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Abstract—This letter presents an energy-efficient multi-robot
coverage path planning (MRCPP) framework for large, non-
convex Regions of Interest (ROI) containing obstacles and no-
fly zones (NFZ). Existing minimum-energy coverage planning
algorithms utilize meta-heuristic boustrophedon workspace de-
composition. Therefore, even with minimum energy objectives
and energy consumption constraints, they cannot achieve optimal
energy efficiency. Moreover, most existing frameworks support
only a single type of robotic platform. MRCPP overcomes these
limitations by: generating globally-informed swath generation,
creating parallel sweeping paths with minimal turns, calculating
safety buffers to ensure safe turning clearance, using an efficient
mTSP solver to balance workloads and minimize mission time,
and connecting disjoint segments via a modified visibility graph
that tracks heading angles while maintaining transitions within
safe regions. The efficacy of the proposed MRCPP framework
is demonstrated through real-world experiments involving au-
tonomous aerial vehicles (AAVs) and autonomous surface vehicles
(ASVs). Evaluations demonstrate that the proposed MRCPP
consistently outperforms state-of-the-art planners, reducing av-
erage total energy consumption by 3% to 40% for a team
of 3 robots and computation time by an order of magnitude,
while maintaining balanced workload distribution and strong
scalability across increasing fleet sizes. The MRCPP framework is
released as an open-source package and videos of real-world and
simulated experiments are available at https://mrc-pp.github.io/.

Index Terms—Multi-Robot Coverage Path Planning, Non-
Convex Environments, Obstacle-Aware Planning

I. INTRODUCTION

Energy-efficient Coverage Path Planning (CPP) is crucial
for autonomous robots to systematically traverse a Region
of Interest (ROI), supporting applications in precision agri-
culture [1], environmental monitoring [2], infrastructure in-
spection [3], and search-and-rescue [4]. Energy consumption
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(a) AAVs (b) ASVs

Fig. 1: Real-world multi-robot coverage experiments. (a) Two AAVs
cover a polygonal ROI (white) while avoiding a no-fly zone (red
circle). (b) Two ASVs cover an aquatic region while avoiding a
polygonal obstacle (yellow).

can be minimized either explicitly, by incorporating battery
energy constraints into the planning process, or implicitly, by
optimizing surrogate metrics closely related to energy usage,
such as total route length or the number of turns [5].

Recent CPP methods [5, 6, 7, 8], either utilize boustrophe-
don decomposition [9] or employ grid-based sweeping [10].
These approaches perform effectively in convex, obstacle-free
domains but often struggle in non-convex ROIs featuring irreg-
ular boundaries and internal exclusion zones [11]. However,
meta-heuristic decomposition results in fragmented swaths,
excessive turns, and redundant overlaps, thereby increasing en-
ergy consumption and mission time. Compared to single-robot
CPP, multi-robot CPP (MRCPP) frameworks significantly ac-
celerate coverage by enabling parallel execution of robots.
However, they face substantial challenges in simultaneously
satisfying three tightly interdependent requirements: globally-
informed swath generation, obstacle-aware path generation,
and balanced task allocation.

Existing MRCPP methods inadequately minimize turns
and ensure path continuity due to their dependence on
meta-heuristic decomposition. Partition-based techniques (e.g.,
DARP+MST [12, 7]) ignore sweep orientation, leading to
inconsistent headings and excessive turns. Cell-based GTSP
solvers (e.g., POPCORN+SALT [8, 13]) generate disjointed
paths with frequent reversals and scale poorly in complex
domains due to NP-hard complexity. Energy-aware methods
like EAMCMP [5] model dynamics but lack robust obstacle-
aware load balancing and remain suboptimal due to boustro-
phedon decomposition. An energy-efficient, computationally
lightweight framework that explicitly optimizes turns and
workload balance is therefore required.

In this study, we propose an energy-efficient MRCPP frame-
work for large, non-convex regions of interest containing ob-
stacles and no-fly zones. We first compute the minimum-area
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enclosing rectangle using a rotating-calipers algorithm [14]
to determine a globally-informed sweep orientation. We then
generate parallel coverage swaths with minimal turns, clip
them to the obstacle-free space, and order them along the
minor axis to promote spatial continuity and reduce inter-
swath transitions. Next, we calculate headland buffers that
shrink the outer ROI boundary and expand internal exclu-
sion zones [6], creating a safe operable area that ensures
adequate turning clearance and prevents boundary violations.
We assign the swaths to multiple robots using an efficient
multiple Traveling Salesman Problem (mTSP) solver [15],
which balances individual workloads and minimizes total
mission time. Finally, we connect disjoint swath segments into
contiguous sweeping paths with a modified visibility graph
(VG) algorithm [16] augmented with sampled boundary points
and a heading-driven traversal rule that keeps all transitions
within the buffered regions.

Contributions: (i) An orientation-optimized swath gen-
eration algorithm that minimizes turns by aligning coverage
with the ROI’s principal axis while maintaining obstacle
and safety buffer clearance (Section IV ). (ii) A workload-
balanced mTSP formulation for multi-robot swath alloca-
tion, which balances individual workloads and minimizes over-
all mission time (Section V). (iii) A collision-free, contiguous
sweeping path generation algorithm based on a modified VG
algorithm that augments the node set with sampled boundary
points and uses heading-driven entry/exit selection to maintain
feasible transitions (Section V).

