2026 IEEE International Conference on Robotics and Automation (ICRA 2026)

June 1-5, 2026. Vienna, Austria

Optimal Multi-Robot Planning for Simultaneous Area and Line Coverage
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Abstract— Robotic coverage tasks often require teams of
robots to not only survey regions of interest but also trace and
interact with linear features such as cracks, seams, or pipelines.
We term this the double coverage problem, where robots
must balance two competing roles: wide-area exploration for
inspection and precise trajectory following for servicing linear
structures. This paper develops an optimal multi-robot planning
framework that unifies area coverage and line servicing. We
formulate a topological analysis in manifold space and introduce
the hierarchical cyclic merging regulation (HCMR) method,
for which optimality under a fixed sweep direction is proven.
The framework is experimentally validated for a multi-robot
crack survey and filling application. Benchmark comparisons
demonstrate that HCMR reduces planned path length by at
least 10.0%, shortens task completion time by at least 16.9%,
and ensures complete crack coverage with virtually conflict-free
operation, outperforming state-of-the-art coverage planners.
These results highlight the feasibility and efficiency of deploying
topology-informed multi-robot planning for practical inspection
and repair scenarios.

I. INTRODUCTION

Coverage is a fundamental capability for autonomous
robots, underpinning tasks such as infrastructure inspection,
environmental monitoring, and agricultural surveying. Two
canonical formulations are commonly studied: area coverage,
which scans a region, and line coverage, which traces elon-
gated features such as pipelines, roads, or cracks (Fig. 1).
Area coverage has been addressed through grid-based and
exact approaches [1]. Grid-based methods [2] discretize the
workspace, enabling learning-based algorithms but suffer-
ing from resolution sensitivity and inefficiency in complex
geometries. Exact methods, such as Morse-based cellular
decomposition and boustrophedon decomposition [3], [4]
partition environments at critical topological points, often
using Reeb graphs to structure traversal. While these methods
guarantee full coverage, their reliance on specific Eulerian
tours can lead to suboptimal paths, and extensions to multi-
robot settings [5], [6] remain limited. Line coverage is typi-
cally formulated over graph abstractions of feature networks.
Road network coverage has been modeled using mixed-
integer linear programming [7], while heuristic methods
incorporate turning costs and nonholonomic constraints [8].

Little prior research work has solved the multi-robot
double coverage (MDC) problem, where robots must si-
multaneously explore regions and service linear features.
Prior studies primarily focused on near-optimal strategies
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Fig. 1. An example of the MDC problem. Left: real-world experiment,
where blue curves denote cracks and three omni-wheel robots coordinate
using wide sensing regions and filling footprints. Right: statistics on the
same map, where black curves denote cracks and a robot team R (IN = 3)
ensures complete coverage of VV. Robot start and end points are marked by
% and A, respectively. Distinct colors indicate individual robot trajectories.

for a single robot in known or unknown environments [9],
[10]. This gap is significant because many real-world ap-
plications, from bridge deck inspection [11] to agricultural
monitoring [12], require both area exploration and feature
servicing within the same mission. The goal of this study
is to solve MDC in known environments. While Bayesian
optimization and consensus-based approaches were initially
explored, they often caused conflicts and inefficiencies with-
out strong theoretical guarantees. To establish a rigorous
foundation, we study MDC in known environments and
introduce hierarchical cyclic merging regulation (HCMR).

The HCMR method uses Morse-theoretic analysis to con-
strain the search space to Morse-bounded paths. The key
insight is that area coverage and linear-feature servicing must
be treated as a single continuous domain. In Euclidean space,
naive attachment of coverage cells and feature segments
can break boundaries into disjoint points, making trajectory
continuity and topological complexity quantification difficult.
By mapping coverage and feature domains to manifolds via
quotient and stitching operations, we transform the problem
into a well-defined framework suitable for optimization.
The HCMR also preserves connectivity and enables con-
tinuous, conflict-free trajectories. Building on HCMR, we
further develop a control framework coordinating multi-robot
motion and nozzle actuation for accurate crack following.
The experimental validation demonstrates reductions in path
length and task time while maintaining scalability under
practical constraints.

