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Highlights

What are the main findings?
• A multi-UAV routing and scheduling framework for remote sensing observation tasks

is proposed, and comparative experiments with classical algorithms demonstrate the
superiority of the proposed method.

• A Multi-Region Edge Recombination Crossover operator and an Adaptive Hybrid
Mutation mechanism are designed to enhance the genetic algorithm’s performance in
multi-UAV task scheduling and routing optimization.

What are the implications of the main findings?
• The routing and scheduling schemes of vehicle-mounted multi-UAV systems are opti-

mized, significantly reducing the coverage cost of remote sensing observations.
• The proposed framework provides practical scheduling guidance for large-scale remote

sensing applications using vehicle-mounted multi-UAV systems, effectively minimizing
task redundancy.

Abstract

Vehicle-mounted multi-UAV (VM-UAV) systems offer enhanced flexibility and rapid de-
ployment for large-scale remote sensing tasks such as disaster response and land surveys.
However, maximizing their operational efficiency remains challenging, as it requires the
simultaneous resolution of task scheduling and coverage path planning—an NP-hard prob-
lem. This study presents a novel multi-objective genetic algorithm (GA) framework that
jointly optimizes routing and scheduling for cost-constrained, load-balanced multi-UAV
remote sensing missions. To improve convergence speed and solution quality, we introduce
two innovative operators: a Multi-Region Edge Recombination Crossover (MRECX) to
preserve superior path segments from parents and an Adaptive Hybrid Mutation (AHM)
mechanism that dynamically adjusts mutation strategies to balance exploration and ex-
ploitation. The algorithm minimizes total flight distance while equalizing workload dis-
tribution among UAVs. Extensive simulations and experiments demonstrate that the
proposed GA significantly outperforms conventional GA, particle swarm optimization
(PSO), ant colony optimization (ACO), and clustering-based planning methods in both
solution quality and robustness. The practical applicability of our framework is further vali-
dated through two real-world case studies. The results confirm that the proposed approach
delivers an effective and scalable solution for vehicle-mounted multi-UAV scheduling and
path planning, enhancing operational efficiency in time-critical remote sensing applications.
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1. Introduction
Unmanned Aerial Vehicles (UAVs) have become a critical component of modern Earth

observation, offering the ability to operate flexibly in complex and hazardous environments,
unrestricted by terrain and road networks. They provide high-resolution imagery, enabling
decision-makers to rapidly acquire surface information, and have demonstrated significant
advantages in flexibility and timeliness in fields such as land surveys [1], disaster emergency
response [2], and cultural heritage preservation [3]. However, as the remote sensing
monitoring scope expands and tasks complexity increases, a single UAV is often not
enough in terms of endurance and operational efficiency.

For instance, during large-scale ground missions such as the 2021 Zhengzhou flood [4]
and the 2024 Valencia flood in Spain (https://www.copernicus.eu/sl/node/69707, accessed
on 6 August 2025), which affected 328.32 km2 and 4100 hectares of land, respectively, single-
UAV systems are unable to conduct rapid and comprehensive surveys on their own, while
Geographic Information Systems (GIS) and advanced remote sensing technologies aid
intelligence acquisition in complex environments, collaborative multi-UAV systems are
crucial for large-scale, time-sensitive missions, offering enhanced efficiency, robustness,
and redundancy [5].

Collaborative multi-UAV systems represent a current focal point of international re-
search [6–9], with many countries having formulated long-term strategies and developed
advanced platforms for scientific, military, and commercial applications. Multi-UAV col-
laboration enables efficient task division and parallel execution, significantly reducing the
imagery acquisition window in large or heterogeneous areas while simplifying subsequent
data processing complexity. Under the management and control of a central node or
integrated center, UAVs can collaboratively detect targets in different regions and share
sensor information in real time, forming a network. The collected data are processed and
fused across UAVs, enabling resource sharing and mutual support to ensure efficient and
seamless coverage of the entire airspace structure. Furthermore, driven by advances in
communication, hardware, and intelligent software, the use of UAV networks or swarms
has emerged as a key trend in remote sensing research [10,11].

However, the launch, recovery, and coordination of multi-UAV systems require exten-
sive preparatory work, which constrains operational efficiency and substantially increases
costs. To enhance deployment flexibility and sustained operation in remote-sensing ap-
plications, ground vehicles can be transformed into mobile platforms that integrate UAV
transport, rapid deployment, launch and recovery, onboard data processing, and energy
replenishment—hereafter referred to as VM-UAV systems [6,12]. These vehicle-mounted
platforms not only overcome the transportation, power, and onboard computing bottle-
necks faced by small- and medium-sized UAVs during field operations, but also markedly
expand the operational envelope of UAVs, showing great potential for time-sensitive tasks
such as rapid mapping and disaster response, as shown in Figure 1.

Despite the numerous advantages that vehicle-mounted multi-UAV system bring to
remote sensing, developing efficient collaborative scheduling and flight path planning
mechanisms to fully exploit their potential remains a major challenge. Most existing UAV
ground station software, primarily supports manual route planning for a single UAV,
failing to meet the complex demands of multi-UAV collaborative operations [13]. Simply
increasing UAV numbers without effective coordination produces uneven task loads and

https://www.copernicus.eu/sl/node/69707
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staggered completion times, so the system’s performance is constrained by a “wooden-
barrel” bottleneck—the weakest link determines overall capacity. In multi-region operations
that require frequent takeoffs and landings, irrational area allocation and suboptimal route
design cause excessive non-productive turns, elevating energy consumption and reducing
endurance. These inefficiencies delay data acquisition and degrade the timeliness of
decision-making, which is critical in emergency response. Consequently, there is a clear
gap: current methods do not provide mature, system-level intelligent task allocation and
energy-aware path-planning that can fully exploit the capabilities of VM-UAV remote-
sensing platforms.

The objective of this research is to develop a practical method that can significantly
enhance the operational efficiency, coverage range, and response speed of vehicle-mounted
multi-UAV systems in remote sensing surveys, providing robust support for rapid and pre-
cise information acquisition in complex environments. The problem is highly challenging
as it involves the joint design of multi-UAV scheduling and path planning. First, we design
a scheduling scheme that determines the visit order of multiple regions for multiple UAVs
to optimize the sequence and minimize inter-region path lengths. Additionally, it balances
the tasks of each UAV to reduce the time wasted by other UAVs while waiting. Second, for
each location, we implement an optimal coverage flight path that avoids excessive turns,
which increase energy consumption, thereby offering flexibility in high-quality coverage
and time efficiency based on the UAV type [6,12].

Figure 1. Schematic diagram of a vehicle-assisted multi-UAV remote sensing application.

