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Abstract

This paper presents IB-DARP (Iteration Balancing—Divide Areas Routing Problem), an
enhanced multi-vessel cooperative mission and path planning method designed to ad-
dress the limitations of traditional approaches, including uneven task allocation, workload
imbalance, and path conflicts. The proposed method integrates four key mechanisms
to improve planning robustness and computational efficiency. A historical data mining
mechanism is first employed to extract stable navigation patterns from accumulated vessel
trajectories and construct a high-confidence maritime route network. Based on this net-
work, a precomputation mechanism significantly reduces planning-stage computational
complexity by calculating essential inter-node distances in advance. A heading-aware par-
titioning mechanism further decomposes the multi-vessel planning problem into tractable
single-vessel subproblems, while an iterative auction—equilibrium mechanism dynamically
adjusts task assignments to enhance global load balance and suppress conflicts. To evaluate
the effectiveness of IB-DARP, comprehensive ablation studies and large-scale scenario
experiments were conducted, demonstrating its advantages in mission allocation, conflict
mitigation, and cooperative path optimization. The results confirm that IB-DARP provides
a scalable and efficient solution for multi-vessel cooperative mission planning in complex
maritime environments.

Keywords: improved DARP; path planning; task allocation; multi-vessel cooperation

1. Introduction

Path planning serves as a core component of autonomous navigation systems. Its
primary objective is to identify an optimal or feasible motion path for an agent—such as a
robot, unmanned aerial vehicle, or unmanned surface vessel—from a start point to a goal
within complex environments, while satisfying specific constraints such as obstacle avoid-
ance, compliance with physical laws, and optimization of time or energy consumption.
With ongoing advancements in research, path planning methodologies have demonstrated
a clear trend of evolution from standalone algorithms toward diversified, integrated ap-
proaches. For instance, reference [1] combines classical graph search with random sampling
techniques; reference [2] incorporates fuzzy logic into the ant colony optimization algo-
rithm; while reference [3] proposes an enhanced reinforcement learning algorithm, R-SAC,
integrated with a residual network architecture to improve performance. By merging the
strengths of different algorithms and cross-pollinating ideas, these methods significantly
enhance the quality of planned paths and their applicability in complex real-world scenarios.
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In practical applications, two main paradigms have emerged. The first paradigm
centers on dynamic perception and online decision-making, emphasizing continuous
interaction with the environment during execution to adapt to dynamic changes and uncer-
tainties. This approach prioritizes real-time responsiveness and local optimization, making
it particularly suitable for scenarios with high real-time demands such as dynamic obsta-
cle avoidance and human-robot collaborative environments. For instance, reference [4]
leverages reinforcement learning to enable rapid autonomous decision-making for search
and rescue paths through dynamic environmental interaction. Reference [5] employs a
Q-learning algorithm that incorporates wind direction and obstacle avoidance requirements
into path planning. Reference [6] utilizes deep reinforcement learning to achieve continuous
obstacle avoidance and path planning in unknown environments. Reference [7] develops a
collision-avoidance path planning method for multi-ship encounter scenarios by explicitly
considering ship maneuverability and compliance with COLREGs. Furthermore, studies
such as [8-11] also focus on path planning in dynamic environments, further enriching
research in this direction.

The second paradigm in path planning is characterized by predefined decomposi-
tion and static allocation, making it well-suited for static scenarios where environmental
information is complete and task structures are well-defined.

In static path planning, “decompose-then-allocate” methods dominate, decomposing
global problems into structured subproblems solved via search or optimization. Represen-
tative advances include graph- and search-based approaches such as quadtree-enhanced
visibility graphs [12], improved Lazy-PRM [13], spatio-temporal A* for multi-vessel avoid-
ance [14], and TEA-based multi-robot coordination [15]; sampling-based planners improv-
ing RRT with multi-objective costs, pruning, and B-spline smoothing [16,17]; grid- and PDE-
based methods employing anisotropic and hybrid fast marching [18,19]; potential-field and
swarm-intelligence techniques including safety-potential-field modeling [20], APF-ACO
fusion [21], pheromone diffusion [22], adaptive ACO [23], and PSO hybrids [24-26]; meta-
heuristic and bio-inspired methods integrating tabu search, GA, and neural models [27-30];
and learning-based approaches such as double DON [31], TD3-APF [32], and GNN-driven
multi-agent reinforcement learning [33].

In contrast, another line of research adheres to the “allocate-then-decompose”
paradigm, wherein the entire task area is first allocated to individual agents, followed
by separate path planning and task decomposition within each assigned subregion.

Under the “allocate-then-decompose” paradigm, researchers have developed var-
ious strategies tailored to specific applications. Representative studies include graph-
theoretic coverage for UAVs using convex hull partitioning and TSP transformation [34],
time-adjusted load balancing for multi-AUV systems considering sonar and currents [35],
and Morse decomposition for multi-AUV search and rescue to optimize region segmen-
tation [36]. Additional contributions include ACO adaptations for underwater glid-
ers [37], acoustic model-PSO integration [38], hybrid grid modeling with dynamic par-
titioning [39], predator-prey inspired Q-learning [40], and energy-aware Voronoi-based
path generation [41].

Despite their methodological differences, “allocate-then-decompose” approaches share
a common prerequisite: before considering path planning, tasks or operational regions
must be partitioned according to either a reasonably defined explicit allocation criterion or
an implicit one that can be easily extracted. Such allocation criteria are typically problem-
dependent and closely tied to specific task characteristics, which makes them difficult to
generalize across different operational scenarios.

Notably, Kapoutsis et al. [42] addressed this issue by proposing the DARP (Divide
Areas Routing Problem) framework, in which region allocation emerges implicitly through
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an iterative balancing process driven by robots’ initial positions, rather than relying on
manually designed allocation metrics. This framework represents an important conceptual
shift from metric-driven partitioning to self-organized allocation, and has subsequently
inspired a series of DARP-based extensions and variants.

Building upon this concept, Zhang et al. [43] enhanced DARP for multi-robot agricul-
tural operations by combining boustrophedon coverage, A*, and DFS-based validation,
achieving full coverage and efficient path planning. Apostolidis et al. [44] designed a
multi-UAV platform combining grid optimization, DARP, and MST-based path generation,
validated in both simulation and real missions for high coverage and low mission time.
Cai et al. [45] proposed a multi-AUV coverage method using Morse decomposition and
SAR-A*, with customized backtracking to balance workload, reduce turns, and prioritize
probable target areas, demonstrating superior load distribution and mission efficiency
in experiments.

