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Entropy-Based Incremental Coverage Path Planning
for Multi-UAV Persistent Monitoring

Cai Luo , Senior Member, IEEE, Lijun Wang , Jiucai Jin , Zhenpeng Du , and Wang Miao , Member, IEEE

Abstract—Oil spills continuously affect marine ecosystems and
require rapid monitoring for effective emergency response. This
letter tackles the problem of persistent monitoring for continuously
changing and scattered oil spill regions through Entropy-Based
Incremental Coverage Path Planning (EICPP). By using contour
comparison between monitoring cycles, an incremental coverage
mechanism is first introduced to focus on newly emerged oil spill re-
gions. Then, a balanced region division algorithm is incorporated to
handle scattered oil spill areas while ensuring equal workload dis-
tribution among UAVs. The entropy-based path planning enhances
oil spill monitoring effectiveness by Drift Information Freshness
(DIF) through prioritizing high-entropy regions under limited UAV
resources. We evaluate the robustness and effectiveness of our
method across multiple scenarios. Our method demonstrates clear
advantages in DIF, achieving 19–25% improvements over strong
baselines across different spill scales and about 19.6–24% on real-
world oil spill datasets. It also substantially reduces total flight dis-
tance while consistently satisfying the 90% coverage requirement.

Index Terms—Motion and path planning, environment
monitoring and management, multi-robot systems.

I. INTRODUCTION

O IL spills continuously impact marine ecosystems, coastal
environments, and human activities [1], [2]. Therefore,

monitoring of spilled oil is essential for emergency response,
mitigation strategies, and environmental protection. However,
existing monitoring approaches such as satellite remote sens-
ing [3] and manual surveys exhibit limitations including con-
strained temporal-spatial resolution, limited efficiency, and re-
duced adaptability to rapidly changing conditions [4].

As a cost-effective moving platform, uncrewed aerial vehicles
(UAVs) have demonstrated considerable potential in various
applications, including environmental monitoring, emergency
response, and search and rescue [5]. UAVs are becoming an
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effective tool for oil spill monitoring due to their flexibility, rapid
deployment, and ability to collect high-resolution data in near
real time [6]. Coverage Path Planning (CPP) is often applied to
UAV monitoring since it can cover the entirety of a given Area
Of Interest (AOI).

However, traditional CPP faces key challenges when deal-
ing with oil spill area monitoring problems. Oil spill areas
are constantly dynamic and irregularly shaped regions due to
ocean currents, winds, and tides [7]. This makes traditional CPP
methods [8] that are designed for static and regular polygonal
regions ineffective. Specifically, traditional region partitioning
methods such as Boustrophedon Cellular Decomposition (BCD)
and Voronoi partitioning, when facing scattered and irregular
oil spill areas, result in unbalanced region sizes and fail to
maintain spatial continuity of partitioned regions. Additionally,
due to the limited endurance of UAVs [9], [10], achieving high
coverage rate while improving flight efficiency remains a critical
challenge.

Meanwhile, most existing monitoring approaches [13] pri-
marily focus on coverage completeness and operational effi-
ciency, but often overlook the timeliness of the collected in-
formation. In dynamic scenarios such as oil spill monitoring,
it is essential to maintain high information freshness, defined
specifically as Drift Information Freshness (DIF), which refers
to the extent to which the collected oil spill information reflects
the latest state of the monitored environment. In the early stage of
an oil spill, the slick undergoes rapid expansion and drift due to
winds and currents. Timely and effective monitoring during this
phase is critical for enabling rapid emergency response and con-
tainment actions [14]. Early intervention also helps to prevent
the development of long-duration spills that pose more severe
and persistent environmental risks [15]. Moreover, common
response measures [16] (e.g., booms, skimmers, dispersants,
bioremediation) all depend on up-to-date monitoring data, and
delays can distort forecasts, miss containment opportunities,
reduce effectiveness, and increase both response difficulty and
economic losses. Therefore, the value of DIF lies in its ability
to quantify the timeliness of monitoring data, ensuring that
UAV-based systems provide information that maximally sup-
ports early-stage emergency response, thereby underscoring its
practical significance.

