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Abstract

This paper investigates the Flying Sidekick Traveling Salesman Problem
(FSTSP), and proposes an efficient Adaptive Large Neighborhood Search
(ALNS) algorithm. Our proposed framework operates directly on a com-
plete solution representation, eliminating the reconstruction step required
by indirect encodings and making temporal information immediately acces-
sible during the search process. A stage-based mechanism is introduced to
efficiently update drone sorties while preserving the temporal consistency
of drone operations when modifications are made to the truck route. In
addition, destroy and repair operators are organized into coherent opera-
tor groups to avoid inconsistent intermediate solutions and improve large
neighborhood exploration. The proposed method further incorporates six
problem-specific local search moves and derives constant-time move evalu-
ation formulas, with local search supported by an adaptation of the Static
Move Descriptor (SMD) technique to accelerate the computational pro-

cess. Experiments demonstrate that the proposed ALNS outperforms several
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state-of-the-art algorithms for the FSTSP, while maintaining stable perfor-
mance on large-scale instances with up to 500 customers within 1800 seconds.

Keywords: Flying Sidekick Traveling Salesman Problem, Adaptive Large
Neighborhood Search, Static Move Descriptor, Discrete Optimization

1. Introduction

The last mile, i.e., the final stage of the supply chain in which goods are
transported from a distribution facility to end customers, has become one of
the most operationally challenging segments of modern logistics. This stage
is marked by dispersed delivery destinations, fluctuating demand, urban
congestion with associated concerns over air quality (Nguyen et al., 2022),
and rising customer expectations. The rapid expansion of e-commerce has
further intensified pressure on logistics providers to improve efficiency, re-
sponsiveness, and service quality in this critical segment.

To address these challenges, both researchers and practitioners have in-
creasingly examined the role of emerging technologies in last-mile operations.
Firms have begun integrating unmanned aerial vehicles, or drones, into their
logistics networks, delivering even time-sensitive or perishable products such
as food and medicines. For instance, Wendy noted that “Drone delivery is

” 1 This momentum is

kind of a natural extension of the delivery platform
reflected in market forecasts, with the global drone delivery market expected
to reach $28 billion by 2028, signaling strong confidence in this technology’s
future role in logistics.

Nevertheless, significant barriers remain. Drones continue to face tech-
nical constraints, particularly in payload capacity and flight endurance. In
addition, fully drone-based systems require considerable infrastructure in-
vestment and must comply with evolving regulatory requirements. Conse-
quently, hybrid delivery systems in which drones complement conventional

trucks have emerged as a practical alternative. By combining the flexibility

"https://www.fiercesensors.com /electronics/wendys-beefs-drone-delivery-tech-cooks



of drones with established infrastructure and capacity of truck delivery, such
systems can capitalize on the advantages of both delivery modes.

In this paper, we study the Flying Sidekick Traveling Salesman Prob-
lem (FSTSP) (Murray and Chu, 2015), where a truck and a drone works
in tandem to deliver packages to customers and propose an Adaptive Large
Neighborhood Search (ALNS) solution for this problem. Our main contri-

butions are as follows.

e We develop an ALNS framework that operates directly on a full so-
lution representation, avoiding the reconstruction required by indirect
encodings and allowing the temporal information required by the op-

erators to be immediately available.

e We introduce a stage-based mechanism to update drone sorties when
the truck route changes, preserving the temporal structure of drone

operations while allowing the truck route to be modified efficiently.

e We organize destroy and repair operators into coherent group opera-
tors, avoiding inconsistent intermediate solutions and exploring large

neighborhoods in a more controlled manner.

e We design a set of six problem-specific local search neighborhoods for
the FSTSP, providing a more targeted intensification mechanism than

generic routing moves.

e We derive constant-time move evaluation formulas for all proposed
neighborhoods and adapt the Static Move Descriptor (SMD) technique

to accelerate the computational process.

e The proposed ALNS is robust and competitive with state-of-the-art
algorithms for the FSTSP, including MD-SPP-H (Schaumann et al.,
2025), HGA-TAC (Mahmoudinazlou and Kwon, 2024), EP-All (Agatz
et al., 2018), and SPP-All (Kundu et al., 2022), on a benchmark set
of 150 instances. The computational results show stable performance

on additional 84 large-scale instances with up to 500 customers within



a time limit of 1800 seconds. We also discuss the robustness of our

proposed solution.

The remainder of the paper is organized as follows. Section 2 reviews
related literature, while Section 3 formally defines our problem setting. Sec-
tion 4 presents our ALNS framework, including the proposed destroy-repair
group operators and local search with the SMD. Section 5 reports the compu-
tational results of the proposed solution against state-of-the art algorithms

and its effectiveness. Section 6 concludes our paper.

2. Related work

Truck—drone collaborative routing has received increasing attention in
last-mile delivery. The FSTSP introduced by Murray and Chu (2015) ex-
tends the classical TSP by allowing a truck and a drone to serve customers
cooperatively, with each customer visited exactly once by either vehicle.
Existing solution approaches include heuristics and metaheuristics such as
GRASP, variable neighborhood search, hybrid genetic algorithms, and dy-
namic programming-based methods (Ha et al., 2018; De Freitas and Penna,
2020; Agatz et al., 2018; Mahmoudinazlou and Kwon, 2024), as well as ex-
act methods based on branch-and-bound, branch-and-price, column-and-row
generation, and branch-and-cut (Bouman et al., 2018; Poikonen et al., 2019;
Roberti and Ruthmair, 2021; Boccia et al., 2021, 2023). Comprehensive sur-
veys of truck—drone routing and drone delivery applications can be found in
Boysen et al. (2020), Li et al. (2021), Macrina et al. (2020), Moshref-Javadi
and Winkenbach (2021), and Moradi et al. (2024).

Despite these advances, solving large FSTSP instances remains challeng-
ing because truck-route decisions and drone-sortie decisions are strongly in-
terdependent. Recent algorithms such as HGA-TAC, EP-All, SPP-All, and
MD-SPP-H provide strong reference points for computational comparison
(Mahmoudinazlou and Kwon, 2024; Agatz et al., 2018; Kundu et al., 2022;
Schaumann et al., 2025). Closely related is the TSP-D of Agatz et al. (2018),
where revisits and identical launch—recovery locations may be allowed. Mo-

tivated by the success of ALNS in large-scale routing problems (Ropke and



Pisinger, 2006) and truck—drone variants such as the TSP-D with multiple
drops (Mara et al., 2022), we develop an ALNS framework that works di-
rectly on a full truck—drone representation and incorporates stage-based sor-
tie updates, grouped destroy—repair operators, problem-specific local search,

and Static Move Descriptors.

3. Problem statement

FSTSP can be modeled by a graph G = (V, &), where V = {vg, v1,...uN_1}
is a set of N nodes on the graph. Within V, vy and vy_1 represent the de-
pot, while the remaining are customers who need to be served by either the
truck or the drone. & represents possible travel opportunities between two
nodes i, j. For each arc (i, j) € £, we denote 7;; and Ti’j the truck and drone
travel time between nodes ¢ and j, respectively.