In contrast to task—path coupled planning methods, many existing multi-vessel coop-
erative approaches primarily focus on execution-level coordination or engineering-oriented
scheduling. For example, the Divide-Merge framework [46] addresses cooperative opera-
tion and maintenance scheduling through predefined task decomposition followed by route
optimization, while Distributed-Integrated MPC [47] emphasizes coordinated control and
formation maintenance under the assumption of known reference paths. Although effective
within their respective application scopes, these methods rely on externally specified task
assignments or preplanned routes, and therefore do not explicitly address the problem of
task allocation emerging jointly with path planning.

Consequently, when applied to the large-scale maritime scenarios considered in this
study—characterized by sparse task distributions and strong route constraints—existing
approaches still struggle to adequately address the tight coupling between task allocation
and path planning. To tackle this challenge, we propose IB-DARP, an enhanced DARP-
based framework designed to jointly handle task assignment and route generation in an
integrated manner, providing a unified foundation for multi-vessel collaborative planning
in complex maritime environments.

The remainder of this paper is organized as follows. Section 2 introduces the research
foundation and mathematical model. Section 3 presents the workflow and computational
principles of IB-DARP. Section 4 reports simulation experiments and performance analysis.
Section 5 concludes the paper and discusses future research directions.

2. Mathematical Model for Integrated Vessel Mission and Path Planning
2.1. Problem Description

This study addresses a tightly coupled multi-vessel task allocation and route planning
problem in large-scale maritime operations. The objective is to assign sparsely distributed
global tasks to individual vessels while generating feasible and efficient sailing routes that
respect task sequences, heterogeneous vessel capabilities, operational time windows, and
spatio-temporal dependencies under practical computational constraints.

Under traditional DARP-based frameworks, task or region partitioning is achieved
through initial-position-driven balancing over discretized spatial grids, as conceptually
illustrated in Figure 1. Such formulations are effective for structured coverage problems
with uniform spatial domains, but become unsuitable for large-scale maritime scenarios
where tasks are not evenly distributed and navigation is governed by constrained route
networks rather than homogeneous spatial regions. As a result, directly extending conven-
tional DARP formulations to maritime operations fails to adequately capture the coupling
between task allocation and route feasibility.
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Figure 1. Spatial partitioning scheme in traditional DARP-based frameworks. The red regions (T)
denote abstracted task areas, the green points (P) represent ports, and the black regions indicate
obstacle areas.

2.2. Mathematical Model
2.2.1. Notations and Definitions

To depict the distribution of ports, task points, and vessel routes, we employ a marine
vector background map from Natural Earth [48] at 1:110 million resolution, capturing global
land-sea contours. As shown in Figure 2, navigable areas are marked in blue, obstacles in
white, and ports and major harbors with green markers.

ﬁort
-

Figure 2. Schematic diagram of the planning area and port.

Given the dense distribution of major coastal ports in China, a representative core port
is selected as the starting point for multi-vessel task allocation to reduce model complexity.
Other port locations are incorporated later during path planning and voyage calculation to
balance model simplicity with operational realism.

To characterize the state of each vessel, the vessel set is defined as S,

S={51,52,...,5m} (1)
where S,,; denotes the m-th vessel. The task set is defined as T,
T={T,Ty,...,T;} (2)

where T; represents the i-th task. Each task is assigned a corresponding weight from the
set W,
W:{wl,wz,...,wi}, 3)
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where w; indicates the importance of task T;, reflecting its contribution to the overall objective.
To specify functional information such as vessel departure and arrival, the port set is

defined as
P:{Pl,Pz,...,P'}, (4)

where P; denotes the j-th port.

Vessel operations during task execution are subject to constraints from the geographical
environment and other factors. Consequently, the adjacency relationship is defined as an
undirected graph

G={V,E}, V=TUP, (5)

where the node set V represents the collection of task and port points, and the edge set
E denotes the reachability relationships between tasks and between ports and tasks. An
edge (Vin, Vi) € E exists if and only if m # n, m,n € [1,n + j], indicating that a vessel can
traverse between points V;;, and V.

These adjacency relationships underpin the subsequent task allocation and path plan-
ning, with edge weight determination and computational results detailed in later sections.

2.2.2. Objective Function

Under all operational constraints, a multi-objective cost model is introduced to directly
guide the route planning process for each TSP instance generated by the IB-DARP task
allocation. This formulation evaluates candidate routes by jointly considering navigation
distance, task execution cost, and task coverage effectiveness.

The overall optimization objective is conceptually expressed as

minF = a1f1 +axfo + a3 f3, (6)

This formulation serves as a conceptual description of the optimization goals rather
than a scalar objective to be explicitly evaluated. In practice, these objectives are embedded
into the heuristic evaluation functions and decision rules of the route planning algorithm,
guiding the trade-offs among competing criteria during solution construction. The concrete
implementation of this multi-objective guidance is detailed in Section 3.2.2.

(1) Minimization of Total Vessel Travel Distance

Since vessel travel distance directly affects mission duration and energy consumption,
minimizing the total sailing distance is a fundamental objective. For a given TSP route 7y,
the travel distance is defined as

Alm) =) dy, 7)
(ij)emk
where d;; denotes the network distance between two consecutive nodes i and j along the
route 7ty.
(2) Minimization of task execution cost
To guide path selection during route planning, a task execution cost is defined to eval-
uate transitions between successive task nodes. This cost reflects task priority, incremental
travel distance, and temporal feasibility, encouraging the construction of routes that are
both feasible and efficient with respect to task execution. The cumulative task execution
cost of a route is defined as
f(m) =} cij (8)
(i.j)emy

where the transition cost from node 7 to node j is given by

cij = M®; + 12di; + 13k, )
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where w; denotes the weight of task j, d;; represents the incremental travel distance from
node i to node j, and t;; denotes the temporal cost associated with task execution, including
waiting penalties for early arrival and infeasibility penalties for late arrival. The normalized
terms 0, dAij, and #;j ensure dimensional consistency, while the weighting coefficients 71,
72, and y3 balance the relative contributions of these factors.