II. RELATED WORK

Early research in CPP focused on workspace decomposi-
tion using metaheuristic approaches, such as boustrophedon
decomposition [17, 9], to handle regions with obstacles while
reducing the number of subcells generated by an exact cellular
decomposition method [10]. Although path optimization of
these methods involves spiral [18] or graph [19] representa-
tions over decomposed regions to cluster coverage tasks, they
often struggle with fragmented paths and increased turning
effort in highly non-convex or cluttered regions.

To address these limitations, researchers have reformulated
CPP as a routing optimization problem similar to the General-
ized Traveling Salesman Problem (GTSP), where combining
decomposition with GTSP-based sequencing can minimize
total flight time [10]. However, optimizing only for distance
overlooks a critical factor: energy consumption is heavily
influenced by velocity changes, acceleration, and turns [20].
Energy-aware planners [18, 5] incorporate detailed power
models and solve clustered TSP variants [21], yet most clas-
sical and decomposition-based methods still use fixed swath
orientations rather than optimizing sweep direction, which
significantly affects both turn count and energy use.

Minimizing turns has gained attention as a direct path
to reducing energy and mission time, since every heading
change forces the vehicle to slow down, rotate, and accelerate
again [5]. While several approaches explicitly target turn
reduction [22, 23], they typically work within predetermined
cell boundaries or fixed grid layouts. For instance, in [23]

added turn awareness to DARP, but the underlying partition-
first structure limits the ability to globally coordinate sweep
alignment across sub-regions.

Unlike single-robot CPP, where path length and turn count
can be optimized over a single contiguous route, multi-
robot CPP requires jointly solving region partitioning, sweep
alignment, and workload balance. These challenges are tightly
coupled and cannot be addressed by simply replicating CPP
methods per robot. Early solutions [7, 24, 25] resulted in
uneven task distribution across irregular terrain. Voronoi-based
methods [26] provide elegant mathematical guarantees but
were designed for static sensor placement rather than path
planning, ignoring factors like starting positions and travel
distances. DARP [12] explicitly considers these elements along
with obstacles and workload balance. However, both DARP
and its recent improvements [23] partition the space first and
plan sweeps second, which can lead to disconnected regions
with conflicting sweep directions [27].

SMT-based decomposition to coordinate multiple AAVs is
used in large-scale deployments [19, 8]. However, their main
limitation is enforcing independence among sub-areas, which
prevents globally aligned swaths and can create fragmented
coverage patterns. Spanning-tree approaches [28] maintain
coverage guarantees with provable bounds on solution quality,
but they don’t explicitly optimize for turns or continuous swath
structures.

Integrated frameworks [12, 23] combine DARP-based par-
titioning with spanning-tree coverage, but their partition-first
structure ignores sweep orientation, leading to inconsistent
headings and excessive turns at partition boundaries. Energy-
aware methods [18, 5] incorporate aerodynamic power models
but remain suboptimal due to the same decomposition bot-
tleneck. In contrast, MRCPP first determines a near-optimal
sweep orientation to minimize turns, then balances workload
across robots via mTSP, and ensures obstacle-aware transitions
through an augmented visibility graph, addressing limitations
that no existing method resolves jointly.

III. PROBLEM FORMULATION

Consider a team of NR mobile robots tasked with covering
a bounded, possibly nonconvex ROI P ⊂ R2. The ROI may
contain Nobs exclusion zones such as obstacles, no-fly regions,
or restricted areas, modeled as polygonal sets oi ⊂ R2 for
i = 1, . . . , Nobs. For simplicity, all exclusion zones are either
given as polygons or approximated as such to support polygon-
based decomposition. The free space F available for coverage
is then computed by subtracting obstacle regions from P , such
that F = P \

⋃Nobs

i=1 oi.
Each robot has a coverage width w that defines both the

spacing between adjacent parallel swaths and the distance on
either side of a swath line within which points are considered
covered. A swath refers to the path segment a robot follows
when traversing the field. Formally, let S be the set of all
NS swath segments such that S = {S1, S2, . . . , SNS

}. Each
swath segment Sm ∈ S is defined by its endpoints via Sm =
[am, bm], with geometric length ℓm = ∥bm − am∥.

To achieve energy efficiency, swaths should be generated in
a way that minimizes the number of turns and the total path
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length [5]. Given a set of swaths S produced by a minimum-
turn algorithm, the objective of the multirobot coverage plan-
ner is to allocate a subset of swaths SR ⊂ S to the J th

robot such that every swath segment in S is visited by exactly
one robot following a continuous, collision-free sequence.
The robots start from given depot locations (or algorithm
may assign optimal initial locations) and must traverse their
assigned swaths in some order. Between the end of one swath
and the start of the next assigned swath, each robot follows
a shortest collision-free transition path that remains inside a
slightly enlarged feasible space F ′ (e.g., F offset inward by
the w for safe turning). Let dtrans denote the length of such a
transition path. Therefore, the total distance traveled by robot
r can be computed by

Lr =
∑

Sm∈Tr

ℓm +
∑

transitions of r

dtrans, (1)

Assuming all robots operate under a uniform speed model,
the overall mission completion time is dictated by the robot
with the maximum total executed path length.