In FSTSP, only one truck and one drone are operating throughout the
process. The movement of the truck is defined as a sequence of stages, where
two consecutive stages correspond to the segment between either two consec-
utive customer visits or a customer and the depot. Formally, the truck route
is represented by C = {c1, ca, ..., cx }, with ¢; = vp and c¢x = vy_1, where K
is the number of locations visited by the truck. In any stage (except for the
last one), the drone can be launched to serve customers. A drone sortie is
composed of three components (c1, ¢a, ¢3): the launch node ¢;, the customer
served by the drone cs, and the recovery node c3. Specifically, the drone trip
can be represented as D = {(c11, ¢12, ¢13), (¢21, €22, €23), .., (¢D1,¢D2, ¢D3) },
where D is the number of sorties and where each triple corresponds to the
three components mentioned.

A solution to FSTSP is given by the truck schedule C along with a list of
sorties carried out by the drone D. The objective of FSTSP is to minimize
makespan, which is the time that all customers are served and both the truck
and the drone have returned to the depot. Figure 1 illustrates a scheduling
solution for a FSTSP instance with 5 customers. The schedule starts and
ends at the depot represented by vy and vg, with truck delivery for customers

1-3 and drone delivery for customers 4 and 5 (i.e., C = {vg, v1, v, v3,v6}, D =



{(vo, va,v1), (v2,v5,v6)}).

2 2 2 2

Figure 1: Example operation with five truck nodes {vo(c1),v1(c2),v2(cs),vs(ca),ve(cs)}
and two drone nodes {v4, vs}. The depot at {vo, ve} is represented by a square. Solid
arcs denote truck travel with distance 2; dashed arcs denote drone trips with distance 1.
The objective value of this sample solution is 8.

We have the following assumptions:

1. A customer can only be visited once, by either the truck or the drone.
2. The truck has no capacity limit, while the drone is restricted. For each
sortie, the drone can deliver to only one customer. After the drone is
launched, the truck can continue to visit other customers as planned.
3. The launch and recovery nodes should be different, which means that
the truck cannot stay at the same place where the drone is launched to
wait for its recovery. In other words, loop operations are not allowed.
4. The drone has an endurance limit and other operational constraints.
Once deployed, it must remain airborne and cannot land temporarily
to conserve battery power, even when it is waiting for the truck at the
recovery node. If the truck visits the recovery node first, the truck must
wait for the drone’s arrival and vice versa. Given the drone endurance
limit DTL, a sortie (cq1,cq4e,cq3) with a launch and recovery stage

lg, 74 should satisfy:

rqg—1

max{ Y Teeersrs Tom e + Tompeas} < DTL (1)
k=1,

where sz:_l; Tewenys 15 the total truck travel time from launch to re-

+ 7! is drone travel time in sortie d.

covery stages and T, Cun Cas

d1 Cd2



4. Adaptive Large Neighborhood Search with Static Move Guid-

ance

This section presents our ALNS-based solution approach, developed from
the framework of Ropke and Pisinger (2006). Before describing its compo-

nents in detail, we summarize the main algorithmic contributions below.

e We develop an ALNS framework that operates directly on a full so-
lution representation (C, D), avoiding reconstruction and making tem-

poral information immediately available to the operators.

e We introduce a stage-based mechanism for updating drone sorties after
truck-route changes by recording launch and recovery stages to speed

up computation

e We organize destroy and repair operators into coherent groups to
ensure compatible combinations are applied, improving control over

truck—drone feasibility interactions.

e We develop six specific local search neighborhoods to intensify the

search over truck—drone interactions.

e We derive O(1) move evaluation formulas for proposed moves and use

a lightweight SMD variant to accelerate the most expensive move.

Algorithm 1 summarizes the proposed ALNS framework. The algorithm
starts by constructing an initial solution from the input instance I. This
solution is used both as the current solution s and as the incumbent best
feasible solution s*. The weights of the destroy operators, repair operators,
and group operators are then initialized before the main search loop begins.

At each iteration, the algorithm selects a group operator G € G according
to its adaptive weight, then chooses a compatible destroy operator ¢ € G
and repair operator r € G to generate a candidate solution s’ = r(q(s)).
This destroy-repair phase provides diversification, while the subsequent lo-
cal search intensifies s’ over problem-specific truck—drone neighborhoods.

Temporary infeasibility is handled through the penalized objective value.



Algorithm 1 Adaptive Large Neighborhood Search for Flying Sidekick
Traveling Salesman Problem

Require: Instance I, ALNS parameters
Ensure: A best feasible solution s*
#Block 1: Initialize the initial solution and parameters
1: s*, s < Initial solution from [
2: Initialize weights w for operators and group operators
3: while stopping condition is not met do
#Block 2: Apply destroy—repair operators and local search operators

4: Select a group operator G from the set G

5: Select a destroy operator ¢ € G and a repair operator r € GG

6: s« r(q(s))

7 Apply local search operators on s’ to find improved solutions
#Block 3: Solution and parameter updates

8: if s’.cost < s.cost or U(0,1) < exp (%}icm)) then

9: 54§

10: if s’ is feasible and s’.cost < s*.cost then

11: §* &

12: end if

13: end if

14: Update weights w and acceptance temperature 7,

15: end while
16: return s*

The candidate s’ is then evaluated by a simulated annealing-inspired
acceptance rule. If s’ is better than the current solution s, it is accepted
directly; otherwise, it is accepted with probability exp (%}fcosﬂ) ,
where BZ is the Boltzmann scaling factor and T is the current temperature.
If accepted, s’ replaces s, and s* is updated only when s’ is feasible and
improves the incumbent. The operator weights and temperature are then

updated, and the search continues until the stopping condition is met.

4.1. Objective evaluation
Auziliary Notation. To express timing relations and objective components
in a compact form, we introduce the following auxiliary notation. Consider

a solution represented by a truck route C = {cy, o, ..., cx } and a drone trip



D = {(c11, 12, c13), (€21, €22, €23), ..., (¢D1, CD2, €D3) }-

1. £ = {ly,la,...,Ip} denotes the set of launch stages from the drone
sorties, where [g is the stage index in C from which sortie d departs.
In other words, ¢;, = ¢, for K =1...D.

2. R ={r1,ra,...,rp} denotes the set of recovery stages of the sorties,
where r4 is the stage that the drone is recovered at sortie d. In other
words, ¢, = c¢3, for K = 1...D. Notice that Iy < r4,Vd=1...D.

3. For the truck route C, we define prefix travel times 61; for all j =
1... K, where ¢, is the cumulative truck travel time from stage 1 to
stage j. The travel time between any two stages i < j is obtained in
constant time by 0;; = 01; — 01;.

4. 9:1 denotes the drone travel duration of sortie d = (¢q1,c42, cq3), com-
puted as 0 = 7, .. + 7., .,.- This term presents just the flight time

of the sortie. Any waiting time that arises when the drone reaches the

recovery node earlier than the truck is not included in ¢/, and will be

separately accounted for in the objective.

Using Figure 1 as example, the launch stages are £ = {1, 3} and recovery
stages are R = {2,5}. The cumulative truck travel times corresponding to
its schedule are 6 = {0,2,4, 6,8}, and drone travel duration are 6’ = {2,2}.

