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Abstract

Urban unmanned aerial vehicle (UAV) logistics systems require routing algorithms that
can balance delivery efficiency and operational safety under complex physical and envi-
ronmental constraints. However, existing multi-objective routing methods often show
limited adaptability when the search landscape changes during optimization. In particu-
lar, conventional ant colony optimization (ACO) algorithms usually rely on fixed phero-
mone update rules, which may lead to premature convergence, uneven Pareto front dis-
tributions, and pheromone-induced search stagnation. To address these limitations, this
paper proposes a Sliding-Window Adaptive Multi-Strategy Ant Colony Optimization
(SW-MSACO) framework for complex urban UAV delivery routing. First, a Complex
Multi-objective Urban Routing Problem (CMURP) is formulated by jointly considering
cumulative delivery lateness and safety risk under payload and nonlinear battery energy
constraints. Second, a multi-strategy pheromone evolution pool is designed to provide
complementary search behaviors for convergence acceleration, safety-efficiency balancing,
and Pareto front diversity preservation. Third, a Sliding-Window Adaptive Strategy Se-
lection (SW-ASS) mechanism is introduced to adjust strategy selection probabilities ac-
cording to recent search performance rather than long-term cumulative rewards. Com-
prehensive simulation experiments under different map scales and task-load conditions
demonstrate that SW-MSACO achieves improved Pareto solution quality and search sta-
bility compared with existing heuristic optimization approaches, particularly under large-
scale and high-load scenarios, confirming the effectiveness of the proposed framework for
complex UAV logistics optimization.

Keywords: urban UAV logistics; multi-objective optimization; ant colony optimization;
adaptive strategy selection; sliding-window mechanism; drone routing optimization;
pareto optimization

1. Introduction

Urban drone logistics has emerged as a promising solution for next-generation last-
mile delivery systems in smart cities [1]. Compared with traditional ground transporta-
tion, unmanned aerial vehicles (UAVs) offer significant advantages in delivery flexibility,
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rapid response capability, and reduced dependence on road infrastructure [2—4]. How-
ever, despite these advantages, large-scale deployment of drone fleets in complex urban
environments still faces substantial operational and computational challenges [5,6].

Unlike conventional vehicle routing problems, urban UAV routing must simultane-
ously consider multiple physical and environmental constraints. Limited battery endur-
ance, payload capacity restrictions, delivery deadlines, and low-altitude safety risks col-
lectively introduce strong coupling relationships among routing decisions. In particular,
delivery efficiency and operational safety often conflict with each other. Consequently,
urban drone routing inherently constitutes a complex multi-objective optimization prob-
lem involving both efficiency and safety trade-offs.

To address such challenges, numerous metaheuristic approaches have been intro-
duced for UAV path planning and vehicle routing optimization, including Genetic Algo-
rithms (GA), Particle Swarm Optimization (PSO), and Ant Colony Optimization (ACO)
[7-10]. Among these approaches, ACO demonstrates strong advantages in distributed
path construction and combinatorial optimization due to its positive feedback mechanism
and probabilistic search behavior [11-13]. Nevertheless, conventional ACO frameworks
typically rely on static pheromone update rules, which often suffer from premature con-
vergence and limited adaptability under highly dynamic search landscapes. Furthermore,
in multi-objective optimization scenarios, fixed update strategies may excessively empha-
size either convergence speed or population diversity, leading to uneven Pareto front dis-
tributions or reduced exploration capability.

Recent studies have attempted to improve adaptive search behavior through Adap-
tive Operator Selection (AOS) mechanisms [14]. Although these approaches dynamically
adjust strategy selection probabilities according to historical performance, they commonly
depend on long-term cumulative rewards [15]. Such designs may introduce delayed
credit assignment, causing the optimization process to become trapped within locally re-
inforced search patterns. In complex UAV routing environments characterized by nonlin-
ear energy constraints and dynamically changing search demands, maintaining adapta-
bility while avoiding search inertia remains a significant challenge.

To overcome these limitations, this paper proposes a Sliding-Window Adaptive
Multi-Strategy Ant Colony Optimization (SW-MSACO) framework for the Complex
Multi-objective Urban Routing Problem (CMURP). The proposed method establishes a
multi-strategy pheromone evolution pool consisting of several complementary update
operators with distinct search characteristics. Furthermore, a Sliding-Window Adaptive
Strategy Selection (SW-ASS) mechanism is introduced to dynamically regulate strategy
selection through a short-term memory buffer. By emphasizing recent search performance
instead of long-term cumulative rewards, the proposed mechanism improves adaptability
to dynamic optimization states while mitigating search stagnation. In addition, a simula-
tion-based evaluation framework is integrated to explicitly model nonlinear UAV energy
consumption and operational feasibility constraints.

The primary contributions of this study are summarized as follows:

First, in problem modeling, a Complex Multi-objective Urban Routing Problem
(CMURP) is formulated for urban UAV logistics. The proposed model jointly considers
delivery lateness and operational safety risk under payload and nonlinear battery energy
constraints, enabling a more realistic representation of complex urban drone delivery en-
vironments.

Second, in pheromone evolution design, a multi-strategy pheromone evolution pool
is proposed, where multiple complementary update operators are constructed to balance
convergence acceleration and Pareto front diversity.

Third, in adaptive strategy management, a Sliding-Window Adaptive Strategy Selec-
tion (SW-ASS) mechanism is proposed, which utilizes a short-term memory buffer to
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dynamically regulate the selection probabilities of different search strategies. By empha-
sizing recent search performance, the proposed mechanism mitigates pheromone-in-
duced search stagnation and improves adaptability in complex routing environments.

By integrating the CMURP model, the multi-strategy pheromone evolution pool, and
the SW-ASS mechanism, a novel Sliding-Window Adaptive Multi-Strategy Ant Colony
Optimization algorithm (SW-MSACO) is developed for complex urban UAV routing op-
timization. The proposed framework provides an effective and adaptive solution for bal-
ancing efficiency and safety objectives under nonlinear operational constraints.

Comprehensive simulation experiments are conducted under various map scales and
task-load conditions. The results demonstrate that the proposed SW-MSACO achieves
competitive or superior performance compared with conventional fixed-strategy heuris-
tics and hybrid approaches in terms of solution quality, robustness, and computational
stability. These findings verify the effectiveness and scalability of the proposed framework
in handling complex multi-objective UAV routing problems.

The remainder of this paper is organized as follows. Section 2 provides a brief over-
view of related work. Section 3 introduces the CMURP model. Section 4 details the pro-
posed SW-MSACO framework, including the multi-strategy pheromone evolution pool
and the SW-ASS mechanism. Section 5 presents the experimental setup and comparative
performance analysis under different scenario configurations. Finally, Section 6 concludes
the paper and discusses future research directions.

2. Background and Related Work

In recent years, unmanned aerial vehicle (UAV) logistics systems have received con-
siderable attention for urban last-mile delivery. Early UAV routing studies mainly focused
on single-objective optimization problems that aimed to minimize travel distance, deliv-
ery time, or operational cost [16]. With the growing complexity of urban logistics environ-
ments, research gradually shifted toward multi-objective routing frameworks incorporat-
ing delivery time windows, fleet coordination, and uncertain demand conditions [17-19].

Energy consumption modeling has become a critical component of UAV routing op-
timization because battery endurance directly determines route feasibility, fleet utiliza-
tion, and the validity of routing schedules. Unlike conventional ground vehicles, UAV
energy consumption depends not only on travel distance but also on payload, flight
speed, mission profile, weather conditions, and operational maneuvers. Existing studies
indicate that simplified distance-based or purely linear battery models may lead to inac-
curate feasibility assessments, particularly under varying payloads or flight speeds. Thib-
botuwawa et al. emphasized that factors such as payload, speed, weather, and flight status
should be incorporated into UAV energy modeling [20] and further showed that routing
configurations and operational parameters significantly influence energy consumption,
highlighting the need to consider the interaction between route structure and UAV oper-
ating conditions [21]. In addition, experimental studies, such as that by Kierzkowski et al.,
demonstrate that non-cruise operations like holding maneuvers can also affect energy us-
age, with different maneuvering patterns and environmental conditions leading to vary-
ing power-consumption characteristics [22]. Overall, these findings suggest that practical
UAV routing models should account for both nominal route energy consumption and ad-
ditional energy costs arising from holding, waiting, wind disturbances, trajectory correc-
tions, and airspace-management procedures.

