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Abstract— The Vehicle Routing Problem with Drones (VRPD)
seeks to optimize the routing paths for both trucks and drones,
where the trucks are responsible for delivering parcels to
customer locations, and the drones are dispatched from these
trucks for parcel delivery, subsequently being retrieved by the
trucks. Given the NP-Hard complexity of VRPD, numerous
heuristic approaches have been introduced. However, improving
solution quality, the definition of which can vary depending
on various heuristic approaches, e.g., the total operation time,
remain significant challenges. In this paper, we conduct a
comprehensive examination of heuristic methods designed for
solving VRPD, distilling and standardizing them into core
elements. We then develop a novel reinforcement learning (RL)
framework that is seamlessly integrated with the heuristic
solution components, establishing a set of universal principles
for incorporating the RL framework with heuristic strategies
in an aim to improve both the solution quality and computation
speed, regardless of how the solution quality is defined. This in-
tegration has been applied to a state-of-the-art heuristic solution
for VRPD, showcasing the substantial benefits of incorporating
the RL framework. Our evaluation results demonstrated that
the heuristic solution incorporated with our RL framework not
only elevated the quality of solutions but also achieved rapid
computation speeds, especially when dealing with extensive
customer locations.

I. INTRODUCTION

The adoption of drone delivery systems has attracted
considerable attention due to its numerous benefits. Drones
transcend traditional delivery barriers, offering freedom from
the constraints of road networks and avoiding traffic con-
gestion, thus enhancing efficiency and reliability in parcel
delivery [1], [2]. Furthermore, drone delivery has potential
to significantly reduce CO2 emissions, aligning with global
sustainability goals [3], [4]. Additionally, the implementation
of drones in delivery systems can lead to substantial cost
reductions, primarily through the elimination of the need
for truck drivers, which contributes to financial savings for
logistics companies [5], [6].

These compelling advantages have prompted a wave of
investment from logistics companies into drone technology,
with several pioneering initiatives underscoring the growing
commitment to this innovative delivery method. Notably,
Amazon unveiled its Amazon Prime Air service in late
2013, marking a significant milestone in the commercial
application of drones for delivery [7]. Alibaba has been
experimenting with drone deliveries since 2015, demon-
strating the feasibility and value of integrating drones into
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Fig. 1: An overview of a truck-drone operation in the
vehicle routing problem with drones (VRPD). Trucks and
drones collaborate to distribute parcels to customers, with
the docking hubs serving as the retrieval points for trucks to
collect returning drones.

existing logistics frameworks [8]. In response to the COVID-
19 pandemic, UPS initiated a drone delivery service in a
Florida retirement community in 2020, showcasing the tech-
nology’s potential in addressing urgent healthcare needs [9].
Additionally, DHL made headlines in 2019 by launching
its first regular, fully-automated, and intelligent urban drone
delivery service, setting a new standard for urban logistics
solutions [10].

The Vehicle Routing Problem with Drones (VRPD) repre-
sents an evolution of the traditional Vehicle Routing Problem
(VRP), incorporating both trucks and drones into its opera-
tional framework [11], [12]. This novel problem was initially
introduced by Wang and Sheu [13], distinguishing itself from
VRP by utilizing two distinct modes of delivery: trucks,
which not only serve customers but also launch drones, and
the drones, which are deployed for deliveries from trucks
(drones can also be deployed from depots), and subsequently
retrieved at designated docking hubs [13]. Drones offer the
flexibility of being launched and retrieved multiple times at
various times and locations. The essence of VRPD lies in
optimizing both the delivery routes for trucks and drones as
well as the strategic selection of launch and retrieval points
for drones, with the goal of minimizing the total operational
costs.

Numerous solutions have been developed to tackle VRPD
and its variants, each considering a variety of critical fac-
tors, including the speed of drones [14], the number of
drones [15], drone energy consumption [16], and the impact
on carbon emissions [17], among others. However, a notable
limitation persists: most of these solutions resort to heuris-
tic or meta-heuristic approaches due to the computational
complexity stemming from the NP-Hard nature of the prob-



lem. Consequently, these solutions are often constrained to
handling only a small number of instances, i.e., the number
of customer locations. Moreover, the stochastic nature of
heuristic methods, which rely on random solution generation
and modification, poses a significant challenge in ensuring
high solution quality.