The objective of a solution is defined as the sum of the truck travel time

plus all synchronization and endurance penalties. Formally, we compute

K-1
+
ZTCiCiJrl + Z[%—Qldrd]"‘ +)\Z[max{c9(/i,91drd}—Dd )
=1 deD deD

Nt
truck travel time truck/drone waiting time drone endurance penalty
where [a]T = max{a,0}.
The first term represents the total truck travel time along the route
C = (c1,...,¢k). The second term accounts for the waiting time incurred
when the truck reaches the recovery node before the drone. For each sortie d,
0& is the drone travel duration, while 0;,,, is the truck travel time between

the launch and recovery stages l; and r4. A positive difference therefore



corresponds to the truck waiting for the drone. The third term, inspired
by the work of Gonzalez-R et al. (2020), penalizes violations of the drone
endurance limit Dy. For each sortie, the maximum of the truck and drone
travel durations (i.e., max{6/, 6;,,,}) represents the operation time in which
the drone is deployed. Whenever this exceeds the endurance limit, the excess
time penalizes the objective by a coefficient A.

In our ALNS, X is dynamically adjusted during the search to regulate
the balance between feasible and infeasible solutions, following the adaptive
penalty adjustment principle used by Vidal et al. (2013). Let p; denote the
proportion of feasible candidate solutions observed during the most recent
adjustment period, and let p* be the target feasible proportion. At each
adjustment step, the penalty coefficient is updated as A < n™\ if p; < p*,
and X\ < n~ ) otherwise, where ™ > 1 and 0 < n~ < 1 are the increase and

decrease factors.

4.2. Initial solution generation procedure

The initial solution generation procedure is straightforward and listed
as follows. Since the FSTSP is a variant of the well-known TSP, any truck-
only TSP tour constitutes a feasible solution. Given an instance with n
customers, we first generate a random permutation of the customers. The
depot is then added at the beginning and at the end of the sequence to
complete the tour. Finally, the local search procedure presented in Section

4.4 is applied to improve the quality of the initial solution.

4.3. Destroy—repair group operators

In the FSTSP, destroy and repair operations on the truck route and
drone sorties are strongly interdependent. Applying them independently
may therefore create inconsistent intermediate solutions or make repair dif-
ficult. We address this issue by organizing destroy—repair pairs into group
operators, where each group defines a coherent set of operators acting on
a specific part of the solution structure. We use two groups: (i)truck-only

modification and (ii) mixed truck—drone modification.

10



Type 1: Truck-only group. This group modifies the truck route C, while
keeping all launch and recovery references of existing drone sorties un-
changed. It explores large neighborhoods of the truck tour without altering
the temporal structure of drone operations. The destroy operators are:
(1) truck random removal, which removes a randomly selected subset of truck
customers; (ii) truck worst removal, which removes the customer at stage k
with the largest arc contribution e, ¢, + Tepe,,,; and (iii) truck block re-
moval, which removes all customers in a consecutive block of stages. The re-
pair operators are: (i) truck greedy insertion, which reinserts each removed
customer at the least-cost position; (ii) truck random insertion, which uses
randomly selected feasible positions; and (iii) LDR 1/LDR 2 (Mara et al.,

2022), which insert a customer at a stage minimizing 7., ¢, or (I

Type 2: Mixed truck—drone group. This group simultaneously modifies the
truck route and drone sorties, enabling broader structural changes than
truck-only modifications. The destroy operators are: (i) mized block re-
movwal, which removes truck customers in a selected route interval [i, j] and
any drone sortie whose interval [lg,r4] intersects [i, j]; and (ii) mized out-
lier removal, which removes a randomized subset of farthest customers from
the depot, together with adjacent truck customers and any affected drone
sorties. The repair operators are: (i) mized block repair, which recon-
structs the affected segment using nearest-neighbor truck insertion followed
by greedy drone insertion; and (ii) mized outlier repair, which reinserts re-
moved customers in decreasing depot-distance order and decides whether
each customer is better restored on the truck route or a drone sortie.
Together, these two groups provide a structured mechanism for diversi-
fication while avoiding conflicts between truck and drone decisions. Their

combined effect enables large solution modifications before the local search.

4.4. Local search

The purpose of the local search phase is to intensify the exploration of the
solution space by exhaustively examining a set of neighborhood structures

specifically designed for the FSTSP. Six move types are considered: Add

11



Drone (AD), four variants of Swap Drone (SD1-SD4), and Remove Drone

(RD). Local search follows a deterministic and cyclic sequence of moves:
AD — SD1 — SD2 — SD3 — SD4 — RD,

after which the sequence restarts from AD.

For each move in this sequence, the corresponding neighborhood is ex-
haustively explored in a best—first search manner. Notice that all candidate
moves of the current type are evaluated in O(1) (see Appendix A), and
the move that provides the best improvement is immediately applied. The
search with the current move continues until no further improvement from
the same move can be found. At that point, the algorithm advances to
the next move in the sequence. When the RD operator has been fully ex-
plored and no additional improvement is possible, one full cycle has been

completed. The local search will be terminated after two full cycles.

Mowe definitions. Six neighborhood moves used during local search are pre-
sented below. Each move operates on the current solution structure and is

illustrated in Figure 2.

1. AD (Add Drone). This move removes a customer from the truck route
and creates a new drone sortie to serve that customer. The launch
and recovery stages of the new sortie are selected from the truck route
such that the new sortie does not overlap with any existing sortie. The
launch and recovery stages of the existing sorties remain unchanged.

2. SD1 (Swap two drone customers). This move exchanges the drone-
served customers of two distinct sorties while preserving the original
launch and recovery stages of both sorties (and thus the truck route).

3. SD2 (Shift a shared stage). This move applies to two consecutive
sorties such that the recovery stage of the first sortie coincides with the
launch stage of the second sortie. It shifts this shared stage to another
feasible stage on the truck route, thereby modifying the recovery stage

of the first sortie and the launch stage of the second sortie.

12
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Figure 2: Illustration of the original solution and six local-search moves. Solid arcs denote
truck movements and dashed arcs denote drone sorties: (a) Current solution, (b) AD
creates a sortie for vr; (c) SD1 swaps drone customers v4 and vs; (d) SD2 shifts the shared
stage from vy to vg; (e) SD3 swaps launch/recovery nodes v1 and vs; (f) SD4 swaps truck
customer v; with drone customer v4; and (g) RD reinserts drone customer vs into the
truck route.

4. SD8 (Swap launch and recovery truck customers). This move swaps
the truck customers located at the launch and recovery stages of the
same sortie. As a result, the local truck-route structure is modified,
and the corresponding sortie is updated accordingly.

5. SD4 (Swap a truck customer and a drone customer). This move swaps
the drone-served customer of a sortie with either its launch-stage cus-
tomer or its recovery-stage customer. Consequently, one customer
changes from drone service to truck service, while the other changes
from truck service to drone service.

6. RD (Remove Drone). This move removes an existing drone sortie and
reinserts its drone-served customer into the truck route. The removed

sortie is deleted, while others preserve their launch and recovery stages.

