MIN/ 32757/ 32757/ 3436,8/ 0,00/ 0,00/ 0,2/ 0,01/ 0,42/
MAX 8934,4 8984,2 8934,4 0,06 0,07 1,0 62,97 80298,63
Source: research data
Fig. 14 SA, BRKGA cost in small Cost Time
instance comparison.
Source: research data. __
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Fig. 15 Performance comparison Cost Time
of HTGVNS, HGVNS, BRKGA,
and SA.
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Fig. 16 Floriandpolis scenario.
Source: research data.

and BRKGA in Table 7 show the time (in seconds) each
algorithm took to optimize the respective instances over
10 runs. The last row indicates the average time for each
optimization algorithm. For example, in instance 50.1,
HTGVNS took an average of 6.98 s, HGVNS took 4.39 s,
SA took 213.87 s, and BRKGA took 4.5 s, respectively.
The mean execution times for HTGVNS, HGVNS, SA,
and BRKGA across these medium and large instances are
24,80, 26,88, 336,06, and 40,90 s, respectively. This indi-
cates that HTGVNS and HGVNS spend approximately 25 s
solving these instances on average. In comparison, BRKGA
requires an average of 40.91 s, and SA takes considerably
longer at an average of 336.07 s.

The findings in Table 7 are further illustrated with a box-
plot, as shown in Fig. 15. The x-axis of the graph represents
the algorithms HTGVNS, HGVNS, BRKGA, and SA, while
the y-axis indicates the execution time values for Medium
and Large Instances. The boxplot includes four different
representations, each providing insight into the distribution

-48.42

-48.56 -48.54 -48.52 -48.50 -48.48 -48.46 -48.44 -48.42
Longitude

and variability of execution times across various algorithms
and instance sizes.

These findings are further illustrated in Fig. 15, where the
boxplot graphic displays the distribution and variability of
execution times across the algorithms HTGVNS, HGVNS,
BRKGA, and SA for both medium and large instances.
HTGVNS shows a mean execution time of 24.8 s and a
median of 18.06 s, followed by HGVNS with mean and
median times of 26.88 s and 16.39 s, respectively. BRKGA
has a mean processing time of 40.90 s and a median of
33.20 s, while SA records a mean of 336.06 s and a median
of 338.90 s. This significant variation highlights BRKGA’s
favorable execution time compared to the state-of-the-art
literature, with notably better performance than SA. Each
boxplot provides valuable insights into the distribution and
variability of execution times, enhancing our understanding
of algorithmic performance across different instance sizes.

In summary, when BRKGA is applied to medium and large
instances from Ponza (2016), it shows good performance

@ Springer



B. A. de Araujo Oliveira et al.

‘¢
¢
¢
d
¢

§ x Depot
-} @ Visit Point 1
3| e VisitPoint2 ¢!

@ Visit Point 3

@ Visit Point 4 P

@ Visit Point 5 0

@ Visit Point 6 é ¢ e

@ Visit Point 7

@ Visit Point 8

@® Visit Point 9

@ Visit Point 10

@ Visit Point 11 b yaod

@ Visit Point 12 ¢ ¢

o1 vpeisuccunoy cuinOUtors

Longitude

Fig. 17 Army advanced aviation course.
Source: research data.

in terms of time compared to Simulated Annealing. It out-
performs SA from Ponza (2016) in execution time, with
a median of 33.2 s compared to SA’s 338.9 s. However,
in terms of solution quality, SA achieved a GAP of 0.10,
while BRKGA’s GAP is 0.18. Regarding other algorithms,
HTGVNS and HGVNS, BRKGA performs close to the
median execution times of HTGVNS (18.06 s) and HGVNS
(16.39 s). Nonetheless, in solution quality, HTGVNS and
HGVNS remain state of the art, with median GAPs of —0.01
and 0.01, respectively, relative to the best-known solution.

5.3 Case 1-Floriandpolis/SC

Figure 16 is chosen to provide a clear view of applying
optimization algorithms in a real-world civilian setting. It
depicts a scenario for studying airspace in Brazil by the
Laboratory Concept from ITA. This figure shows a map
with eight distinct blue visit points and one red depot point,
which serves as the starting and ending point for both truck
and drone routes, as indicated in the legend. The y-axis rep-
resents latitude, while the x-axis shows longitude, providing
a spatial view of the geographical coordinates.

Using OpenStreetMap as the basemap, this visualiza-
tion was created with the GeoPandas library in Python, a
flexible tool for spatial data analysis and visualization. This
approach thoroughly examines the optimized routes and
their spatial distribution within Brazilian airspace.