Problem. Find a partition of the swath set S into NR subsets
T1, . . . , TNR

and, for each robot r, a collision-free ordering
of its assigned swaths together with corresponding transition
paths, such that

min
Π

NR∑
r=1

Lr, s.t. |Tr| ≥
⌊
NS

NR

⌋
, ∀ r, (2)

where Π denotes the set of all valid assignments over cov-
erage paths. The minimum tour size constraint ensures that
each robot is assigned at least ⌊NS/NR⌋ swaths, preventing
degenerate allocations and promoting approximately balanced
workloads. Together with minimizing total path length, this in-
directly minimizes the makespan by discouraging unbalanced
partitions.

IV. SWATH GENERATION FOR NONCONVEX FIELDS

When a team of cooperative robots needs to cover a
nonconvex ROI, the swath-generation process must ensure
that the coverage lines (swaths) are well-aligned with the
field’s geometry while minimizing overlaps, gaps, and unnec-
essary maneuvers. Here, we introduce a minimum-turn swath-
generation algorithm that identifies an oriented rectangle for
a non-convex ROI and then generates swaths inside the ROI
parallel to the long axis of the oriented rectangle.

A. Oriented Rectangle over a Non-Convex ROI

Several strategies exist for determining sweep orientation,
and while no single method optimally handles all non-convex
scenarios, their performance differences are generally compa-
rable.

a) Minimum-Area Rectangle (MAR): Given a polygonal
region of interest P ⊂ R2 with nP vertices, the objective
is to determine the minimum-area rectangle enclosing P
among all possible orientations. Since the minimum bounding
rectangle must be tangent to the outermost boundary of the
shape, its computation depends solely on the convex hull

H = ConvHull(P ). We employ the rotating calipers method
[14] to identify the orientation of the rectangle that yields min-
imal area. This algorithm evaluates each edge of the convex
hull as a potential alignment for one side of the rectangle,
computes the corresponding bounding rectangle dimensions
in that orientation, and runs in linear time with respect to the
number of hull vertices nH . The resulting oriented rectangle
Rmin is characterized by its principal orientation vectors (û, v̂)
and its dimensions (wmin, hmin), which bound both the convex
hull and the original region P .

b) Exhaustive angle search: This strategy evaluates a
discretized set of candidate sweep angles over a prescribed
range and selects the one that optimizes a chosen criterion,
such as the number of swaths, overlap, or estimated traversal
cost.

c) Principal Component Analysis (PCA): This strategy
determines the dominant geometric direction of the ROI from
the principal axis of its vertex distribution and uses that
dominant axis as the sweep orientation.

d) Minimum-width: This strategy selects the orientation
that minimizes the width of the ROI measured orthogonally to
the sweep direction, which can reduce the number of required
back-and-forth coverage passes.

B. Minimum-turn Swath Generation

Once a minimum rotating rectangle is found, we then
partition the ROI into parallel coverage lines aligned with
the major axis u. Next, we project all vertices of P onto the
perpendicular axis v to maximize straight-line traversal while
reducing the turning effort as:

ηmin = min
p∈VP

(p · v), ηmax = max
p∈VP

(p · v), (3)

where VP denotes the set of all vertices of the polygonal
region P and the total projection span is ∆η = ηmax − ηmin.

Given a swath width w, the number of required swaths is
ns =

⌈
∆η
w

⌉
. The k-th swath center offset is ck = ηmin +

w(k+1)
2 , k = 1, . . . , ns, where k indexes the swaths and

ns is the total number of swaths computed from the projection
span ∆η and the corresponding infinite swath line is given by
x(t) = ckv + tu for t ∈ R.

To obtain valid in-field segments, each swath line is clipped
against the polygonal boundary of P . Let Eµ = [aµ,bµ],
µ = 1, . . . , ne, denote the edges of the polygonal boundary of
P , where ne is the total number of boundary edges. Each edge
is parameterized as eµ(s) = aµ + s(bµ − aµ) for s ∈ [0, 1].
Intersecting the swath line with each edge yields

tµ =
(aµ − ckv)× (bµ − aµ)

u× (bµ − aµ)
, sµ =

(aµ − ckv)× u

u× (bµ − aµ)
. (4)

All intersections satisfying sµ ∈ [0, 1] are retained and
sorted into the ordered points q1, . . . , qmk

. The candidate
swath segments are

Sk,ν = [qν , qν+1], ν = 1, . . . ,mk − 1. (5)

A segment is valid if its midpoint lies inside the ROI.
Interior membership is determined using the even–odd rule,
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Fig. 2: Illustration of the MRCPP-based multi-robot coverage workflow. Starting from an input workspace with an internal NFZ, the method
computes a headland-adjusted ROI and a minimum-area enclosing rectangle to determine the sweep orientation, generates parallel sweep
lines over the free space, and finally allocates the resulting swaths to three robots using mTSP.

a point-in-polygon test in which a ray cast from the midpoint
intersects the polygon edges Eµ an odd number of times if the
point lies inside P and an even number of times otherwise. The
complete set of minimum-turn swaths is written compactly
as S =

⋃ns

k=1{Sk,ν ⊂ P}. However, in practice, swaths are
generated inside the buffered feasible region P ′ (Section V-A)
rather than P , ensuring that all segments lie within the safe
operable area with adequate turning clearance.

V. MULTIROBOT COVERAGE PATH PLANNING

Given the set of minimum-turn swaths S, the objective is
to allocate swaths among robots and construct continuous,
collision-free coverage paths entirely contained within the
buffered free space.