Motivated by these findings, the present study incorporates a nonlinear payload- and
speed-dependent energy-cost constraint into the CMURP model. Since the main focus of
this work is the design and evaluation of the SW-MSACO optimization framework rather
than high-fidelity aerodynamic system identification, the adopted energy model is formu-
lated as a reduced-order simulation model. It is used to evaluate battery-feasibility
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constraints consistently across all compared algorithms, while the limitations of this sim-
plified energy representation are explicitly discussed in Section 5.5.

In parallel, safety-aware routing has become an important research direction. Exist-
ing studies incorporated environmental risk exposure, population density distribution,
and urban no-fly zones into UAV routing optimization [23,24]. Such developments reflect
growing concerns regarding low-altitude urban airspace safety and operational reliabil-
ity. Consequently, modern UAV routing problems increasingly involve trade-offs be-
tween delivery efficiency and operational safety. However, many existing formulations
treat time efficiency, energy consumption, and safety risk as separate or pairwise optimi-
zation concerns. Relatively limited attention has been devoted to jointly modeling the
trade-off between delivery lateness and safety risk under both payload and nonlinear en-
ergy constraints.

To solve complex routing problems, metaheuristic optimization methods have been
applied to UAV scheduling and path planning tasks. Evolutionary multi-objective algo-
rithms such as NSGA-II have demonstrated effective optimization performance in drone
routing and resource allocation problems [25]. In addition, swarm intelligence methods,
particularly Ant Colony Optimization, have been widely adopted because of their distrib-
uted search behavior and natural suitability for combinatorial routing problems [11-13].
For ACO-based routing algorithms, pheromone update rules and heuristic information
design play central roles in guiding solution construction and balancing exploration with
exploitation. However, traditional ACO frameworks often use fixed update mechanisms,
which may limit their adaptability when the search state changes during optimization
[14].

To further enhance the adaptability of metaheuristics under dynamic search environ-
ments, Adaptive Operator Selection (AOS) and dynamic parameter control mechanisms
have been widely investigated. Existing AOS frameworks typically employ multi-armed
bandit (MAB) variants or reinforcement learning (RL) paradigms to adaptively allocate
computational resources among competing search strategies based on their historical per-
formance feedback [26]. Although these adaptive schemes can adjust selection probabili-
ties over time, they commonly rely on long-term cumulative rewards or global statistical
metrics to guide strategy evolution. Such long-term feedback may be less responsive to
short-term changes in the search process, especially when the optimization landscape is
highly constrained and dynamically reinforced by pheromone accumulation.

Despite these advances, several challenges remain. First, in dense urban environ-
ments, shortest delivery paths often involve higher safety risks, while overly conservative
routing strategies may increase delivery delays. This trade-off has not been adequately
addressed within existing multi-objective routing frameworks. Second, traditional ACO
frameworks commonly employ fixed pheromone update mechanisms, which may grad-
ually reinforce locally dominant search patterns and reduce exploration diversity under
high-demand routing conditions. Finally, although adaptive metaheuristic mechanisms
have been introduced to improve adaptability, many existing approaches rely heavily on
long-term cumulative rewards and historical statistics when adjusting search strategies.
Such designs may introduce delayed feedback and historical bias, causing premature con-
vergence and reduced adaptability in dynamic optimization environments.

Motivated by these limitations, this study proposes a Sliding-Window Adaptive
Multi-Strategy Ant Colony Optimization (SW-MSACO) framework for complex urban
UAV routing optimization. The proposed method integrates a multi-strategy pheromone
update mechanism with a sliding-window adaptive strategy selection framework to im-
prove search adaptability while alleviating pheromone-induced search stagnation in non-
linear multi-objective routing environments.
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3. CMURP Model

The Complex Multi-Objective Urban Routing Problem (CMURP) considered in this
study is formulated as a multi-objective optimization model for urban UAV logistics sys-
tems. The proposed model simultaneously considers delivery efficiency and operational
safety while maintaining routing feasibility in complex urban environments.

First, delivery efficiency is quantified by the cumulative delivery lateness across all

served delivery nodes:
K

min F,(S) = Y Y max(0,1, - d,) @D

k=1 icr,
where K denotes the total number of drones, 7« represents the delivery route of drone k, ¢
is the actual arrival time at node i, and di denotes the predefined delivery deadline.

Second, the total safety risk is defined by integrating the environmental risk encoun-
tered along each path segment:

min F,(§)=Y > R} @)

K
k=1 (i,j)er,

where Rjj represents the environmental risk associated with the path segment from node
i tonode .

The two objectives exhibit an inherent trade-off relationship. Reducing delivery late-
ness generally encourages shorter routes, which may involve higher-risk regions in com-
plex urban environments. In contrast, reducing safety risk may require detours around
high-risk areas, potentially increasing delivery delays. Consequently, the CMURP re-
quires an algorithm capable of identifying Pareto-optimal solutions [27] to support differ-
ent operational preferences. Beyond the objective functions, two critical physical con-
straints must be satisfied to ensure mission feasibility:

First, the total weight of the cargo assigned to each drone must not exceed its maxi-
mum payload capacity C:
> w,<C, VYkell,.. K} 3)

Second, the energy consumption of each UAV route must remain within the maxi-
mum battery capacity Eme. To evaluate route-level battery feasibility, this study adopts a
reduced-order nonlinear energy-cost model rather than a high-fidelity aerodynamic
power model. For each route segment (i,j), the energy cost is defined as:

i

g =p, M oy

= z‘j(T"' Vi) 4)

ij

where Dj denotes the travel distance between node i and node j, Wij denotes the remaining
payload carried by the UAV before traversing segment (i,j), and Vij denotes the cruising
speed on this segment. The formulation allows Vi to be specified for each route segment,
so the proposed energy-cost model is not inherently restricted to fixed-speed operation.
In the baseline simulation setting, a nominal cruising speed is adopted to maintain con-
trolled comparisons among different routing algorithms. Unless otherwise specified, the
nominal cruising speed is set to Vo= 5.

The first term in the parentheses indicates that, under a given payload condition,
lower speed may increase the time-related flight-maintenance cost per unit distance. The
second term reflects the additional cost associated with higher-speed operation. There-
fore, the model captures a nonlinear trade-off between payload-dependent endurance and
speed-dependent energy expenditure.

The values of Co, Cw, Cv are selected as normalized simulation coefficients rather than
experimentally calibrated aerodynamic constants while C and Em« are specified as nor-
malized simulation parameters. Specifically, Co = 100 is used to represent the dominant
baseline operating cost of the UAV, ensuring that even an unloaded flight segment
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consumes a non-negligible amount of energy. Cw =1 is used to introduce a payload-de-
pendent increment, so that routes carrying heavier remaining payloads incur higher en-
ergy costs. Cv=0.11s used to preserve the speed-related penalty term in the reduced-order
model. The maximum payload capacity C is set to be 20, and the initial battery capacity of
each UAV is set to Emx = 10,000. The same energy-cost setting is applied to all compared
algorithms to ensure a fair comparative evaluation.

For each sortie, the initial payload is calculated as the total weight of all orders as-
signed to that sortie. During simulation, the remaining payload is updated after each de-
livery, and the energy cost is accumulated along the sequence of visited nodes. If the ac-
cumulated energy cost exceeds the available battery capacity, the corresponding sortie is
regarded as infeasible and is penalized during fitness evaluation.

It should be noted that this energy-cost model is designed for simulation-based route
feasibility evaluation. It is not intended to reproduce the full aerodynamic power behavior
of a specific UAV platform. High-fidelity aerodynamic effects, wind disturbance, battery
aging, holding maneuvers, collision avoidance, and dynamic trajectory correction are not
explicitly modeled in the current formulation. These factors may introduce additional en-
ergy consumption in real urban UAV operations and are therefore discussed as limitations
in Section 5.5.