(3) Maximization of Task Coverage Ratio

Under time and resource constraints, prioritizing the execution of high-value tasks is
essential. Task coverage effectiveness is quantified as the ratio between the total weight
of tasks actually executed along a route and the total weight of tasks assigned to the
corresponding region,

Yicv(m,) Wi
folme) = =———, (10)
YieTy, Wi

where Ty, denotes the set of tasks assigned to region Ry, and V (7;) represents the set of
tasks visited by route 7.

2.2.3. Constraints

(1) Unique Task Allocation
To avoid redundant execution, each task is assigned to at most one vessel, ensuring
unique allocation,
Y xs<1, VieT. (11)
seS
(2) Task Time Window
Task execution must adhere to predefined time windows. A vessel must arrive at the
task area within the permitted interval; otherwise, the task is considered unaccomplished,

e; < ﬂ? <[ —|—M(1 — x,‘s>, VieT,seS, (12)

where 4} denotes the arrival time of vessel s at task i, [e;, I;] is the task time window, and
M is a sufficiently large constant. If 4 falls outside this interval, the task is deemed failed
(xis = 0).

(3) Path Continuity Sequencing

The task execution path of a vessel must be continuous, meaning each task node must
have exactly one predecessor and one successor. A binary sequencing variable Zzs‘j indicates
whether vessel s travels from node 7 to node j,

Z ZZS] = Xis, Vi S V/ s € SI (l’]) € E’ (13)
jev
Y.z =xs VieV,s€S, (ij) €L (14)
jev

To ensure temporal feasibility, the arrival time at the next task point should be no
earlier than the completion time of the current task plus travel time,

a;? >ai+ 7+ tﬁj - M —zlsj), Vi,jeV,seS, (i,j) €E, (15)
where T; is the execution duration of task i, and tf]- is the travel time of vessel s from i to j.

3. The Proposed IB-DARP

To overcome the limitations of traditional task allocation and path planning models
and effectively reduce the high computational complexity inherent in the mTSP, this section
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proposes an Iterative Balancing DARP (IB-DARP) algorithm. By organically integrating
four core mechanisms, the algorithm achieves an efficient and reliable cooperative solution.

(1) Historical data mining mechanism

This mechanism analyzes accumulated navigation data to extract frequent and high-
confidence sailing trajectories, while incorporating expert knowledge. It establishes a
reliable topological foundation for task allocation and path planning.

(2) Precomputation and cost estimation mechanism based on high-confidence routes

It precalculates sailing distances between key nodes and establishes an efficient query
mechanism. This transforms complex online path planning into rapid network distance queries,
significantly reducing the complexity and time overhead of inter-task voyage calculations.

(3) Heading-aware adaptive partitioning mechanism

This constructs directionally consistent task partitions based on the azimuth character-
istics of task points relative to the port. It decomposes the complex multi-vessel cooperative
planning problem into multiple parallel single-vessel path planning subproblems, effec-
tively controlling the overall problem scale.

(4) Iterative auction-based dynamic load balancing mechanism

This establishes dynamic correlations among the path planning subproblems of differ-
ent vessels, simulating an auction process to enable orderly task migration between vessels.
Through multiple rounds of auctions, it continuously optimizes the global task allocation
scheme, ensuring balanced workload distribution among vessels and near-optimal total
sailing cost.

These mechanisms are organically integrated to form the complete framework of the
IB-DARP algorithm. The overall algorithmic framework is illustrated in Figure 3.

3.1. Route Network Construction and Task Mapping

In large-scale maritime environments, analysis of historical navigation data reveals
frequently traveled and reliable routes, including port approaches and major shipping
corridors. By extracting and processing these trajectories, a high-confidence baseline
route network G, = (V, E,) can be constructed to support subsequent path planning
and optimization.

3.1.1. Construction of High-Confidence Route Network

A nearly two-decade archive of AIS data forms the foundation of this study. The
historical AIS records are first cleaned to remove trajectory discontinuities, invalid records,
positional deviations exceeding the map resolution for non-port navigation points, and
stationary position records with unchanged timestamps. The spatial coverage of the
processed trajectory data is illustrated in Figure 4.

Maritime routes are typically nonlinear, unevenly distributed, and spatially structured,
forming elongated and curved clusters with strongly varying densities. Under such condi-
tions, centroid-based clustering methods are unsuitable, as they assume compact cluster
shapes and require predefined cluster numbers. Therefore, HDBSCAN is adopted in this
study, as it can robustly identify arbitrarily shaped clusters, adapt to density variations,
and automatically suppress noise without prior specification of the cluster count. These
properties make HDBSCAN particularly suitable for maritime trajectory data characterized
by strong density heterogeneity between open-sea regions and coastal or port areas. The
specific HDBSCAN parameter settings used in this study are listed in Table 1.
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Figure 3. Framework of the IB-DARP algorithm.

Figure 4. Spatial distribution of raw AIS trajectory data.
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Table 1. HDBSCAN parameter settings used in this study.

Parameter Min_Cluster_Size Min_Samples Metric Cluster_Selection_Method
Setting 200 5 Euclidean EOM (default)

Representative route centers are selected directly from historical AIS trajectories rather
than using geometric centroids, ensuring that all extracted centers are located on navigable
paths. Asillustrated in Figure 5, these centers collectively form a continuous and executable
global route structure.

Figure 5. Extracted navigation patterns based on HDBSCAN clustering.

In coastal and port-adjacent areas, where navigational complexity is high, a dense
distribution of route centers is required to capture fine-grained route structures. In contrast,
navigation in wide open-water regions is less constrained, reducing the need for densely
distributed centers. However, density-based clustering methods inherently reflect spatial
data density rather than planning requirements and therefore cannot adaptively regulate
the number of centers across different regions. As a result, directly retaining all clustering-
derived centers introduces substantial redundancy and weakens the global structural
representation needed for effective task allocation and path planning.

Therefore, a region-adaptive center reduction strategy is incorporated on top of the
HDBSCAN-based trajectory clustering to suppress redundant route centers induced by
non-uniform spatial distributions, while preserving global route coverage and topological
connectivity. V denotes the set of route centers obtained from HDBSCAN clustering, where
each center represents a candidate node on the global navigation network.