The main contributions of this work are as follows. We
formulate a novel MDC problem that unifies area exploration
and linear servicing. We present the first topological analysis
of MDC in manifold space, providing the foundation for
all results, and prove that path optimality is equivalent to
Morse boundedness. A connection between topology and
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graph theory is established for the HCMR algorithm, which
yields complete coverage with provably optimal solutions.

II. PROBLEM FORMULATION
A. Notations and Preliminaries

We represent a graph as G = (V,E), where V is
the vertex set and £ C V x V the edge set. For S C
V, G/S denotes the vertex contraction of S and G[S]
the induced subgraph. The cycle and bridge edge sets are
denoted by Ecyce and Ejpygge, respectively. Two cycles are
vertex-adjacent (resp. edge-adjacent) if they share a vertex
(resp. an edge). For cycles C1, Cs, the symmetric difference
is C1ACy = (C1\ Co) U (Cy \ C1). A cycle basis K is a
set of cycles generating all cycles in Ecyje via symmetric
differences. For a manifold X, int(X) and 0X denote
its interior and boundary, ;(-) the Lebesgue measure, and
almost everywhere (a.e.) means except on a set of measure
zero. A quotient space X/~ identifies points of X under an
equivalence relation ~, and M U My denotes the disjoint
union of manifolds M; and M.

B. MDC Problem Formulation

We consider MDC in a rectangular workspace W C R?
of size [ X w, where a known set of linear features C (e.g.,
cracks) need to be simultaneously explored and serviced.
A team of N holonomic robots R = {Rj,...,Rn} is
deployed, each operating in two task modes: exploration (7%)
and service (7%), with coverage footprints H (radius r) and
F (radius a < ), respectively. Let 7; denote the trajectory
of robot R;, i =1,...,N, and T, € {T.,T,} be the task at
point € ;. The MDC constraints are:

N N

U U (xeH)oW, U U (zaF)I(T,=Ts) DC,
i=lxem; i=1xET;

where @ denotes Minkowski sum and I(-) is the indicator
function. To avoid collisions, we impose:

(mg (BH(TQ; = Te)) N ( ,g vwl I[(Tx’ = Te)) = (Z)’

U (T, =T))Nn( U Ty =Ts))) =0,
M((:cEﬂ'iw ( )) (:13/€‘l'rjm ( )))

for all 1 <4 # j < N. We assume a fully connected
network for centralized decisions with complete knowledge
of C. The objective is to determine g = {my,..., 7N}
that min (sz\il L(m;) + @ max tfl), where L(;) is the

TR - 1<i<N

trajectory length, ¢y, is the finishing time of I2;, and oo > 0
balances coverage efficiency and team synchronization.

III. HCMR PLANNING ALGORITHM

In MDC, robots must switch between exploring open areas
and servicing linear features (e.g., cracks). In the Euclidean
workspace, these domains are geometrically disjoint, making
attachment analysis insufficient. To address this, we represent
each domain as a manifold cell and use quotient mappings
to “glue” them into a unified manifold. This manifold per-
spective enables rigorous reasoning about connectivity and
continuity across domains, forming the basis of the proposed
HCMR algorithm.

A. Linear Graph and Morse Decomposition

We compute optimal routes using graph-based methods to
ensure complete coverage and feasible linear servicing. The
linear feature set C is partitioned into disjoint branches {b},
with endpoints V,,,. Each branch b is replaced by a minimal-
node path w(b) = (ni,...,n,,) whose a-dilation satisfies
7(b) ® F D b, as realized by LINEOFVISIBILITY in [9].
This reduces graph complexity while preserving servicing
coverage. The union defines the crack graph G. = (V,, E,.).

When robots perform linear coverage, the sensed region
is Ac = Ueep, (e ®H) and the unexplored region is A, =
W\ A.. Applying Morse decomposition on 4,, yields the
Reeb graph G,, = (Vi,, E,), with ¢ : R? — E, is the
bijection mapping each cell to edge. The global graph is
formed by first taking G. U G, then linking each v,, €
V.. to its corresponding v,, € V,, [9]. Pairing unmatched
vertices yields the augmented graph G, and contracting
all matched pairs in V,,, produces the quotient graph Gy, =
Gaug /~, on which Eulerian tours are constructed. In Fig. 2(a),
combined with Morse decomposition, all vertices and green
dotted edges form Gg,e. Fig. 2(b) shows the quotient graph
Ggim- Notably (nq,n9) @ F corresponds to edge (cq, n2).