4. The Proposed SW-MSACO

To solve the complex bi-objective CMURP, this study proposes a Sliding-Window
Adaptive Multi-Strategy Ant Colony Optimization (SW-MSACO) algorithm. Unlike tra-
ditional ACO algorithms that rely on static pheromone update rules, the proposed frame-
work maintains a diverse pool of pheromone update strategies and dynamically adjusts
their selection probabilities during the search process through a short-term memory feed-
back mechanism. The following subsections detail solution encoding, construction, the
simulation-based evaluation, the multi-strategy pool, and the adaptive operator selection
mechanism.

4.1. Solution Encoding

Given the complex assignment relationship among drones, orders, and sorties in the
CMURP, we employ a hierarchical structure to represent a solution. A candidate solution
S is defined as the aggregate set of flight paths for the entire drone fleet, denoted as S =
{r,r2,...7x}, where 7k represents the routing schedule for drone k. Due to strict constraints
on battery capacity and payload, a single drone may be required to execute multiple sor-
ties. Consequently, 7« is further decomposed into an ordered sequence of trips, 7« = {t1,
tk2,..., tra}, where each trip consists of a continuous node sequence starting and ending at
the depot.

4.2. Solution Construction

The Ant Colony System incrementally constructs routing solutions using both pher-
omone information and heuristic guidance. During each routing step, the algorithm prob-
abilistically selects the next delivery node based on these two information sources. To en-
sure solution feasibility, the proposed SW-MSACO directly incorporates payload capacity
constraints into the route construction process.

Unlike conventional implementations in which each ant constructs a single route, the
proposed framework allows each ant to coordinate the routing schedules of the entire
drone fleet. A round-robin scheduling mechanism is adopted to sequentially construct
routes for different drones. Assuming a delivery scenario with N orders, the detailed con-
struction procedure is summarized in Algorithm 1.
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Algorithm 1: Solution Construction

Input: T—the pheromone matrix;
H —the heuristic information matrix;
K—drone fleet size;
O —set of all unserved orders;
Output:  S={ryr,...,rk}—a complete delivery schedule;
1: Begin

2: Initialize an empty solution S«@, the unserved order set U «— O, and designate the initial active drone m « 1
3: While U#¢@ Do

7 of 24

4: Start a new trip 7w at the depot and set current cargo weight Weurrent <— 0
5: Repeat
6: Construct the feasible neighborhood FN by filtering nodes in U that satisfy the capacity constraint
7 If FN = ¢ Then
8: Conclude the current trip and direct drone m back to the depot. Break the inner loop.
9: Else
10: Evaluate the transition likelihood for each jeFN based on T and H according to Equation (5)
11: Select the subsequent destination j* via roulette wheel selection
12: Update state: Weurrent«—Weurrent + Wy", ¥mnews—tmnew U { j°}, and remove j* from U
13: End If
14: Until the capacity or endurance limits are reached
15: Integrate the complete sortie rmnew into global schedule of drone m in S
16: Rotate the drone pointer:m«(m mod K) + 1

17: End While
18: End

Step 1: Initialize the system. Initially, all UAVs are located at the central depot. Let U
« O denote the set of initially unserved customer requests. Each ant maintains a location-
tracking vector L ={Iy, I,..., Ix},where Ik represents the current node of the k-th UAV.

Step 2: Build a trip for drone k. Each ant maintains the set of unassigned tasks U and
uses an active pointer k to identify the UAV currently being routed. Route construction
always starts from the depot. Unlike the classical traveling salesperson problem, the pro-
posed method explicitly considers physical constraints during route construction. Sup-
pose the k-th drone is currently at node i. It carries an accumulated payload of Weurrent.
Before selecting the next destination, the algorithm filters the remaining nodes in U to
generate a feasible neighborhood (FN). The FN contains only nodes that satisfy the pay-
load constraint. Specifically, selecting any node from the FN does not cause the drone
payload to exceed its maximum capacity.

If the FN contains at least one valid candidate, the ant selects a subsequent destina-
tion j. This decision process relies on a specific probabilistic transition mechanism. We
denote the transition probability as Pj. This metric represents the likelihood of moving
from the current node i to the candidate node j. The exact mathematical formulation is
defined as follows:

I ()P
) (u) (7{7;/) 7 ifjeFNik
Plj = ZueFN,k (Tiu) .(771'“) (5)
0, otherwise

where 7;; denotes the accumulated pheromone intensity along the edge (i,j), with a de-
termining its degree of influence. Correspondingly, 7;; represents the heuristic attractive-
ness of the segment, scaled by the importance factor g.

The heuristic component 7;; simultaneously considers Euclidean distance Dj and en-

vironmental risk Ri:
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1
wy D, +wp R, +e ©)

m; =

In this expression, Dj signifies the spatial distance separating the two nodes, and Rj
quantifies the operational risk assigned to the edge (i, j). The parameters wp and wpg
act as weighting coefficients to balance travel efficiency against safety concerns. A small
constant € is added to prevent division by zero.

Based on the transition probabilities, roulette wheel selection is used to determine
the next node. Upon confirming the target j, the ant loads the order onto the current drone,
updates the drone’s current payload Weurenr and removes the served request from the
global pending pool U. This stepwise extension of the route persists until no feasible can-
didate remains or the endurance limit is reached.

Step 3: Drone Switching. Eventually, the current sortie for drone k concludes. The
drone returns to the depot when no additional feasible node can be inserted into the cur-
rent trip. At this stage, the algorithm switches to the next UAV to improve workload bal-
ancing across the fleet. Specifically, the ant shifts its focus to the next drone in the se-
quence. Meanwhile, the ant resets its location back to the depot. A new trip construction
process is then initiated. The algorithm iteratively builds trips and rotates the active drone
until the set of unserved orders U becomes empty.

4.3. Solution Evaluation

In Section 4.2, each ant generates a constructed routing schedule for the entire UAV
fleet. This schedule must then be translated into quantifiable operational metrics. To
achieve this, a step-by-step simulation framework is introduced to emulate UAV flight
behavior by updating all state variables according to the mathematical model defined in
Section 3.

First, the generated solution is evaluated for feasibility. The payload constraint is pri-
marily enforced during the route construction process in Section 4.2. However, battery
consumption is nonlinear and therefore requires additional verification during post-con-
struction simulation. For robustness, both payload and energy violations are still recorded
during simulation. Any violation of these hard constraints renders the solution physically
infeasible. Such an infeasible solution is denoted as Sirz. To discourage infeasible solutions
during optimization, a penalty term is added to the fitness function as follows:

ﬁt(S[n[) = 7 (nrup + nenergy) (7)

where fit() denotes the fitness value of the solution, y represents the prohibitive penalty
coefficient (set to 10%), and #ep and #ewergy denote the number of payload and energy con-
straint violations, respectively.

Subsequently, for feasible solutions, a different evaluation strategy is applied. The
CMURP considers two objectives: cumulative delivery lateness and total safety risk. Since
these objectives have different numerical scales, directly combining raw objective values
may affect the balance of multi-objective evaluation. Therefore, a min-max normalization
strategy is adopted:

£(S)

o ()
fir($)=w !

+oy 2 ®)

max max

where [tmax and rkmar denote the estimated upper bounds for lateness and risk, respectively.
This normalization process ensures that delivery lateness and safety risk contribute on
comparable numerical scales during fitness evaluation. In the current implementation, the
weights are set to w; =1 and w, =2, where w1 and w2 correspond to delivery lateness
and safety risk, respectively. This setting is adopted as a baseline safety-oriented prefer-
ence configuration rather than a fixed operational policy. These weights can be adjusted
to guide the search under different operational preferences. However, since SW-MSACO
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returns a Pareto solution set rather than a single deterministic route, the weights should
be interpreted as preference-guidance parameters for fitness evaluation and pheromone
updating, rather than guarantees of strictly monotonic changes in lateness or risk.

4.4. The Multi-Strategy Pheromone Evolution Pool

To guide the search process toward high-quality regions of the decision space, pher-
omone trails are globally updated at the end of each iteration through evaporation and
deposition:

T,t+)=(10-p)-7,() + A7, (?) 9)

where p denotes the evaporation rate (set to 0.1), and At;; represents the deposited pher-
omone increment. The evaporation mechanism helps reduce excessive pheromone accu-
mulation and maintain search diversity.