To address the limitations inherent in current heuris-
tic methodologies for VRPD, our approach begins with
a thorough assessment of these heuristics found in the
literature. We systematically deconstruct these algorithms
into universal components. Building upon the dissection of
heuristic algorithms, we present SmartPathfinder that pro-
vides standardized guidelines for integrating a Reinforcement
Learning (RL) framework with the fundamental components
of heuristic algorithms aiming to enhance both computational
efficiency and solution quality. It should be noted that the
definition of ‘solution quality’ can vary across different
approaches. The advantage of our method is its ability to
enhance solution quality regardless of how it is defined,
meaning our approach can be universally applied to various
heuristic solutions designed to optimize the solution defined
differently.

More specifically, we intertwine the solution space of
heuristic algorithms with the decision-making process of an
RL agent. This agent explores the solution space under the
guidance of a novel reward function designed to optimize
both solution quality and computation speed simultaneously,
facilitating the computation of solutions for large-scale prob-
lems with extensive customer locations. Additionally, our
approach incorporates a mechanism for ‘solution escape’,
empowering the system to circumvent potential local op-
tima, thereby refining the resilience and efficacy of the
novel RL-heuristic algorithm integration. The outcomes of
our integration, pairing the RL framework with a state-of-
the-art heuristic algorithm for VRPD, demonstrate notable
improvements in solution quality and computation speed by
up to 28.4% and 27.3%, respectively, in comparison with the
heuristic algorithm without RL integration. In summary, the
contributions of our work can be summarized as follows.

e We perform an in-depth examination of heuristic so-
lutions for the Vehicle Routing Problem with Drones
(VRPD), breaking them down into their fundamental
components for seamless integration with the reinforce-
ment learning (RL) framework.

We introduce novel guidelines for the integration of a
RL framework within VRPD heuristic solutions.

We implemented the RL integration for a state-of-
the-art VRPD solution, showcasing our methodology’s
applicability and flexibility.

Through a comprehensive computational study, we
highlight the significant advantages of our RL-enhanced
solution for VRPD, particularly in terms of computa-
tional efficiency and the superior quality of the solutions
generated.

This paper is organized as follows. In Section II, we
present a literature review on various solutions for VRPD
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and its variants. In Section III, we introduce the precise
definition of VRPD and conduct a thorough analysis of
existing heuristic approaches for VRPD, setting the stage
for explaining how the RL framework is integrated with a
heuristic solution. In Section IV, we present the detailed
RL framework design and how it can be incorporated with
a heuristic VRPD solution. We then present the evaluation
results in Section V and conclude in Section VI.

II. RELATED WORK

The goal of VRPD is to optimize the delivery routes
for a fleet of trucks and drones, ensuring they operate
in a synergistic manner to efficiently distribute parcels to
customers [18]. Specifically, this involves the strategic de-
ployment of drones from either the trucks or depots, enabling
them to directly deliver parcels to customers. Upon the
completion of their delivery, these drones are designed to
reunite with the trucks at predetermined rendezvous points.
This section delves into a comprehensive review of state-
of-the-art approaches developed for tackling VRPD and its
diverse variations, particularly focusing on papers published
within five years.

Zhou et al. explored a unique variation of VRPD, focusing
on the optimization of the number of drones assigned to
each vehicle, a contrast to the conventional approach of
static drone allocation [15]. To address this problem, they
employed a branch-and-price algorithm with a tabu search
strategy. Imran et al. marked a pioneering step towards
the realization of a drone-based parcel delivery ecosystem,
seamlessly incorporating autonomous vehicles (AV) into the
VRPD framework [12]. Their approach seeks to minimize
operational expenses by adeptly selecting AVs from a pool
of available AVs through a crowd-sourced methodology. This
strategy enables the dynamic assignment of AVs to specific
customers, further refining the efficiency of route planning by
leveraging real-time traffic data. Both Mixed Integer Linear
Programming (MILP) and a greedy algorithm were designed
to solve their problem.

Tamke er al. considered a variation of VRPD, dubbed
the Vehicle Routing Problem with Drones and Drone Speed
Selection (VRPD-DSS) [14]. Their model prioritizes the
minimization of operational expenses while accommodating
the selection of discrete speed settings for drones. Their
findings reveal that adjusting drone speeds according to spe-
cific delivery requirements offers significant cost reductions
over traditional methodologies that do not account for speed
variability. Xia et al. enhanced the VRPD framework by
introducing drone stations that are mainly used for collection,
storage and recharge of drones as well as replenishing
parcels for both trucks and drones [16] . The drone stations
serve to bolster the synergy between trucks and drones
while addressing the impact of varying load weights on
drone energy consumption [16]. They designed an advanced
branch-and-price-and-cut algorithm taking into account the
drone stations.