A. Buffer for Safe Turning and Obstacle Avoidance

We dilate the ROI boundary and all exclusion zones to
ensure safe turning clearance and obstacle avoidance. In
agricultural robotics, the term headland refers to the strip
reserved at field edges for vehicle turning [6]; we adopt the
same concept here. The dilation is performed by offsetting
a headland width h using the Minkowski operation. Let
Bh = {x ∈ R2 : ∥x∥ ≤ h} denote the closed disk of radius h.
The inward offset of the ROI is computed as the Minkowski
difference P ′ = P ⊖ Bh, where the Minkowski difference is
defined as A⊖B = {a− b | a ∈ A, b ∈ B} [16]. while each
exclusion zone is expanded outward using the Minkowski sum

o′i = oi ⊕Bh, i = 1, . . . , Nobs. (6)

Therefore, we can compute the feasible coverage space as:

F ′ = P ′ \
Nobs⋃
i=1

o′i. (7)

These offset boundaries also provide nodes for constructing
the visibility graph used in the subsequent transition-planning
stage. The ROI/NFZ representation, headland-adjusted feasible
region, sweep orientation, and resulting parallel swaths are
illustrated in Fig. 2.

B. Multi-Robot Swath Allocation

The multi-robot swath allocation module distributes the
set of minimum-turn swaths among the robots to balance
the overall mission workload and minimize the total mission
completion time. For this purpose, each swath Sm = [am, bm]
is assigned a centroid as: cm = am+bm

2 , which serves as a
representative geometric point for the swath and is used to
determine its relative position within the region. The swaths
are then ordered according to the projection zm = cm·v, which
sorts the swaths along the sweep normal direction and enforces
a consistent global traversal order across the field. Depending
on the robot heading angle, it enters the swath of its two
endpoints, Em = {am, bm}. To estimate the true travel cost
between two swath endpoints, we consider feasible transitions
inside F ′. If a direct segment between two endpoints is
obstructed, the shortest collision-free path is computed using
a visibility graph constructed over the boundary of F ′ and
obstacle polygons.

dF ′(x, y) =

{
∥x− y∥, x, y ∈ F ′,

VG shortest path, otherwise.
(8)

As shown in Eqn. (8), if a direct straight-line segment lies
entirely inside the feasible region, the Euclidean distance is
used; otherwise, the shortest collision-free path obtained from
the visibility graph is substituted.

Next, the transition cost between two swaths is computed
as:

cm,m′ = min
x∈Em, y∈Em′

dF ′(x, y). (9)

This cost selects the minimum feasible transition distance
over all possible entry–exit endpoint combinations of the
two swaths. Note that the mTSP formulation considers all
endpoint combinations to minimize transition cost, but does
not encode swath traversal direction as a two-endpoint state
variable; the actual heading assignment is resolved post hoc
during sweep path generation (Section V-C). Because cm,m′

is a lower bound on the realized transition cost, it serves
as an optimistic proxy; however, for spatially contiguous,
parallel swaths—which the solver preferentially groups—the
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boustrophedon pattern selects the same endpoint pair that
achieves the minimum, so the bound is tight in the common
case.

Finally, we assign swaths to multiple robots by minimizing
the total travel cost across the fleet. We model this task as a
multiple Traveling Salesman Problem (mTSP) with NR sales-
men (one per robot) sharing a common depot d. Each swath
Sm is represented as a single node in an Asymmetric TSP
(ATSP) cost matrix, and the LKH solver [15] is configured
with a MINSUM objective:

min
Π1,...,ΠNR

NR∑
r=1

Lr, s.t. |Tr| ≥
⌊
NS

NR

⌋
, ∀ r, (10)

where Lr includes both the swath lengths and the transi-
tion distances for robot r, and |Tr| denotes the number of
swaths assigned to robot r. The minimum tour size constraint,
enforced via LKH’s MTSP_MIN_SIZE parameter, ensures
that each robot receives at least ⌊NS/NR⌋ swaths, preventing
degenerate allocations and promoting balanced workloads.
Combined with the MINSUM objective, this produces spatially
contiguous, approximately balanced tours that indirectly min-
imize the makespan.

C. Sweep Path Generation using Alternating-Edge Traversal
and Visibility Graph (VG) Detouring

Once the swath assignments step is completed, we then
compute continuous coverage paths using alternating-edge
traversal and VG-based detouring, as shown in Alg. 1. The
swath traversal direction and robot heading are determined
post hoc, after the mTSP allocation, rather than being embed-
ded as state variables in the mTSP or VG formulations. Let
Ir = {k1, k2, . . . , k|Ir|} denote the swaths assigned to robot r.
This index set represents the ordered subset of swaths allocated
to robot r by the mTSP solver. To generate a continuous
sweep path, we choose the waypoints based on the robot
heading direction along a swath segment in such a way that
produces a boustrophedon (back-and-forth) traversal along two
consecutive swaths as:

(w
(r)
2i−2, w

(r)
2i−1) =

{
(aki

, bki
), i odd,

(bki
, aki

), i even.
(11)

The left and right directions are defined relative to the rotating
bounding box’s minor axis v, and the robot’s heading is
initialized based on the orientation of its first assigned swath.
The heading alternates for every consecutive swath pair, avoid-
ing unnecessary reorientation. This produces the preliminary
waypoint sequence Rr = ⟨w(r)

0 , . . . , w
(r)
2|Ir|−1⟩. The sequence

Rr represents the ordered set of entry and exit waypoints for
robot r before obstacle-aware refinement is applied.