Running the BRKGA optimization algorithm, the route
solution [3, —4, 5, 7, 6, =8, 2, 1] as shown in Fig. 16 is
reached, costing 3066.4 s. This saves 102.6 s compared to
drone tour 1 [3, 4, 5] and for drone tour 2 [6, 8, 2], high-
lighting the benefit of visiting a location inaccessible to the
truck.

Compared to alternative solutions, the route obtained [3,
—4,5,7, 6,8, 2, 1] stands out significantly. For example,
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if the point in water eight is disregarded, the simple solu-
tion relying solely on trucks [4, 3, 1, 6, 7, 2, 5] incurs a
total cost of 4316.7 s, which is 40.7% higher than the opti-
mized route. These comparisons highlight the advantages
of using BRKGA in the FSTSP, emphasizing its efficiency
and effectiveness in minimizing travel costs while maximiz-
ing operational performance. In short, running the BRKGA
optimization algorithm on the Floriandpolis case study
yielded the route solution [3,—4, 5,7, 6, —8, 2, 1] with a cost
0f 3066.4 s. This results in a saving of 102.6 s for drone tour
1 [3, 4, 5] and offers the benefit of visiting a location inac-
cessible to the truck in drone tour 2 [6, 8, 2].

5.4 Case 2 - Army advanced aviation course

Figure 17 illustrates a scenario involving the Advanced
Aviation Course of the Brazilian Army, including 13 stra-
tegic points such as the depot, to show how optimization
algorithms can be used in a military context. These points
include maintenance facilities, observation outposts, logis-
tical distribution centers, operational bases, and air opera-
tional bases. This scenario highlights the complexities of
military operations and provides an army setting for apply-
ing optimization algorithms.

Running the BRKGA optimization algorithm, the route
solution [4, 16, 13, 15, 12, 5,9, 7, 6, 18, 14, 10, 8, 19, 17,
-1, 2,20, 11, —3] is encountered with a cost of 1501.8 s, as
shown in Fig. 17. This represents a saving of 31.1 s in drone
tour 1 [17,1,2] and 5.4 s in drone tour 2 [11,3,0]. The advan-
tages of using drones could still be improved by implement-
ing drone flight while the truck is moving, considering more
realistic data for the truck’s distance and velocity. Nonethe-
less, the drone can be effectively used in military operations
in strategic and sensitive areas.
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Compared to alternative solutions, the obtained route [4,
16,13, 15,12,5,9,7, 6, 18, 14, 10, 8, 19, 17, -1, 2, 20, 11,
—3] stands out notably. For example, the naive solution rely-
ing solely on trucks [1, 2, 3,4, 5, 6,7, 8,9, 10, 11, 12, 13,
14, 15, 16, 17, 18, 19, 20] results in a total cost of 3224.1,
representing a significant 114.6% improvement with the
optimized route. Additionally, when compared to another
solution [8, 10, 4, 16, 13, 15,5,12,9, 6,7, 18, 14, 10, 8, 19,
17,2, 1, 20, 11, 3] with a total cost of 1797.8, the BRKGA
solution shows a 19.7% improvement. These comparisons
highlight the benefits of using BRKGA in the FSTSP, dem-
onstrating its efficiency and effectiveness in reducing travel
costs and improving operational performance.

To sum up, the route solution [4, 16, 13, 15, 12, 5,9, 7,
6, 18, 14, 10, 8, 19, 17, —1, 2, 20, 11, —3] in the Advanced
Aviation Course scenario was achieved with a cost of
1501.8 s, resulting in a savings of 31.1 s for drone tour 1
[17,1,2] and 5.4 s for drone tour 2 [11,3,0]. The benefits
of using drones can still be enhanced by deploying drone
flights while the truck is moving and by considering more
realistic distances and velocities for the truck. Additionally,
drones can be utilized in strategic and sensitive areas during
military operations.

This study makes valuable contributions by tackling
complex challenges in route optimization. It investigates
the use of a previously untested metaheuristic for this prob-
lem, introduces new methods for route optimization with
drone assistance, and offers innovative insights through a
BRKGA encoder that uses real numbers. This innovation
enables the integration of trucks and drones within the same
data structure, a conceptual advancement not found in exist-
ing literature except for a preprint by Mahmoudinazlou and
Kwon (2023). As a result, it establishes a foundation for
developing more efficient heuristic algorithms in truck and
drone routing optimization, as noted by researchers such as
Chunget al. (2020).