The authors of [17] delve into a variant of VRPD with dual
objectives of minimizing delivery times and reducing carbon



emissions. Leveraging the Non-Dominated Sorting Genetic
Algorithm II (NSGA-II), their approach adeptly balances
these objectives. Their findings demonstrated the significant
potential of drones to enhance both environmental sus-
tainability and delivery efficiency. Meanwhile, the research
presented in [19] targets the application of VRPD within
the context of disaster relief, acknowledging the inherent
uncertainties in demand and travel times that characterize
such scenarios. By formulating an enhanced branch-and-
price-and-cut (BPC) algorithm, this study uncovers efficient
routing strategies that underscore the substantial advantages
of integrating trucks with drones over traditional truck-
only methods, suggesting its potential for real-world disaster
response.

Mara et al. [23] introduced the Electric Vehicle-Drone
Routing Problem (EVDRP), where drones collaborate with
electric vehicles for last-mile deliveries. They minimize the
total completion time, considering EV battery limitations
and recharging stations using the memetic algorithm with
problem-specific operators to efficiently solve the problem.
The authors in [28] proposed a new model for solving VRPD,
allowing drones to perform multiple pickups and deliveries
per flight. They develop a two-stage heuristic and show
that allowing multiple visits and combined pickup/delivery
significantly reduces the total cost compared to traditional
approaches. Momeni et al. [22] proposed a novel VRPD
model that minimizes delivery time while considering drone
energy consumption at varying altitudes. They developed a
two-phase heuristic algorithm based on nearest neighborhood
and local search and demonstrated the model’s effectiveness
in optimizing routes, particularly for deliveries at different
heights, for both small, large and real-world instances.

Previous studies have developed effective solutions for
numerous variants of VRPD, with a significant emphasis
on heuristic strategies owing to the NP-Hard complexity of
the problem. However, the complexity of the problem limits
such approaches, typically confining them to a relatively
small scope of instances in terms of the number of customer
locations. Additionally, the inherently probabilistic charac-
teristic of heuristic algorithms, dependent on randomly gen-
erating and adjusting solutions, represents a notable obstacle
in achieving consistently superior solution quality. In con-
trast, leveraging recent advances in machine learning [29],
SmartPathfinder uniquely employs a novel machine learning-
driven approach through seamless integration with heuristic
algorithms to address the challenges.

III. PRELIMINARIES
A. Definition of VRPD

The Vehicle Routing Problem with Drones (VRPD) is
defined in a graph G = (N, A), where N denotes a collection
of nodes, including a depot node, customer nodes C' =
{e1,¢2, ..., cn }, and docking hub nodes O = {01, 02, ..., 0, }.
A denotes the arcs connecting these nodes. Vehicles and
drones in this scenario are denoted by a set K and D,
respectively. Drones are characterized by their constrained
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payload capacity of up to L” weight units and the opera-
tional range of up to 7'°. Drones benefit from the ability to
navigate more direct paths, facilitating expedited deliveries
to customers. Conversely, trucks can accommodate a more
substantial cargo, up to L’ drones and L7 weight units of
parcels, albeit they are subject to the limitations imposed by
the road network. A parcel destined for a customer i € C,
weighing g;, must not exceed LT, i.e., it qualifies for drone
delivery if g; < L”. The travel times for trucks and drones
from node ¢ € N to j € N are denoted by tiTj and tﬁ
respectively, with drone travel time tg invariably being less
than that of trucks t;;j’ showcasing their advantage in speed
and efficiency.

Drones may serve customers independently within their
flight range, or be transported by trucks to customers located
outside this range. It is assumed that the battery-swapping
and drone-loading times are negligible. Additionally, the fol-
lowing variables are defined to set up the objective function.
zi;,: Equals 1 if the k-th truck travels arc (i,j) € A
independently, and O otherwise.
yija: Equals 1 if the d-th drone travels arc (i,j) € A
independently, and 0 otherwise.

u;j,: BEquals 1 as long as the k-th truck carries one or
more drones through arc (7, ) € A, and 0 otherwise.