To address these challenges, this letter proposes a multi-UAV
monitoring framework for dynamic oil spill monitoring, as il-
lustrated in Fig. 1. First, an incremental coverage mechanismis
implemented to avoid rebundant monitoring of previously cov-
ered area. This mechanism focuses on newly emerged regions
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Fig. 1. The upper image shows a satellite observation of the Deepwater
Horizon oil spill, with data obtained from [11], [12]. The lower image illustrates
the coverage paths generated by the proposed method, based on a grid map
constructed from the spill region, in which the newly emerged spill regions are
partitioned into subregions (as indicated by the colored areas) and optimized
using the DIF metric to produce the final coverage trajectories.

by comparing current and previous spill contours. Second, a
balanced region division algorithm designed to handle irregular
and scattered oil spill regions. It uses entropy-based clustering
followed by iterative region balancing to ensure balanced work-
load distribution while maintaining spatial continuity. Finally,
an information entropy-based model developed to ensure infor-
mation freshness, enabling UAVs to prioritize the monitoring
of the most critical dynamic change regions (i.e., high-entropy
regions).

A. Related Work

Persistent monitoring is one of the important means to effec-
tively collect key information in a region, such as atmospheric
pollution [17] and wildfire. Ravi [18] proposed a proposed a
meeting-based spatial scheduling approach that allows multiple
agents to persistently monitor forest wildfires. Qing et al. [19]
developed multi-UAV deployment strategies for persistent mon-
itoring, focusing on different priorities for points of interest.

Coverage path planning [20] has become a fundamental
strategy in muti-UAV persistent monitoring, ensuring that en-
tire target areas are thoroughly scanned without leaving any
gaps. For 2D fields, existing approaches are typically divided
into decomposition-based methods and alternative strategies.
Decomposition-based techniques first partition the workspace
into manageable regions and then generate coverage paths for
each region to achieve complete coverage [8].

According to the decomposition method adopted, these ap-
proaches can be further categorized into trapezoidal decompo-
sition, boustrophedon decompositio, Morse-based cellular de-
composition, and exact cell decomposition [8]. Other strategies
are based on a grid representation of the area, including spanning
tree coverage [21], and neural network-based approaches [22].

Some methods utilize exact cellular decomposition in
combination with predefined coverage patterns, such as back-
and-forth sweeping or spiral trajectories, to optimize path effi-
ciency [23], [24]. In contrast, approximate cellular decomposi-
tion constructs a graph from the resulting cells and applies graph
search algorithms to generate coverage paths [10]. However,
most methods are designed for static monitoring scenarios and
tend to be less effective in addressing changing areas in dynamic
environments such as oil spills. When applied to such cases, they
often result in redundant coverage and delayed monitoring of
critical regions, ultimately reducing overall efficiency.

B. Contribution

The main contributions of this work are as follows:
1) We propose a novel incremental coverage path planning

framework that integrates balanced region division with a
jump-enabled, entropy-based strategy. By incorporating
an incremental mechanism, the framework reduces re-
dundant monitoring and improves robustness in handling
highly fragmented oil spill regions.

2) We introduce a novel and meaningful metric, DIF, which
explicitly quantifies the timeliness of monitoring infor-
mation and has been overlooked in prior coverage path
planning research.

3) We evaluate our framework (EICPP) on diverse spill mon-
itoring scenarios, demonstrating the effectiveness of com-
bining incremental coverage, entropy-based clustering for
region division, and entropy-guided greedy path planning,
thereby improving DIF and reducing flight distance.

The remainder of this letter is organized as follows. Section II
presents the system model and formalizes the multi-UAV oil spill
monitoring problem, including the dynamic oil spill model, grid-
based representation, uncertainty modeling, and performance
metrics. Section III introduces the proposed monitoring frame-
work, including the incremental coverage mechanism, region
division, and entropy-based path planning. Experiments setup
and performance evaluation across multiple oil spill scenarios
are provided in Section IV. Finally, Section V concludes the
paper.