Given the complexity of multi-objective optimization, relying on a single pheromone
update rule may not provide balanced convergence and diversity throughout different
search stages. Therefore, a multi-strategy pheromone evolution pool consisting of three
update operators is introduced.

4.4.1. Strategy I: Prioritizing Convergence (S1)

Inspired by the MAX-MIN Ant System [28], this strategy utilizes only the best solu-
tion Seest, which has the minimum aggregated fitness value in the current iteration. During
each iteration, pheromone deposition is applied exclusively to Sees:

Az, (1) = Az, if (i, /)€ S,,, (10)

By concentrating pheromone updates on the current best trajectory, S1 improves con-
vergence speed. However, the increased selection pressure may reduce population diver-
sity. Therefore, this strategy is more suitable for scenarios requiring rapid convergence
toward feasible high-quality solutions.

4.4.2. Strategy II: Balancing Safety and Efficiency (52)

In the proposed CMURP model, delivery efficiency and routing safety represent two
competing objectives. Relying only on aggregated fitness values may bias the search to-
ward one objective. To alleviate this issue, S: selects two elite solutions during each itera-
tion: the fitness-optimal solution and the risk-optimal solution. The total pheromone in-
crement At is then calculated as the combination of both contributions:

Az, (t)= A7/ + AT (11)

This dual-deposition mechanism preserves the attractiveness of safer path segments,
even when such routes introduce additional travel distance. As a result, the search process
maintains a balance between safety and delivery efficiency. Compared with single-objec-
tive pheromone reinforcement, this strategy helps prevent the search from being domi-
nated only by the aggregated fitness value.

4.4.3. Strategy III: Enhancing Pareto Front Distribution (Ss)

A common challenge in multi-objective optimization is the uneven distribution of
solutions along the Pareto front, where solutions may cluster in specific regions. To ad-
dress this issue, the proposed method incorporates the Crowding Distance (CD) [29] met-
ric from NSGA-II into the pheromone update process.

Specifically, fast non-dominated sorting is first performed on the current population
to obtain the rank-1 non-dominated set PF. For each solution k € PF, its crowding distance
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CDx is calculated according to the normalized distance between neighboring solutions in
the objective space.

To support roulette-wheel-based probabilistic selection, a modified crowding dis-
tance assignment strategy is adopted. Since roulette wheel selection requires finite proba-
bility values, boundary solutions are assigned amplified but finite crowding distance val-
ues instead of infinite values. Specifically, each boundary solution is assigned twice the
maximum finite crowding distance within the current non-dominated set. This mecha-
nism increases the selection probability of boundary solutions while preserving opportu-
nities for sparsely distributed internal solutions. The probability of selecting non-domi-
nated solution k for pheromone deposition is defined as:

— CDk
Pr=5Tep, (12)

me PF

4.5. Sliding-Window Adaptive Strategy Selection

Selecting an appropriate pheromone update strategy is a dynamic decision-making
problem that depends on the current search state. During the optimization process, dif-
ferent strategies may exhibit different capabilities in balancing convergence and diversity
preservation.

Adaptive Operator Selection (AOS) provides a natural framework for dynamically
allocating search effort among competing strategies through performance-based proba-
bility adjustment. However, its integration into ACO faces two major challenges. First,
strategy contributions may exhibit delayed feedback, where the influence of a strategy on
global solution quality becomes observable only after several iterations. Second, phero-
mone-induced search inertia may occur when early reinforcement of specific search pat-
terns reduces subsequent exploration diversity.

To address these issues, a Sliding-Window Adaptive Strategy Selection (SW-ASS)
mechanism is proposed. The proposed mechanism introduces a short-term memory
buffer to reduce the influence of long-term historical bias on current strategy selection.
The execution procedure of SW-ASS is summarized in Algorithm 2. The mechanism con-
sists of three main components: strategy performance evaluation, sliding-window
memory management, and probabilistic strategy selection.

Algorithm 2: SW-ASS

Input: W—the sliding-window buffer;

S —the strategy pool;
Pt— current probability distribution of strategies in W;
Spreo—the strategy selected in the previous iteration;

Output:  Sw—the strategy selected for the current iteration;

1.
2
3
4
5:
6
7.
8
9.

10:
11:
12:

Pu1—updated probability for strategies in W
Begin
Select the current strategy Sw via roulette wheel selection based on Pt
Evaluate Spro using the solution quality observed in the current iteration:
If Sprwo identifies a new global optimal fitness in the next iteration ¢ + 1 Then
Reon <— 1.0
End If
If Spreo contributes more than two new solutions to Pareto archive Then
Raiv < 0.5
End If
Calculate composite reward: R(f)«—Reon + Raiv
Push the performance tuple (Sprew, R(t)) into the rear of window W
If count(W) > 10 Then
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13:
14:
15:
16:
17:
18:
19:

Pop the oldest entry from the front of W

End If

For every strategy S;€ S Do

Refresh Pr1(Sj) by normalizing rewards according to Equation (14)

End For

Return updated probability vector P

End

4.5.1. Strategy Performance Evaluation

To quantitatively evaluate the effectiveness of different pheromone update strategies,
let Sm denote the strategy selected at iteration ¢-1. The performance of Sm is evaluated ac-
cording to the quality of the solutions generated in the subsequent iteration t. This de-
layed-feedback design allows the algorithm to assess the actual search effect of the previ-
ously selected strategy before updating the strategy probabilities.

Subsequently, a composite reward function R(Sx,t) is introduced to measure the con-
tribution of each strategy to two objectives of multi-objective optimization: convergence
improvement and Pareto front diversity.

Specifically, a convergence reward Ren = 1.0 is assigned if the population at iteration
t identifies a new global best fitness value, indicating that the pheromone update associ-
ated with Sw in the previous step effectively guided the ants toward superior regions of
the decision space. Simultaneously, a credit of 0.5 is allocated to Ra» provided that the
strategy results in more than two new non-dominated solutions being added into the
global Pareto archive.

Consequently, the total reward for the current iteration is defined as:

R(S,.,t)=R,, (S, t)+R, (S,.0) (13)

m?

which is subsequently archived in the memory buffer to drive the dynamic adjustment of
strategy selection probabilities, as detailed in the following sections.

The reward function is designed as an event-based feedback signal rather than a con-
tinuous quality indicator. Continuous indicators such as HV improvement, IGD, spacing,
or the epsilon indicator can provide more detailed performance information, but they also
require additional reference points, normalization procedures, or representative Pareto
reference sets. In particular, HV improvement is sensitive to the reference-point setting,
while IGD requires a reference Pareto set that is generally unavailable during online op-
timization. Therefore, the current implementation adopts two directly observable search
events, namely global-best improvement and Pareto-archive expansion, to provide a
lightweight and stable feedback signal for online adaptive strategy selection.

4.5.2. Sliding-Window Memory Buffer

To facilitate adaptive strategy selection, the proposed algorithm maintains a short-
term memory structure referred to as the sliding-window memory buffer W. Unlike tra-
ditional adaptive schemes that accumulate performance information throughout the en-
tire optimization process, this mechanism adopts a first-in-first-out (FIFO) queue with a
fixed capacity of 10 iterations.

At the conclusion of each iteration ¢, the reward value R(S,t) obtained in Section 4.5.1
is pushed into the buffer, while the chronologically oldest entry is systematically removed
to maintain the fixed window length.

The primary function of this buffer is to introduce recency-sensitive adaptation into
the strategy selection process. By restricting the evaluation to recent interactions between
the strategy pool and the search process, the algorithm reduces excessive dependence on
long-term historical performance. This mechanism prevents strategies that perform well
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during early search stages from continuously dominating later search stages, thereby
maintaining adaptation capability under dynamic optimization conditions.