For each candidate move, we compute the objective variation in constant

time, rather than recomputing the full value from scratch. The detailed

13



derivations for local-search moves are provided in Appendix A.

4.5. Speeding up Local Search with Static Move Descriptors

To reduce repeated evaluations in local search, we incorporate a lightweight
Static Move Descriptor (SMD) mechanism, originally introduced by Zachari-
adis and Kiranoudis (2010) and later adapted in routing algorithms such as
FILO (Accorsi and Vigo, 2024). The key idea is that a local-search move
usually modifies only a small part of the solution; hence, most candidate
moves remain unchanged after an accepted move and do not need to be
re-evaluated (Beek et al., 2018).

In our ALNS, SMD is applied to the SD1 neighborhood, which is the
most time-consuming local-search move. Each descriptor stores the two
sorties involved in the swap and the corresponding precomputed objective
variation Agpi. At the beginning of the SD1 search, all candidate moves
are evaluated once, and only improving moves are kept in an active list.
When the best descriptor is applied, descriptors that conflict with it, i.e.,
those involving affected sorties, are removed and re-evaluated. Unaffected
descriptors are retained without recomputation.

This implementation uses a simple linear container rather than special-
ized data structures. Although this does not change the worst-case complex-
ity, it substantially reduces unnecessary move evaluations in practice while

preserving the simplicity of the proposed local-search framework.

5. Computational Experiments and Analysis

To guide the computational study, we formulate seven research questions
covering the main aspects of the proposed ALNS which aim to evaluate its
competitiveness, the contribution of key algorithmic components, the effect

of drone speed, and the robustness of the algorithm across independent runs.

e RQ1. How competitive is the proposed ALNS in solution quality and
runtime? We compare ALNS with the state-of-the-art algorithms
MD-SPP-H (Schaumann et al., 2025), HGA-TAC (Mahmoudinazlou
and Kwon, 2024), EP-All (Agatz et al., 2018), and SPP-All (Kundu

14



et al., 2022) to assess its solution quality and computational time

across different customer distributions and instance sizes.

RQ2. What is the contribution of each algorithmic component? We
investigate the marginal contribution of each component of the pro-
posed algorithm through an ablation study, focusing on the local search

phase and different operator groups.

RQ3. How effective is the Static Move Descriptor mechanism? We
evaluate SMD by comparing local search time, and overall ALNS run-

time, with and without this mechanism.

RQ4. Why is the two-cycle local search configuration adopted? We
explain the choice of the two-cycle setting by comparing different local

search cycle configurations in terms of solution quality and runtime.

RQ5. What is the impact of the dynamic penalty mechanism? We
evaluate whether allowing controlled exploration of infeasible solutions
improves the search performance compared with a strict feasible-only

strategy.

RQ6. How does drone speed affect the cost-saving performance of the
proposed ALNS? Using equal truck and drone speeds as the baseline,
we analyzes how the benefit obtained by ALNS changes when the

drone becomes faster relative to the truck.

RQ7. How robust is the proposed ALNS with respect to different inde-
pendent runs? We assess the stability and robustness by comparing
repeated-run objective values with the best value found for each in-

stance and reporting the proportions within several tolerance levels.

We use the 234 benchmark instances of Agatz et al. (2018), which are

widely adopted in the truck—drone routing literature. These instances con-

tain 50 to 500 customers under three spatial distributions: uniform, single-

center, and double-center. For benchmark comparisons, we use the 150
instances with 50, 75, 100, 175, and 250 customers, with 10 instances for

15



each size—distribution combination. The remaining 84 instances with 375
and 500 customers are reported as additional references for future studies.
Travel times are based on Euclidean distances, drone endurance is set to
20, 40, or infinity, and launch/recovery service times are omitted, following
Agatz et al. (2018). All experiments were conducted on Ubuntu 24.10 with
a 13th Gen Intel(R) Core(TM) i5-13500 CPU and 62 GB RAM, using a
single CPU core. The algorithm was implemented in C++ and built us-
ing CMake 3.30.3. ALNS and dynamic-penalty parameters are reported in
Appendix B. The complete computational results are reported in the Sup-
plementary Material.

Since ALNS, MD-SPP-H, and HGA-TAC are stochastic, each was run
independently 10 times per instance. We record the best and average ob-

jective values over the 10 runs, denoted by zPest

and z, respectively. For
each benchmark method Z, the best- and average-objective gaps of ALNS

are defined as

best best z z
Z -z ZALNS — 2Z
Abest — 100 x ZALNS — 27 (gy - AWE _ g0 x SAKNS T 22 g7
Z Z%est ’ Z A

For each distribution—size group Z, we report the corresponding averages
_ 1 7 1
best __ best avg __ avg
AY _EZAZ , A% _E'ZAZ :
T T

When the benchmark method or variant is clear from the column group,
the tables report these values simply as AP®t and A2ve,

To assess robustness across ALNS runs, let z;. be the objective value

best

from run r on instance 4, and let z; = min, z; be the best value found

over the 10 runs. We define

_ Zbest

Zir i
AZT =100 x W
i

For a tolerance level €, we report
1 .
ple) = TR {(i,7) : Ay <€},
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where R = 10 is the number of runs per instance. Thus, p(1%), p(2%), and
p(5%) are the fractions of runs within 1%, 2%, and 5% of the best value

found for the corresponding instance.

5.1. Comparative performance against benchmark algorithms - RQ1

To answer the RQ1, we report comparative results for unlimited drone
endurance (DTL = o), finite endurance (DT'L = 20 and DTL = 40). We
also report the computation results for large-scale instances with 375 and

500 customers.

5.1.1. Results under unlimited drone endurance (DTL = co)
Tables 1 and 2 compare ALNS with MD-SPP-H, HGA-TAC, EP-All,
and SPP—AIll in solution quality and runtime under DT L = oo.

Table 1: Average gap comparison between the proposed ALNS and benchmark algorithms
by customer distribution and instance size.

Distribution n MD-SPP-H | HGA-TAC EP-All SPP-All
Zbest Zavg Zbest Zavg Zbest Zavg Zbest Zavg

Uniform 50 | -5.78 -6.09| -7.78 -8.71|-10.04 -9.34| -9.77 -9.07

Uniform 75 | -3.46 -3.73| -7.72 -8.17| -9.07 -7.97| -8.56 -7.46

Uniform 100 | -3.69 -4.83| -8.19 -8.87|-10.08 -9.28| -9.34 -8.54
Uniform 175 | -2.63 -3.35| -6.49 -6.66| -7.31 -6.10| -6.62 -5.39
Uniform 250| -2.78 -291| -6.18 -6.05| -5.32 -4.07| -4.95 -3.68

1-center 50 | -1.66 -2.36| -5.33 -6.47| -6.34 -5.70| -4.95 -4.29
1-center 75 | -1.76 -3.06| -7.20 -8.08| -7.77 -6.91| -5.75 -4.87
1-center 100| -2.25 -3.32| -7.40 -8.51| -7.19 -6.37| -6.74 -5.89
1-center 175] -2.86 -3.72| -7.70 -8.11| -4.98 -3.82| -3.81 -2.62
1-center 250| -2.69 -2.88| -6.15 -6.19| -4.04 -2.98| -3.24 -2.16
2-center 50 | -4.32 -4.85| -7.22 -8.00| -8.76 -8.24| -8.65 -8.12
2-center 75 | -4.49 -4.88| -7.97 -9.17| -8.87 -7.69| -8.68 -7.52
2-center 100| -4.76 -5.39| -8.98 -9.54| -8.29 -7.20| -7.42 -6.36
2-center 175] -3.34 -2.79| -9.17 -7.87| -6.91 -4.18]| -6.51 -3.74
2-center 250 -3.79 -2.37| -8.68 -7.18| -5.43 -2.86| -4.51 -1.91

Note: Gap values are percentages. Negative values indicate that ALNS obtains a lower
objective value than the corresponding benchmark algorithm.