In the presence of obstacles or no-fly zones, swath lines may
become segmented. If the mTSP solver assigns two segments
of the same original swath to the same robot, the heading
remains unchanged since the segments share the same orienta-
tion. Otherwise, the heading is updated via the alternating-edge
rule above. By tracking the orientation of consecutive assigned
swaths, we determine the source–destination pair for the VG
query. The visibility graph GVG = (VVG, EVG) is constructed

Algorithm 1 Minimum-Turn Swath Generation

Require: ROI P , exclusion zones {oi}, headland width h,
swath width w

Ensure: Set of feasible swaths S = {Sm}
Compute oriented rectangle Rmin and axes (u,v)

1: Compute inward and outward Minkowski offsets.
2: Compute feasible region F ′ using (Eq. 7).
3: Compute projection extrema ηmin and ηmax.
4: Compute the number of swaths ns.
5: for k = 1 to ns do
6: Compute swath center offset ck.
7: Define the swath line xk(t) as described in IV-B
8: Intersect xk with polygon edges.
9: Sort all valid intersection points.

10: Form candidate segments Sk,ν using (Eq. 5).
11: Accept segments whose midpoint lies inside P

(even–odd rule).
12: end for
13: Renumber all accepted segments as S = {Sm}.
14: return S.

using all swath endpoints together with uniformly sampled
intermediate points along the buffered obstacle and boundary
polygons. The standard VG algorithm uses only corner vertices
of polygonal obstacles as intermediate nodes; however, for
large obstacles, routing exclusively through corner vertices
causes the detour path to deviate significantly from the original
swath lines, degrading coverage performance. We therefore
sample additional waypoints along obstacle edges at intervals
proportional to the swath width w, so that the VG can route the
robot to the nearest point on the obstacle boundary relative to
the interrupted swath, thereby minimizing deviation from the
original swath trajectory. Edges are added between mutually
visible vertex pairs that lie entirely inside the feasible region
F ′, enabling efficient computation of the shortest collision-free
transition paths between disconnected swaths [9]. Straight-
line transitions are used whenever feasible; otherwise, a VG
shortest path is computed. The heading through these detours
is governed by the geometry of the sampled obstacle boundary
rather than being explicitly encoded as a state or constraint in
the VG. The refined coverage plan for robot r is defined as
Πr = VGRefine(Rr), where Πr denotes the complete cover-
age path for robot r obtained by replacing obstructed straight-
line transitions in Rr with VG-based shortest paths. The final
multirobot coverage solution is {Π1, Π2, . . . , ΠNR

}, which
represents the set of executable coverage paths for all robots
in the team.

In summary, the visibility graph remains geometrically
standard in its edge construction (mutual visibility inside F ′)
and search procedure (shortest collision-free path). The two
distinctions from a conventional VG are: (1) the node set
is augmented with uniformly sampled boundary points to
reduce detour deviation, and (2) the source and destination
nodes fed into VGRefine are determined by the heading-
driven alternating-edge traversal rule. Heading is therefore
used exclusively to select entry/exit endpoints per swath, not
as part of the VG node/edge state.



6 IEEE ROBOTICS AND AUTOMATION LETTERS. PREPRINT VERSION. ACCEPTED APRIL, 2026

VI. EXPERIMENTAL RESULTS

To validate the effectiveness of our proposed method, we
conducted both simulated and real-world experiments. We
compared our approach against state-of-the-art methods in
simulation environments. All benchmark scenarios are adopted
from [5], with the addition of a new Wetland scenario in which
AAVs are tasked with monitoring a wetland while avoiding a
non-convex no-fly zone.

A. Benchmark

Table I summarizes the benchmark results across all envi-
ronments for a team of three AAVs. The swath widths are
set to 31, 12, 22, 10, 8, 8, and 9 m for the Cape, Complex-
12, Complex-22, Wetland, Island, Rect, and Simple scenarios,
respectively. All runs use a safe buffer equal to one swath
width w.

Success rate and computation time. MRCPP finds a
valid solution for all seven environments in under 4 s on a
general-purpose computer, making it a suitable candidate for
browser-based planning. In contrast, EAMCMP [5] fails to
produce a solution for the Complex-12 environment, while
POPCORN+SALT [8] fails in all environments containing
obstacles or no-fly zones. DARP+MST [7] solves all envi-
ronments but requires significantly longer computation times,
particularly in the presence of obstacles. For instance, 44 s
in the Wetland scenario and 33 s in the Cape scenario. It is
worth noting that MRCPP is implemented using a behavior-
tree library for modularity and maintainability. This design in-
troduces a small overhead, which explains why EAMCMP [5]
achieves marginally faster runtimes in the simpler Rect and
Simple environments.

Energy consumption. MRCPP outperforms all other plan-
ners in both total energy consumption (Et) while considering
user defined initial positions and total energy consumption
(Et) with algorithm defined initial positions inside the ROI
(Ēt) across all environments except Island, where EAM-
CMP [5] achieves a marginally lower total energy (Et =
36.80Wh versus 37.82Wh). This is because, unlike EAM-
CMP, MRCPP does not optimize coverage paths based on
the initial positions of the vehicles. Nevertheless, MRCPP
consistently delivers the most energy-efficient coverage plans,
particularly in environments with complex regions of interest
and no-fly zones. For example, in Rect, MRCPP reduces Ēt by
approximately 25% compared to EAMCMP [5] and by 37%
compared to DARP+MST [7]. These gains are attributable
to MRCPP’s orientation-optimized swath generation, which
minimizes the number of turns and associated deceleration–
acceleration energy losses, and its mTSP-based workload al-
location, which ensures a uniform distribution of effort across
the fleet.