4.5.3. Probabilistic Strategy Selection

Based on the accumulated rewards stored in the memory buffer, the selection prob-
ability P(Sw,t + 1) for each strategy is updated at the end of iteration t as follows:
D> R(S,.)+65

t+1) = —="

Z(ZR(S/,J)+5

Jjes \iew

P(S

m?>

j (14)

where i € W denotes the set of iterations currently contained in the sliding window, and
S represents the available strategy pool. A smoothing constant § = 0.1 is incorporated as
a lower-bound preservation term [30]. This constant helps avoid strategy starvation,
where the selection probability of a strategy becomes excessively small because of tempo-
rary underperformance. Consequently, each strategy retains the opportunity to partici-
pate in future search stages.

In addition, the proposed probabilistic framework helps alleviate search stagnation
caused by local optima. When the algorithm fails to identify improved solutions over con-
secutive iterations, the accumulated reward terms } R;, gradually decrease within the
sliding window. Under such conditions, the smoothing constant § ensures that the selec-
tion probabilities converge to a uniform distribution

1
P(S,) = m (15)

As a result, the algorithm increases exploration across different search strategies, im-
proving the possibility of escaping local optima.

Finally, the active strategy S is selected through roulette wheel sampling according
to the updated probabilities

From a theoretical perspective, the sliding-window buffer acts as a finite-memory
reward estimator. Unlike cumulative-reward adaptive selection mechanisms, which ag-
gregate strategy performance over the entire optimization process, the proposed SW-ASS
evaluates each strategy according to its recent contribution within the current window.
As the window moves forward, outdated reward information is gradually discarded.
Therefore, strategies that were effective only in early iterations cannot permanently dom-
inate the selection probability if their recent performance becomes weak.

Meanwhile, the use of a finite memory window does not mean that all long-term
search information is discarded. In the proposed ACO framework, accumulated search
experience is still preserved by the pheromone matrix through evaporation and deposi-
tion. In addition, the smoothing constant (§) in the probability update rule guarantees that
each strategy retains a non-zero probability of being selected, preventing strategy starva-
tion. Therefore, the sliding-window mechanism balances short-term adaptability and
long-term exploration capability. It should be interpreted as a finite-memory adaptive
control mechanism that reduces the excessive influence of outdated rewards without com-
pletely sacrificing the long-term search behavior of the underlying ACO process.

4.6. The Complete SW-MSACO

This section presents the complete SW-MSACO framework. Figure 1 illustrates the
overall workflow of the proposed algorithm, while Algorithm 3 provides its detailed
pseudocode implementation. The SW-MSACO is designed as a closed-loop evolutionary
system in which search behavior and strategy adaptation are tightly coupled.
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Figure 1. Overall workflow of the proposed SW-MSACO algorithm. The numbered arrows indi-
cate the main execution sequence, while the feedback arrows represent the adaptive strategy-selec-

tion loop.

At the initiation of the optimization process, pheromone trails and heuristic infor-
mation are initialized to provide baseline guidance for the UAV fleet. Simultaneously, the
memory buffer Wis reset, and the strategy selection probabilities p are assigned a uniform
distribution to ensure an unbiased start for the strategy pool. This initialization establishes
the necessary computational environment for the subsequent iterative loop, as shown in
the upper part of Figure 1.

The core of each generation begins with the solution construction phase. Guided by
the pheromone inherited from the preceding generation, a population of ants coordinates
the UAV fleet to incrementally construct routing schedules S through the round-robin
process formalized in Algorithm 1. These candidate solutions are then processed by a sim-
ulation-based evaluation module, which verifies physical feasibility and quantifies the
performance regarding lateness and risk. Consequently, the global Pareto archive is up-
dated with the newly identified non-dominated solutions. These steps correspond to the
main iterative optimization loop in Figure 1.

Following evaluation, the algorithm executes the adaptive strategy selection (SW-
ASS) phase. The quality of the solutions constructed in the current iteration is utilized to
reward the pheromone update strategy Sw(t — 1) selected in the preceding iteration. In
Algorithm 3, Spreo records the strategy applied in the previous iteration and is used for
delayed reward assignment in the next iteration. This performance feedback is registered
in the sliding window W to drive the recalibration of the probability distribution p. Based
on these updated probabilities, a roulette wheel selection is performed to designate the
active strategy Su(t) for the current iteration.

In the final stage of each iteration, the pheromone matrix is updated according to the
selected strategy Swm(t). Specifically, one of the three pheromone evolution strategies is ap-
plied to guide subsequent solution construction: convergence-oriented reinforcement,
safety-efficiency balancing, or Pareto diversity enhancement. This interaction between
SW-ASS and multi-strategy pheromone evolution forms the adaptive closed-loop search
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mechanism of SW-MSACO. The iterative process repeats until the termination criterion T
is satisfied, after which the final Pareto set is returned.

Algorithm 3: The Complete SW-MSACO

Input: Tmax—max iterations;

N—the colony size;

S —the strategy pool

W —the window capacity
Output:  PF—the global Pareto archive

1: Begin

1
2: Initialize pheromone matrix T, heuristic information H, memory buffer W « ¢ and probabilities P < —

ISl

3: Designate an initial strategy Sprev for the first iteration’s setup.
4: Foriteration t =1 to Twax Do

5: For every antn=1to N Do
6: Construct a fleet-wide routing solution S via Algorithm 1.
7: End For
8: Execute step-by-step simulation to verify constraints and quantify objectives.
9: Update the global Pareto archive PF with new non-dominated solutions.
10: Select pheromone update strategy Scir adaptively based on {Sn}, W, P and Sprev according to Algorithm 2.
11: Apply pheromone evaporation and deposition using the rules of Seur.
12: Spreo « Seurr.
13: End For
14: End

4.7. Computational Complexity Analysis

To further clarify the scalability of the proposed SW-MSACO, this subsection ana-
lyzes its computational complexity. Let Tmax denote the maximum number of iterations, N
the number of ants, M the number of delivery orders, K the number of UAVs, A the size
of the global Pareto archive, P the size of the current non-dominated subset, |S| denote
the number of pheromone update strategies, and W denote the sliding-window capacity.

In each iteration, solution construction requires O(NM?2) since each ant repeatedly
scans the remaining feasible orders during route construction. The simulation-based eval-
uation requires O(NM), because each constructed solution visits each order once. Updat-
ing the global Pareto archive requires O((A + N)?) in the worst case when pairwise domi-
nance comparison is used. When the diversity-oriented strategy is selected, crowding-dis-
tance calculation introduces an additional O(P log P) cost. The pheromone update requires
O(M?) if the pheromone matrix is fully evaporated, since all pairwise pheromone entries
between orders need to be updated. The sliding-window probability update in SW-ASS
requires O(1SIW), because it scans the recent W records for each of the |S| strategies to
update their selection probabilities.

Therefore, the overall worst-case time complexity of SW-MSACO is O(NM? + NM +
(A +N)2+PlogP + M2+ [SIW).

Compared with fixed-strategy ACO, SW-MSACO preserves the same dominant com-
plexity terms for solution construction, evaluation, Pareto archive maintenance, and pher-
omone updating. The only additional cost is the sliding-window probability update
O(ISIW). In this study, IS =3 and W =10 so this overhead is effectively constant. Com-
pared with S-Hybrid, SW-MSACO also has the same asymptotic order, except that S-Hy-
brid uses a static strategy combination and does not perform sliding-window probability
recalculation. Thus, the adaptive mechanism of SW-MSACO does not change the domi-
nant computational complexity; the main computational burden still comes from solution
construction and Pareto archive maintenance.
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5. Experimental Studies
5.1. Experimental Setup

All optimization and evaluation procedures are implemented within a unified simu-
lation framework. The modeling, simulation, and algorithm components are fully devel-
oped and evaluated in MATLAB R2024b.

To evaluate the robustness, computational efficiency, and scalability of the proposed
SW-MSACO algorithm under complex constraints, a series of simulation experiments was
conducted.

First, to systematically investigate algorithmic performance under different geo-
graphical layouts and task-load conditions, a two-phase test suite comprising 11 distinct
scenarios is constructed. These scenarios are organized along two dimensions: map scale
and task load.