A straightforward approach to optimizing trajectories of R
would be to enumerate all possible Eulerian tours. However,
this strategy is computationally intractable, as the number of
such tours grows combinatorially with graph size [13].

B. Morse Bound and Morse Boundedness

Not all Eulerian tours yield optimal continuous coverage
trajectories. Some introduce discontinuities when Boustro-
phedon decomposition is applied, requiring extra connec-
tions, overlaps, or detours. Morse boundedness addresses this
by enforcing that the stitched manifold along a tour remains
within its intrinsic topological limit, ensuring continuity
across area and crack domains without artificial connections.

As shown in Fig. 3(a), the tour e; — es — e7 — ez —
e, —> eg —> e; — € — €9 — ejg remains continuous
without extra connections. In contrast, the alternative tour
in Fig. 3(b) introduces discontinuities at e; — e3, e4 — eo,
ey, — eg, and ey — ejq, requiring additional connections
and causing overlaps, uneven Boustrophedon spacing, and
potential conflicts in multi-robot allocation. These examples
illustrate an inherent limitation of working purely in R2:
area and crack domains appear disjoint, and ad-hoc stitching
collapses shared boundaries into fragmented point sets. As
shown in Fig. 2(d), attaching cells ¢~1(e;) and ¢~*(es5)
breaks their shared boundary into two disconnected points.
By defining attachments via quotient maps, connectivity
is preserved and boundaries remain well-defined, enabling
formal analysis of continuity and complexity.

We map each R? cell to a manifold cell via a quotient
construction. To preserve the two conditions of Morse de-
composition: (1) simple connectivity within each cell, and
(2) smooth attachability at critical points, we introduce the
quotient map q,, : A, — M,,. Boundary arcs that are glued
in R? are identified under q,, and interior points remain
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Fig. 2. An example of graph construction and its relationship with Morse theory. (a) The augmented graph, Guug, is constructed by integrating the Reeb
graph and the crack graph. (b) The simplified graph, Ggip,, is obtained by contracting Gaug at critical points. (c) Construction of the Reeb manifold cells
corresponding to ej and ez using the quotient map g, . (d) One M., manifold cell and one M. manifold cell. (e) The attachment process of two manifold

cells and the corresponding topological complexity.

[ [N —

Fig. 3. Two trajectories for a single-robot double coverage task from
Eulerian tours of Ggjy,. Blue dotted lines show robot paths, green Reeb
edges, and red linear features. (a) A regulated tour yields continuous
trajectories. (b) An unregulated tour causes discontinuities, with purple lines
marking extra routes for connectivity.

distinct. For example, in Fig. 2(c), y3 and y4 are identified,
while y; and y» remain separate.

Critical points are handled by mapping saddle arcs to
loops, while extrema collapse to points. Under these iden-
tifications, the quotient space M,, forms a manifold whose
topology mirrors the original Morse decomposition of A,,.
We similarly obtain M, from A, and set M = M, LIM..

Robots switching between area exploration and linear-
feature servicing are modeled by an attaching map Uy,
which connects manifold cells along boundary arcs via a
homeomorphism h. Such homeomorphisms are difficult to
guarantee in R2, In the manifold space, we introduce a
stitching operation X to ensure that a valid homeomorphism
exists. Specifically, > defines the equivalence between z. €
M. and z,, € M,, if they lie within the same open ball of
radius a centered at the stitching point. Stitching eliminates
non-bijective points of measure zero, so each adjacency of
Gsim admits a well-defined attaching map [13]. M is updated
by M /X at each stitching. Notably, pointwise stitching along
the entire boundary 9 M makes M topologically equivalent
to a sphere, but this approach is most inefficient because it
forces redundant double coverage on F alone. As illustrated
in Fig. 2(e), applying X around c; separates the closed
loop of M(e;) into two loops with closure at ¢;, while
simultaneously merging M (e;) and M(e5) into a single
manifold with two boundaries.