ALNS consistently achieves better solution quality across all distribution—
size groups and against all benchmark algorithms, both in best and average

objective value. Over all tested groups, the average best-objective gaps are
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—3.35%, —7.48%, —7.36%, and —6.63% against MD-SPP-H, HGA-TAC,
EP-All, and SPP-AIll, respectively; the corresponding average-objective
gaps are —3.77%, —7.84%, —6.18%, and —5.44%. The gains are especially
pronounced relative to HGA-TAC, EP-AIl, and SPP-AIL

Table 2: Average running time comparison between the proposed ALNS and benchmark
algorithms by customer distribution and instance size.

Distribution n ALNS MD-SPP-H HGA-TAC EP-All SPP-All
Uniform 50 7.45 4.81 5.00 2.29 0.04
Uniform 75 16.24 24.18 9.24 11.37 0.23
Uniform 100 26.49 71.50 13.42 52.75 1.28
Uniform 175 77.23 489.14 38.94 623.45 11.37
Uniform 250 | 179.49 1397.54 73.80 3158.70 43.39
1-center 50 8.48 7.00 5.39 2.32 0.07
1-center 75 18.39 32.82 10.25 12.27 0.23
1-center 100 31.15 102.60 15.86 56.97 1.15
1-center 175 95.52 662.78 36.28 809.47 8.21
1-center 250 | 201.13 1528.56 66.59 2979.01 50.13
2-center 50 8.49 6.96 4.74 2.72 0.44
2-center 75 16.91 31.53 8.92 13.79 0.72
2-center 100 30.31 87.17 13.79 42.94 2.11
2-center 175 90.40 714.70 26.83 602.90 20.50
2-center 250 | 209.59 1558.63 36.10 2905.77 95.31

Note: Runtime values are average computational times in seconds over the instances in
each distribution—size group.

In runtime, HGA-TAC and SPP-AIl are generally faster than ALNS,
but they deliver worse solution quality across all tested groups. In con-
trast, ALNS becomes substantially faster than MD-SPP-H and EP—-AIl on
medium and large instances; for n > 100, it is faster than both methods in
every distribution. On 250-customer instances, MD-SPP—H requires about
1,300 seconds and EP—AIl nearly 3,000 seconds, whereas ALNS remains be-
low 210 seconds. Overall, ALNS offers the best quality—runtime trade-off

among the compared methods.

5.1.2. Results under finite drone endurance (DTL =20 and DTL = 40)
We next evaluate ALNS under finite drone endurance, DT L = 20 and
DTL = 40. Figure 3 compare ALNS with MD-SPP-H and HGA-TAC
adapted to these settings.
The proposed ALNS handles endurance-constrained truck—drone syn-

chronization much more effectively than HGA-TAC. Across almost all tested
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Figure 3: Comparison with external baselines across three instance distributions: uniform,
single-center, and double-center.

groups, ALNS consistently outperforms HGA-TAC by a very large margin.
For DTL = 20, the average best-objective gaps against HGA-TAC range
from —20% to —25% across all distributions and instance sizes. Similarly,
for DTL = 40, the average best-objective gaps remain around —19% to
—24%. The corresponding average-objective gaps show a similar pattern.
Compared with MD-SPP—H, the improvement is smaller but still gener-
ally positive. For the uniform instances, ALNS consistently achieves nega-
tive gaps under both DT'L = 20 and DT L = 40, with average best-objective
improvements typically between —3% and —6%. The gains are smaller on
the single-center instances and become mixed for some large double-center
instances. For example, on the 2-center instances with n = 250, the aver-
age best-objective gaps become slightly positive. This suggests that these
tightly clustered spatial structures combined with finite drone endurance
create particularly difficult synchronization patterns for the search process.
Overall, ALNS remains highly competitive under finite-endurance con-

straints.

5.1.3. Results on large-scale instances (n = 375 and n = 500)

Table 3 reports ALNS performance on large-scale instances with n = 375
and n = 500. The average gap p remains small at 1.81% for n = 375 and
1.76% for n = 500, indicating stable performance across repeated runs.

These results suggest that ALNS scales well to instances with a large
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Table 3: Summary of ALNS performance on large-scale instances with n = 375 and
n = 500.

n  Distribution #lInst. Time (s) ZPest z p (%)
375 1l-center 14 603.2 1603.95 1624.59 1.29
375  2-center 14 596.0 2202.32 2266.74 2.92
375  Uniform 15 517.9  961.48  973.46 1.25
375  Overall 43 571.1 1574.65 1606.53 1.81
500 1-center 10 1522.1 1891.52 1918.65 1.43
500 2-center 10 1395.3 2624.00 2688.21 2.46
500 Uniform 11 1318.4 1111.46 1127.35 1.43
500 Overall 31 1408.9 1851.01 1886.11 1.76

Note: z°** and z denote the best and average objective values over repeated ALNS
runs, respectively. The value 5 is the average relative deviation between Z and zP*st
within each instance group; it measures run-to-run stability rather than a comparison
gap against another algorithm.

number of nodes. Although runtime increases with instance size, the small
gap between the best and average objective values indicates limited sensi-
tivity to randomization and reliable performance on large-scale truck—drone

routing problems.

5.2. Ablation analysis of algorithmic components - RQ2
Table 4 addresses RQ2 by comparing the full ALNS with three reduced

variants: without local search, without the truck-only operator group, and
without the mixed truck—drone operator group. The gaps are computed
relative to the full ALNS, so a positive value indicates worse solution quality
after removing the corresponding component.

The results show a clear hierarchy among the algorithmic components.
Local search is the dominant contributor: removing it increases the best
objective value by 24.61% on average and the average objective value by
27.63%. This confirms that local search is the main intensification mecha-
nism of ALNS, especially on large instances.