Next, to quantitatively assess the quality of the obtained Pareto solution sets, the hy-
pervolume (HV) [31,32] metric is adopted. HV is widely used in multi-objective optimi-
zation because it simultaneously reflects the convergence and diversity of the obtained
Pareto solutions with respect to a reference point.

However, since the risk index and lateness duration vary significantly in magnitude
across different scenario configurations, the use of a globally fixed reference point may
obscure local convergence characteristics and potentially lead to invalid HV evaluations.
Therefore, a scenario-specific dynamic reference point is designed for each instance [33,34].
To avoid introducing algorithm-specific bias, the reference point is not determined sepa-
rately for each algorithm. Instead, for each scenario, the final Pareto solutions generated
by all compared algorithms over all independent runs are first collected, and a common
reference point is then calculated from the worst objective bounds of this pooled solution
set. The same reference point is then applied to all algorithms within the same scenario
when calculating HV values.

To mitigate the impact of the stochastic uncertainty inherent in metaheuristic algo-
rithms, each strategy is independently executed twenty times [35] for each scenario. The
mean HV, standard deviation (Std. Dev.) and average runtime (Time) are recorded as the
final evaluation metrics. To further evaluate whether the observed performance differ-
ences are statistically significant, a paired Wilcoxon signed-rank test is conducted between
SW-MSACO and each competing baseline based on the HV values obtained from the 20
independent runs. The significance level is set to (a=0.05). Since stochastic metaheuristic
algorithms do not necessarily satisfy the normality assumption, this non-parametric test
provides a more robust statistical comparison of the paired performance distributions.

5.2. Robustness and Efficiency Analysis

As described in Section 5.1, to rigorously evaluate the optimization robustness and
computational efficiency of the proposed SW-MSACO, comprehensive comparative ex-
periments are conducted against three fixed single heuristics (S1, S2 and Ss) and a static
hybrid baseline (S-Hybrid) [36]. The experimental analysis is performed from the perspec-
tives of spatial scalability and robustness under increasing combinatorial density. Here,
combinatorial density resilience refers to the algorithm’s capability to maintain opera-
tional stability when handling highly overlapping delivery requests within constrained
network layouts.

5.2.1. Robustness and Efficiency Under Map Scale Expansion

This experimental track evaluates the algorithm’s capability to maintain search effi-
ciency and solution quality as the physical decision space expands from a 30-node sce-
nario to a large-scale 150-node scenario while maintaining a constant workload of 50
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delivery orders. The corresponding experimental results are presented in Table 1 and Fig-

ure 2.

Table 1. Hypervolume Performance and Wilcoxon Signed-Rank Test Results under Map-Scale Ex-

pansion.

Case Nodes S1 Sz Ss S-Hybrid SW-MSACO
Case 1 30 0.3852 + 0.0534 0.4681 + 0.0612 0.3891 + 0.0821 0.4143 + 0.0412 0.4321 + 0.0914
Wilcoxon p-value 0.2188 (=) 0.0313 () 0.3438 (=) 0.4063 (=) --

Case 2 50 0.3811 + 0.0934 0.4992 + 0.0712 0.5193 + 0.0311 0.4854 + 0.0211 0.4261 + 0.0461
Wilcoxon p-value 0.1563 (=) 0.0274 (-) 0.0313 (-) 0.0431 (-) --
Case 3 70 0.7012 +0.0341 0.7423 + 0.0652 0.6961 + 0.0212 0.7554 + 0.0911 0.6921 + 0.0912
Wilcoxon p-value 0.4375 (=) 0.1875 (=) 0.5123 (=) 0.0938 (=) --
Case 4 90 0.8152 + 0.0285 0.8911 + 0.0382 0.8954 + 0.0653 0.9077 + 0.1012 0.9324 + 0.0287
Wilcoxon p-value 0.0054 (+) 0.0241 (+) 0.0313 (+) 0.0185 (+) --
Case 5 150 0.0000 = + 0.0000 N/A® 0.7854 + 0.0424 0.7471 + 0.0817 0.8692 + 0.0121
Wilcoxon p-value 0.0012 (+) 0.0051 (+) 0.0210 (+) 0.0143 (+) --

Mean HV

Bold values indicate the best valid result for each metric within each case. The first number is Mean
HV, where larger values are better, and the second number is Std. Dev., where smaller values are
better. The Wilcoxon rows report the paired Wilcoxon signed-rank test results between SW-MSACO
and each corresponding baseline based on 20 independent runs. The symbols +, -, and = indicate
that SW-MSACO is significantly better than, significantly worse than, or not significantly different
from the corresponding baseline at the significance level of (a = 0.05), respectively. The dash “--”
denotes that the comparison with SW-MSACO itself is not applicable. 2 No feasible solution was
generated under the corresponding scenario constraints. » The algorithm exceeded the maximum
runtime threshold without producing valid evaluation results.

1500 —O0— SI -O- S2 —A= S3 @ S-Hybrid SW-MSACO

| 1000

(a) Mean HV with Std. Dev.

30 50 70 90 150
Number of Nodes

Number of Nodes

(b) Average runtime. Dashed annotations indicate
timeout or infeasible-solution cases.

Figure 2. Performance comparison under map scale expansion.

According to Table 1 and Figure 2a, SW-MSACO does not universally dominate the
fixed strategies in small-scale environments. In Cases 1-3, several fixed or static hybrid
strategies achieve comparable or higher mean HV values. The Wilcoxon signed-rank test
further confirms that most differences in these small-scale cases are not statistically signif-
icant, while SW-MSACO is significantly inferior to S2 in Case 1 and to S2, S3, and S-Hybrid
in Case 2. This observation is reasonable because the search space is relatively limited, and
the adaptive strategy selection mechanism may not yet provide a clear advantage over
simpler fixed update rules. Nevertheless, SW-MSACO still demonstrates competitive per-
formance in terms of solution quality and an efficiency advantage in specific cases. As
shown in Figure 2b, in Case 1, SW-MSACO reduces the execution time to 25.92 s, repre-
senting a 37.4% reduction compared with the 41.45 s required by S2.
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As the map scale expands to 90 and 150 nodes, the advantages of SW-MSACO be-
come increasingly evident. In Case 4 (90 nodes), SW-MSACO achieves the highest mean
HV of 0.9324 with a low standard deviation of 0.0287. More importantly, the Wilcoxon
results indicate that SW-MSACO significantly outperforms all four baselines in this sce-
nario, with p = 0.0054, 0.0241, 0.0313, and 0.0185 against S1, 52, S3, and S-Hybrid, respec-
tively. Meanwhile, Figure 2b shows that its execution time is reduced to 31.45 s, which is
lower than that of all competing strategies.

When the environment reaches the spatial scale of 150 nodes, conventional strategies
begin to exhibit more substantial performance degradation. Specifically, S1 fails to gener-
ate feasible solutions under the corresponding scenario constraints, while S2 exceeds the
maximum runtime threshold without producing valid evaluation results. This infeasibil-
ity and timeout behavior are also marked in Figure 2b.

In contrast, SW-MSACO maintains relatively high computational efficiency, requir-
ing only 142.15 s. Moreover, it achieves the highest solution quality among all valid com-
pared methods, with a mean HV of 0.8692 and a low fluctuation level (Std. Dev. = 0.0121).
The Wilcoxon results also show statistically significant advantages over all comparable
baselines in Case 5. These results indicate that the proposed sliding-window mechanism
can effectively reduce the influence of misleading historical search bias. Furthermore, it
enables the drone swarm to alleviate large-scale local stagnation under extreme spatial
constraints.

5.2.2. Robustness and Efficiency Under Task Load Stress

This experimental track fixes the spatial network scale at 80 nodes while progres-
sively increasing the delivery workload from 40 to 200 orders. Under this constrained net-
work layout, the increasing concentration of delivery requests intensifies time-window
overlaps and path-coupling conflicts, thereby imposing substantial combinatorial pres-
sure on the routing system. The corresponding experimental results are presented in Table
2 and Figure 3.

Table 2. Hypervolume Performance and Wilcoxon Signed-Rank Test Results under Task Load

Stress.