II. SYSTEM MODEL AND PROBLEM FORMULATION

A. Oil Spill Dynamic Model and Grid Representation

Oil spill monitoring requires an accurate description of spill
dynamics to enable effective response. In our approach, the
OpenDrift software [25] is used as the core simulation tool,
integrating physical oceanographic models with oil weathering
processes, combined with real-world wind and ocean current
data, to generate realistic spill trajectories. For a given moni-
toring area A ⊂ R2, we denote the oil concentration at position
(x, y) and time t as C(x, y, t). The continuous spill data pro-
duced by the simulation are then converted into a discrete grid
representation suitable for UAV-based monitoring.

To facilitate UAV path planning, we transform the continu-
ous concentration field into a discrete grid representation. The
monitoring area is divided into an n× n grid G, where each
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Fig. 2. The spatial entropy map is visualized as a heatmap.

cell gi,j ∈ G corresponds to a specific geographical area. The
oil concentration for each grid cell is calculated by averaging the
continuous concentration over the cell area, mathematically ex-
pressed as ci,j(t) =

1
|gi,j |

∫∫
gi,j

C(x, y, t), dx, dy, where |gi,j |
denotes the cell area. This gridding process creates a discrete
representation while preserving the spatial distribution charac-
teristics of the oil spill. The temporal evolution of the oil spill
is captured through a sequence of grid states Gt

T
t=0 at discrete

time steps.

B. Uncertainty Modeling Based on Information Entropy

Oil spill dynamics are characterized by temporal changes in
concentration patterns. For each grid cell, we define the change
rate between consecutive time steps as the absolute difference
Δci,j(t) = |ci,j(t)− ci,j(t− 1)|. To further quantify the uncer-
tainty associated with these temporal changes, we compute the
average change rate over a sequence of k recent time steps:

Δ̄ci,j =
1

k − 1

k∑
t=2

|ci,j(t)− ci,j(t− 1)|. (1)

This average change rate serves as the baseline for uncertainty,
indicating regions with rapid spill evolution that require more
frequent monitoring. A minimum uncertainty umin is added
for all grid cells: ui,j = umin + Δ̄ci,j . The uncertainty values
are then mapped to information entropy using a binary entropy
model, where p = 0.5 · ui,j :

H(ui,j) = −p log2 p− (1− p) log2(1− p). (2)

The aforementioned entropy model quantifies the information
uncertainty of oil spill regions by capturing temporal variations
in oil concentration. These variations are then mapped to en-
tropy values for each grid cell. Fig. 2. presents a representative
entropy map, where regions with higher entropy indicate greater
uncertainty and demand prioritized monitoring.

C. Drift Information Freshness

In practical persistent monitoring, the timeliness of the ac-
quired dynamic oil spill region information, which is referred to
as DIF, plays a critical role. DIF reflects the extent to which

the most recently collected data at each grid cell accurately
represents the current state of the environment. If a high-entropy
region is not revisited promptly, the value of its observed in-
formation degrades rapidly, diminishing the effectiveness of
the monitoring mission. In contrast, low-entropy regions can
tolerate longer intervals between observations without a marked
drop in information freshness.

To address this, we define a polynomial-decay weighted infor-
mation freshness metric that accounts for both the monitoring
priority and the timeliness of each grid cell. Specifically, the
information freshness for the monitored region is formulated
as:

F ∗region =

∑
g∈region w(g)

[
1

1+λE(g)·s(g)
]

∑
g∈region w(g)

(3)

where E(g) denotes the entropy value of grid cell g, s(g) is the
visiting step at which g was observed (with unvisited cells set to
zero), and λ is a decay parameter. The weight w(g) is typically
set asE(g)α to emphasize the contribution of high-entropy cells,
where α controls the degree of emphasis. This metric highlights
the monitoring value of quickly visiting high-uncertainty re-
gions, as timely revisits to these uncertain regions are essential
for maintaining up-to-date environmental awareness.