V={Vi,...,Vi}, Viu=(An ) (16)

The reduction procedure jointly considers spatial proximity, historical route con-
sistency, and center occurrence frequency within a unified framework. Specifically,
when the geodesic distance between two centers is smaller than the merging threshold
dmerge = 80 nmi and both centers appear on the same historical route segment, only the
center closer to the midpoint of that segment is retained, thereby merging locally dense
centers. Subsequently, within a neighborhood of radius r = 240 nmi around each center,
the maximum number of retained centers is limited to kmax = 3. If this limit is exceeded,
centers with lower occurrence frequencies in historical trajectories are preferentially re-
moved. Finally, to prevent structural discontinuities caused by over-reduction, if historical
trajectories exist within a neighborhood but no center is retained, the center with the highest
occurrence frequency along the corresponding route segment is reintroduced.

https://doi.org/10.3390 /jmse14020165
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After center reduction, high-confidence route segments E lgn,m)/ as illustrated in Figure 6,

are reconstructed by recovering the original waypoint sequences between adjacent route
centers along historical AIS trajectories.

E[()”,m) =V, r1,- s Pk Vin }, 1

where V,, and V,,, denote two connected route centers, and { P1,---, pk} represents the
intermediate waypoints extracted from the corresponding historical trajectory.

Figure 6. Schematic diagram of a high-confidence route network.

Based on the constructed high-confidence route network, the Haversine formula
is employed to calculate the pairwise geographical distances between port P and each
centroid V};, as well as between any two centroids V;, and V,.

fHaVersine(Vn/ Vm) =R-g (18)

where ¢ = 2-arctan2(y/a,v/1—4a), a = sin? (%) + cos(¢n) - cos(¢y) - sin® (%),
Ap = ¢pm — ¢Pu, AA = Ay — Ay, represent the differences in latitude and longitude, re-
spectively. R is the Earth’s mean radius, taken as 6371 km.

On the basis of obtaining the geographical distances between nodes, the Dijkstra algo-
rithm is further introduced. Using the high-confidence route network G as the underlying
graph, the shortest path distance d (n,m) between any two nodes V,, and Vj;; is computed.

dn,m = min 2 fHaversine(Vir V])/ (19)
b 0 (‘/i"/f)EEbn,nz

where p denotes the set of all feasible paths from V;, to V.

Based on the aforementioned high-confidence route network and shortest path com-
putation, a centroid matrix Deenter can be constructed. This matrix integrates the shortest
path distances between all centroids V and the port P.

[0 dip -+ dyia)
0 0 - dyipr

Dcenter = (20)
0 0 " diip

L 4 (i+1)x (i+1)
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where d, ,, represents the shortest path distance between nodes V;, and V},. Since the
constructed route graph is undirected and satisfies d;; ; = dy,n, Dcenter can be simplified to
an upper triangular matrix form.

3.1.2. Dynamic Route Network Generation and Update

Since task points may not lie directly on the predefined high-confidence route network
(as shown in Figure 7), a dynamic task-connected network G; = (T, E;) is constructed to
integrate randomly distributed task points into the static base network, enabling rapid
adaptation to real-time task locations while leveraging the existing network structure.

6 T e 18
.
o L \ L] L) o0

Figure 7. Spatial distribution of task points.

To achieve efficient integration of task points with the high-confidence route network,
this paper proposes an attraction-guided model based on the visibility graph method.
By introducing the route attraction force F, from nearby high-confidence routes to the
starting task point Ts, and the goal attraction force Fy(g,) from the target task point T, the
generated path is guided to effectively utilize the high-confidence route while maintaining
directionality, ultimately converging stably to the target location. The combined force
expression is as follows:

Fr=u- Fp + ,B . Ft(goal) (21)

where Fj, represents the attraction force of the high-confidence route, which draws the path
toward and aligns it with existing routes; F(;,1) denotes the goal attraction force, guiding
the path to converge toward the task point.

Under the combined effect of these dual attraction forces, task points and route nodes
are progressively generated and connected, forming a fully connected route set E;, which
can be expressed as

Ed = {TS,...,IPH}UEbnmU{Ipm,...,Te}, VT € {Tl,Tz,...,Ti} (22)

where [, represents the intersection point between the high-confidence route and the
temporary connecting path, while {Ts,...,I,,} and {I,,, ..., T.} denote the temporary
connecting paths between the task point and the high-confidence route, respectively. The
connection principle of this model is illustrated in Figure 8.
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o
High-confidence Route

Vectpr Synthesis

Route Attractfon
s 5 Ls
1 L} 1 ] 1

Target Attraction

(a) (b) ()
Figure 8. Schematic of the dual-attraction visibility graph Model. (a) Initial State. (b) Traditional
connection method. (c¢) Visualization approach utilized in this study.

The pseudocode of the attraction-guided model is presented in Algorithm 1, which
defines the connection criteria, candidate route selection, attraction-force computation, and
collision-free validation for integrating task points into the high-confidence route network.

Algorithm 1 Attraction-Guided Route-Aware Visibility Graph

Input: Start point Ts, end point T, high-confidence route segments E;, maximum number of connec-
tions N = 3, maximum connection distance d. = 800 nmi, weights « = 0.7, 3 = 0.3

Output: Fully connected route set E4

1: Initialize E; < @

2: if fHaversine(TSr Te) < d, then

3:  if the straight-line path (T; — T,) is collision-free then
4 Ej <+ (Ts, T)
5: return E;
6: end if
7
8
9

: end if
: Identify up to N high-confidence route segments in E;,
: for all candidate route segments r,, near Ts do
10: Project T onto r, to obtain intersection point Ip,
11:  Compute route attraction force Fy = (Ip, — Ts) /|| Ip, — Ts||

12:  Compute goal attraction force thoal = (T, — Ts)/||Te — Ts||

13: Compute combined attraction force F; = aF) + ,Bthoal
14: Update intersection point I, along direction F;

15:  if the path (Ts — Ip,) is collision-free then

16: Accept I, and break

17: end if

18: end for

19: Repeat the above procedure symmetrically from T, to obtain I,

20: Construct Ey = (Ts — I, ) U Elgn’m) U (Ip, = Te)
21: return E;

Figure 9 shows the connections between selected task points and high-confidence
routes, with generated paths exhibiting smooth transitions, structural continuity, and
compliance with real-world navigation constraints.

Based on the dynamic fully connected network G, a distance matrix Dpepwork 1S
computed to support the subsequent IB-DARP task allocation and path planning. Figure 10
illustrates this matrix, where each element represents the route distance between the
corresponding task points.

https://doi.org/10.3390 /jmse14020165
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Figure 10. Schematic diagram of the dynamic fully connected distance matrix, where each entry
denotes the sailing distance between two nodes (km).