Case Orders S1 Sz Ss S-Hybrid SW-MSACO
Case 6 40 0.7534 + 0.3495 0.8172 +0.1332 0.8950 + 0.0765 0.7816 +0.1780  0.7713+0.1239
Wilcoxon p-value 0.5938 (=) 0.2813 (=) 0.0313 () 0.3438 (=) --

Case 7 70 0.5654 + 0.0874 0.6199+ 0.0920 0.6247 + 0.0510 0.6038 +0.0541  0.6175+0.0715
Wilcoxon p-value 0.2188 (=) 0.1563 (=) 0.0442 (-) 0.2500 (=) --
Case 8 100 0.3137 + 0.0138 0.3180 + 0.0211 0.2903 + 0.0298 0.3109 + 0.0465  0.3058 + 0.0174
Wilcoxon p-value 0.0938 (=) 0.0625 (=) 0.6875 (=) 0.1250 (=) --
Case 9 130 0.2395 + 0.0138 0.2231 + 0.0069 0.2507 + 0.0117 0.2379+0.0029  0.2603 + 0.0086
Wilcoxon p-value 0.0253 (+) 0.0142 (+) 0.1013 (=) 0.0177 (+) --
Case 10 160 0.1932 + 0.0322 0.1683 + 0.0069 0.1917 + 0.0214 0.1852 +0.0091  0.2171 + 0.0039
Wilcoxon p-value 0.0122 (+) 0.0085 (+) 0.0274 (+) 0.0091 (+) -
Case 11 200 0.0000 = + 0.0000 N/A® 0.1263 + 0.0610 0.1395+0.0136  0.1489 + 0.0013
Wilcoxon p-value 0.0039 (+) 0.0042 (+) 0.0154 (+) 0.0108 (+) --

Bold values indicate the best valid result for each metric within each case. The first number is Mean
HV, where larger values are better, and the second number is Std. Dev., where smaller values are
better. The Wilcoxon rows report the paired Wilcoxon signed-rank test results between SW-MSACO
and each corresponding baseline based on 20 independent runs. The symbols +, -, and = indicate
that SW-MSACO is significantly better than, significantly worse than, or not significantly different

from the corresponding baseline at the significance level of (a = 0.05), respectively. The dash “--”
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denotes that the comparison with SW-MSACO itself is not applicable. 2 No feasible solution was
generated under the corresponding scenario constraints. *The algorithm exceeded the maximum

runtime threshold without producing valid evaluation results.
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Figure 3. Performance comparison under task load stress.

The results in Table 2 and Figure 3a indicate that increasing task loads lead to sub-
stantial combinatorial complexity for all compared strategies. In low- and medium-den-
sity scenarios (Cases 6-8), SW-MSACO does not always achieve the highest HV value.
Wilcoxon results show that most differences are not statistically significant. These obser-
vations suggest that when the task load is moderate, fixed update strategies may still be
effective because the search landscape is not sufficiently complex to fully benefit from
adaptive strategy selection.

A notable transition is observed in Case 8 (100 orders). Although the HV differences
among competing strategies remain relatively small, Figure 3b shows that the execution
time of S1 increases to 636.74 s, indicating that fixed convergence-oriented heuristics begin
to exhibit computational instability under increasing task-coupling pressure.

As the workload further increases toward high-density conditions (Cases 9-11), the
advantages of SW-MSACO become more evident.

Specifically, in the 130-order scenario (Case 9), SW-MSACO achieves the highest-
quality Pareto frontier with a mean HV of 0.2603 while maintaining a low variance (Std.
Dev. =0.0086). In the 160-order scenario (Case 10), SW-MSACO further achieves the high-
est mean HV of 0.2171, outperforming all fixed and hybrid baselines. Under the maximum
workload condition of 200 orders (Case 11), S-Hybrid degrades to an HV value of 0.1395
while SW-MSACO achieves the best mean HV of 0.1489 together with a highly stable
standard deviation (Std. Dev. = 0.0013). The corresponding Wilcoxon results again con-
firm advantages over all comparable baselines. Meanwhile, in terms of computational per-
formance, as shown in Figure 3b, S1 fails to generate a feasible solution, whereas S2
reaches the timeout condition. Compared with 53, SW-MSACOQO improves solution quality
by 17.9% while maintaining acceptable computational efficiency (395.40 s).

Overall, the task-load stress experiment demonstrates that the proposed SW-MSACO
is not designed to simply dominate fixed strategies in all low-complexity cases. Instead,
its main advantage emerges under high task-load conditions, where delivery requests be-
come highly coupled and the search landscape changes more dynamically. The statisti-
cally significant improvements in Cases 10-11, together with the partial significant ad-
vantages observed in Case 9, support the effectiveness of the sliding-window adaptive
feedback mechanism in mitigating stagnation and maintaining stable Pareto-front quality
under dense urban UAV delivery workloads.
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5.3. Ablation Analysis of SW-ASS

To further examine the contribution of the proposed sliding-window adaptive strat-
egy selection mechanism, an ablation experiment was conducted on four representative
complex scenarios. The pheromone strategy pool was kept unchanged, while the strategy-
selection mechanism was replaced by three alternatives: static hybrid selection, uniform
random selection, and cumulative reward selection. The comparison results are reported
in Table 3.

Table 3. Ablation results of different strategy-selection mechanisms.

Mean HV * Std. Dev. (Wilcoxon signed-rank)

Method
Case 5 Case 9 Case 10 Case 11
SW-ASS  0.8231:0.046  02847+0.0136  0.2182+0.0114  0.1679 + 0.0013
Cumulative o0 | 0.0238 (+) 0.2973 +0.0292 (=) 01937+ 0.0915 (+) 1435 £0-0184
reward )
1277 +0.0394
Static hybrid 0.7945 + 0.0392 (+) 0.2812 +0.0210 (=) 0.2019 + 0.0214 () ° (:)0 039
if 1291 +0.012
Uniform. - 155 4 0.0417 (+) 0.2630 £ 0.0921 (+) 0.1875 +0.0516 (+) 01271 00125
random (+)

Bold values indicate the best mean HV among the compared strategy-selection mechanisms within
each case. The symbols in parentheses compare each alternative method with SW-ASS using the
paired Wilcoxon signed-rank test. The symbols + and = indicate that SW-ASS is significantly better

than or not significantly different from the corresponding method at a = 0.05, respectively.

As shown in Table 3, SW-ASS achieves the highest mean HV in three out of the four
representative complex scenarios, namely Cases 5, 10, and 11. In Case 9, cumulative re-
ward selection obtains a slightly higher mean HV, but the Wilcoxon result indicates that
the difference from SW-ASS is not statistically significant. Compared with uniform ran-
dom selection, SW-ASS avoids unguided strategy switching and provides more stable
search behavior. Compared with cumulative reward selection, SW-ASS relies on recent
strategy performance rather than long-term accumulated feedback only, thereby reducing
the influence of outdated rewards. These results indicate that the sliding-window adap-
tive selection mechanism contributes positively to the performance and stability of SW-
MSACO in complex routing scenarios.

5.4. Parameter Sensitivity Analysis
5.4.1. Sensitivity to Objective Weights

To examine whether the conclusions of SW-MSACO remain valid under different
operational preferences, an additional weight-sensitivity experiment was conducted on
four representative complex scenarios, including Cases 5, 9, 10, and 11. Five objective-
weight configurations were tested: balanced preference (w1, w2 = (1, 1), baseline safety-
priority preference (1, 2), timeliness-priority preference (2, 1), strong safety-priority pref-
erence (1, 3), and strong timeliness-priority preference (3, 1). Each configuration was in-
dependently executed twenty times.