D. Multi-UAV Oil Spill Monitoring Problem Formalization

A periodic monitoring strategy is adopted, in which multiple
UAVs are allocated to dynamic oil spill regions in proportion to
their area. During each monitoring cycle, UAVs are dispatched
to the newly emerged regions to collect up-to-date information
on spill dynamics. When the area of newly identified regions
continuously decreases over several cycles, which indicates that
the oil spill region has stabilized, the UAV monitoring process is
terminated. The monitoring performance is evaluated by three
core metrics: coverage rate, total flight distance, and drift infor-
mation freshness (DIF). The coverage rate reflects the overall
thoroughness of monitoring. The total flight distance represents
the number of grid cells traversed by UAVs, with jump distances
calculated using the Manhattan distance. The DIF quantifies the
timeliness of the oil spill data acquired during the current cycle.
� Coverage Rate: The proportion of the target oil spill region

that has been effectively observed during a monitoring
cycle, calculated as

Coverage Rate =

∑
g∈St

Ot(g)∑
g∈St

1
(4)

where St denotes the set of target grid cells and Ot(g)
indicates whether cell g has been observed (1 if observed,
0 otherwise).

� Total Flight Distance: The total distance traveled by all
UAVs during the current monitoring cycle. It is computed
as the sum of the path lengths of all UAVs within that cycle:

Dstep(t) =

N∑
k=1

n
(t)
k −1∑
i=1

d
(
p
k,(t)
i , p

k,(t)
i+1

)
(5)
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Fig. 3. Illustration of the incremental region extraction process. The left column illustrates the oil spill grids (black) along with their convex hulls (red line) for
two consecutive monitoring cycles. The middle column presents the convex hull regions for the previous cycle (purple) and the current cycle (green), where the
overlapping and incremental regions are visually distinguished. The right column shows the region division and path planning for the incremental area.

where t denotes the monitoring cycle, N is the number
of UAVs, n(t)

k is the number of waypoints for UAV k in

cycle t, andd(pk,(t)i , p
k,(t)
i+1 ) represents the distance between

consecutive waypoints along the path of UAV k in cycle t.
� Drift Information Freshness: The timeliness of acquired

monitoring data, with greater emphasis on high-uncertainty
areas. The specific definition is given in (3).

Under the premise of ensuring sufficient CR, our objective
is to maximize the DIF value, while also reducing UAV flight
distance. Formally, the optimization problem can be expressed
as:

[1em][l]max DIF(P1, . . . , PN )

[1em][l]min Dtotal =
N∑

k=1

nk−1∑
i=1

d(pki , p
k
i+1)

[1em][l]s.t. CR(P1, . . . , PN ) ≥ θ,

nk−1∑
i=1

d(pki , p
k
i+1) ≤ Lmax, ∀k ∈ {1, . . . , N}.

(6)

III. MULTI-UAV MONITORING FRAMEWORK

Our proposed multi-UAV monitoring framework is structured
around three core components: (i) an incremental coverage path
planning mechanism, (ii) region division, and (iii) an entropy-
based path planning algorithm.

The incremental coverage mechanism identifies newly
emerged oil spill regions at each monitoring cycle and focuses
UAV resources on these areas, thereby reducing redundant
monitoring and improving overall efficiency. The entropy-based
region division algorithm ensures balanced and information-
driven allocation of monitoring tasks by partitioning the incre-
mental region into subregions according to both spatial distribu-
tion and local information entropy. The coverage path planning
algorithm then generates efficient coverage paths for each UAV,

explicitly considering both DIF and the practical endurance
limits of the UAVs, including jump strategies for highly discrete
or fragmented spill regions.This process is illustrated in Fig. 3.

A. Incremental Coverage Path Planning Mechanism

To avoid redundant monitoring and efficiently allocate UAV
resources, we adopt an incremental coverage path planning
mechanism that focuses exclusively on newly emerged oil spill
regions. The core idea is to identify and decompose new oil-
affected areas at each monitoring cycle, and subsequently plan
UAV coverage paths tailored to these incremental regions.