In coverage planning, certain features of the environ-
ment directly affect the difficulty of generating continuous,
collision-free trajectories. Holes in the domain (e.g., obsta-

cles or uncovered regions) force the robot to make detours,
often creating overlaps in Boustrophedon trajectories [14],
while boundaries only require potentially discontinuous con-
nections between adjacent cells. To capture this effect, we
define the topological complexity (T'C) of a stitched mani-
fold M*" as a measure of the intrinsic “difficulty” induced by
holes and boundaries: T'C' (M) = N (M**)+ 1 Nyg (M),
where N, and Npq are the number of holes and boundaries,
respectively, consistent with the Euler characteristic [15].

Lemma 1: If a sub-path p’ contains a discontinuous
attachment between manifold cells, then TC(MP') >
M B(p'), where the Morse bound is defined as M B(p') =
max{TC(M(e)) | e € p'}, i.e., the maximum topological
complexity among the manifold cells traversed by p’.

For illustration, the manifold cells in Fig. 2(d) have M B =
0.5, as M(e;) contains one boundary. After the attachment
introduced above, the resulting manifold has two boundaries
with T'C' = 1. Hence, the attachment is not Morse bounded.

By Lemma 1, a continuous Eulerian tour must satisfy the
Morse boundedness, that is, for every sub-path p’ € Tin:(p)
we require TC(MP') < MB(p'), where Tini(p) denotes
the interval topology on p. Under a fixed sweep direction,
this topological optimality is equivalent to path optimality.
We therefore restrict attention to the Morse-bounded set

P ={p| p is Eulerian and Morse bounded }, (1)

which contains all path-length optimal tours. We then obtain
optimal multi-robot allocations within P.

C. Regulation Rules on Graph

Based on Morse boundedness, we propose HCMR that
regulates Eulerian-tour behaviors by enforcing topological
constraints at the graph level. As shown in Fig. 4, HCMR
proceeds in two stages: (1) hierarchical decomposition of the
simplified graph, (2) cyclic merging search (CMS) regulation
and expansion into Morse-bounded Eulerian tours within
each component. Regulation rules follow from the bijection
between manifold cells and edges of Gy, ensuring that Eu-
lerian tours remain consistent with the underlying manifold
structure. In fact, the tour in Fig. 3(a) is Morse bounded,
since it is constrained by By —C7 —Cy; — C5— Cy— Bs.
The validity conditions for Morse boundedness are:
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Fig. 4. Overview of the HCMR framework. (a) The simplified graph
Ggim is decomposed hierarchically. (b) CMS regulates edge order within
each component. (c) BP expands them into Eulerian tours. Sequences are
then concatenated across levels to obtain Morse-bounded tours. The dashed
blocks labeled (a)-(c) correspond to steps (a)-(c) in the framework.

Theorem 1: On Ggn: (i) a cycle is valid iff it belongs to
a disjoint cycle basis; (ii) two cycles merge validly iff they
intersect in a simple path; (iii) a bridge attaches validly to an
edge in cycle iff the edge lies in F,,, where a disjoint cycle
basis /C? is defined as a cycle basis in which no cycle’s Reeb
cells are fully contained within another.

In practice, K% is obtained by iterative symmetric-
difference operations from a random cycle basis. To resolve
larger enclosing cycles before local ones, we organize K¢
into a hierarchy based on containment. At each hierar-
chy level, the induced subgraph is expanded with adjacent
bridges and then decomposed into connected components.
As shown in Fig. 4(a), the green component lies fully within
the blue one, making it a child in the hierarchy. For each
component, CMS and edge sequence back propagation (BP)
are applied to regulate Eulerian tours within the subgraph.

1) CMS: On each hierarchical component, CMS (Algo-
rithm 1) begins from the leftmost bridge and explores admis-
sible sequences of cycles and bridges via depth-first search.
During merging, it enforces Theorem 1 (ii). In Fig. 4(b),
the blue component is decomposed into bridges B, B and
disjoint cycles C, Cs. Since Cy and C5 share only a single
edge which is a simple path, once B; connects to Cs, the
sequence continues to C;. With no cycles remaining, the
search terminates by returning through Bs.