2. Related Work
Optimizing the scheduling and routing for multi-UAV systems is a fundamental

challenge, recognized as an NP-hard problem. It is often modeled as a variant of the
Vehicle Routing Problem (VRP) or the Multiple Traveling Salesman Problem (TSP), where a
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fleet of energy-constrained UAVs must efficiently visit a set of target nodes. The primary
goal is to optimize objectives such as minimizing mission time or energy consumption
while respecting constraints like UAV endurance, payload capacity, and flight speed.
Therefore, beyond being NP-hard in terms of exact optimization, it is also difficult to
approximate within a guaranteed ratio. Consequently, metaheuristic approaches such as
genetic algorithms are adopted to efficiently explore the solution space and obtain high-
quality approximate solutions in practice [14]. In addition, commonly used methods also
include mathematical programming [15] and deep reinforcement learning (DRL).

One stream of research utilizes mathematical programming to formulate exact models,
primarily through Mixed Integer Programming (MIP). These models excel at finding opti-
mal solutions for small to medium-sized problems. In the context of logistics and cargo
delivery, some models focus on minimizing mission duration by permitting UAVs to be
launched and retrieved from different carrier vehicles [16–18]. Other researchers have devel-
oped integrated frameworks that simultaneously optimize task scheduling, route planning,
and even recharging decisions, thereby managing the overall energy consumption of the
mission [19]. Despite their precision, exact methods like MILP and branch-and-bound face
significant scalability challenges. Their computation time grows exponentially with prob-
lem size, making them impractical for large-scale or time-sensitive scenarios. Collectively,
the above studies indicate that carefully designed heuristic approaches can substantially
improve the performance and adaptability of UAV task scheduling and routing across
diverse environments. In recent years, deep reinforcement learning (DRL) has been ap-
plied to UAV path planning to generate complex 3D trajectories and support real-time
decision-making. However, DRL for multi-UAV path planning and scheduling still faces
several challenges. First, high-dimensional state spaces and continuous action spaces
incur substantial computational cost and long training times; second, multi-agent non-
stationarity and reward sparsity destabilize learning and worsen sample inefficiency. To
mitigate these issues, researchers have adopted hybrid strategies—e.g., offline pretraining
to reduce online computation and exploration risk [20], hierarchical task decomposition
separating assignment from trajectory control [21], and hybrid model architectures [22]
coupled with tailored dense potential-field reward designs to alleviate sparse rewards
and accelerate convergence [23]. These methods have produced promising simulation
results, primarily for 3D obstacle-avoidance trajectory generation, but challenges remain
for scalability, robustness to real-world disturbances, and transfer to physical platforms.
To overcome the scalability limitations of exact methods, heuristic and metaheuristic al-
gorithms are widely adopted due to their flexibility and efficiency in finding high-quality,
near-optimal solutions for large, complex problems. GA is a popular choice. Early work
demonstrated their ability to converge to near-optimal solutions more rapidly than tra-
ditional search methods [24]. Subsequent research has focused on enhancing GA with
more sophisticated designs, such as dual-chromosome encoding to manage complex task
assignments and conflict resolution mechanisms tailored for missions with heterogeneous
UAVs [3,12,25,26]. Beyond GAs, alternative approaches include improved PSO and ACO
algorithms designed to avoid premature convergence, as well as hybrid methods that first
decompose the problem by clustering tasks (e.g., using k-means) and then optimize routes
within each cluster [12,27,28].

Beyond scheduling the sequence of areas to visit, a crucial second-level problem is
generating an efficient Coverage Path Plan (CPP) for each designated area. The foundational
strategy for CPP is often area decomposition, where a complex region is divided into
simpler sub-regions that can be covered with systematic patterns, such as the classic
boustrophedon (back-and-forth) algorithm [29]. To accommodate real-world irregular
environments, researchers have developed advanced algorithms for non-convex polygons.
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For instance, Torres et al. introduced techniques like improved polygon decomposition
and the “interrupted path” concept, which optimize flight paths in geometrically complex
areas, demonstrating excellent performance [30]. In multi-UAV cooperative studies, the
decomposition of large operational areas is an important research focus. For instance, a
multi-UAV survey of an Adelie penguin colony of approximately 300,000 birds across a
2 km2 Antarctic area shortened the traditional survey duration from two days to just three
hours [31]. Building on this idea, Apostolidis et al. [5] developed a multirotor mission-
planning platform that decomposes the survey region using the DRAP method [32] and
applies a minimum spanning tree to reduce turns in flight paths. Similarly, Cao et al. [33]
combined a sensor-based model with formation-flight coverage-path planning to simulate
photogrammetric applications for UAV swarms. These studies illustrate how careful
area decomposition and route design can markedly improve the efficiency of large-scale
UAV surveys.

However, the above methods considers only independent, isolated survey regions.
From a practical standpoint, missions involving multiple regions require both effective
allocation and routing of UAVs and the design of coverage strategies. Most current research
on coverage task planning focuses on either UAV scheduling or coverage, lacking a unified
approach. When large-scale optimization problems arise, new demands are placed on
the proposed algorithms. In summary, a new guiding algorithm is needed to provide a
comprehensive solution for multi-UAV remote sensing applications.

2.1. Problem Description

Large-scale remote-sensing missions often involve multiple discrete task regions that
exceed the number of available UAVs. A vehicle-mounted platform carries M UAVs which
operate as a cooperative swarm to perform coverage observations. The objective of this
study is to assign each UAV a subset of task regions, each UAV sequentially executes
coverage flights over its assigned regions and then returns to the vehicle. The system model
assumptions are as follows:

1. Prior to mission execution, the control system has complete knowledge of all task
regions, including their number, locations, and boundaries.

2. For remote-sensing mapping, orthophotos are used for wide-area coverage. Thus,
each UAV flies at a fixed altitude and constant speed, maintaining constant forward
and side overlap rates within each region. The ground sampling distance (GSD) is
computed automatically from the flight altitude.

3. UAV energy consumption is modeled as proportional to flight time, and aerodynamic
models are not considered. UAVs are assumed to remain undamaged throughout
the mission.

4. UAVs are launched from the vehicle and are required to return to the vehicle upon
mission completion.

This study tackles two interrelated problems. First, for each task region we seek an
energy-optimal coverage path that minimizes in-mission energy expenditure. Second,
we develop a task-assignment and sequencing strategy for multiple UAVs that balances
workload across UAVs and optimizes the order of region visits to reduce overall mission
complexity. The ultimate goal is to minimize the aggregate energy and time costs of the
entire multi-UAV system. A schematic of the prototype system is presented in Figure 2.
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Figure 2. (a,b) Prototype of the vehicle-mounted multi-UAV system. (c) Multi-UAV Ground Control
Station in flight experiment.