As shown in Table 4, SW-MSACO maintains relatively stable HV values under dif-
ferent weight configurations. Although the best-performing weight pair varies across sce-
narios, no setting leads to severe performance degradation. This indicates that the conclu-
sions of SW-MSACO remain generally valid under balanced, safety-priority, and timeli-
ness-priority settings. The baseline setting (w1, w2) = (1, 2) achieves competitive HV values
across the representative scenarios and is therefore adopted as the safety-priority config-
uration in the main experiments.
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Table 4. Weight sensitivity results under different objective-weight settings.
Mean HV + Std. Dev.
(w1, w2)
Case 5 Case 9 Case 10 Case 11
1, 1) 0.7506 + 0.1759 0.2357 + 0.0884 0.1887 +0.0403 0.1792 + 0.0532
1,2) 0.7843 +0.1917 0.2391 + 0.0864 0.1956 + 0.0368 0.1751 + 0.0547
2,1) 0.7426 + 0.1909 0.2493 + 0.0898 0.1967 +0.0428 0.1806 + 0.0537
1,3) 0.7744 + 0.1523 0.2394 + 0.0846 0.1820 + 0.0460 0.1755 + 0.0547
3, 1) 0.7850 +0.1847 0.2478 + 0.0875 0.1998 + 0.0380 0.1836 + 0.0578

5.4.2. Sensitivity to Sliding-Window Capacity

To examine the sensitivity of the proposed algorithm to a key tuning parameter, ex-
periments are conducted under a fixed setting of 80 nodes and 100 orders to evaluate the
effect of sliding-window capacity on optimization performance. Detailed quantitative re-
sults obtained over 20 independent runs are summarized in Table 5.

Table 5. Sensitivity analysis under different sliding window capacities.

Window Capacity Mean HV Std. Dev. Average Time (s)
5 0.2314 0.0412 110.12
10 0.3089 0.0173 12091
15 0.2710 0.0210 125.45
20 0.2584 0.0198 134.80

As shown in Table 5, when the window capacity is too small (W = 5), the average
runtime slightly decreases to 110.12 s. However, the mean HV deteriorates to 0.2314, ac-
companied by a relatively high fluctuation level (Std. Dev. = 0.0412). This performance
degradation is mainly attributed to the stochastic sensitivity of the short-term adaptive
memory queue. A limited window capacity may overemphasize transient local improve-
ments, thereby excessively increasing the selection probability of exploitation-oriented
strategies such as S1. Consequently, the ant colony may converge prematurely toward
narrow suboptimal regions in the solution space, reducing the search diversity required
to construct a well-distributed Pareto frontier.

In contrast, when the window capacity is excessively large (Wep = 20), performance
also deteriorates, with the mean HV decreasing to 0.2584 while the average runtime in-
creases to 134.80 s. An overly large memory window retains outdated feedback infor-
mation from earlier generations, introducing excessive historical inertia into the adaptive
selection process. Consequently, the roulette-based selection mechanism becomes overly
dependent on historical information, resulting in delayed adaptation and reduced search
efficiency during the metaheuristic optimization process.

Among the tested configurations, the configuration with We =10 achieves a balanced
trade-off between exploration capability and exploitation stability. It attains the highest
mean HV (0.3089) together with a relatively low variance (Std. Dev. =0.0173), while main-
taining acceptable computational overhead (120.91 s). These results indicate that Wes = 10
effectively reduces stochastic sampling noise while preserving adaptive responsiveness in
multi-UAV path coordination under high-workload conditions.

5.5. Discussion of Limitations

Despite the demonstrated optimization stability and constraint compliance under
complex task-load conditions, several limitations of the proposed SW-MSACO frame-
work should be acknowledged.
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First, the current study adopts a reduced-order energy-cost model for simulation-
based feasibility evaluation. This model captures the effects of travel distance, remaining
payload, and cruising speed on route-level energy cost, allowing all compared algorithms
to be evaluated under the same battery constraint. However, the model should not be
interpreted as a fully calibrated aerodynamic power model for a specific UAV platform.
The adopted parameters are normalized simulation coefficients rather than experimen-
tally identified physical constants. Therefore, the reported results mainly demonstrate the
algorithmic behavior of SW-MSACO under controlled energy constraints, rather than
providing direct experimental validation of UAV energy consumption in real flight oper-
ations.

Second, the current simulation assumes that the planned trajectories are executed as
designed. In real low-altitude urban environments, UAV trajectories may deviate from
planned routes due to GNSS degradation, positioning uncertainty, wind disturbance, col-
lision-avoidance maneuvers, communication delay, dynamic deconfliction procedures,
temporary no-fly zones, holding patterns, and airspace-management waiting time [37,38].
These factors may increase actual flight duration and energy expenditure compared with
the nominal route-level values estimated in this study.

Third, the current safety-risk matrix is generated within the simulation environment
and is used to evaluate the relative safety exposure of different route segments. Although
this setting is sufficient for comparing the search behavior of different algorithms under
consistent risk constraints, it does not fully represent real urban airspace risk distribu-
tions. Practical UAV deployment would require GIS-based information, population-den-
sity data, building-height distributions, no-fly-zone boundaries, and dynamic airspace-
management constraints. Accordingly, the proposed risk representation should be re-
garded as a controlled simulation abstraction rather than a complete operational risk
model.

Another limitation is that the current comparative study focuses mainly on fixed-
strategy ACO variants and a static hybrid ACO baseline. This design was adopted to iso-
late the contribution of the proposed multi-strategy pheromone evolution pool and the
SW-ASS mechanism under the same solution-construction and simulation-evaluation
framework. However, broader comparisons with general-purpose multi-objective opti-
mizers, such as NSGA-II, MOEA/D and SPEA?2, are still required to further assess the rel-
ative performance of SW-MSACO across different optimization paradigms. This will be
considered as an important direction for future work.

Therefore, the experimental results should be interpreted as simulation-based evi-
dence under simplified and controlled operational conditions rather than direct validation
of real-world urban UAV deployment. The proposed framework demonstrates promising
optimization performance for the formulated CMURP, but its practical applicability still
requires further validation under realistic urban airspace data and operational uncer-
tainty. Future work will extend the current framework by incorporating high-fidelity en-
ergy calibration, stochastic wind-field disturbance, dynamic exclusion zones, emergency
re-routing, battery degradation, and GIS-based urban airspace data to further evaluate the
practical applicability of the proposed method.

6. Conclusions

This paper tackles the combinatorial explosion and premature convergence chal-
lenges of multi-objective drone routing optimization under tight constraints, which re-
main fundamental limitations of traditional ant colony optimization frameworks. To en-
hance adaptability and diversity maintenance in complex urban logistics, this study pro-
poses a SW-MSACO algorithm that incorporates a multi-strategy pheromone evolution
pool and a Sliding-Window Adaptive Strategy Selection (SW-ASS) mechanism.
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The proposed SW-ASS dynamically adjusts operator selection based on short-term
memory feedback, emphasizing recent search performance, while the pheromone evolu-
tion pool introduces diversified deposition behaviors to mitigate search stagnation and
improve responsiveness in highly coupled multi-objective landscapes. In addition, the
weighted fitness formulation provides a preference-guidance mechanism for fitness eval-
uation and pheromone updating under different operational preferences.

Extensive experiments on multi-scale routing scenarios and stress-test benchmarks
demonstrate that SW-MSACO achieves competitive or superior performance compared
with fixed and hybrid heuristics, particularly in large-scale networks and high-load sce-
narios. Sensitivity studies further verify the effectiveness of the sliding-window mecha-
nism, with an intermediate window size achieving a favorable balance between stability
and exploration.

In summary, SW-MSACO provides an effective enhancement to swarm-intelligence-
based multi-objective optimization frameworks for urban drone logistics. Nevertheless,
the current results should be interpreted within the simplified simulation assumptions
adopted in this study, and further validation under realistic urban airspace conditions is
still required. Future work will focus on investigating continuous indicator-based reward
functions, such as HV-improvement-based or archive-quality-based feedback, as well as
parallel acceleration, uncertainty-aware modeling of wind disturbances [39], and dynamic
constraint handling in geo-fenced airspaces to further improve robustness in practical de-
ployment scenarios.
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Abbreviations

The following abbreviations are used in this manuscript:

UAV Unmanned aerial vehicle

CMURP Complex multi-objective urban routing problem
ACO Ant colony optimization

GA Genetic algorithms

PSO Particle swarm optimization

AOS Adaptive operator selection

SW-MSACO Sliding-window adaptive multi-strategy ant colony optimization
SW-ASS Sliding-window adaptive strategy selection

VRP Vehicle routing problems
FN Feasible neighborhood
CD Crowding distance

HV Hypervolume

Std. Dev. Standard deviation
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