3.2. IB-DARP Based Task Allocation and Path Planning
3.2.1. Initial Iteration: Task Region Division Mechanism

The traditional DARP algorithm requires five key elements: target point uniqueness,
path completeness, load balancing, region connectivity, and initial position differentia-
tion. For maritime missions, these are refined as follows: Task uniqueness is ensured
by converting executed tasks into route nodes; path completeness and connectivity are
maintained via the fully connected high-confidence route network; load balancing uses a
cost function integrating heading consistency, spatial compactness, and workload, with
iterative optimization based on current total time; for vessels departing from the same
port, a polar-coordinate-based heading substitution mechanism establishes initial partitions
aligned with operational requirements.

Based on these improvements, a task region pre-partitioning method is first defined.
According to the coordinates of tasks executed at each iteration, the task range 6z can
be pre-partitioned. The range of 0y is defined as the angular span from 0° (due east)
counterclockwise, covering the first task Ty, to the last task Teng,
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180° T — P
0, = ) tan_l ( firsty,; lat >1
T Tﬁrstlon — P lon

6, — 180° _tan_1< Tendyy, — Plat ) (23)
T Tencllon — D lon

9R = [951 96]

Based on the number of vessels m involved in each mission execution, a preliminary
heading-based partition can be established, yielding pre-partition axes 8, = {61,...,60n}
and corresponding pre-partitioned regions R,, = {Rj,..., Ry, }. Here, any pre-partition
axis 0y (k =1,...,m) is expressed as

2k -1
9k:95+w(96—95), k:1,2,...,m (24)

The regional partitioning is defined as follows:

Ry = {6 S [65/08] | 0 <0< 91}/
Ri={0¢€[6,6] |6 1<6<6}, j=2,..m—1, (25)
Ry = {6 S [65/08] | Gmfl < 0 < 99}

With complete initialization, IB-DARP proceeds to the initial iteration phase, em-
ploying a spatially informed auction mechanism for task allocation. Tasks are assigned
in descending order of distance from the port, starting with the farthest point, to reduce
uncertainties from random assignment,

Tsorted = SOI‘t[T, Dnetwork(Tif p ) H (26)

Under a fair competitive environment, each region competes to acquire tasks with the
objective of minimizing a comprehensive cost function, which consists of the following
three dimensions:

(1) Heading angle matching degree

|0; — 6]
9] _95 !

Cdirection(i/ j ) = (27)
where 6; represents the directional angle of the current auction task T;, and 6; denotes the
angle of the pre-partition axis for region R;.

(2) Estimated load balancing

IRj| —n/m

n/m (28)

Cload (ir ]) =

Normalized:

Cron(j) = ma (0, min (1, M) ). (29)

where |R;| is the number of tasks in region R;, m = |S| is the number of regions, n = |T| is
the total number of tasks.
(3) Spatial compactness

max(®; U {6;}) — min(®; U {6;
Ccompacmess(irj): ( ! { 2)_9 ( ! { }>/ (30)

where ©; = {0; | T; € R;} represents the set of angles of existing tasks within region R,
and 0, — 8; denotes the total pre-partitioned area.
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For task T; and region R,;,, the final comprehensive cost function is defined as

Cig’glla (l/]) =wq- Cdirection(lr]) + wy - Cﬂ)%ijm (]) + wc - Ccompact’ness(lr]) (31)
where w; + w; + w, = 1.
The auction decision mechanism follows the minimum cost principle: for each sorted
task T; € Tyorteq, it is allocated to the region with the lowest comprehensive cost,

Rj=arg Rfkfglfgm Crotar (7, /) (32)

After all task points have been assigned to regions, the mean direction vector \7]-, for
tasks within each region R; is calculated as

o 1
Vj = W Z (Tloni — Pion, Tlati - Plat) 33)
jl T.eR;

j
where P represents the port’s latitude and longitude coordinates, and V} denotes the mean
direction vector of task points within region R;.

Based on this vector, the angles of the pre-partition axes are further optimized. The
calculation formula for any optimized axis 6 can be expressed as

180°
O = e atanz(vk,latr Vk,lon)/ k=1,2,...,m (34)

The set of optimized axes for the regions, 6, = {6y, ..., 0}, can be obtained, where 6,
defines the final directional reference for regional partitioning.
The final regional partitioning satisfies both completeness and mutual exclusivity,

Ru=T, RNR =0 (i#}) (35)
1

P Cs

The specific partitioning is determined by the optimized axis angles,

Ri={T eT|6 < Z(PT) <6},
Ri={T,€T|0_4</(PT) <6}, j=2,...,m—1, (36)
Ry ={T, €T |6, 1< Z(PT)<6.).

where A(ﬁ) represents the directional angle between the task point and the port, and all
directional angles contained within the range R, fall within the partitioned region.
This allocation relationship can be expressed as a mapping function @,

®:T R, &T)=Ry < T, €Ry, (37)

where ® is a mapping from the task set T to the region set R, and ®(T;) = R,, indicates
that task T; is allocated to region R, if and only if T; € Ry,.

Following the aforementioned procedure, the initial task distribution can be calculated.
Figure 11 illustrates two common scenarios encountered during the planning process.
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Figure 11. Schematic diagram of first iteration task allocation results. (a) Initial Task Distribution
Results for m = 3. (b) Initial Task Distribution Results for m = 4.

3.2.2. Balancing Iteration: Vessel Load Balancing Mechanism

Based on the initial task partitioning, the original mTSP is decomposed into multiple
regional TSP subproblems. At this stage, a multi-objective optimization model is applied
exclusively to TSP-level route planning, jointly considering travel distance, task execution
cost, and task coverage effectiveness.

The resulting routes provide quantitative estimates of travel distance and execution
time, which are then used by the IB-DARP iterative mechanism to evaluate workload
imbalance and guide subsequent task migration and balancing. The detailed TSP solution
procedure is summarized in Algorithm 2.