2) BP: Each CMS sequence is expanded into a complete
Eulerian tour using BP (Algorithm 2). BP exploits cycle
commutativity, prioritizing internal edges before spanning
the remaining ones. For bridges, it enforces Theorem 1 (iii).
In Fig. 4(c), By cannot start with the red edge when merging
with C,, since it is not in E,,. Traversal of C5 ends at its
first shared vertex with C;, after which C; is visited from
the shared edge.

Theorem 2: Given Eulerian tours at all hierarchy levels,
their concatenation yields an Eulerian tour of Gyp,.

Proofs of the lemmas and theorems follow from Morse
manifold analysis in [13]. By Theorem 2 and HCMR con-
struction, the Morse-bounded set in Eq. (1) is established.

For multi-robot allocation, each Eulerian tour p € P
is partitioned into balanced subpaths using [16]. Morse
boundedness further enables efficient trajectory generation

Algorithm 1: Cyclic Merging Search (CMS)

Input : Cycle set Ecycle, bridge set Firidge
Output: Set of legal sequences S
S« 0
while DFS not terminated do
Select next segment and merge cycles
if cycle merge violates Theorem 1 (ii) then
| prune branch

if all cycles visited then
| S < S U {current sequence}

Algorithm 2: Edge Sequence Back Propagation (BP)

Input : Segment sequence S, bridge set Eiprigge,
component G; ;
Output: Eulerian tour p
p+0,m<+—0
foreach S € S do
if S is a bridge then
| BRIDGEWALK(S), m < 0
else if S is a cycle then
if m # () then
| GREEDYCOVERINTERNALEDGES(m, S)

m < mAS, CYCLETONEXTSEGMENT(S)

without exponential search [17] or heuristics [18]. The
framework remains collision-free under a mass-point model
consideration, except at odd node pairings in Gg [13].

IV. LINE COVERAGE MOTION PLANNING AND CONTROL

Fig. 5(a) shows the crack-filling robot. It is a three-wheel
omnidirectional platform with holonomic planar motion. Let
G-, = [z, yr, 0;] T denote its pose. Wheel angular velocities
w; € R? relate to body velocity u; = ¢, via w; = A, u;,
where A, is the full-rank wheel Jacobian matrix. As shown
in Fig. 5(c), the nozzle N; is rigidly mounted on the robot’s
side, offset from the center Op, by distance D and angle .
The position of N; in the body frame is q,, = [z, yr,] | +
DR, (0;)[cos ¢ sing] ", where R, (0;) € SE(2) is the plane
rotational matrix about the z-axis with angle 6;.

During crack filling, the robot center follows sparse paths
7w(b), while the nozzle fills the crack (Fig. 5(d)). For
each crack branch, the dilated boundary needs to form a
smooth simple loop to generate the skeleton. Cusps create
non-smooth boundaries that inflate the traced path, while
self-intersections break the monotone index and may skip
crack segments (Fig. 5(b), no, n3). From offset-curve theory,
such singularities arise when the offset radius exceeds the
minimum curvature radius, i.e., Kmaxa > 1 [19], where
Kmax 18 the maximum crack curvature and a the filling
radius. We enforce Kmaxa < 0.6 to ensure smooth dilation,
yielding a one-to-one correspondence between edges in 7 (b)
and continuous crack intervals. For an edge e € m(b), the
corresponding crack interval is b(e).

Algorithm 3 outlines the nozzle planning and control
pipeline. Connected crack segments assigned to each robot
are first grouped, and then the robot follows a simplified
skeleton path while the nozzle traces the crack under a
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(a) Side view of the crack-filling robot. (b) Counterexample where an oversized a causes cusps and self-intersections. (¢) Schematic of robot

kinematics. (d) Illustration of crack filling. The robot center follows simplified paths while the nozzle follows cracks; red lines indicate filled segments and
the pink area denotes the a-dilation of the robot trajectory. (e) Indoor experimental setup with optical motion capture. (f) Example of a filling result.