2.2. Scheduling and Coverage Model Formulation

Table 1 list the mission model attributes and parameters for the UAV and camera used
in this study. In the formulated model, Equations (1) and (2) represent the sets of UAVs
and candidate regions. The final optimized result of the scheduling algorithm is a route for
each UAV. Assuming there are Nu UAVs, the set of routes is denoted as in Equation (3):

U = U1, U2, . . . , Ui, . . . , UNu , i ∈ 1, . . . , Nu (1)

V = P1, P2, . . . , Pi, . . . , PNr , i ∈ 1, . . . , Nr (2)

Ui = {Pk1, Pk2, . . . , Pkn}, Pk ∈ V (3)

Table 1. Model parameters and description.

Parameters Attribute Description

Nr Number of Regions The total number of task regions.
Pr = {(x, y)}Nr Region Location The geographic centroid of each region.
Sr = R Region Shape A sequence of polygons defining the boundary of each region.
Nu Number of UAVs The number of UAVs available for mission execution.
Pvs. = {(x, y)}Nvs. Vehicle Deployment Location Initial deployment position of the vehicle and UAVs (take off point).
h Flight Altitude UAV flight altitude above ground level (m).
os Side Overlap Lateral overlap percentage between adjacent aerial images.
o f Forward Overlap Longitudinal overlap percentage between consecutive aerial images.
Eu Endurance Range Maximum flight range of the UAV (km).
Pn = (x, y, z) Coordinates Current three dimensional spatial coordinates of the UAV.
ψ Raw Heading UAV’s heading angle relative to true north.
ϕ Yaw Angle UAV’s rotation around the vertical axis.
θ Pitch Angle UAV’s rotation around the lateral axis.
f Focal Length Camera lens focal length determining image scale (mm).
v Cruise Speed UAV’s average cruising speed (m/s).
W Image Width Number of pixels in the horizontal direction of the captured image.
H Image Height Number of pixels in the vertical direction of the captured image.

The workload of a UAV is determined by the sum of its flight distances, comprising
four components: the launch segment, the intra-region coverage paths, the inter-region
transit paths, and the return segment, as expressed in Equation (4).

Li = d(Pv, pentry
i,ji,1

) +
mi

∑
k=1

Lcover
i,ji,k

+
mi

∑
k=1

d
(

pexit
i,ji,k

, pentry
i,ji,k+1

)
+ d
(

pexit
i,ji,mi

, Pv
)

(4)

where Lcovs.er
i,ji,k

represents the total path length required for UAV Ui to complete coverage
observation in sub-region j. d denotes the Euclidean distance between two locations, where
Pentry is the entry point and Pexit is the exit point. Pv represents the vehicle’s position. The
total route cost of the mission, Froute, is the normalized sum of all UAV flight ranges, as
shown in Equation (5):
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Froute =
∑Nu

k=1 Lk

∑Nu
i=1 Eu,i

(5)

Fbalance is represented as the variance of the ratio of each UAV’s flight path to its
maximum endurance, calculated as shown in Equation (6):

Fbalance =
1

Nu

Nu

∑
i=1

(
Li

Eu,i
− 1

Nu

Nu

∑
j=1

Li
Eu,i

)2

(6)

The minimization objective function is the weighted sum of path length and load
balance, where σ are weight parameters, as

Fcost = σrFroute + σbFbalance (7)

where σr is the route cost weight parameter, and σb is the load balance weight parameter. In
this study, the route cost weight is set proportional to the sum of the ratios of each UAV’s
flight distance to its maximum endurance, while the load balance weight is computed using
a normalization-based method. As the number of UAVs increases, the route cost weight
rises significantly. Therefore, in all algorithms, the route cost weight is set to 1, and the
load balance weight is set equal to the number of UAVs. In practical applications, these
two parameters can be adjusted according to mission priorities to flexibly achieve different
operational objectives.

2.3. Camera Model

The objective of UAV remote sensing is to acquire complete imagery that covers the
target area while satisfying resolution requirements. During image acquisition, the overlap
between consecutive frames together with flight altitude (GSD) jointly govern the quality
of the reconstruction. The overlap patterns and image footprints are illustrated in Figure 3.

Figure 3. Flight line overlap and footprint in UAV photogrammetry.

The ground sampling distance (GSD) refers to the distance between the centers of two
adjacent pixels on the ground and can be automatically calculated based on the sensor
width Sw using Equation (8).

GSD = 100
hSw

W f
(8)
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The ground footprint of a single image can be derived from the UAV’ position
Pn and pose Rc→W = Rz(ψ)Ry(θ)Rx(ϕ). The footprint projected on the terrain has a
length l and width w. The forward overlap and side overlap rates are calculated as in
Equations (9) and (10):

ol = 1 − Rd
w · GSD

(9)

os = 1 − sh · v
l · GSD

(10)

where Rd is the distance between adjacent flight lines, sh is the shutter interval between
two aerial images.

3. Energy-Optimal Coverage Planning Model
To alter its heading during flight, a UAV must decelerate and adjust its attitude,

requiring additional thrust to counteract centrifugal forces and safely negotiate a turn. This
is particularly critical for fixed-wing UAVs, whose minimum turning radius is a function
of velocity, lift coefficient, and load factor. Consequently, minimizing the frequency of
high-curvature turns within a coverage path plan is essential for reducing overall energy
expenditure. Neglecting the significant energy consumed during these maneuvers can lead
to a critical underestimation of the total power budget, potentially resulting in insufficient
flight endurance, a premature return-to-launch, or an emergency landing. Therefore,
the current coverage planning path needs to go beyond geometrical “full coverage” and
seek to maximize time, energy, and cost efficiency while meeting physical kinematic
constraints [34].

To solve the single-region coverage problem, we reference the work of Krupke [34]
to achieve an approximately optimal coverage path with turning costs. The method
primarily involves the following five steps: area discretization and value estimation, linear
relaxation solving, atomic strips selection, constructing a cycle cover, and path connection
and optimization.

3.1. Area Discretization and Value Estimation

First, the complex polygonal area to be covered is discretized into a graph G = (P, E)
through equilateral triangulation, yielding a set of points and edges. For each node v ∈ P ,
its Voronoi cell on the grid is constructed, and the area of this cell is taken as the node’s
coverage value, val(v), reflecting the approximate covered area contributed if the path
covers this node. The distance between adjacent nodes in the grid is set to 1.15Rd to
maintain the side overlap rate of the aerial images.

3.2. Linear Relaxation Solving

On the graph G a three-way path variable χuvw is introduced to represent the frequency
of the path u → v → w. A skip variable sv is also introduced, where skipping a node
incurs a penalty equal to val(v) · sv. Linear programming is used to optimize the objective
function on graph G :

min ∑
v∈P

val(v) · sv + ∑
(u,v,w)

cost(u, v, w) · xuvw (11)

Here, the cost function cost(u, v, w) incorporates the Euclidean distance and a penalty
for turning angles, and local weights α may be assigned to nodes. The constraints comprise
a “cover-or-skip” constraint for each node v:

∑
u,w

xuvs.w + svs. ≥ 1 (12)
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which ensures that every node is either covered by a path or incurs its skip cost, and a flow-
conservation constraint that enforces balance of the fractional flow on each undirected edge
at both endpoints. Solving this linear program produces a fractional solution {x∗uvw, s∗v},
which provides a lower bound and guides the construction of a feasible integer solution.