Based on the initial task partitioning, each regional TSP subproblem is solved using
Algorithm 2 to obtain an optimized visiting sequence. Let the ordered task set of region Ry
after TSP sequencing be denoted as Tfir“’d. The total length of the resulting route can be
directly computed from the dynamic fully connected distance matrix Dyeyork as

-1

L0t = Drctwork (P, TRE™) + L Dresrk (TR TR + Dreo (TR P).@9)
=

where [}, = |T1§2rted| denotes the number of tasks in region Ry.
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Algorithm 2 Multi-Objective Path Planning for a TSP Instance

Input: Task set of region Ry: Tg,, port node P, dynamic fully connected distance matrix Dpetwork,
task time windows {[e;,l;] | i € Tg,}, task weights {w; | i € Tg,}, objective weights
(11 = 04,72 = 03,73 = 0.3), ACO parameters (Nant = 200, Nier = 200,a5c0 = 1.2,
ﬁACO = 3.4,p =0.5, Q = 100)
Output: Optimized TSP route 71, route length L(7ty)
1: Initialize pheromone matrix 7(i, j) uniformly for all i,j € Tg, U {P}
2: Precompute normalization bounds: wmax < maXjery, Wi, dmax ¢ max;; Dhetwork (i, 1), tmax <
maxiery, (I — )
3: foriter = 1 to Njir do

4: for ant = 1 to Nant do
5: Initialize route 71 < [P], current node i <— P, current time f < 0
6: Initialize visited task set V < @, accumulated weight W < 0
7: while V # T, do
8: Candidate set C «— Tg, \ V
9: forallj € Cdo
10: dij < Drpetwork (i, /), tarr < t + travel_time(d;;)
11: if farr > l]- then
12: Cij +— 400
13: else
14: twait <= max (0, ej — tarr)
15: Zf}] — wj/wmax, d’;] — di]'/dmax/ fwait < twait/ tmax
16: cij < 71; + Y2dij + Vabwait
17: end if
18: (i, j) < 1/(e+cij)
19: end for
20: Select next node j* from C with probability p(i, j) o T(i, j)*acon (i, j)Paco
21: Append j* to 7r, update V <~ VU {j*}, W « W + w-
22: Update t < t + travel_time(d;;: ) + twait(j*), i < j*
23: end while
24: Append return to port: 77 < 77 + [P]
25: Compute route distance f; (7r) and coverage ratio f3(7)
26: Store solution candidate (7, f1(7), f3(7))
27: end for
28: Select iteration-best route 7r* by lexicographic preference:
29: (i) feasibility under time windows,
30: (if) maximum f3,
31: (iif) minimum f;

32 Update pheromone: 7 < (1 —p)T
33: for all edges (u,v) € * do

34: T(u,v) < T(u,v) + Q/ (e + f1(rt*))
35: end for
36: end for

37: return 7y < 71%, L(7) < f1(71)

Meanwhile, in practical applications, vessels exhibit certain speed variations. Let the
set of optimal vessel speeds be denoted as v = {v1, vy, ..., v, }. By sorting the regions in
descending order of path length and the vessels in descending order of speed, a vessel-
region allocation mapping is established.

q)R(l) <—>S(i), fori:1,2,...,m (39)

where R ;) denotes the region with the i-th largest path length, and S ;) represents the vessel
with the i-th highest speed.
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This allows for the determination of the total travel duration for each vessel, which
serves as the load metric used in the subsequent IB-DARP migration and balancing process.
Specifically, the travel time of vessel k is defined as:

L(m)

T = U % 1.852

(40)
Using the travel time 7 as the load metric, the rationality of the allocation scheme is
evaluated. The average load and maximum imbalance degree are calculated as follows:

- 1 & .
T:ak;'ﬁ, A:m]?xﬁfmkmﬁ 41)

To prevent the algorithm from falling into short-cycle oscillations due to repeated
migration of the same tasks, a task-based prohibition mechanism is introduced. A historical
task set H sk is defined to record tasks migrated during the most recent N iterations. When
selecting a migration task, it must be chosen from the highest-load region Rmax while
satisfying Tmigrate € Hrask- If all candidate tasks are prohibited, the algorithm terminates.

Htask = {Tr(rfi;;:zte’ Tr(rfiTg:rZazte’ s Tr(rfi_gll‘\;’ze} (42)
where N is a predefined window size, indicating that after a task is migrated, it cannot be
migrated again within the subsequent N iterations. If |H,sk| > N, the earliest added task
is removed. Initially, H,qx = @.

When the balance condition A > « - T is not satisfied, the iterative optimization
mechanism is triggered. First, the vessel with the highest current load is identified,

Smax = arg m]flx Ty (43)

and a migration task is selected from its corresponding region Rmax:
Candidates = {T € Rmax | T & Hiask } (44)

The determination of the migration task follows the following rule: if the candidate
set is non-empty, select the task with the highest comprehensive cost from the initial
auction phase.
ar max  Chtial(; — max, i = max), if Candidates # @,

8 TecCandidates total ( J ) 7& (45)

Tmigrate =
@(Termination triggered), otherwise

After selecting the migration task, the system reallocates it to the suboptimal region
with the lowest comprehensive cost, excluding the original region,
X Cigta' (i = migrate, j = k) (46)

max

Rsyp = arg kr;éla

After each migration is completed, the historical task set is updated: H,q U {Tmigrate}.
To prevent the algorithm from falling into short-cycle oscillations due to repeated migration
of the same tasks, a task-based prohibition mechanism is introduced. A historical task set
Hiask is defined to record tasks that have been migrated in the recent N iterations.

During each migration task selection, candidates are filtered from the highest-load
region Rmax, excluding any tasks present in the prohibition set H,qx. The selected task
Tigrate must satisfy Tigrate ¢ Hiask-
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Subsequently, TSP path planning is reperformed for the two affected regions Ry, and
Rsyp where changes occurred. After planning, region-vessel rematching is conducted, and
this process repeats until load balance is achieved as follows:

(1) Load balance is satisfied (A < « - T).
(2) The maximum iteration count K.y is reached.
(3) No migratable tasks remain (Candidates = ©&).

Although the algorithm involves multiple TSP solutions, the computational complexity
is significantly reduced since each iteration only requires optimizing two local regions, thus
maintaining high computational efficiency overall.

4. Simulation Experiments

This chapter validates the proposed algorithm through comparative experiments using
historical real-world operational data and different algorithm configurations. The focus is
on evaluating the algorithm’s performance in terms of load balancing, task coverage, and
path planning quality.

4.1. Experimental Design

To systematically evaluate IB-DARP in multi-vessel task allocation and path planning,
experiments were conducted to assess parameter sensitivity and scalability. Baseline parameters
are listed in Table 2. Experimental environment: All experiments were conducted on a hardware
platform equipped with a 13th Gen Intel(R) Core(TM) i9-13900KF @ 3.00 GHz processor.

Table 2. Algorithm parameter configuration.