The truck-only operator group provides the next largest contribution.
Removing it increases the best and average objective values by 3.54% and

4.21%, respectively, with a consistent effect across almost all distribution—
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Table 4: Ablation study: comparison between the full ALNS and variants with removed
components

Distribution 1 %{_gs{docal Sezazskgl %{)ce»stTruck only Gg;l‘llg %{_gsi\/hxed Gg;l‘llg
Uniform 50 | 15.67 18.92 2.87 3.88 1.01 2.03
Uniform 75 | 19.93 25.00 3.81 4.02 1.72 2.35
Uniform 100 | 29.17 32.47 3.98 5.04 1.55 2.63
Uniform 175 | 36.69 38.10 3.77 4.35 1.80 2.69
Uniform 250 | 39.11 39.38 4.22 5.19 1.30 1.79
1-center 50 | 10.88 13.63 3.36 4.51 1.03 1.78
1-center 75 | 16.75 19.78 2.58 2.96 1.29 1.89
1-center 100 | 21.60 24.13 2.76 3.68 0.96 1.76
1-center 175 | 28.42 31.62 3.35 4.06 0.69 0.69
1-center 250 | 33.50 34.53 2.80 4.17 0.43 1.03
2-center 50 | 13.28 16.46 3.53 4.64 0.65 1.54
2-center 75 | 14.55 19.79 3.19 3.48 0.63 1.55
2-center 100 | 22.28 29.33 4.06 4.96 1.11 2.25
2-center 175 | 32.41 34.52 4.50 3.78 1.62 2.34
2-center 250 | 34.88 36.86 4.38 4.42 1.62 2.30
Overall — 24.61 27.63 3.54 4.21 1.16 1.91

Note: Gap values are percentages and are computed relative to the full ALNS. A positive
value indicates that removing the corresponding component worsens the solution quality.

size groups. This indicates that truck-only modifications remain important
for reaching high-quality solutions.

The mixed truck—drone operator group has a smaller but still positive
effect. Removing it worsens the best and average objective values by 1.16%
and 1.91%, respectively, indicating a useful additional contribution to diver-
sification and coordination. So overall, the ablation study supports keeping

all three components in the final ALNS framework.

5.8. Impact of Static Move Descriptors on runtime - RQ3

Figure 4 addresses RQ3 by evaluating the computational contribution
of the Static Move Descriptor mechanism at two levels. Speedup is defined
as the runtime without SMD divided by the runtime with SMD, so values
above one indicate a reduction in computational time.

Figure 4(a) reports the speedup for the SD1 local-search operator alone.
We compare move-evaluation time with and without SMD. SMD already

yields a speedup of about 2 on 50-customer instances, increasing to roughly
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Figure 4: Speedup impact of SMD in SD1-only and ALNS overall with instance size n

6-8 on larger instances. The increase is approximately linear with instance
size, which is clearly visible in Figure 4(a). This indicates that SMD is
especially effective when repeated move evaluations become more expensive.

Figure 4(b) reports the overall speedup of the complete ALNS algorithm.
Although the effect is smaller than for SD1 alone, the speedup remains above
one for all tested instance sizes, showing that the local acceleration from

SMD translates into a meaningful reduction in total ALNS runtime.

5.4. Why is the two-cycle local search configuration adopted - RQ4
Table 5 addresses RQ4 by comparing one-cycle, two-cycle, and three-

cycle local search configurations, using the two-cycle setting as the reference.

The two-cycle configuration consistently outperforms the one-cycle con-
figuration in both best and average objective value. This indicates that a
single local search cycle is insufficient to fully exploit the neighborhoods,
whereas a second cycle provides useful additional refinement. The improve-
ment is moderate but systematic across all customer distributions and in-
stance sizes.

The comparison between two-cycle and three-cycle configurations is mixed.
The three-cycle configuration occasionally obtains slightly better solutions,

but the differences are small and inconsistent, while runtime increases no-
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Table 5: Comparison of one-cycle, two-cycle, and three-cycle local search configurations

Distribution  n %ﬁzsctle vs. l—g/:‘/lg %(;Zsctle vs. 3—9/;1: Average runtime (s)
A A A A l-cycle 2-cycle 3-cycle
Uniform 50 | -0.29 -0.34| 0.16 0.13 5.08 7.45 9.55
Uniform 75 | -0.80 -0.49| -0.08 0.09] 10.78 16.24 20.29
Uniform 100| -0.14 -0.49| -0.06 -0.05| 17.82 26.49 34.15
Uniform 175| -0.38 -0.54| 0.35 0.23| 54.13 77.23 103.63
Uniform 250 | -0.50 -0.52| -0.03 0.14| 119.23 179.49 223.88
1-center 50 | -0.36 -0.27| -0.06 0.12 5.69 8.48 1091
1-center 75 | -0.52 -0.60 | 0.08 0.04| 12.16 18.39 2241
1-center 100 | -0.52 -0.86 | -0.05 -0.02| 20.15 31.15 39.06
1-center 175 | -0.44 -0.51| 0.34 0.34| 63.59 95.52 117.87
1-center 250| -0.62 -0.81| 0.74 0.28 | 136.82 201.13 243.70
2-center 50 | -0.28 -0.52 | 0.10 0.09 5.36 8.49 10.21
2-center 75 | -0.27 -0.46| 0.15 0.01] 10.75 16.91 21.75
2-center 100 | -0.74 -1.64 | -0.22 -0.53| 19.44 30.31 36.67
2-center 175| -0.50 -0.90| 0.03 0.36| 60.01 90.40 112.07
2-center 250 | -0.41 -1.29| 0.06 -0.09| 142.26 209.59 247.16

Note: Gap values are percentages. A negative gap means that the two-cycle
configuration obtains a lower objective value than the compared configuration. The
two-cycle configuration is used as the default setting.

ticeably, especially on large instances. Thus, the potential benefits of a third
cycle do not justify its additional computational cost.
Overall, the two-cycle configuration provides the best balance between

solution quality and runtime and is therefore used as the default setting.

5.5. Impact of the dynamic penalty mechanism - RQS5

To assess the contribution of the dynamic penalty mechanism, we com-
pare the proposed ALNS_dynamic_penalty with ALNS_bigM_penalty, which
uses a fixed large penalty value. This mechanism is relevant only for finite
drone endurance settings, DT'L € {20, 40}, since no endurance violation can
occur when DT'L = oo.

These results show that the dynamic penalty mechanism is an impor-
tant part of the proposed ALNS framework. Compared with a fixed big-M
penalty, it enables controlled exploration of promising infeasible solutions
early in the search while progressively steering the search toward feasibility.
This is especially valuable when endurance and synchronization constraints

interact strongly.
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Table 6: Average performance gaps of ALNS_dynamic_penalty relative to
ALNS_bigM_penalty in percentages. Negative values indicate improvements.

5 G

Instance class DTL #Inst. APt A™E
Single-center 20 50 —=5.00 —7.92
Single-center 40 50 —=7.50 -—12.34
Double-center 20 50 —14.30 —25.36
Double-center 40 50 —22.12 —-30.88
Uniform 20 50 —28.60 —37.84
Uniform 40 50 =746 —23.00
Overall - 300 —14.16 —22.89

o
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Figure 5: Impact of drone speed on cost savings.

5.6. Impact of drone speed - RQ6

The relative speed of the drone compared to that of the truck is an
important factor influencing the achievable cost savings. Using the case of
drone speed ratio equal to 1 as the baseline, Figure 5 reports the mean
cost savings achieved when the drone speed is increased to twice and three
time the truck speed. For DTL = 20, increasing the drone speed to a ratio
of 2 yields cost savings ranging from 23.3% to 28.5%, while a speed ratio
of 3 further increases to between 33.6% and 37.8%. For DTL = 40, we
notice that the savings decrease gradually as the instance size increases.
The savings range from from 25.2% to 18.8% for speed ratio 2, and from
33.7% to 27.4% for speed ratio 3.