3.3. Atomic Strips Selection

The fractional solution needs to be converted into a set of atomic strips for matching.
Each atomic strips represents a small hypothetical movement near a node v with a fixed
orientation. This allows the turning cost to be approximately mapped to matching edges.
For each node v, all its adjacent edges are enumerated as candidate orientations. The
“fractional flow alignment” is calculated for each orientation, which is the sum x∗uvw of for
all path (u, v, w) passing through v where the direction w → v is closest to the orientation.
The best few orientations for each node are retained as candidate atomic strips. For each
selected atomic strips ζ corresponding “endpoint nodes” are created at its ends. A matching
edge is established between any two endpoints. If the two endpoints come from adjacent
nodes with a consistent geometric orientation, the edge weight is the half-segment distance
and turning cost. If they are the two ends of the same atomic segment, the matching edge
weight is set to the penalty for skipping that node val(v). This results in an endpoint
matching graph G̃ with approximately O(|P| · k) vertices and O(|P| · k2) edges.

3.4. Constructing Cycle Cover

In the endpoint matching graph G̃, the Blossom V [35] algorithm is used to find
a minimum weight perfect matching, which results in a set of pairs (ai, bi). Each pair
(a, b) represents either the connection of two atomic segment endpoints to form a path
fragment or the skipping of the node and paying its value penalty. The matching results
are projected back onto the original graph which G, splices together several disjoint cycle
covers. These cycles globally balance coverage value and turning costs while avoiding
excessive backtracking. Figure 4 illustrates the atomic strips selection and the Cycle Cover.

Figure 4. Example of atomic strips selection. Atomic strips are shown in yellow (optional) and red
(mandatory). The matching result is displayed in light purple.



Drones 2025, 9, 783 10 of 25

3.5. Path Connection and Optimization

The initially generated paths are optimized using local MIP. A highest cost node vroot

is selected, and a Breadth-First Search is performed from it to construct a subgraph Gloc

containing the first t nodes. In this subgraph, the corresponding path and skip variables
are set as binary, while external variables are fixed to the ceiling of the fractional solution.
After solving for the subgraph, if the objective value decreases and the local solution can
connect to the external solution, the global solution is updated. This iterative process
reduces redundant turns and skips unnecessary nodes. The Prize-Collecting Steiner Tree
(PCST) model is introduced, where the edge weight between two cycles is their shortest
connection cost. Solving the PCST yields a “value-maximized” connected subtree. Only the
cycles selected in the PCST are merged, while the rest are discarded. Geometrically adjacent
cycles with low connection costs are merged into a larger cycle using the Dijkstra algorithm
to compute the shortest path with turning costs. Finally, a global local MIP optimization
is performed on the connected cycle to further eliminate redundancies and overlapping
coverage introduced during merging.

4. Multi-UAV Scheduling and Routing
GA have proven to have scalability and speed advantages in solving large-scale

discrete solution spaces. However, traditional GA often struggle to find the optimal
solution for multi-UAV task scheduling and routing [13]. Therefore, improvements are
needed in three areas: encoding and decoding, crossover operator, and mutation operator.
In this section, we introduce the framework of our proposed improved genetic algorithm,
its encoding method, new crossover operator, and the adaptive hybrid mutation strategy.
The system framework is illustrated in Figure 5.

Figure 5. Framework of the GA for multi-UAV routing and scheduling.

The steps of the proposed algorithm are as follows:
Step 1. Model Initialization and Coverage Path Construction. Calculate the flight

altitude and flight line width based on mapping requirements. For each region a UAV
needs to visit, first plan the coverage path cost as a weight for the region’s location, as
described in Section 4.
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Step 2. Population Initialization. The initial population of individuals is created by
randomly shuffling the regions and assigning them to UAVs, ensuring the diversity of the
initial population.

Step 3. Objective Function and Fitness Evaluation. The fitness of individuals’ path
connection schemes is calculated according to the objective functions for route cost and
load balance. The framework adopts a multi-objective optimization strategy that aims to
minimize the flight distance and optimize the load balance of each UAV.

Step 4. Selection. As a multi-objective optimization problem, NSGA-II is used as
the basic framework. It selects individuals through non-dominated sorting and crowding
distance to maintain population diversity and converge to the Pareto front.

Step 5. Crossover. Use the Multi-Region Edge Recombination Crossover operator
from Section 4.3.

Step 6. Mutation. Use the Adaptive Hybrid Mutation Mechanism from Section 4.4.
Step 7. Merge Population. The chromosomes with the highest fitness are selected

to join the offspring population. In each generation, a new population of µ individuals
are selected from the µ parent individuals and λ offspring individuals. This means both
parents and offspring have a chance to enter the next generation, which is a form of elitism
that helps preserve excellent individuals.

Step 8. Termination. If the number of iterations is met, stop the loop and generate the
task allocation and path planning results; otherwise, return to Step 2.

Step 9. Combination. The coverage paths for all regions and the transitions between
them are connected using Dubins curves under flight radius constraints. Connect all regions
and the vehicle to form the final paths.

4.1. Chromosome Encoding

To adapt to the multi-UAV routing and scheduling problem, Wang et al. [25] used
a dual-chromosome encoding, but their method of cutting based on position could lead
to a large number of infeasible solutions. J. Li et al. [13] improved the dual-chromosome
encoding by reserving unallocated space for each UAV’s tasks, but this fixed the number
of regions each UAV could visit, requiring pre-mission configuration. To avoid this issue,
this study modifies the chromosome encoding method. An individual is defined by NU

routes, where each route I = (R1, R2, . . . , Rd) is a permutation of task nodes to be visited.
Each route starts from launching platform, visits all nodes in its list, and then returns to the
vehicle. The chromosome uses integer encoding, as shown in Figure 6. Layer I represents
the queue of tasks to be performed, and Layer II represents the UAV assigned to perform
those tasks. In Layer I, each UAV is assigned a list, with the vehicle index at the head and
tail. After task initialization, the middle of the list is filled with the region visit tasks. The
vehicle index always remains at the beginning and end of each UAV’s assigned task list
and does not change its position. Thus, the first layer of genes is represented by NU lists,
containing Nr non-repeating regions. The second layer is the index for the UAV ID. The
advantage of this improved chromosome encoding is that it removes the upper limit on the
number of tasks, reduces the complexity of model initialization and the need for manual
intervention, allows for a higher optimization ceiling in highly heterogeneous tasks, and
facilitates task exchange and matching based on constraints.