Path length. DARP+MST [7] generates the shortest paths in
most environments (e.g., Complex-12, Complex-22, Wetland,
and Island). However, these paths typically involve numerous
directional reversals, which are inefficient from an energy
standpoint—explaining why shorter geometric paths do not
translate to lower energy consumption. MRCPP remains com-
petitive in path length throughout; in Rect and Simple, it

achieves the shortest paths outright, and in the remaining
environments the differences are negligible. This suggests that
MRCPP strikes a favorable balance between path length and
energy efficiency.

Scalability. Table II reports the scalability results as the
number of AAVs increases from 4 to 10 in two NFZ-
constrained environments: Complex 22 and Cape. MRCPP
scales gracefully across all fleet sizes, with computation times
ranging from 1.41 s (4 AAVs) to 3.70 s (10 AAVs). In Com-
plex 22, EAMCMP [5] achieves marginally faster runtimes
for 6 and 8 AAVs but fails to produce a valid solution
for 10 AAVs. The gap is significantly larger in the Cape
environment, where EAMCMP requires 479.20 s for 4 AAVs
and fails entirely for all larger fleet sizes, whereas MRCPP
solves every Cape configuration in under 4 s. In terms of
energy consumption, MRCPP achieves the lowest Ēt for
every configuration in which both planners return a valid
solution, with improvements ranging from 1.5% to 6.6% in
Complex 22 and 12.6% in Cape at 4 AAVs (684.63 Wh versus
783.14 Wh). MRCPP also generates shorter coverage paths
in all comparable configurations, with reductions between
2.5% and 9.6%, directly contributing to the observed energy
savings through fewer traversal segments and lower cumulative
aerodynamic losses.

B. Ablation Study

We evaluate four sweep orientation strategies: Minimum-
Area Rectangle (MAR), exhaustive angle search, Principal
Component Analysis (PCA), and minimum-width, across
seven benchmark scenarios. The initial position is fixed at
the center of the ROI and excluded from energy estimation.
Consequently, robots commence task execution directly from
their designated path starting points. Table III reports the
total fleet energy Ēt (excluding initial position) and the
worst energy performance Eomax , both in Wh. Minimum-
width orientation achieves the lowest Et in three of seven
scenarios (Complex-12, Island, and Rect), while PCA is best
in three others (Cape, Complex-22, and Simple). MAR and
exhaustive angle search are never the top performers. The
spread between the best and worst orientation can exceed
35% (Simple), confirming that sweep direction is a significant
design parameter for multi-robot coverage. Table IV compares
MRCPP and EAMCMP [5] on the obstacle-rich environment
depicted in Fig. 3, which contains 10 convex and nonconvex
obstacles, for fleet sizes of 3, 6, and 10 AAVs. Computa-
tional efficiency: The average computation time for MRCPP
is 5.33 s compared to 65.29 s for EAMCMP, making MRCPP
roughly 12 times faster on average. Furthermore, EAMCMP’s
computation time remains relatively flat (≈58–69 s) regardless
of fleet size, whereas MRCPP scales more efficiently, with
computation time decreasing from 9.65 s at 3 AAVs to 3.11 s
at 10 AAVs. Energy efficiency: MRCPP demonstrates superior
scalability, with total fleet energy consumption decreasing by
14.44Wh (≈13.0%) as the fleet grows from 3 to 10 AAVs,
reflecting effective workload distribution through its balanced
mTSP formulation and efficient path handling via the proposed
VG detour algorithm. Conversely, EAMCMP’s total energy
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(a) Cape (b) Complex (c) Wetland (d) Simple (e) Rectangle

Fig. 3: This figure shows representative benchmark environments with coverage paths for three AAVs in yellow, violet, and blue. The AAV
paths are generated by our MRCPP method within the given polygons. In Figures 3b and 3c, No-Fly Zones (NFZs) are shown as shaded
red polygons. Scale bars are shown in meters.

MRCPP (Ours) EAMCMP [5] DARP+MST [7] POPCORN+SALT [8]

Scenario
Time

[s]

Et

[Wh]

ℓ

[km]

Ēt

[Wh]

ℓ̄

[km]

Time

[s]

Et

[Wh]

ℓ

[km]

Ēt

[Wh]

ℓ̄

[km]

Time

[s]

Et

[Wh]

ℓ

[km]

Ēt

[Wh]

ℓ̄

[km]

Time

[s]

Et

[Wh]

ℓ

[km]

Ēt

[Wh]

ℓ̄

[km]

Cape 1.28 586.37 36.68 470.08 29.28 4.93 601.68 35.66 496.56 28.90 33.82 600.85 34.92 503.98 28.68 55.87 818.99 39.16 708.18 32.06

Complex-12 3.60 478.14 27.40 455.74 26.12 — — — — — 45.31 482.23 24.73 479.58 24.62 — — — — —

Complex-22 1.23 256.92 14.49 241.55 13.66 1.25 419.69 23.55 404.95 22.67 18.22 270.75 13.69 265.88 13.46 — — — — —