6 Conclusion

In this study, the Biased Random-Key Genetic Algorithm
(BRKGA) proved to be a promising approach for the Flying
Sidekick Traveling Salesman Problem (FSTSP), emphasiz-
ing its potential uses in both civilian and military settings for
hybrid truck and drone delivery systems. The goal of apply-
ing BRKGA to the Traveling Salesman Problem (TSP), a
routing challenge that involves only trucks and no drones,
was accomplished, as solving this problem efficiently pro-
vides a solid foundation for tackling the FSTSP effectively.
The algorithm demonstrated encouraging computational
results when tested on the TSP using the TSPLib Dataset,
achieving less than 1% GAP in 26 instances, between 1%

and 3% GAP in 8 instances, and between 4% and 10% GAP
in 5 instances, indicating good solution quality. In terms of
execution time, it also performed well, with durations rang-
ing from 4 s to 4463 s, depending on the size and complex-
ity of each instance.

The main goal of implementing BRKGA in FSTSP, a
variation of TSP with a drone synchronized to the truck,
has been achieved. In a small dataset from the literature,
BRKGA outperformed three instances and performed
equally well in seven instances in terms of solution qual-
ity. Regarding execution time, BRKGA showed an average
of 0.41 s, faster than both Simulated Annealing (12.34 s)
and the Mathematical Model (4562.32 s). When applied to
medium and large instances from Ponza (2016), BRKGA
demonstrated better performance in execution time com-
pared to Simulated Annealing (SA). It achieved an aver-
age of 40.9 s, beating SA’s 336.06 s. Although BRKGA is
quicker, it slightly trails SA in solution quality, with a GAP
of 0.18 versus SA’s 0.10. Additionally, BRKGA’s time per-
formance is similar to HTGVNS and HGVNS, with average
times close to 18.06 s and 16.39 s, respectively. However,
HTGVNS and HGVNS remain the top methods for solution
quality, with median GAPs of —0.01 and 0.01, respectively.

In the pursuit of real-world applications, implementing
the BRKGA optimization algorithm in the Floriandpolis
case study led to significant cost savings and operational
benefits. Compared to alternative solutions, the optimized
route achieved an impressive 40.7% reduction in total costs,
demonstrating the efficiency and effectiveness of BRKGA
in reducing travel expenses while improving operational
performance in the FSTSP scenario. Notably, the optimized
route saved 102.6 s for drone tour one and allowed access to
previously unreachable locations for the truck in drone tour
2. These findings highlight the tangible advantages of utiliz-
ing BRKGA in practical civilian scenarios.

In a military context, the BRKGA solution in the
Advanced Aviation Course scenario showed significant
performance improvements, with a 114.6% increase over
a naive solution that relied only on trucks and a 19.7%
increase over another alternative solution. These compari-
sons highlight the efficiency and effectiveness of using
BRKGA to reduce travel costs while maximizing opera-
tional performance in the FSTSP. Additionally, in military
operations, drones can be strategically deployed in sensitive
areas, further improving operational capabilities, potentially
lowering route deviations and execution times, and boost-
ing military readiness and responsiveness by integrating
drones as support in logistical missions. This underscores
the importance of ongoing development efforts in optimiza-
tion algorithms like BRKGA to strengthen drone-assisted
military operations.

@ Springer



B. A. de Araujo Oliveira et al.

This study benefits society by promoting innovation,
optimizing resource allocation, and encouraging the adop-
tion of new solutions across various industries. Especially
in the logistics and surveillance sectors, where drones play
key roles, this research can significantly boost operational
efficiency and resource management. Combining trucks and
drones can speed up delivery, cut down carbon emissions,
and lower logistical costs for businesses.

In the field of air transportation, developing route optimi-
zation strategies is vital in a sector where drones are increas-
ingly used alongside traditional aircraft. This approach
offers potential improvements in efficiency and safety.
Additionally, it encourages innovation in the ongoing devel-
opment of the aviation industry, supporting the seamless
integration of drone technology into the current air transport
system. Through this structured approach, the study aims
to improve understanding and solution approaches for rout-
ing problems, especially in drone integration scenarios, thus
laying the foundation for practical applications and theoreti-
cal progress in this area.

Looking ahead, future research can explore hybrid algo-
rithmic strategies and multi-objective extensions that bal-
ance cost, time, energy use, and operational risk. Adapting
the algorithm to a dynamic and stochastic environment will
be crucial for tackling real-time logistics challenges. Addi-
tionally, integrating with real-time decision-support systems
and applying to regulatory constraints, humanitarian efforts,
and emergencies could open new avenues for research.
These approaches enhance BRKGA and broaden its appli-
cability and impact in real-world scenarios where truck-
drone collaboration offers a disruptive logistical advantage.
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