Algorithm Category Algorithm Name Key Parameter Parameter Value

Proposed Method IB-DARP (a, N, Kmax) (0.15,3,50)

‘ (Nant, Niter, €aco) ~ (200,200,1.2)
Underlying Solver ACO (Bacorp, Q) (3.4,05,100)

4.1.1. Ablation Study

A systematic ablation study was conducted to quantify the contribution of each
IB-DARP module. Key components—including heading angle consistency, load balancing,
and spatial compactness—were individually disabled to form baseline variants. Experi-
ments were performed on 20 representative scenarios with 50 task points and three vessels
to ensure comparability and representativeness.

(1) Without heading angle matching degree

In this set of experiments, the heading angle consistency constraint was disabled,
leaving only the estimated load balancing and spatial compactness modules active. The
parameter settings are summarized in Table 3.

Table 3. Parameter settings for ablation study: without heading angle matching degree.

Heading Angle  Estimated Load

Experiment ID Matching Degree Balancing Spatial Compactness
1 0 0.8 0.2
2 0 0.6 0.4
3 0 0.4 0.6
4 0 0.2 0.8

The experimental results are illustrated in Figure 12.
When the heading angle consistency constraint is disabled, load balancing is still
achievable, but paths exhibit crossovers, detours, and unnecessary loops, underscoring
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the constraint’s key role in maintaining trajectory continuity and structural integrity. High
weight on load balancing produces uniform initial allocations requiring larger iterative
adjustments, extending computation time, while high spatial compactness emphasizes
nearby tasks, showing locally greedy behavior with limited speed improvement. In this
experiment, computation time ranged from 26 to 31 s, maximum load imbalance slightly
increased, and total sailing time was 2113 h. The absence of heading guidance expands
the search space, favoring shorter geometric paths but causing irregular, operationally
unrealistic trajectories, as illustrated in Figure 13.

Load Imbalance and Sailing Time Performance

e

(a) (b)
Figure 12. Experimental results illustration without heading angle matching degree. (a) Load
imbalance (h) and total sailing time (h) under different parameter settings. (b) Convergence speed(s)
and task coverage under different parameter settings.

Figure 13. Illustration of typical path-crossing results.

(2) Without estimated load balancing

In this set of experiments, the load balancing strategy was disabled, while the heading
angle matching degree and spatial compactness constraints remained active. The parameter
settings are summarized in Table 4.

Table 4. Parameter settings for ablation study: without estimated load balancing.

Heading Angle  Estimated Load

Experiment ID Matching Degree Balancing Spatial Compactness
1 0.8 0 0.2
2 0.6 0 0.4
3 0.4 0 0.6
4 0.2 0 0.8
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The experimental results are illustrated in Figure 14.

With the load balancing component removed, the remaining constraints—heading
angle consistency and spatial compactness—sustain the basic spatial structure and rational-
ity of paths. Experimental results show computation time ranging from 21 to 32 s, a slight
increase in maximum load imbalance, and minimal changes in total sailing time, indicating
that load balancing primarily fine-tunes allocations rather than governs global structure.
The spatial distribution of task points and spatial compactness dominate load balance, and
occasional local path crossovers do not compromise overall trajectory feasibility. Thus,
under the current scenario and dataset, load balancing is a weak contributor, becoming
critical only with highly uneven or clustered task distributions, as illustrated in Figure 15.

xxxxx

(a) (b)
Figure 14. Experimental results illustration without estimated load balancing. (a) Load imbalance(h)
and total sailing time(h) under different parameter settings. (b) Convergence speed(s) and task
coverage under different parameter settings.

Figure 15. Illustration of Typical Results without estimated load balancing.

(3) Without spatial compactness

In this set of experiments, the spatial compactness constraint was disabled, while the
heading angle matching degree and estimated load balancing modules remained active.
The parameter settings are summarized in Table 5.

Table 5. Parameter settings for ablation study: without spatial compactness.

Heading Angle  Estimated Load

Experiment ID Matching Degree Balancing Spatial Compactness
1 0.8 0.2 0
2 0.6 0.4 0
3 0.4 0.6 0
4 0.2 0.8 0
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The experimental results are illustrated in Table 6.

Removal of the spatial compactness constraint severely degrades system performance.
Increased weighting of estimated load balancing sharply reduces computational efficiency,
while task allocation becomes spatially dispersed, losing regional clustering and resulting
in frequent cross-region routing, disordered sequences, and poor path quality. Quanti-
tatively, non-convergence probability rises to 0.95 in Experiment 1, with successful runs
requiring 89-114 s, 4 to 6 times longer than the baseline. Mechanistically, spatial com-
pactness suppresses task dispersion and excessive competition for distant tasks, stabi-
lizing allocation boundaries and reducing the solution space. Without it, the algorithm
undergoes numerous corrective iterations, leading to high computational costs and con-
vergence difficulties. These findings confirm spatial compactness as a critical component
in IB-DARP for maintaining path coherence, stabilizing the search space, and ensuring
efficient, reliable convergence.

Table 6. Convergence performance and computation time without spatial compactness.

Non-Convergence Probability Avg. Computation Time

Experiment ID (<120 s) of Successful Runs
1 0.95 113.94
2 0.6 100.95
3 04 89.74
1 0.4 92.15

Based on the above analysis, this study further conducted comparative experiments
with different weight combinations to optimize the parameter configuration of each mod-
ule in IB-DARP, aiming to identify the optimal balance for overall performance. The
experimental settings are summarized in Table 7.

Table 7. Parameter settings for weight combination experiments.

Experiment ID NI[_Ia iiﬁizg 32311‘; Spatial Compactness Eﬁg:;ﬁfi:;;ad
1 0.8 0.1 0.1
2 0.6 0.3 0.1
3 0.5 0.4 0.1
4 0.6 0.2 0.2
5 0.5 0.3 0.2
6 0.1 0.8 0.1
7 0.3 0.6 0.1
8 0.4 0.5 0.1
9 0.2 0.6 0.2
10 0.3 0.5 0.2

The experimental results are illustrated in the following Figure 16.