Wetland 2.10 293.52 17.06 274.17 15.82 0.52 309.67 17.23 285.93 15.78 44.39 325.10 15.61 309.93 14.68 — — — — —

Island 0.47 37.82 1.60 29.77 1.25 0.53 36.80 1.60 30.25 1.29 5.21 37.61 1.37 33.85 1.18 — — — — —

Rect 0.44 68.21 3.66 55.16 2.99 0.02 85.25 4.35 73.83 3.75 4.75 89.18 3.81 87.37 3.74 20.71 137.06 3.99 131.99 3.75

Simple 0.63 117.90 6.67 104.46 5.97 0.02 185.09 10.41 169.56 9.57 5.70 140.25 6.33 138.14 6.26 32.28 242.59 7.18 235.47 6.83

TABLE I: Comparison of all evaluated methods across multiple environments for a team of three AAVs. Reported metrics include overall
computation time, total fleet energy consumption including depot round-trips (Et), resulting path length (ℓ), coverage-only fleet energy
consumption (Ēt), and coverage-only path length (ℓ̄). The best value for each environment is highlighted in bold. A dash (—) indicates that
no valid solution was obtained by that method in the corresponding environment.

Scenario MRCPP EAMCMP[5]
tc [s] Et [Wh] ℓ [km] tc [s] Et [Wh] ℓ [km]

complex (4 AAVs) 1.41 294.40 16.40 1.45 303.28 16.83
complex (6 AAVs) 1.81 291.28 16.56 1.67 311.80 17.36
complex (8 AAVs) 2.51 316.95 17.94 1.89 321.90 18.39
complex (10 AAVs) 2.90 334.74 18.91 — — —
cape (4 AAVs) 1.96 684.63 43.06 479.20 783.14 47.64
cape (6 AAVs) 2.50 711.88 44.71 — — —
cape (8 AAVs) 3.15 809.37 50.95 — — —
cape (10 AAVs) 3.70 923.47 58.28 — — —

TABLE II: Scalability comparison in the Complex 22 and Cape envi-
ronments for fleets of 4, 6, 8, and 10 AAVs. Reported metrics include
computation time (tc), total fleet energy consumption including depot
round-trips (Et), and total coverage path length (ℓ) for MRCPP (ours)
and EAMCMP [5].

MAR Angle Search PCA Min-Width

Scenario Et Ēt Et Ēt Et Ēt Et Ēt

Cape 589.21 464.64 662.84 537.14 586.37 470.08 652.80 540.78
Complex-12 533.65 506.20 486.15 457.19 507.58 470.05 478.14 455.74
Complex-22 275.91 253.37 278.34 260.82 256.92 241.55 276.91 257.23
Island 39.00 32.43 40.67 33.13 39.60 31.57 37.82 29.77
Rect 72.09 59.45 72.76 61.70 74.71 62.27 68.21 55.16
Simple 161.45 143.66 119.85 104.45 117.90 104.46 123.98 108.65
Wetland 302.25 285.79 302.98 295.38 293.52 273.76 289.37 280.33

TABLE III: Orientation ablation: fleet energy with depot round-trips
(Et) and coverage-only energy (Ēt), both in Wh. Bold marks the
lowest Et per scenario.

consumption increases by 7.52Wh (≈5.7%) over the same
range, as additional AAVs introduce redundant transitions due
to its sensitivity to initial positions rather than the geometric
structure of the coverage area. Safety and feasibility: While
EAMCMP occasionally violates NFZ and obstacle constraints
near hazards, as shown in Fig. 5a, MRCPP maintains safety
through explicit buffer-zone constraints. By integrating inter-

0 0.25 0.5 0.75 1
0

200

400

600

Buffer Scale (w)

E
t

(W
h)

Cape Complex 12 Complex 22 Island
Rect Simple Wetland

Fig. 4: Effect of buffer scale w on the total fleet energy consumption
Et across different environments. Lower values indicate better energy
efficiency.

#Robots Method Eomax (Wh) Ēt (Wh) Tc (s)

3 MRCPP 41.8050 111.1718 9.65
EAMCMP [5] 44.49 132.25 68.87

6 MRCPP 21.8133 104.5834 3.22
EAMCMP [5] 23.11 135.51 58.06

10 MRCPP 13.9163 96.7328 3.11
EAMCMP [5] 14.73 139.77 68.95

TABLE IV: Performance comparison of MRCPP and EAMCMP
across varying fleet sizes in the presence of 10 convex and nonconvex
obstacles. Bold entries indicate the best value in each metric per fleet
configuration.

mediate points via the VG detour algorithm, MRCPP ensures
a strictly enforced minimum separation distance between the
planned paths and obstacle boundaries as shown in Fig. 5b.
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(a) EAMCMP [5] (b) MRCPP

Fig. 5: Coverage paths generated by (a) EAMCMP and (b) MRCPP
for a fleet of 10 AAVs in the presence of 10 convex and nonconvex
obstacles.

Fig. 4 shows the sensitivity of irregular geometries to the
buffer parameter. In non-convex environments, energy con-
sumption fluctuates more noticeably as the buffer parameter
increases. For instance, in Complex-12, energy is minimized at
0.75w (498.28 Wh) since a larger buffer over-shrinks narrow
corridors near the NFZ, whereas for Cape, energy is minimized
at 1.0w (589.21 Wh) since the full buffer prunes fragmented
swaths in narrow coastal protrusions that otherwise cause
expensive transitions. In contrast, simpler environments such
as Island, Rect, Simple, and Wetland exhibit a nearly flat
response.