When DTL = oo, the cost savings become more stable across different
instance sizes. In this setting, the speed ratio of 2 provides savings of ap-

proximately 18.5%-19.2%, whereas the speed ratio of 3 achieves savings of
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approximately 27.3%-28.1%. These results show that increasing the drone
speed consistently improves the cost-saving performance. However, the ad-
ditional benefit from increasing the speed ratio from 2 to 3 is moderate.
This suggests diminishing marginal returns from drone speed improvement,
which is likely due to the synchronization requirement. Once the drone be-
comes sufficiently fast, it may have to wait more frequently for the truck,

limiting the additional savings obtained from further speed increases.

5.7. Robustness of the algorithm with respect to different runs - RQ7

Table 7 reports the dispersion of ALNS across 224 benchmark instances
and 2240 runs under DTL = oo, including instance sizes up to n = 500.
Overall, 48.44% of the runs are within 1% of the best value found for their
instance, 78.35% are within 2%, 90.85% are within 3%. The results indicate
that ALNS remains stable across independent runs, with 96.03% of all runs
falling within 5% of the per-instance best value.

The robustness pattern differs across spatial distributions. The single-
center instances are the most stable, reaching 86.49% within 2% and 100.0%
within 5%. Uniform instances also show strong stability, with 96.45% of
runs within 3% and 99.87% within 5%. The double-center instances are
more dispersed, with a maximum observed gap of 15.32%. Nevertheless,
even for this most difficult distribution, 97.97% of the runs remain within
10% of the best solution found. The results confirm the robustness and

stable performance of the proposed algorithm across independent runs.

Table 7: Dispersion of ALNS across independent runs under unlimited drone endurance

Distribution  p(1%) p(2%) p(3%) p(5%) p(10%) A™* (%)

Uniform 4711 79.74  96.45 99.87  100.00 5.66
1-center 52.16 86.49 97.57 100.00 100.00 4.50
2-center 46.08 68.78 78.38  88.11 97.97 15.32
Overall 48.44 7835 90.85 96.03 99.33 15.32

Note: Each value gives the percentage of ALNS runs whose objective value is within the
corresponding tolerance of the best value found by ALNS for the same instance over 10
independent runs. A™** denotes the maximum gap to that per-instance best value.
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6. Conclusion

This paper propose an Adaptive Large Neighborhood Search Algorithm
to solve the Flying Sidekick Traveling Salesman Problem. Compared to
the state-of-art algorithms, our ALNS consistently achieves better solution
quality at the aggregated level, both in terms of the best solution obtained
over repeated runs and in terms of the average solution quality across all
distribution—size groups. We notice that the magnitude of the improve-
ment varies across customer distributions, depending on the benchmark al-
gorithms. Overall, the proposed framework is robust across different spatial
structures and is not limited to a specific distribution.

Regarding computational time, our proposed solution achieves a favor-
able trade-off between solution quality and computational time. While some
benchmark algorithms are faster, their speed comes at the expense of no-
ticeably worse solution quality. Conversely, the methods that are closer in
solution quality, require much longer computational times on large instances.
Thus, our ALNS provides a competitive and scalable alternative for FSTSP.

We further test our ALNS solution on multiple large-scale instances.
Overall, the algorithm remains stable on these large instances, with small
gaps between the average best objective value and the average objective
value. These small gaps indicate that the algorithm is robust across repeated
runs, even when the number of customers increases to 500.

We also perform ablation analysis to clarify the algorithmic contributions
of different components of our ALNS framework and further validate the
benefits of SMD integration and the dynamic penality mechanism in our
solution. In the end, our proposed ALNS provides an effective tool to address
FSTSP. We also believe that this framework can be successfully extended
for other challenging problems, such as TSP-D with multiple drops.
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Appendix A. Move Evaluation

Each neighborhood operator modifies either the truck route, the set of

drone sorties, or both. To support efficient neighborhood exploration, we
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evaluate the objective variation of every candidate move in O(1) time after
an O(n) preprocessing step on the current solution.

More precisely, once a solution is fixed, we precompute: (i) the truck
travel time between any two truck stages, so that 6;; can be queried in
constant time for any pair of stages i < j; (i) the drone travel time 6. of
each sortie s; and (iii) the constant-time references needed to identify the
few sorties that may be affected by a local modification, such as the sortie
covering a given truck stage or the sorties immediately adjacent to a given
sortie. Therefore, each move only changes a constant number of truck arcs
and a constant number of sortie-delay terms.

For convenience, we use the following local truck-route primitives through-

out this section. Removing the customer at truck stage k£ induces the change

rm ___ o _
o = Tep—1ckp1 — Teg—1ce — TenCrygr -

Inserting a customer x between truck stages ¢+ — 1 and ¢ induces the change
5?8(%) = Teimx T Tae; — Teioaeir

When needed, a direct truck-route change can be written as a combination

of one removal term and one insertion term, in that order.

Definition 1 (delay function). Let 0., and 0’ be the truck and drone travel
durations, respectively, between the launch stage I; and the recovery stage

rs of a sortie s. The delay contribution of sortie s is
D(0l57'37 0.’8) = [0; - els'rs:l+ + A[I-rla')({glsrs’ 0;} - Dd]+ (Al)

Proposition 1 (change in delay under perturbations). Let At, At' € R be the

changes in truck and drone travel durations of a sortie s. The corresponding
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change in its delay contribution is

w(s, At,At") = D(0,,,, + At, 0, + At') — D(6,,.,,0".).

= [0+ A — (O, + AOIT = [0 — O] (A.2)
—%—)\([IIIF:LX{Q‘/9 + At/, 0. + At} - Dd]+ — [maX{O;, 0;575} — Dd}+> .

sTs

For convenience, let cover(k) denote the unique sortie whose launch—
recovery interval contains truck stage k, when such a sortie exists. Similarly,
let prev(s) and next(s) denote the sorties immediately before and after s that
share its launch or recovery stage, respectively, when such sorties exist.

We now apply Proposition 1 to the six neighborhood moves.

AD mowve. This move removes the truck customer at stage k and creates a
new drone sortie with launch stage ki and recovery stage ks.
Objective change. Axp = 5+ ANP+D (Gp,i, + BAD, 4, 7y o, + Thyey, )

where

w(cover(k),6;™,0), if cover(k) exists,

AD __
A = _
0, otherwise,
BAD  _ Witk <k < ko,
ki,k,ko —

0, otherwise.

Interpretation. The term d; is the truck shortcut after removing cj. If
stage k lies inside another sortie interval, its truck duration is updated by
A‘,/;\D. The last term is the delay of the new sortie, with truck duration
adjusted by BkAI]?k',kZ when k1 < k < ko. Hence App is evaluated in O(1).