The results confirm the robustness of IB-DARP, with stable computation time, total
sailing time, and maximum load imbalance. Parameter analysis indicates that prioritiz-
ing spatial compactness and heading angle alignment ensures path continuity, regional
clustering, and navigational rationality, while appropriately weighting estimated load
balancing mitigates task allocation deviations. The optimal configuration, with heading
angle matching 0.6, spatial compactness 0.3, and estimated load balancing 0.1, yields the
most stable and balanced planning performance across scenarios.
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Figure 16. Experimental results illustration under parameter settings of weight combinations.
(a) Load imbalance (h) and total sailing time (h) under different parameter settings. (b) Convergence
speed (s) and task coverage under different parameter settings. (c) Performance comparison among
experiments, including load imbalance (h), total sailing time (h), and convergence speed (s).

4.1.2. Scalability Experiment Design

This experiment is conducted using real historical operational data. By constructing
test scenarios with varying task scales and fleet configurations, we evaluate the general-
ization capability of the proposed algorithm. The detailed settings of the comprehensive
scenarios are shown in Table 8.

Table 8. Comprehensive scenario settings.

Scenario ID Number of Tasks Number of Ships Number of Task Spatial Clusters

20
20
20
20
20
20
20
20
20
20

S1 30

52 50

S3 70

54 90

G WOk Wk Wk W

For each scenario defined in Table 8, the proposed IB-DARP algorithm is executed
multiple times, and the results in Table 9 report the averaged performance metrics across
repeated runs. This provides a quantitative summary of convergence performance under
different task scales and fleet configurations.
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Experimental results demonstrate that the algorithm achieves stable and superior
performance across all representative scenarios. It consistently maintains a high task
coverage rate and rapid convergence, while keeping the workload imbalance ratio below the
anticipated 15% threshold (defined as the maximum difference in total sailing time among
vessels normalized by the average sailing time). These findings indicate that IB-DARP
exhibits excellent adaptability and robustness in large-scale task planning scenarios.

Table 9. Averaged convergence performance of IB-DARP over multiple runs under different scenarios
defined in Table 8.

Scenario ID Number of Ships Task Coverage Convergence Time (s)
S1 3 100% 16.45
S1 4 100% 18.47
52 3 100% 21.34
52 4 100% 26.56
S3 3 100% 24.10
S3 4 100% 29.98
S3 5 100% 42.08
54 3 100% 30.87
54 4 100% 37.37
54 5 100% 53.25

4.1.3. Algorithm Performance Comparison

In practical maritime task planning scenarios, most metaheuristic algorithms require
problem-specific adaptation and cannot be directly applied to the considered setting. To
enable a fair and implementable comparison, we select representative baseline methods
with reasonable configurations, including a GA-based multi-route planner, a multi-colony
ACO approach, and a clustering-based method combining HDBSCAN with a heuristic
TSP solver. Under the same representative scenario (S2 with 50 tasks and 4 vessels), these
methods are quantitatively compared with the proposed IB-DARP in terms of task coverage,
computational efficiency, and load balance, as summarized in Table 10. All results are
obtained from 30 independent experimental runs.

Table 10. Performance comparison under Scenario S2.

Method Task Coverage Convergence Time (s) Maximum Load Imbalance
GA 100% 119.89 14.87%
Multi-colony ACO 100% 330.18 13.24%
k-means + ACO 100% 8.17 36.43%
IB-DARP 100% 27.08 10.91%

Genetic-algorithm-based methods are able to reach feasible solutions; however, their
performance is highly sensitive to constraint design. Overly strict planning constraints
significantly increase convergence cost, whereas relaxed constraints often result in irregular,
intersecting, or operationally infeasible routes, limiting practical reliability. Multi-colony
ACO can generate more realistic and coherent routes by jointly considering task assignment
and path construction, but the need to optimize multiple routes under complex constraints
leads to a substantial computational burden and slow convergence. Clustering-based
approaches (e.g., k-means + ACO) offer high computational efficiency, yet they are strongly
dependent on the initial spatial distribution of tasks and tend to suffer from severe load
imbalance when task densities vary across regions.
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In contrast, IB-DARP achieves a better balance between solution quality and effi-
ciency by decoupling task allocation and route optimization through an iterative balancing
mechanism. This enables stable load distribution and realistic routing with moderate
computational cost. Moreover, since the TSP solver within IB-DARP is modular, more
advanced heuristics can be integrated in future work to further improve convergence speed
without altering the overall framework.

4.2. Demonstration of IB-DARP Planning Results

To intuitively illustrate the planning capability of IB-DARP, this section presents
representative planning results obtained from typical test scenarios. As shown in Figure 17.

Figure 17. Cont.
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Figure 17. Illustration of planning results. (a) Task allocation and routing outcome in Scenario

51 with 3 vessels. (b) Task allocation and routing outcome in Scenario S1 with 4 vessels. (c) Task
allocation and routing outcome in Scenario S2 with 3 vessels. (d) Task allocation and routing outcome
in Scenario S2 with 4 vessels. (e) Task allocation and routing outcome in Scenario S3 with 3 vessels.
(f) Task allocation and routing outcome in Scenario S3 with 4 vessels. (g) Task allocation and routing
outcome in Scenario S3 with 5 vessels. (h) Task allocation and routing outcome in Scenario S4 with
3 vessels. (i) Task allocation and routing outcome in Scenario 54 with 4 vessels. (j) Task allocation
and routing outcome in Scenario S4 with 5 vessels.

5. Conclusions

This work proposes IB-DARP, a direction-aware and load-balanced framework for
multi-vessel cooperative task planning. By integrating angular partitioning, auction-based
assignment, and iterative neighborhood migration, the method achieves structured task
allocation and improved workload balance. Experimental results show that IB-DARP
maintains high solution quality, ensures full task coverage, and significantly reduces
computation time in large-scale scenarios. The framework offers an effective and scalable
approach for intelligent scheduling in maritime cooperative operations.

Future Work

The current IB-DARP framework is developed under static or quasi-static assump-
tions and provides a structured task-level planning solution once vessels and mission
requirements are clearly defined. Future work will focus on extending this framework
toward more realistic dynamic maritime operation scenarios by progressively incorporating
dynamic and predictive capabilities. In particular, environmental and operational factors
such as vessel speed variability, payload conditions, and meteorological-hydrodynamic
information (e.g., wind, waves, and currents) will be considered to support energy-aware
and predictive route planning. Moreover, the modular design of IB-DARP allows the un-
derlying TSP solver to be further enhanced or replaced, and data-driven models, including
deep learning—based approaches (e.g., transformer- or graph-based architectures), will be
explored to enable dynamic decision-making and adaptive task reallocation during mission
execution, bridging the gap between pre-mission planning and online cooperative control.
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