The objective of VRPD is to minimize the total operation
cost, comprised of the fixed truck employment cost F'7 and
the variable transportation costs for both trucks C? and
drones CP, per unit travel time which is defined as follows.

Z Z Tijh + Z Z Uijk

FT( >+
(i,j)EA kEK (i.j)eAkeK

or Z Ztg;(l‘ijk-i-’uijk)—‘rCD Z Ztgyijd

(i,j)EA kEK (i,j)EAdED

min

(D
The objective function (Eq 1) is subject to various con-
straints to ensure feasibility and efficiency in operations
involving trucks and drones. Key among these constraints
are two that guarantee both trucks and drones return to
their starting depot. Another pair of constraints ensures that
each customer node is visited exactly once, meaning there’s
only one incoming and outgoing connection for each node.
Additionally, at every docking station, the number of arriving
and departing drones is kept equal to maintain balance. To
prevent overloading, two constraints limit the truck from car-
rying more drones than its capacity allows. Moreover, three
specific constraints are in place to regulate the maximum
flight duration of drones, ensuring their operations are within
feasible limits. There are also five more constraints focusing
on the parcel-carrying capacities of both drones and trucks
to prevent overloading. Detailed mathematical formulations
of these constraints are available in [13].

B. Analysis of Heuristic Algorithms for VRPD

In this section, we perform an analysis of heuristic
methodologies applied to solving VRPD, aiming to decom-



TABLE I: Decomposition of heuristic algorithms for VRPD into four universal components.

identified four core components common to many heuristic

Solution
Shuffling

Papers Heuristic Initialization | Solution Modification | Shuffling | Solution Evaluation
[20] Variable Neighborhood Search (VNS) v v v v
[21] [22] Largest/Nearest Neighborhood Search (LNS/NNS) v
[23] [17] Genetic/Memetic Algorithm (GA/MA) v v v v
[24] Ant Colony Optimization (ACO) v v v
[25] [26] Artificial Bee Colony (ABC) v v v v
[27] [28] Simulated Annealing (SA) v v v
[12] Greedy Algorithm v v
[16] [19] Branch-and-Price-and-Cut algorithm (BPC) v v v
pose these algorithms into their fundamental elements for e R
incorporation with the RL framework. This analysis encom- Poli cyl
passes a comprehensive review of 13 papers that introduce °. Initial Solution
heuristic solutions for VRPD, published between 2019 and g Selected Actions
2023. As illustrated in Table I, despite the diverse operational : o\V/ad Seluton Quatty ¥
mechanisms of these algorithms, our extensive analysis has o\ g/ ° Solution Modifier
L 4

approaches: Solution Initialization, Solution Modification,
Solution Evaluation, and Solution Shuffling.

The Solution Initialization component is pivotal in estab-
lishing the solution structure and creating the baseline so-
Iutions upon which heuristic algorithms iteratively improve.
The Solution Modification component stands as the crux of
the algorithmic process, employing a tailored set of rules
to iteratively refine the solution. In the Solution Evaluation
component, the focus is on assessing the solution’s efficacy,
specifically measuring its impact on minimizing the total
operational expenses incurred in servicing all customer lo-
cations. It is noteworthy that while the aforementioned com-
ponents are universally present across most heuristics, the
Solution Shuffling mechanism—which involves the random
rearrangement of solution elements to avert stagnation at
local optima—is not as uniformly integrated. This systematic
breakdown of heuristic methodologies facilitates the seam-
less integration of the RL framework with the components
of the heuristics. A detailed explanation of this integration
process is explained in the subsequent section.

IV. DESIGN OF SMARTPATHFINDER
A. Overview

Building on the universal components of heuristic al-
gorithms for VRPD, SmartPathfinder aims to seamlessly
incorporate a RL framework within the structure of a heuris-
tic algorithm to improve both the quality of solutions and
computational efficiency. Fig. 2 depicts the architecture of
SmartPathfinder. As shown, it begins with an initial solution,
which activates the RL framework’s policy network which
is essentially a multi-layer perceptron. The policy network,
once initialized, outputs actions that are forwarded to the
solution modifier. These actions, designed in accordance
with the underlying heuristic algorithm, dictate the modi-
fication of the initial solution. Following this, the solution

lMcdified Solution

’Solution Evaluator
|

Solution Evaluation Scores

Heuristic Alg. for VRPD

No Solution{Improvement
. After k|Iterations
Policy Netwprk Update

Reward Module [«

RL Framework

Fig. 2: An architecture of SmartPathfinder, illustrating inte-
gration with the RL framework with a heuristic algorithm
for VRPD.