Algorithm 3: Crack Filling

Input : Path 7(b), crack set C, band ¢
Output: Twist command gy,
& < CLUSTEREDGES(7(b), C), aligned«false, e < 1
while e < |€] do
if not aligned then
| (qr,,aligned) <~ ALIGNMPC (e, 07)
else
| (gr,,aligned) <~ FOLLOWMPC(A, c., )

s < PROGRESS (g, €c)
L ifs>1—0thene<«e+1

C
=== robot body "&
e 110ZZ]€

y (m)

3

4 3 4

x (m) x (m)
(a) (b)
Fig. 6. Schematic of nozzle planning and control. Thick black curves
denote cracks. (a) Red dotted lines indicate simplified paths with ¥ as
nodes; light-red regions show their a®-dilation. Yellow and blue lines mark
grouped edges 7} and 7). (b) Red curves show paint-drop trajectories; the
blue dotted line denotes the robot body path and the yellow line the nozzle
path. Mode transitions are marked by A, e (body) and A, e (nozzle).

model predictive control (MPC). Given an assigned graph
path p;, C p, we apply CLUSTEREDGES to group con-
secutive filling edges. Formally, a subpath p, € Ti(p:)
is defined as a component if it consists entirely of filling
edges E., bounded by non-filling edges on both sides,
with edges connected head-to-tail. Each component then
generates a skeleton path for the robot center ;. , while

i,m?
the nozzle tracks b;,, = U.c. ble). As illustrated

in Fig. 6(a), the crack set {by, b/;j/bg, by} is simplified
to {(n1,n2), (n2,n3), (n2,n4), (n2,n5,7M6,...)}. For Ry,
(n1,m2) and (n2,n3) form 7} ; with b} ; = by U by, while
) o = (n2,n5,16) With b} 5 = by((n2,n5)) Ubs((ns,716)).
A two-step MPC then drives the robot along =], while the
nozzle tracks bj ,,,.

Before filling, we need to bring the robot body near the
start of the assigned crack and orient for entry. The alignment

MPC is formulated as

H
. 0
min’y (Ilak, = mi"l13, + 105, — 00,13, + ufll%, )
k=0

k+l _ ok ko ok _ k
st q, " = q,, +Atu], w = A, u,

lwf || < wP™>,k=0,..., H,
where uy = {ul,ul,...,uf}, n'¥ is the start of the as-
signed crack, H the prediction horizon, At the step duration,
and superscript & the prediction step index.

During filling, the robot tracks 7/(b) on the current edge
e. while constraining the robot body remain within a nar-
row band around that edge. Each edge is parameterized in
normalized implicit form AT r* +c, = 0, where A, € R? is
the unit outward normal vector of the edge (|| A|| = 1), ce
is the signed offset, and 7} denotes the target robot position.
The crack-following MPC is formulated as

H
: k k
min > (lay, =i (05, +luflz,)
k=0

s.L. qu_l = qalfl + Atu?v wf = A’I”i U’f,
||wf:H < w:ﬂax’ |14-e"'£€ + Ce| <ek a,

T kN, k
te an(qr,)uz ZO, k:Oa'-~7H7
—_———
nozzle velocity along edge
where the unit tangent vector is t, = == with e, =

(€c0:€c.1). Jn, (ar,) = [I2 D[—sin(0f + ) cos(0f +¢)]"]
denotes the predicted Jacobian of the nozzle tip with respect
to the robot yaw motion, and I,, is the n x n identity matrix.

The tracking edge parameterized by (A, c.) is considered

. _ (Qni _ee,O)Tt’e
completed when normalized arc length s = el >

1 — ¢ for small § > 0. One real-experiment crack-filling
process is illustrated as Fig. 6(b). The robot starts aligning
at ¢; and finishes aligning at c,, where the nozzle locates
at the start of b;. Robot body then traverses 7} ; while the
nozzle fills b} ;. c4 — c5 is exploration. From c5 the robot
aligns again and then fills b} ,. The MPC is implemented in
CasADi, with a collision-avoidance module to prevent inter-
robot conflicts.
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Fig. 8. Comparison of three-robot double coverage on U100 and G100 maps. Each column corresponds to (a) HCMR, (b) G-mSCC, (c¢) S-mSCC, and (d)
mGreedy algorithms. The top row presents results on the U100 map, while the bottom row shows the G100 map. Black thick lines denote the underlying
crack maps, and red solid lines indicate the drop-paint trajectories executed by the robots. Robots start at % and end at A.