Let St denote the set of oil spill grid cells detected in the
current monitoring round, and St−1 the set from the previous
cycle. The new region Rnew to be covered is defined as the
difference between the current and previous spill regions, i.e.,
Rnew = St \ St−1. Given the irregular and dynamic nature of oil
spills, we representSt andSt−1 using their convex hulls, denoted
as CHt and CHt−1. The incremental region is computed as the
set of grid cells lying inside CHt but outside CHt−1. For a grid
map of size M ×N , the new region is determined by Rnew =
{(x, y) | (x, y) ∈ CHt, (x, y) /∈ CHt−1}, where (x, y) are the
coordinates of the grid cell center.

B. Region Division

After extracting the incremental region, we design a balanced
partitioning approach to assign monitoring subregions to UAVs.
The proposed entropy-weighted region division algorithm dis-
tributes the monitoring workload while considering both the
spatial distribution and the relative uncertainty of newly emerged
oil spill areas.

Given the set of points P = (xi, yi) in the new region and
the corresponding entropy map E(x, y), the algorithm first
computes an entropy-based weight for each point as wi =
E(xi, yi) + ε, where ε is a small constant to avoid zero weights.
Partitioning is then initialized using weighted K-means cluster-
ing, in which points with higher entropy values are replicated
more frequently and therefore gain greater influence in the
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clustering process. This results in n initial clusters, where n
is the number of UAVs.

However, K-means clustering itself suffers from two limita-
tions. First, it does not guarantee workload balance, which may
result in significant disparities among cluster sizes and even
cause individual UAV workloads to exceed endurance limits.
To address this, we minimize the variance of cluster sizes under
the endurance constraint |Ck| ≤ Cmax, ∀k, where |Ck| denotes
the number of cells in cluster Ck and Cmax is the maximum
effective coverage capacity of a single UAV. Second, K-means
does not ensure spatial connectivity within clusters; in irregular
spill regions, this may cause a UAV to be assigned to disjoint
sub-areas, which is impractical in real operations. To resolve
this, each cluster is required to form a connected component in
the adjacency graph G, expressed as Ck ⊆ G is connected, ∀k.

In practice, these constraints are satisfied through lightweight
adjustments, including redistributing points between overloaded
and underloaded clusters, repairing connectivity by bridging dis-
connected fragments or reallocating isolated points, and merging
undersized clusters (|Ck| < τ , with τ = 8 in our implementa-
tion) into nearby larger ones. This ensures that each UAV is even-
tually assigned a spatially continuous and endurance-feasible
monitoring region while preserving the computational efficiency
of k-means.

Before region division, it is also necessary to estimate the
required number of UAVs, i.e., to determine the number of subre-
gions to be partitioned, so as to ensure that the endurance of each
UAV is sufficient to cover its assigned subregion. Specifically,
the estimation is based on the approximate size of the new region
|Rnew|, and then combined with the maximum flight distance of a
single UAV,Rflight. To account for operational uncertainties, only
80% of the maximum flight distance is considered, and a path
efficiency factor α is introduced to define the effective coverage
capacity of a single UAV. The required number of UAVs is equal
to the number of subregions to be partitioned, and it is calculated
as:

Ndrones = Nsubregions = max

(
1,

⌈ |Rnew| · η
α ·Rflight

⌉)
, (7)

where η = 0.9 denotes the target coverage rate, and α is the path
efficiency factor. This estimation guarantees that the assigned
UAV team has sufficient endurance to cover the new region,
thereby preventing incomplete monitoring due to insufficient
flight range.

C. Entropy-Based Path Planning

Coverage path planning over newly emerged oil spill regions
is challenging, as the spatial distribution of oil is often highly
discrete, fragmented, or disconnected. If the planner only allows
stepwise movement to directly adjacent cells, certain isolated or
remote grid cells may remain unreachable, which compromises
the overall coverage rate and information gain.

To address this issue, we first represent all newly emerged
oil spill grids as nodes in an undirected weighted graph G,
where each node corresponds to a candidate coverage cell and
is assigned an entropy value reflecting its monitoring priority.