evaluator assesses the modified solution’s efficacy. Subse-
quently, the evaluation scores of both the modified and
the original solutions are relayed to the RL framework’s
reward module, where a reward is computed based on these
evaluations. In particular, if the solution fails to improve
after a predetermined number of iterations, the procedure
diverts from policy network updating to solution shuffling.
This involves rearranging the solution before subjecting it
to reevaluation to avoid potential local optima. In situations
where an improvement in the solution is observed, the reward
module feeds the results of the evaluation back into the
policy network for updates. The updated network then issues
new actions aimed at further refining the solution. This
cycle of solution evaluation, reward assessment, and solution
modification iterates, fostering continuous improvement in
the solution quality.

B. Action Space

The design of the action space is tailored to the solution
modification capabilities inherent to heuristic algorithms, i.e.,
each action represents a solution alteration method for a
specific heuristic algorithm. Unlike the probabilistic solution
alteration typical in heuristic algorithms [20][23][24][28],
this approach advocates for a strategic selection of actions
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driven by reward feedback, aiming for solutions of superior
quality. For instance, key operations from a genetic algorithm
(GA)-based approach to solving VRPD [23] such as the
parent selection, crossover, and mutation, are integrated as
specific actions within the RL framework. This integration
allows for more strategic action selection, guided by the
RL’s policy network. Similarly, the core operations of the
Neighborhood Search (NS) algorithm for VRPD [20], which
include neighborhood moves essential for local search, such
as node swaps, entire swaps, node insertion, whole insertion,
node reversal, entire reversal, sortie removal, and sortie
addition, are also adapted as actionable strategies within the
RL framework. Since there are only specific actions allowed
based on the inherent heuristics, the action space belongs to
a discrete set.

C. State Space

The state space is a critical construct that defines all
necessary information for an agent to make informed de-
cisions regarding its actions. More specifically, the state
space of SmartPathfinder includes information related to
both the quality of potential solutions and the efficiency of
computational processes which are real-valued parameters.
Solution quality is gauged through the solution evaluation
outcomes at any given time step ¢, denoted by S;. This metric
is derived from the heuristic algorithm’s solution evaluator,
providing a snapshot of the current solution’s effectiveness.
Additionally, the evaluation result of the solution prior to
the current one is denoted by S;_1, offering a comparative
perspective on solution progression or regression. On the
other hand, computational efficiency is quantified by the
cumulative actions executed by the agent up to time step
t, denoted by A;. This measurement reflects the agent’s
operational speed and efficiency, which are especially im-
portant in environments where computational resources or
time are constrained. To navigate the trade-offs between
solution quality and computational speed, the state space also
integrates performance weights w; and ws. These weights
are utilized to balance and prioritize these performance
dimensions, guiding the agent towards a more effective
decision-making process.

D. Reward Function

The reward function of SmartPathfinder is designed to
simultaneously enhance the solution quality and minimize
computational time, embodying a dual objective within the
RL framework. Furthermore, it offers configurability, allow-
ing users to tailor the weighting between solution quality
and computational efficiency according to specific needs. To
quantitatively evaluate solution quality, the reward function
employs the net improvement of the solution, calculated
as & — Si;—1. This formulation inherently associates a
negative reward with any deterioration in solution quality,
incentivizing progress and penalizing regression. Also, the
function prioritizes computational speed by incorporating
the total number of actions executed by the agent, i.e., by
assigning a negative reward as the count of actions increases.
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Consequently, with these considerations, the reward function
R, at time step t is defined as follows.

2

where w; is the weighting parameter for the solution quality,
wo is the weighting parameter for the computational time,
and A; is the total number actions taken. Through numerous
simulations, these parameters are fixed at wy = 3 and wy =
2. However, it should be noted that the parameters can be
configured differently depending on the heuristic approach
used, as the definition of ‘solution quality’ may vary.