Figure 6. Example of chromosome encoding.
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Figure 6 illustrates an example of the improved two-layer chromosome encoding
scheme, designed for a scenario involving 16 regions and 4 UAVs. The first layer specifies
the region visiting sequences for the four UAVs, which are given as: [0, 1, 4, 5, 7, 0], [0, 13,
16, 2, 8, 0], [0, 9, 11, 6, 12, 0], and [0, 3, 10, 14, 15, 0]. Here, the number “0” denotes the depot
location of the ground vehicle. Taking UAV 1 as an example, after deployment from the
vehicle, it sequentially visits regions with index IDs 1, 4, 5, and 7 in the specified order to
accomplish its coverage task.

4.2. Population Selection

The genetic algorithm employs the NSGA-II framework. During the selection pro-
cess, the dominance relationship is determined by Pareto dominance, which stratifies the
population into non-dominated fronts. A solution x is said to dominate a solution y if{

f1(x) ≤ f1(y) ∧ f2(x) ≤ f2(y)
∃j ∈ 1, 2 : f j(x) < f j(y)

(13)

where f1 is the path cost Fcost and f2 is the load balance Fbalance. Within the same front,
the crowding distance Id is calculated to measure the density of solutions. The crowding
distance of solution i is given by

Id(i) =
2

∑
m=1

fm(i + 1)− fm(i − 1)
f max
m − f min

m
(14)

During the crowding distance calculation, the distance for boundary solutions is set to
infinity to ensure a uniform distribution of solutions in the objective space. Finally, binary
tournament selection is used to choose parents. Solutions with a lower front rank are
preferred. If two solutions are in the same front, the one with the larger crowding distance
is chosen: {

ra < rb, choose xa

{ra = rb Λ Id(a) < Id(b), choose xa
(15)

The NSGA-II framework preserves high-quality solutions while maintaining popula-
tion diversity through crowding distance, ultimately generating a balanced set of solutions
that cover the Pareto front.

4.3. Multi-Region Edge Recombination Crossover

In multi-path optimization problems like multi-UAV path planning, preserving the
superior edge structures of parent solutions is crucial for generating high-quality offspring.
The Edge Recombination Crossover (ERX) operator [36] inherits the connectivity rela-
tionships between elements from parent individuals by constructing an adjacency list,
producing offspring that retain path continuity. Inspired by the classic ERX, we introduce
MRECX to implement a path-optimizing crossover operator.

The MRECX operator is applied with a probability pc to create a pair of offspring chro-
mosomes OA and OB from a pair of parent chromosomes PA and PB. This crossover only
applies to the UAV’s regional visit paths. If crossover is performed, for each corresponding
UAV index j ∈ [1, NU ], MRECX extracts the parent routes R(A,j) and R(B,j), determines the
unique set of task nodes to be visited by Uj as

Uj = Set(R(A,j)) ∪ Set(R(B,j)) (16)
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An adjacency list is constructed for each node v in Uj ∪ Pv. The edges from both R(A,j)
and R(B,j) are added to this list. Each entry records the adjacent node ID, the distance, and
a flag indicating if it is a common edge present in both parent routes.

To generate the offspring route O(A,j), it is initialized as empty. A starting node s ∈ Uj

is randomly selected, added to O(A,j) and marked as visited. Let the current node be
curr = s, while the length of O(A,j) is less than the required length, the following steps are
repeated to select the next node next:

1. Identify all neighbors of curr from the adjacency list that are in Uj and have not yet
been visited.

2. If there are candidate neighbors, select next based on the following priority:

(a) Prefer a neighbor that forms a common edge with curr.
(b) If there are multiple common-edge neighbors or none, prefer the neighbor

connected by the shortest edge distance.
(c) If ties still exist, prefer the neighbor that has the fewest unvisited neighbors

itself. This heuristic reduces the risk of isolating other nodes later.

3. If there are no such neighbors (i.e., curr is an isolated node), randomly select an
unvisited node from the remainder of Uj to be next.

4. Add next to O(A,j) mark it as visited, and update curr = next.

This process continues until O(A,j) is a complete permutation of the same length as the
parent routes. The same procedure is applied to create O(B,j). Finally, all individual routes
are combined to form the complete offspring individuals O(A,j) and O(B,j). Figure 7 shows
an example of MRECX application.

Figure 7. Example of MRECX application.

MRECX preserves common edges from parent chromosomes during iteration, main-
taining superior path segments and guiding the evolution in a reasonable direction. Simul-
taneously, the distance-based selection for isolated nodes helps accelerate convergence and
avoid excessive randomness.

4.4. Adaptive Hybrid Mutation Mechanism

The AHM mechanism applies mutation to selected individuals in each generation
with an overall mutation probability pm. When triggered, the operation is performed on
the individual. Its core components include a portfolio of mutation operators, an operator
selection and application module, a contribution calculation module, and a probability
self-adaptation module.
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AHM maintains a portfolio M = {M1, M2, . . . , MNOP} of NOP distinct mutation oper-
ators. Each operator Mi has a specific perturbation mechanism designed to explore the
solution space from different perspectives. The portfolio in this study includes the follow-
ing primary operators: Inversion Mutation, Scramble Mutation, Displacement Mutation,
and Task Migration Mutation, as shown in Figure 8.

Figure 8. Example of mutation operators.

Inversion Mutation: This operator acts on each route Rj of an individual with an
independent sub-probability psub. If the route length is greater than two, it randomly
selects a sub-segment Rj[a . . . b − 1] and reverses the order of its elements. This operator
explores neighboring solutions by altering the local task sequence.

Scramble Mutation: Furthermore, applied to each route Rj with probability psub. If the
route length exceeds two, it selects a random sub-segment Rj[a . . . b − 1] and completely
shuffles the order of its elements. This operator introduces a greater degree of perturbation
than inversion mutation.

Displacement Mutation: Applied to each route Rj with probability psub. For routes
longer than two, it randomly selects a sub-segment Rj[a . . . b − 1], removes it from its
original position, and inserts it into a new random position within the remaining part of
the route. This operator can significantly alter the global position of a block of tasks.

Task Migration Mutation: If selected, this operator is executed once on the entire
individual (all routes). Its purpose is to reallocate tasks between different UAVs to achieve
better load balance or cost-effectiveness. The process is as follows:

1. For each route Rj, load weight Wj is calculated, which synthesizes the total intrinsic
weight of tasks in the route and its expected execution cost, and is then normalized.

2. Source route Rs is selected from all routes using roulette wheel selection based on the
load weights Wj. Routes with higher loads have a greater chance of being selected.