Algorithm 1: Entropy-Based Path Planning.
1: Input: G, ps, E, dmax, djump,max; Output: P
2: Initialize P = [ps], visited = {ps}, current = ps,

distance = 0
3: while |visited| < |V | and distance < dmax do
4: adj_candidates← unvisited neighbors of current
5: if adj_candidates 
= ∅ then
6: H(n) = E(n)× bonus, next = argmaxH(n),

step_dist = 1
7: else
8: jump_candidates← unvisited nodes within

djump,max and budget
9: if jump_candidates = ∅ then

10: break
11: end if
12: H(n) = E(n)/(1 + λd(current, n)),

next = argmaxH(n),
step_dist = d(current, next)

13: end if
14: if distance+ step_dist > dmax then
15: break
16: end if
17: Append next to P , mark visited; update

current, next, distance
18: end while

Edges are established between neighboring nodes based on an
8-connectivity rule, and the edge weights are defined inversely
proportional to the sum of the entropy values of the connected
nodes, so that high-entropy regions are more likely to be priori-
tized during path planning.

Building upon this entropy-weighted graph, we introduce
a jump mechanism into our path planning. Specifically, when
necessary, the UAV is allowed to move directly from the current
cell to a non-adjacent node within a reasonable distance in G,
enabling coverage of spatially isolated or fragmented regions
that cannot be reached by local moves alone.

However, frequent or long-range jumps may lead to increased
UAV energy consumption and decreased path efficiency. There-
fore, our method allows jumping while imposing two practical
constraints:
� Maximum single-step jump distance constraint: Each

jump must not exceed a predefined threshold djump,max,
preventing the UAV from making energy-intensive or im-
practically long transitions.

� Remaining endurance constraint: Regardless of whether
the step is local or a jump, the actual travel distance for
each step must not exceed the UAV’s remaining flight
range, ensuring that the entire path stays within the UAV’s
endurance budget.

Within this framework, the path planning process proceeds as
follows: at each step, the algorithm gives priority to unvisited
adjacent nodes in G with high entropy values. When all neigh-
boring points have been visited or cannot be reached within the
remaining range, the algorithm considers jumping to a more
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TABLE I
SIMULATION

TABLE II
REAL-WORLD EXPERIMENT

distant, unvisited node that satisfies both the jump distance and
endurance constraints and offers the highest expected entropy
gain.

To further optimize path selection, a heuristic function is
incorporated: adjacent points are rewarded to boost their se-
lection priority, while distant jump candidates are penalized by
their distance, encouraging the UAV to prefer local, continuous
movement and jump only when necessary. The heuristic score
H(n) for a candidate node n is defined as follows:

H(n) =

⎧⎪⎨
⎪⎩E(n) · α,

if n is adjacent to

the current node

[2pt] E(n)
1+λ·d(current,n) , if n is a jump candidate

(8)

The overall procedure of the proposed entropy-based path plan-
ning algorithm is summarized in Algorithm 1.

IV. EXPERIMENTS

In this section, the proposed framework is evaluated in both
simulation and real-world oil spill data. Our experiments aim to
justify the following content:

1) We demonstrated the robustness and scalability of the
proposed method (EICPP) through three simulated oil spill
scenarios of different scales and three real oil spill scenarios.

2) We validated the effectiveness of the proposed entropy-
based method by comparing it with three baseline algorithms,
DARP-ε, Vor-A∗, and MSTC∗, using DIF and TFD as evaluation
metrics.

3) Through two ablation studies, namely comparisons with
the NE and NIM algorithms, we validated the effectiveness of
the incremental coverage mechanism and the entropy-based path
planning strategy.