V. EXPERIMENTS AND RESULTS

Fig. 5(c) shows the indoor crack-filling testbed. Crack
maps were painted on foam mats to emulate road surfaces
Robot pose was tracked at 100 Hz using optical markers and
an 8-camera motion capture system. Paint was delivered via a
hydraulic pump and solenoid valve. The onboard controller
ran on a real-time embedded system for low-level motion
control. High-level planning and MPC were executed on a
centralized computer at 100 Hz. The size of the indoor testing
site was 4.7 x 4.5 m. Three robots were deployed, each with
physical parameters r,, = 7.6 cm, d = 21 cm, r = 23.6 cm,
ve = 0.1 m/s, vg = 0.03 m/s, D = 18.6 cm and ¢ = —60°,
with maximum curvature of K. = 8 m~ ! and filling radius
a = 6.9 cm. MPC parameters were H = 20 and At = 0.01s.

To evaluate scalability, crack maps were generated using
the dataset in [20], with branch locations and orientations
sampled from uniform and Gaussian distributions. Density

Robot 0

Robot 1

W Robot 2
[ Global

- tol

0.004 0.008 0.012
filling error (m)

(b)

Fig. 7. (a) Top view of three robots performing double coverage on
U80 map. White lines represent linear features, red lines indicate serviced
regions, dashed curves show robot center trajectories, and arrows mark travel
direction. Robots start at % and end at A. (b) Histogram of filling error.

was defined as the ratio of b@® r to workspace area, ranging
from 35% to 100%. Each category (“distribution+density”)
included five simulated maps, with four representative cases
(U80, U100, G80, G100) tested experimentally. We bench-
marked HCMR against three planners. SCC, originally for
the single-robot double coverage problem [9], was extended
to multi-robot scenarios using two partitioning strategies:
(1) G-mSCC, which balances Eulerian graph partitions [5];
and (2) S-mSCC, which partitions the workspace into equal
regions [4] with SCC applied in each. In addition, we imple-
mented the multi-robot Greedy algorithm from [9], denoted
mGreedy. Performance was evaluated using five metrics: (1)
Total path length: sum of arc lengths traveled by all robots;
(2) Task time: completion time of the slowest robot; (3)
Sensor coverage: workspace percentage covered by sensors;
(4) Filling coverage: percentage of crack length filled within
1 cm tolerance; and (5) Avoidance time: the cumulative
duration of avoidance maneuvers in real experiments, or
conflict counts: the number of inter-robot path intersections.

As for experimental results, we first present experimental
results of the HCMR planner with nozzle motion control.
Fig. 7(a) shows trajectories of three robots filling a crack
map with 80% density under a uniform distribution (U80).
The robots complete their tasks efficiently with minimal
trajectory intersections. During filling, each robot body fol-
lows edges while the nozzle traces the cracks, shortening the
body path. The nozzle maintains a tracking error below 1 cm
(Fig. 7(b)), achieving 98.7% coverage of C. Fig. 8 compares
planners on U100 and G100 maps. All methods achieved
full coverage; notably, HCMR consistently produced shorter
and more balanced trajectories. Table I shows that HCMR
achieved the lowest path length and task time across cases.
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TABLE I
EXPERIMENT PERFORMANCE COMPARISON FOR THREE-ROBOT DOUBLE COVERAGE ON FOUR CRACK MAPS

Total Path Length (m)  Robot Travel Time (s)

Sensor Coverage (%)

Filling Coverage (%) Avoidance Time (s)

Crack dist. U80 U100 G80 G100 U80 UI00 G80 G100 U880 U100 G80 G100 U8B0 U100 G80 G100 US0 UI00 G80 G100
HCMR 79 81 8 79 370 426 308 371 99 99 99 100 99 99 98 97 58 33 36 48
G-mSCC 95 99 88 96 512 520 390 429 100 99 100 99 98 98 98 94 77 23 10 12
S-mSCC 97 112 101 108 508 579 489 594 100 100 100 100 94 97 98 96 51 33 70 12
mGreedy 103 125 84 105 564 671 329 682 99 99 99 98 90 91 92 90 0 0 0 0
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