3. The route with the current minimum load weight Wk is chosen as the target route RT ,
ensuring Rs ̸= RT .

4. If both Rs and RT contain a sufficient number of tasks (at least two), a region r̃ is
randomly removed from Rs.

5. The region r̃ is then added to RT . The insertion position is determined by a greedy
best-insertion strategy, which tries all possible insertion points and selects the one that
results in the minimum increase in the estimated cost of RT .
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When mutating an individual, an empty applied operator set Sapply is initialized. For
each operator Mi, a random probability rand ∈ [0, 1] is generated. If rand ≤ P(Mi), then
Mi is added to Sapply. P(Mi) is the current dynamic application probability of operator Mi,
which is initialized equally for all operators. If is still empty after this probabilistic selection,
one operator is chosen uniformly at random from M to ensure at least one mutation is
performed. All operators in Sapply are then applied sequentially to a copy of the individual.
After applying the operators, the fitness of the mutated individual fmutant is evaluated and
compared to the original individual’s fitness fraw to calculate a composite improvement
score Imp. For a multi-objective minimization problem, Imp is calculated as

Imp =
2

∑
i=1

max
(
0, fraw,obji − fmutant,obji

)
max

(
ϵ, fraw,obji

) (17)

where ϵ is a small positive number to prevent division by zero. This score Imp is then evenly
distributed among all operators in Sapply. For each Mi ∈ Sapply, its contribution for this
application is recorded as Contribi = Imp/|Sapply|. If Imp > 0, the success counter for each
Mi ∈ Sapply is incremented by 1/|Sapply|.

The application probabilities P(Mi) for each mutation operator are periodically ad-
justed every Gupdate generations. First, for each operator Mi, its average contribution C̄i

over its last Wapplications is calculated. A new raw probability P′
raw is then computed

based on this average contribution:

P′
raw(Mi) =

C̄i

∑
Nop
l=1 C̄l

(18)

To ensure all operators have an opportunity to be explored, a minimum probability
Pmin is set. The adjusted probability is P′

adj(Mi) = max(Pmin, P′
raw(Mi)). Finally, all adjusted

probabilities are normalized to obtain the new application probabilities:

P(Mi) =
P′

adj(Mi)

∑
Nop
l=1 P′

adj(Ml)
(19)

5. Experimental Results and Analysis
In this section, we analyze and discuss the optimization capability of different algo-

rithms for solving the multi-UAV scheduling and routing problem. To rigorously evaluate
the benefits of our approach, we implemented a baseline genetic algorithm (GA-Default)
within the proposed framework that employs Partially mapped crossover (PMX) [37]
and task-migration mutation operator. To demonstrate the effectiveness of the individual
modules, we replaced the PMX operator with the proposed MRECX crossover to obtain
GA-MRECX. Finally, by augmenting GA-MRECX with the AHM module, we formed the
complete method used in this study (GA-Proposed). Drawing on prior work, we also
implemented multi-UAV scheduling algorithms based on PSO [38], ACO [39], and the
spatial clustering–traveling salesman algorithm (SC-TSA) [12].

To evaluate the performance and applicability of the proposed algorithm, we con-
ducted numerical simulations and tested it on two typical study areas. Table 2 lists the
settings for the numerical simulations, detailing parameters for four scenarios of varying
scale. The Route Weight is uniformly set to 1, and the Balance Weight is set equal to the
number of UAVs to emphasize the need for energy balancing in multi-UAV environments.
Four scenario datasets of varying scale were generated randomly to evaluate the method’s
optimization performance and generalizability. Representative study areas for the algo-
rithm include wildfire-affected Maui, Hawaii (USA), and Zhoukou, Henan (China), which
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is characterized by dispersed rural residential settlements. All experiments were performed
on a mobile computer with a 13th Gen Intel(R) Core(TM) i5-13500HX 2.50 GHz processor
and 8 GB of RAM. All algorithms were implemented in Python 3.12. The parameters of the
algorithm settings are shown in the Appendix A.

Table 2. Simulation parameters for the datasets.

Datasets I II III IV

UAVs 4 8 12 16
Regions 30 50 70 100

Area 4 km2 16 km2 36 km2 64 km2

Complexity 0.9 0.8 0.7 0.6
Coverage Cost 1∼10 km 1∼10 km 1∼20 km 1∼20 km

Endurance 50 km 70 km 70 km 100 km
σr 1 1 1 1
σb 4 8 12 16

Complexity represents the randomness of the location distribution and the complexity of the region shapes. The
specific implementation refers to Krupke’s work [34].

5.1. Numerical Simulation

The numerical simulation results are shown in Table 3. In all models, the GA-Proposed
in this study achieved the best results across all simulated scenarios, with Fcost values
of 3.435, 5.215, 7.186, and 8.064 for the four datasets, respectively. Compared to other
algorithms, GA-Proposed achieved a better balance between route cost and load balanc-
ing, indicating more reasonable task allocation and scheduling. GA-MRECX exhibits a
considerable improvement over GA-Default, demonstrating the superiority of the chromo-
some encoding scheme and the MRECX operator proposed in this study. The next best
performing algorithms were ACO, PSO, and GA-Default. The distinguishing feature of
the SC-TSA method is that it decouples task scheduling from path planning. During the
spatial clustering process, routing tasks are aggregated into more compact regions, which
facilitates construction of reasonable single-UAV path costs; however, because the method
does not simultaneously account for multi-UAV load balancing, the overall Fcost cannot
be reduced to a low level. In contrast, the other heuristic algorithms incorporated task
migration mutation or similar strategies during iteration, enabling them to achieve more
balanced task assignments. In terms of time efficiency, SC-TSA is very efficient on smaller
datasets, whereas PSO becomes more efficient as dataset size grows. The proposed method
requires tracking the mutation operator’s application probability during iterations, which
reduces its time efficiency. Nevertheless, it can generate paths within on the order of tens
of seconds, which is acceptable for many practical scenarios.

Figure 9 shows the iterative optimization process in four task scenarios to compare
the solution performance of the algorithms, while GA-MRECX and GA-Proposed ex-
hibit nearly identical convergence trends, GA-Proposed explores a broader solution space,
demonstrating the effectiveness of the AHM mechanism. ACO and PSO are widely used
in combinatorial optimization, they have inherent and practical limitations in multi-UAV
multi-path optimization tasks that prevent them from reaching a global optimum. ACO
relies on pheromone concentration on local paths to guide its search, which can lead to
premature convergence on suboptimal routes. Pheromone updates lag, providing slow
feedback on newly discovered high-quality sub-paths, making it difficult to maintain
global search vitality. Thus, it converges early but fails to explore the solution space
deeply. PSO, originally designed for continuous spaces, must simulate velocity updates
for discrete paths through swaps or priorities, lacking theoretical convergence guarantees.
PSO can converge quickly, but it often suffers from a loss of diversity, making it nearly
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impossible to escape from clusters of homogeneous solutions. The GA-Default, using the
PMX operator, preserves absolute positional information rather than adjacency informa-
tion. This mechanism frequently disrupts beneficial sub-tours (or favorable adjacencies)
from the parents, leading to offspring with low structural resemblance. This results in
highly random offspring and limited optimization capability, making it difficult to find the
optimal solution.