A. Experimental Setup

We generated three simulated oil-spill scenarios of different
scales using OpenDrift, with configuration details summarized
in Table I. In addition, we obtained the real oil spill data of the
Symphony oil spill accident (Scenario4), the Sanchi tanker oil
spill accident (Scenario5), and the Deepwater Horizon oil spill
accident (Scenario6) from [11], [12]. Based on these datasets,
we conducted experiments on real-world oil spill scenarios, with
key parameters summarized in Table II. The maximum single-
flight range of each UAV is set to 27 km, which corresponds

to a flight distance of 45 grid cells. The information freshness
decay factor λdecay is 0.1. In the weighted K-means region
division, the maximum iterations is 10, and the tolerance is
max(1, �target_size/3
), where target_size is the average num-
ber of grid cells per UAV. In entropy-guided path planning, the
maximum jump distance is 10 to avoid large jumps between
disconnected subregions. The current monitoring strategy is to
conduct detection every two hours and return the collected data
after each round.

The proposed multi-UAV monitoring framework is evaluated
across the six representative oil spill scenarios, using three
performance metrics: Coverage Rate (CR), Total Flight Distance
(TFD), and Drift Information Freshness (DIF). Our optimization
objective is to maximize the DIF and minimize the TFD, while
ensuring that a designated 90% CR is achieved.

For each scenario, we compare our approach (EICPP) with
five baseline methods:
� No Incremental Mechanism method (NIM): UAVs mon-

itor the entire oil spill region in every monitoring round,
without distinguishing newly emerged areas from previ-
ously covered ones.

� No Entropy-based method (NE): UAVs perform uniform
coverage in each round, without considering entropy infor-
mation or prioritizing high-uncertainty areas.

� DARP-ε∗-coverage method (DARP-ε∗): An extension
of greedy coverage strategies that integrates A∗ search,
DARP-based region partitioning, and ε∗-guided adjust-
ments to improve path efficiency and adaptability.

� Voronoi-based-A∗-coverage method (Vor-A∗):A cover-
age method that partitions the oil spill region into Voronoi
cells and plans paths within each cell using the A∗ search
algorithm, focusing on efficient local path generation under
information-guided constraints.

� Multi-robot Spanning Tree Coverage method
(MSTC∗):A coverage method that constructs a spanning
tree over the discretized oil spill region and assigns
branches to multiple UAVs for systematic and efficient
coverage.

B. Performance Analysis

Through evaluations conducted under three simulated sce-
narios and three real oil spill scenarios, and by comparison
with five baseline algorithms, the proposed oil spill monitoring
framework was demonstrated to be both robust and scalable,
highlighting the advantages of the proposed method. The ab-
lation studies further validated the effectiveness of its core
components.

The DIF values of each monitoring round compared with the
baseline methods are illustrated in Figs. 4 and 5. The Average
DIF (Avg.DIF) results are summarized in Table III, while the Av-
erage Total Flight Distance (Avg.TFD) comparison is presented
in Table IV.

In the small-, medium-, and large-scale spill scenarios (Sce-
narios 1–3), EICPP consistently outperforms the five baseline
methods in terms of average DIF (Avg.DIF) (Table III). In
the small-scale spill scenario (Scenario 1), EICPP achieves an
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Fig. 4. Drift Information Freshness (DIF) for Scenarios 1–3. All results are obtained under the requirement of achieving at least 90% coverage.

Fig. 5. Drift Information Freshness (DIF) for Scenarios 4–6. All results are obtained under the requirement of achieving at least 90% coverage.

TABLE III
AVERAGE DIF COMPARISON ACROSS SIX SCENARIOS (UNIT: GRID CELLS)

TABLE IV
AVERAGE TFD COMPARISON ACROSS SIX SCENARIOS (UNIT: GRID CELLS)

improvement of about 20% compared with the strongest baseline
MSTC∗, and an improvement of up to 60% compared with
the weakest baseline NE, demonstrating consistent advantages
across different levels of baseline algorithms. As the spill scale
increases (Scenarios 2–3), EICPP maintains stable performance
gains, achieving 18–25% Avg.DIF improvement over strong

baselines, which indicates its ability to ensure Avg.DIF even
under higher coverage complexity. Meanwhile, the results of
Avg.TFD show that EICPP significantly reduces the flight bur-
den of UAVs. With the expansion of spill scale, the advantages
of the incremental coverage mechanism become more evident.
For example, in Scenario 3, the TFD of EICPP is only 455,
whereas MSTC∗, DARP-ε∗, and Voronoi-A∗ all exceed 2900,
thus greatly improving path efficiency and avoiding large-scale
redundant coverage.