Ry = w1 (S — Si—1) —wa Ay,

V. EVALUATION RESULTS
A. Evaluation Setup

To evaluate the performance of SmartPathfinder, we im-
plemented the integration of the RL framework with a
state-of-the-art heuristic algorithm designed based on the
memetic algorithm [23]. It is important to note that changing
the heuristic algorithm also requires a retraining of the
RL network. Fig. 3 demonstrates the convergence of the
reward value for SmartPathfinder integrated with the heuristic
algorithm [23] after training for 1000 episodes. Additionally,
for a more effective performance comparison, we imple-
mented another heuristic algorithm based on neighborhood
search [20]. Throughout this section, the memetic algorithm-
based solution is referred to as MA, the neighborhood search-
based approach as NS, and the RL-enhanced method as
RL+MA. All implementation was performed on a computer
equipped with an AMD Ryzen 7 7840HS CPU, 16GB RAM,
NVIDIA GeForce RTX 4050 GPU, and Windows 11. The
code was written in Python 3.10.
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Fig. 3: The reward values of the memetic algorithm-based
heuristic solution integrated with the RL framework, illus-
trating the convergence of the reward value.

Our evaluation hinges on two primary metrics: solution
quality and computational efficiency. The quality of the so-
lution is measured by the total operational time, which is the
total amount of time needed to serve all customer locations.
This measure has been widely adopted by numerous heuristic
algorithms for VRPD for performance evaluation [30], [17],
[18]. Computational efficiency, on the other hand, is gauged
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Fig. 4: An example solution generated with (a) RL+MA, (b) MA, and (c) NS. The integration of the RL framework with
MA results in more efficient paths for both trucks and drones compared with MA and NS.

by the elapsed time from the initiation of the algorithm to
the moment the final solution is derived. We evaluate the
performance of our proposed solution across various scenar-
ios, characterized by differing numbers of customer nodes
by up to 100 customer nodes. For distance calculations, we
adopt the Manhattan distance metric for truck movements
and the Euclidean distance for drone operations, similar to
the methods used in many VRPD heuristic solutions [23],
[28], [21]. We adopted a dataset from [20] for performance
evaluation. The data set comprises of 72 test instances with
varying numbers of customer nodes. For fair performance
comparison, we excluded the customer time windows from
the dataset.

In configuring the memetic algorithm, we adhere to the
parameter settings detailed by Mara et al. [23]. In particular,
our evaluation method does not assume electric vehicles
(EVs); hence, we employ the same neighborhood move
strategies as those outlined in Kuo ef al. [20] and Mara et
al. [23], with the exception of EV-specific maneuvers such
as recharging insertion, change station, moving station, and
remove station.

B. Solution Quality

We compare the total operational time across three differ-
ent strategies: RL+MA, MA, and NS. The total operational
time was measured by varying the customer node counts,
with all customer nodes being randomly deployed within the
target area. The findings, illustrated in Fig. 5, demonstrate
that RL+MA outperforms MA and NS, particularly as the
complexity of the problem increases with more customer
nodes. More specifically, initially, when the number of cus-
tomer nodes is low, the distinction in performance between
the RL-enhanced strategy and conventional methods is mini-
mal. This trend is attributed to the constrained solution space,
which allows all evaluated algorithms to relatively easily
identify high-quality solutions. Nonetheless, the advantage
of integrating RL becomes increasingly apparent with the
growth in customer numbers. Specifically, for scenarios
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involving 100 customer nodes, the RL-enhanced strategy
reduces the total operational time by up to 23.7% compared
to MA, and by 28.4% relative to NS. These results highlight
the significant benefits of incorporating RL into heuristic
algorithms for tackling VRPD, especially in more demanding
scenarios with a larger customer base.
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Fig. 5: The solution quality with varying numbers of cus-
tomers. RL+MA significantly improves the solution quality
especially for large-scale problems.

Fig. 4 presents example solutions created using RL+MA,
MA, and NS algorithms. Interestingly, even with a modest
customer base of 20, each method yields distinct solutions
with varying levels of efficiency in terms of total operational
time. Notably, the NS algorithm produces a solution with
only 3 drone sorties, in contrast to the 4 drone sorties ob-
served in the RL+MA and MA solutions. Since drone sorties
are more efficient in general, this contributes to a reduction in
overall operational time for RL+MA and MA. Additionally,
it is observed that although RL+MA and MA both deploy
the same two trucks, the routes taken by these trucks differ



significantly (i.e., RL+MA results in smaller total operation
time compared with that for MA). Such variations likely stem
from the RL’s ability to iteratively refine routing decisions
through its adaptive learning mechanism, optimizing routes
based on trial and error.