C. Real World Experiment

We conducted two categories of real-world experiments to
validate the proposed framework: aerial coverage using AAVs
and surface coverage using ASVs. For the aerial experiments,
we deployed two DJI Mavic Air AAVs to cover a polygonal
ROI. We uploaded the planned coverage paths to the Litchi
mission-planning software, which then executed each trajec-
tory autonomously on the corresponding AAV. The two AAVs
together covered 615 m, with AAV 1 flying 306 m and AAV 2
flying 309 m. Because we deployed both vehicles concurrently,
they completed the mission in 78 s. Their average flight speeds
were 4.25 m/s for AAV 1 and 4.41 m/s for AAV 2. As shown
in Fig. 1, the executed paths appear in orange and blue, and
the circular no-fly zone (NFZ) appears in red. Some segments
of the blue and orange paths are not perfectly straight because
wind disturbances affected the AAVs during flight.

We further evaluated the proposed method in a coastal
bay environment using two ASVs, each equipped with a YSI
EXO2 sonde for in situ water-quality sensing. The ASVs were
assigned to cover a designated ROI while avoiding a yellow
polygonal obstacle analogous to the aerial experiments. As
shown in Fig. 1b, the left panel presents a live video feed
from the ASVs, while the right panel displays their real-time
positions and executed coverage paths overlaid on satellite
imagery. This interface facilitated real-time monitoring and
verification of coverage execution throughout the mission. The
path length for ASV1 was 138.15 m (marked in red), and the
path length for ASV2 was 125.71 m (marked in green), as
shown in the right panel.

VII. CONCLUSION

This letter introduces an energy efficient multi-robot cover-
age path planning framework for complex environments with
obstacles and no-fly zones. The proposed framework achieves
this through minimum-turn swath generation, workload-
balanced task assignment, and obstacle and boundary-aware
sweep path generation. The framework is evaluated on several
key metrics, including computation time, path length, and en-
ergy consumption (both trajectory-based and trajectory-free).
Extensive simulations demonstrated that the proposed method
outperformed state-of-the-art planners by an order of magni-
tude. The framework is validated in experiments using multiple
AAVs and ASVs. These experiments confirm the framework’s
capability to generate reliable, well-balanced coverage paths
under realistic conditions. Future work will include trajectory
planning to efficiently avoid dynamic obstacles during full
coverage in complex environments.
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[21] F. Nekovář, J. Faigl, and M. Saska, “Multi-tour set traveling
salesman problem in planning power transmission line inspec-
tion,” IEEE Robotics and Automation Letters, pp. 6196–6203,
2021.

[22] I. Vandermeulen, R. Groß, and A. Kolling, “Turn-minimizing
multirobot coverage,” in 2019 International Conference on
Robotics and Automation (ICRA), pp. 1014–1020, IEEE, 2019.

[23] A. Stefanopoulou, E. K. Raptis, S. D. Apostolidis, S. Gkelios,
A. C. Kapoutsis, S. A. Chatzichristofis, S. Vrochidis, and
E. B. Kosmatopoulos, “Improving time and energy efficiency
in multi-uav coverage operations by optimizing the uavs’ initial
positions,” International Journal of Intelligent Robotics and
Applications, pp. 629–647, 2024.

[24] A. Barrientos, J. Colorado, J. d. Cerro, A. Martinez, C. Rossi,
D. Sanz, and J. Valente, “Aerial remote sensing in agriculture: A
practical approach to area coverage and path planning for fleets
of mini aerial robots,” Journal of Field Robotics, pp. 667–689,
2011.

[25] D. Puig, M. A. Garcı́a, and L. Wu, “A new global optimization
strategy for coordinated multi-robot exploration: Development
and comparative evaluation,” Robotics and Autonomous Sys-
tems, pp. 635–653, 2011.

[26] A. Breitenmoser, M. Schwager, J.-C. Metzger, R. Siegwart,
and D. Rus, “Voronoi coverage of non-convex environments
with a group of networked robots,” in 2010 IEEE international
conference on robotics and automation, pp. 4982–4989, IEEE,
2010.

[27] R. Almadhoun, T. Taha, L. Seneviratne, and Y. Zweiri, “A
survey on multi-robot coverage path planning for model recon-
struction and mapping,” SN Applied Sciences, p. 847, 2019.

[28] N. Agmon, N. Hazon, and G. A. Kaminka, “Constructing
spanning trees for efficient multi-robot coverage,” in Proceed-
ings 2006 IEEE International Conference on Robotics and
Automation, 2006. ICRA 2006., pp. 1698–1703, IEEE, 2006.


	Introduction
	Related Work
	Problem Formulation
	Swath Generation For Nonconvex Fields
	Oriented Rectangle over a Non-Convex ROI
	Minimum-turn Swath Generation

	Multirobot Coverage Path Planning
	Buffer for Safe Turning and Obstacle Avoidance
	Multi-Robot Swath Allocation
	Sweep Path Generation using Alternating-Edge Traversal and Visibility Graph (VG) Detouring

	Experimental Results
	Benchmark
	Ablation Study
	Real World Experiment

	Conclusion