Table 3. Simulation results for the optimization algorithms.

Datasets Model Froute Fbalance Fcost Ts

I

GA-Default 3.493 0.011 3.539 1.858
GA-MRECX 3.432 0.011 3.476 2.10
GA-Proposed 3.395 0.01 3.435 3.10
PSO 3.542 0.009 3.577 1.807
ACO 3.452 0.013 3.502 6.186
SC-TSA 3.37 0.71 6.21 1.565

II

GA-Default 5.347 0.015 5.466 2.326
GA-MRECX 5.129 0.013 5.233 3.915
GA-Proposed 5.07 0.018 5.215 4.38
PSO 5.357 0.011 5.443 2.137
ACO 5.229 0.019 5.38 10.026
SC-TSA 4.915 0.43 8.355 2.1970

III

GA-Default 7.928 0.022 8.191 4.47
GA-MRECX 7.37 0.021 7.622 5.349
GA-Proposed 6.983 0.017 7.186 6.868
PSO 7.975 0.031 8.346 3.533
ACO 7.384 0.037 7.826 12.423
SC-TSA 6.762 0.261 9.892 3.457

IV

GA-Default 8.521 0.038 9.126 4.735
GA-MRECX 8.017 0.015 8.257 6.664
GA-Proposed 7.949 0.007 8.064 8.216
PSO 8.504 0.023 8.875 4.253
ACO 8.074 0.03 8.548 14.671
SC-TSA 7.062 0.201 10.273 4.437

The bold font in the table footer indicates the best results in the dataset.

Our proposed method uses MRECX to preferentially select common and high-quality
edges, aiming to pass validated superior path segments from parents to offspring, thereby
potentially accelerating convergence towards high-quality solution spaces. At the same
time, it maintains population diversity through heuristic rules (such as selecting the node
with the fewest subsequent neighbors) and random selection (for handling isolated nodes).
Furthermore, the proposed AHM strategy integrates multiple mutation operators with
different search characteristics and combines them with a dynamic probability adjustment
mechanism based on historical performance. This enhances the robustness and efficiency
of the genetic algorithm when solving complex multi-path optimization problems. The
strategy can automatically favor more effective mutation methods based on feedback
during the evolutionary process, guiding the search to converge faster to high-quality
solutions and better adapt to different problem instances or search phases. Consequently,
the proposed method demonstrates significantly better convergence and optimization
capabilities, and the diversity of the mutation strategy allows the algorithm to continuously
update and seek the optimal solution during iteration.

To accurately assess the performance and robustness of the different algorithms in an
uncertain environment, we employed Monte Carlo simulations, conducting 40 repeated
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experiments for each numerical datasets. This allowed for a statistically significant in-
depth analysis of each algorithm’s effectiveness, stability, and relative advantages, ensuring
the objectivity and generality of the comparison results. As shown in Figure 10, the
proposed method exhibited excellent stability. The box plot is very compact, indicating
minimal fluctuation in the results across repeated experiments, with results being highly
concentrated except for a few minor outliers. In contrast, GA-Default showed greater
volatility and significant error, indicating a lack of robustness to environmental changes,
likely due to the strong randomness of the PMX crossover operator, while GA-MRECX
shows a considerable improvement over GA-Default, confirming the efficacy of MRECX,
its performance ceiling remains lower than that of GA-Proposed. PSO’s median was
close to GA-Default’s, but its box was narrower, suggesting relatively better stability. Al-
though ACO generally performs well with relatively stable results, its cost is approximately
0.3–0.8 units higher than that of GA-Proposed. SC-TSA’s results were concentrated at a high-
cost level, far above the other metaheuristic methods, but were extremely stable with very
little variation.

Figure 9. Iteration process of the different optimization algorithms on the four datasets.

To validate the significance of the algorithmic differences, a non-parametric statistical
analysis was conducted on the Monte Carlo simulation results. A Kruskal–Wallis H test [40]
was performed independently for each dataset, followed by Dunn’s post hoc test with
Bonferroni correction. The detailed results are presented in Table 4.

The analysis indicated that the performance distributions of the six algorithms ex-
hibited statistically significant differences across all datasets, exemplified by the result
for Dataset IV (H = 226.27, p < 0.001). The post hoc analysis further showed that GA-
Proposed performed statistically significantly better than GA-Default, ACO, PSO, and
SC-TSA across all four datasets (all p < 0.0125). However, under this stringent correction,
the performance difference between GA-Proposed and GA-MRECX (all p > 0.149) was
not found to be statistically significant. This suggests that while GA-Proposed robustly
outperforms classical metaheuristics and baseline methods, its performance is statistically
comparable to GA-MRECX in these test scenarios.
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Figure 10. Box plot of the Monte Carlo simulation results.

Table 4. Kruskal–Wallis test results and post hoc significance of GA-Proposed versus baseline methods.

Dataset H p-Value Significant Better Than

I 219.3347 2.06 × 10−45 Yes ACO, GA-Default, PSO, SC-TSA
II 217.8611 4.27 × 10−45 Yes ACO, GA-Default, PSO, SC-TSA
III 224.9819 1.27 × 10−46 Yes ACO, GA-Default, PSO, SC-TSA
IV 226.1704 7.08 × 10−47 Yes ACO, GA-Default, PSO, SC-TSA

KW: Kruskal–Wallis test. “Significant” denotes rejection of the null hypothesis at α = 0.05. Post-hoc comparisons
were used to determine which methods GA-Proposed outperformed.

Through numerous repeated experiments and by synthesizing the results from Table 2
and Figure 10, it can be observed that in smaller scenarios, the optimization capabilities
of the heuristic-based methods tend to be similar, all finding near-optimal solutions. As
the scale of the scenario and the number of UAVs increase, the differences between the
methods become more pronounced. Our method maintained the optimal cost planning
in all scenarios, indicating that the proposed approach is more likely to converge to a
near-optimal solution for large-scale, coupled multi-UAV scheduling problems.

To validate the selection of mutation operators, an ablation study was conducted
by removing one mutation operator at a time from the AHM mechanism and running
30 repeated experiments on Dataset IV. Figure 11 shows the deterioration in the best fitness
compared to the full proposed model after removing the respective operator. Unsurpris-
ingly, Task Migration is a crucial component for balancing task allocation, its removal
resulted in an average fitness degradation of 0.61. Removing the other mutation operators
led to a fitness degradation of 0.06 and 0.07. However, their contributions remain essential,
as the diversity of strategies helps the model avoid local optima. This is further supported
by the changing application probabilities of the mutation operators over the course of itera-
tion, as illustrated in Figure 12. In the first 50 generations, when the population has not yet
converged, Displacement and Task Migration can quickly break down structures, stimulate
diversity, and actively optimize. In the middle phase (generations 50 to 200), as the model
gradually stabilizes, Scramble introduces new structures to further expand the exploration
of the solution space, while Inversion maintains a moderate level for fine-tuning. In the
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final phase (after generation 200), the probabilities of Scramble and Task Migration decrease
as the system favors stable structures, using the other operators for local refinement and
expanding the solution boundaries.