SD1 move. The SD1 operator exchanges the drone-served customers of two
distinct sorties u and v while keeping their launch and recovery stages un-

changed. Let u = (cy1, Cu2, Cu3), v = (1, Cp2, Cu3)-
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Objective change. Define

r
AU—TCMCM + T L — T

Cy2Cy3 Cul1Cu?2 Cu2Cu3’
A | / ! /
Av = Tepicun + Teuaces Tevicwe Teyaces

Then Agpy = w(u,0,Al) + w(v,0,Al).
Interpretation. SDI1 leaves the truck route unchanged and only updates
the drone durations of sorties u and v. Hence Agp; is the sum of two delay

updates and is computed in O(1) time.

SD2 move. The SD2 move applies to two consecutive sorties u and v with
v=wu+1 and r, = l,. The move shifts their shared truck stage to a new
feasible stage k, with I, < k < r,. Before the move, u = (¢y1, cy2, cu3), v =
(Cu1, Co2, Cp3), Where cy3 = c¢y1. After the move, the updated sorties are
v = (cu1, Cu2, k), V' = (Ck, Cv2, Cp3). The truck- and drone-duration changes

. o / _ o
are Aty =0, — 01,0, AL, =T, T, Aty = Oy, —O1yr,, A, =T,

u2Ck ' Cu2Cy3) KCv2

/
Cyl1Cy2°

Objective change. Agps = w(u, Aty, Al) + w(v, At,, Al).
Interpretation. SD2 changes the shared truck stage between two consec-
utive sorties. Each sortie may therefore change its truck duration and one
drone arc. No other part of the solution is affected, so the move is evaluated
in O(1) time.

SD3 move. The SD3 move swaps the launch-stage customer and the recovery-
stage customer of the same sortie s. Let [ = s and r = r, and let the original
sortie be s = (¢, ¢s2, ¢ ). After the move, the sortie becomes s’ = (¢, ¢s2, ¢;).
Objective change. The objective variation is decomposed into four terms:

ASDZ’) — A§£3+W(S,At§D3,A;’SD3) —|—ASD3 —|—ASD3

prev next -

The direct truck-route contribution is

D e (O ifr—1=1,

ST 4 65 () 4 605(¢)) — Tey_yepaqs T —1> 1.
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The truck- and drone-duration changes of sortie s are

sD3 Tere; — Teyers ifr—I01=1,
ASP3 —
Tercita + Ter—1cp = Teerpr — Ter—1cm ifr—1> 17
1,SD3 _ 1 / ! !
As = Tercos + Teoacr Teress Teoaer®

The additional adjustment for a previous neighboring sortie is

, p . .
D3 _ w(prev(s), Terver — Ter_vcrs Teppe, — Tcp2cl) , if prev(s) exists,

prev .
0, otherwise,

where ¢y denotes the drone-served customer of prev(s). The additional

adjustment for a next neighboring sortie is

/ , . :
w(NEX(S), Tejer 1 = Terersts Tegens — Tenenn) » AL NEXE(s) exists,

ASD3 _

next — .
0, otherwise,

where c¢,2 denotes the drone-served customer of next(s).

Interpretation. SD3 removes ¢, from stage r and inserts it at stage [;
when r — [ > 1, customer ¢; is then inserted at stage r. The same swap
also changes the truck and drone durations of sortie s. If the launch or
recovery stage is shared with a neighboring sortie, that sortie is updated as

well. Hence the move is evaluated in O(1) time.

SD4 move. The SD4 move swaps the drone-served customer of a sortie with
either its launch-stage customer or its recovery-stage customer. We present
the launch-stage case; the recovery-stage case follows symmetrically. Let s
be the considered sortie, with launch stage | =[5 and recovery stage r = r;.
Before the move, s = (¢, ¢s2, ¢ ), and after swapping ¢; with cs2, the updated
sortie becomes s’ = (cs2, ¢, ¢ ).

Objective change. The objective variation of the launch-stage case is

SD4,L SD4,L. 1,SD4,L, SD4,L.
ASD4,L = Atrk + w(s, Ats ) As ) + Aprev .
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The direct truck-route contribution is A§£4’L = 0™ + 61"(cy2). The truck-
and drone-duration changes of sortie s are

SD4,L.
AtZ7H = Tesacipr — Teeryrs

1,SD4,L __ 1 P o
As - TCSQCZ + TClCT Tclcs2 TC52CT"

The additional correction for a previous neighboring sortie is

, / . .
SDAL _ w(prev(s),7'01_1882 = Ter_vcis Tepacss — Tcp26l> , if prev(s) exists,

prev

A

0, otherwise,

where c,2 denotes the drone-served customer of prev(s).

Interpretation. SD4 removes ¢; from stage [ and inserts cso at the same
stage. It also changes the truck and drone durations of sortie s, and it may
affect one previous neighboring sortie if that sortie recovers at stage . Hence

the move is evaluated in O(1) time.

RD move. The RD move removes an existing drone sortie s and reinserts its
drone-served customer into the truck route. Let s = (cs1, ¢s2, ¢s3), Where cg2
is the customer currently served by the drone. Suppose that cso is inserted
between truck stages kK — 1 and k.

Objective change. The objective variation is Agp = —D(0,,,,,0,) +
§i05(cg9) + ARP | where

ARD w(cover(k), 6i5(cg2),0), if cover(k) exists and cover(k) # s,
k =
0, otherwise.

Interpretation. The first term removes the delay contribution of sortie s;
the second inserts cgo back into the truck route. If the insertion position lies
inside another sortie interval, its truck duration is updated by AED. Hence

ARgp is evaluated in O(1) time.
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Appendix B. Algorithm and Penalty Parameter Settings

The ALNS parameters are listed in Table B.8 and Table B.9. Settings
in Table B.8 largely follow Mara et al. (2022), with minor adjustments to

the final temperature and destroy ratio.

Table B.8: ALNS parameter configuration

Parameter Description Value

T Initial temperature 200

T Final temperature 10

Q@ Cooling rate 0.99999

BZ Boltzmann constant 0.1
Q1,9,03,Q4  Weight rewards 0.13,0.15,0,0

A Initial penalty coefficient 1

N Decay parameter 0.9

f Destroy ratio Random in [0.25,0.75]

Table B.9 reports the initial ranges and the calibrated values (tuned by
irace) used in the final experiments for the dynamic penalty mechanism:
update interval, target proportion of feasible candidate solutions, penalty
increase factor, and penalty decrease factor. The tuning budget was set to
10,000 algorithm runs on a single machine. The training set was derived from
the benchmark instances used in the main experiments. For each instance,
four additional perturbed instances were generated. In each perturbed in-
stance, every customer coordinate (z,y) was independently multiplied by
a random factor sampled uniformly from [0.9,1.1]. Only the perturbed in-
stances were shuffled before being passed to irace. During tuning, the
algorithm seed was fixed to isolate the effect of the penalty parameters from

stochastic variation in the search.

Table B.9: Dynamic penalty parameters calibrated by irace

Parameter Description Initial range Selected value
I, Penalty update interval (10, 500) 300
pr Target feasible proportion  (0.05,1.00) 0.1
nt Penalty increase factor (1.05,2.00) 1.2
n- Penalty decrease factor (0.50,0.95) 0.8
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