C. Computation Time

Another crucial part of our analysis focuses on assessing
how incorporating the RL framework influences compu-
tational efficiency, especially when compared to MA and
NS. The results are depicted in Fig. 6, demonstrating that
the RL-enhanced approach, RL+MA, consistently achieves
reductions in computation time across various problem sizes,
even in scenarios with a relatively small number of cus-
tomers. A key observation from our findings is that the
RL framework not only maintains its efficiency advantage
across all tested scales but also that this advantage becomes
more significant as the number of customers increases. For
instance, in cases involving 100 customers, the integration of
RL leads to a decrease in computation time by approximately
13.2% compared to MA, and an even more substantial 27.3%
compared to NS. This performance difference highlights
the advantage of leveraging machine learning techniques to
explore the solution space more effectively, as opposed to
traditional methods that rely more on heuristic or stochastic
solution adjustments.
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Fig. 6: The computation time with varying numbers of
customers. RL+MA significantly improves the computation
time across all test instances.

A notable advantage of the RL+MA approach is its
capability to tackle considerably larger problems, which were
previously beyond the reach of existing heuristic methods,
not only because of the substantial decrease in computation
time, but also the more effective exploration of the solution
space. Specifically, with RL+MA, we were able to solve
problems with up to 200 customers in just an average of
1,121 seconds. The result is particularly remarkable, con-
sidering that the existing benchmarks in the literature limit

evaluations to a maximum of 100 customers for MA and 50
customers for NS.

D. Ablation Study

A key feature of SmartPathfinder is its ability to skip
actions and randomly shuffle the solution if it doesn’t show
any improvement after a set number of k attempts. This
technique is specifically engineered to avoid falling in local
optima, thereby optimizing the solution discovery process.
To systematically evaluate the influence of parameter k& on
the algorithm’s efficiency and effectiveness, we undertook an
ablation study. The objective of this study was to discern the
impact of varying k values on the solution quality in terms
of the operational time and the computational delay.
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time measured with varying ity measured with varying
threshold k& for initiating threshold k for initiating so-
solution shuffling. lution shuffling.

First, we adjusted the value of k and tracked how it
influenced the computation time. The results are detailed
in Fig. 7, providing guidance for selecting an optimal &
value. The results show that as the value of k increases,
a notable increase in computation time is observed. This
phenomenon can be attributed to the fact that a higher k
value permits a more extensive examination of the solution
space, as it delays the algorithm’s exit from local optima
in pursuit of potentially superior solutions. Consequently,
this expanded exploration results in an increased computation
time. Upon initial examination, the results appear to indicate
that choosing a smaller k£ value could be beneficial for
enhancing computational efficiency.

However, as depicted in Fig. 8, an improvement in per-
formance, specifically regarding total operational time, is
noted with an increase in k. This phenomenon highlights a
discernible trade-off between computation time and overall
performance when determining the optimal k value. No-
tably, the curve representing total operational time exhibits a
plateau beyond a certain k value, which, in the context of this
simulation, occurs approximately at £ = 60. This observation
implies that choosing a k value at the onset of this plateau
phase—where additional increases in k£ no longer signifi-
cantly enhance performance—presents a strategic approach
for optimizing operational efficiency. In this experiment, the
threshold value k£ was set to 60.
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VI. CONCLUSION

We have presented SmartPathfinder, a novel approach to
seamlessly integrate a RL framework with heuristic solutions
for VRPD, targeting enhancements in both the solution
quality and computational efficiency. This novel integration
is facilitated by a thorough analysis and decomposition of
heuristic solutions into universal components, followed by
the design of the RL framework, and reassembly of the com-
ponents seamlessly incorporating the RL framework. To eval-
uate the effectiveness of SmartPathfinder, we implemented a
state-of-the-art heuristic solution for VRPD integrated with
the RL framework and demonstrated significant improve-
ments in both the effectiveness of the solutions and reduction
in computational time. We believe that this pioneering effort
marks a significant stride toward refining and accelerating the
decision-making process in drone-assisted delivery systems.

As our future work, we aim to explore the theoretical
limits of solution quality improvement achievable through
integrating heuristic solutions with our RL framework. Ad-
ditionally, we plan to investigate the adaptability of our pro-
posed RL integration approach across various optimization
problems, assessing its effectiveness with heuristic solutions
tailored for different challenges. Lastly, we will conduct a
broader assessment of SmartPathfinder by testing it with a
diverse array of heuristic algorithms.
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