In the Symphony spill case (Scenario 4), EICPP achieves an
Avg.DIF of 0.63 compared with 0.51 for MSTC∗, corresponding
to a relative improvement of about 23.5%. This indicates that the
proposed method is able to sustain higher information freshness
even in medium-scale real spill scenarios with irregular mor-
phology. In the Sanchi tanker spill case (Scenario 5), EICPP
records an Avg.DIF of 0.61, which is approximately 19.6%
higher than MSTC∗ (0.51), and 24.5% higher than DARP-ε∗

(0.49). These comparisons further confirm that the advantage in
information freshness is consistently maintained under varying
spill scales and complexities. When combined with the results
from simulated scenarios (Scenarios 1–3), where improvements
over strong baselines remain within 18–25%, the framework
demonstrates consistent performance across both synthetic and
real-world conditions.

At the same time, EICPP continues to demonstrate substantial
savings in TFD, thereby improving monitoring efficiency and
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reducing resource consumption. For instance, in the Deepwater
Horizon accident (Scenario 6), which represents one of the
most challenging and large-scale oil spill disasters, the TFD of
EICPP is only 448, while MSTC∗ and DARP-ε∗ reach 2227 and
2517, respectively. These results indicate that EICPP not only
improves Avg.DIF but also effectively reduces the flight burden,
reflecting the intended advantages of the incremental coverage
mechanism.

Through two ablation studies, namely comparisons with the
NE and NIM algorithms, the effectiveness of the incremental
coverage mechanism and the entropy-based path planning strat-
egy was validated. As shown in Tables III and IV, EICPP was
consistently found to outperform both NE and NIM across all
six scenarios in terms of both Avg.DIF and TFD. For instance,
in Scenario 3, an Avg.DIF of 0.65 was achieved by EICPP
compared to 0.40 (NE) and 0.48 (NIM), while the TFD was
simultaneously reduced from 2713 (NIM) to only 455. Similar
trends were observed in other scenarios, where higher informa-
tion freshness was achieved alongside substantial reductions in
flight distance.

The computational complexity of the EICPP framework is an-
alyzed to verify its scalability and real-time feasibility. The main
operations include entropy map update, weighted K-means clus-
tering, and entropy-guided path planning, with complexities of
O(N),O(NKI), andO(N logN), respectively. Thus, the over-
all complexity per re-planning window is O(NKI +N logN),
and parallel path construction allows near-linear growth withN .

V. CONCLUSION

In summary, this letter presents an entropy-based incremental
multi-UAV monitoring framework for efficient coverage of dy-
namic oil spill regions. By combining uncertainty quantification,
an incremental coverage mechanism, and entropy-based path
planning, the proposed method enables UAVs to prioritize high-
entropy areas while avoiding redundant coverage. Experimen-
tal evaluations show that the framework consistently improves
DIF and reduces TFD, validating its effectiveness. Our method
achieves 19–25% improvement in DIF over strong baselines
across various spill scales, with a 19.6–24% improvement on
real-world oil spill datasets. It also significantly reduces flight
distance while ensuring 90% coverage.

Moreover, we emphasize the significance of Avg.DIF. While
traditional metrics such Coverage Rate and TFD can reflect
monitoring efficiency, they are insufficient to fully capture the
practical value of monitoring in rapidly evolving spill scenar-
ios. In contrast, Avg.DIF directly quantifies the timeliness and
utility of monitoring data, reflecting the urgency of information
acquisition and its contribution to emergency response.

Future work will explore the integration of sensing uncer-
tainty, UAV failures, and communication constraints to further
enhance applicability. In addition, potential applications and ex-
tensions in large-scale oil spill emergency monitoring tasks will
be investigated. Moreover, we plan to integrate battery-aware
cost terms into the path-planning process and enable real-time
role switching among UAVs based on their remaining energy
levels to enhance long-term sustainability.
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