Figure 11. Deterioration of the best fitness after removing different mutation operators.

Figure 12. Change in the application probability of mutation operators during the iteration process.

5.2. Collaborative Trajectories

On 8 August 2023, a severe wildfire broke out on the island of Maui, Hawaii, causing
extensive damage to buildings. Figure 13a shows the distribution of damaged build-
ings, mapped using machine learning (https://github.com/microsoft/building-damage-
assessment, accessed on 1 June 2025.) combined with two periods of high-resolution satel-
lite imagery. The survey areas were then delineated based on this map. Subsequently,
the coverage path planning and the GA- Proposed multi-UAV scheduling and routing
algorithm were used to plan the flight routes for a VM-UAV carrying three UAVs. The
results are shown in Figure 13b. As seen in the figure, the scheduling and routing algorithm
distributed the tasks relatively evenly among the UAVs, which undertook 20.9%, 35.4%,
and 43.7% of the aerial survey tasks, respectively. Furthermore, the planned coverage paths
within the grid respect the turning-radius constraints of fixed-wing UAVs, yielding more
realistic and operationally feasible flight trajectories.

Zhoukou, Henan, is characterized by numerous, dispersed villages, which reflects the
constraints and challenges that multi-UAV remote sensing applications may face in real-
world settings. Aiming at village residential coverage, we evaluated the proposed genetic
algorithm using six UAVs. The results are presented in Figure 14. As shown in Figure 14a,

https://github.com/microsoft/building-damage-assessment
https://github.com/microsoft/building-damage-assessment
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the algorithm partitions the study area into four subregions. The northwest and southwest
subregions contain fewer and more compact villages, so one UAV was assigned to each
subregion and completed all visits without route intersections. The northeast and southeast
subregions contain larger and more dispersed villages, so two UAVs were allocated to each.
Figure 14b presents a Gantt chart of each UAV’s flight plan, which indicates inter-region
transfers and coverage trajectories. Transfers between regions consume relatively few
resources, whereas most effort is devoted to coverage tasks, in accordance with the study
objectives. Figure 14c shows the percentage task load for each UAV. The loads are relatively
balanced and flight distances are similar, which supports the effectiveness of the proposed
task-scheduling approach.

Figure 13. (a) Mapped distribution of damaged buildings and (b) results of the multi-UAV scheduling
and coverage route planning in Maui, Hawaii.

Figure 14. (a) UAV route and scheduling results for Henan, China. (b) Gantt chart of the mission
paths. (c) Rose plot of the task load balance.
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6. Discussion
To address the demands of collaborative UAV remote sensing, this study proposes

a framework for cooperative VM-UAV task scheduling and coverage path planning. In
practical applications, satellite imagery can be used to delineate the approximate survey
regions. The proposed framework is then employed to generate optimized UAV scheduling
schemes and flight trajectories. This approach facilitates the acquisition of high-resolution
aerial orthophotos and 3D data while simultaneously minimizing the total flight distance
and equalizing the workload distribution among the UAVs. Consequently, it significantly
reduces the data acquisition window for large-scale surveys.

Despite its demonstrated advantages, the proposed framework primarily focuses on
offline planning and task allocation, assuming an idealized static environment. Real-world
UAV operations, however, necessitate the consideration of real-time physical information,
dynamic communication topologies, and unexpected events such as obstacle appearance
or rapidly deteriorating weather conditions. The current model does not account for these
dynamic factors, which are critical for online mission execution. Furthermore, the energy
consumption model is simplified and does not explicitly consider the complex impacts of
factors like wind fields or other detailed aerodynamics. Future research will be directed
at addressing these real-time operational requirements and extending the framework to
support the practical application of heterogeneous UAV fleets.

7. Conclusions
This work addressed the complex, coupled problem of mission planning for Vehicle-

mounted multi-UAV remote sensing systems. The core of our contribution is an advanced
GA featuring two innovations: the MRECX and the AHM mechanism. MRECX proved
effective in preserving and propagating high-quality path structures, accelerating conver-
gence towards optimal solutions. The AHM mechanism dynamically balanced different
mutation operators, enhancing the algorithm’s ability to escape local optima and perform
fine-grained searches, thereby improving overall performance and robustness. Compara-
tive experiments demonstrated the superiority of our proposed GA over several benchmark
algorithms, consistently achieving lower costs and better load balancing, especially in large-
scale, complex scenarios. The practical utility of the methodology was validated through
two diverse, real-world case studies, confirming its capability to generate efficient and
practical flight plans for disaster assessment and agricultural mapping.

Although the proposed framework demonstrates clear advantages, it has several
limitations. Future work should prioritize the incorporation of dynamic replanning ca-
pabilities to cope with environmental uncertainty. Extending the framework to support
heterogeneous UAV fleets with varying capabilities (e.g., different sensor payloads and
flight endurance) and integrating these platforms into a unified system—combined with
multi-agent orthophoto generation and 3-D reconstruction for rapid mapping and percep-
tion—constitute important directions for further research.
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Appendix A
Table A1 summarizes the parameter settings for each algorithm. The notations used in

the table are defined as follows: Npop denotes the population size, Gmax (or Imax) represents
the maximum number of iterations, Pc and Pm are the crossover and mutation probabilities,
respectively. For PSO, S refers to the number of particles, ω, c1, and c2 indicate the inertia
weight, cognitive acceleration coefficient, and social acceleration coefficient, respectively.
For ACO, M refers to the number of ants, α and β are the weights of the pheromone
and heuristic factors, and ρ denotes the pheromone evaporation rate. The selected val-
ues are based on parameter tuning to strike a balance between convergence speed and
solution diversity.

Table A1. Simulation parameters for the algorithms.

Model Parameters

GA-Default Npop = 100, Gmax = 300, Pc = 0.8, Pm = 0.2
GA-MRECX Npop = 100, Gmax = 300, Pc = 0.7, Pm = 0.3
GA-Proposed Npop = 100, Gmax = 300, Pc = 0.5, Pm = 0.5
PSO S = 100, Imax = 300, ω = 0.2, c1 = 0.6, c2 = 0.5
ACO M = 100, Imax = 300, α = 1.0, β = 2.0, ρ = 0.1
SC-TSA Npop = 50, Gmax = 150, Pc = 0.8, Pm = 0.2
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