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Abstract: This paper presents a barrier-certified multi-agent ergodic coverage framework for
safe and efficient exploration over complex non-Euclidean surfaces. We address the challenge of
extending surface ergodic exploration to distributed multi-agent systems (MASs), where globally
coupled ergodic statistics must be estimated cooperatively while satisfying safety and communi-
cation constraints. Building on the Laplace-Beltrami (LB) eigenbasis, we formulate a distributed
ergodic coverage problem on meshable surfaces that enables cooperative exploration with respect
to a desired inspection density. Safety is enforced through a unified set of control barrier functions
(CBFs) guaranteeing inter-agent collision avoidance, distance-based connectivity, line-of-sight
(LOS) preservation, and minimum surface clearance, leading to geometry-dependent couplings.
A distributed consensus mechanism enables cooperative estimation of global ergodic statistics
without centralized coordination, while maintaining performance and improving scalability. The

framework is validated in a simulated 3D wind turbine inspection scenario.
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1. INTRODUCTION

The autonomous inspection of large-scale complex 3D
structures and surfaces has emerged as a critical capability
in modern infrastructure systems, with applications rang-
ing from wind turbines and offshore platforms to bridges,
dams, and industrial facilities. These tasks require effi-
cient and reliable coverage strategies over complex surfaces
while ensuring safe operation in challenging environments.
Manual approaches are slow, hazardous, and costly, often
requiring prolonged system shutdowns during inspection.
For example, in offshore wind turbine inspection, down-
time can account for up to 25-30% of total lifetime costs
(Rinaldi et al., 2021). While autonomous single-robot in-
spection systems offer a promising solution to reduce costs
and enhance operational reliability, they remain limited
by battery life, wind constraints, and restricted sensing
coverage, reducing operational efficiency and scalability.

In contrast, multi-agent systems (MASs) enable cooper-
ative inspection, significantly increasing coverage speed
and robustness (Aminzadeh and Khoshnood, 2023) while
reducing downtime. Coordinated MASs support task dis-
tribution, persistent operation, and redundancy, making
them well suited for large-scale wind farm inspection,
where coverage control ensures inspection of critical areas
while minimizing redundancy and optimizing energy use.
Prior knowledge of likely defect locations can be encoded
as a spatial probability distribution, naturally fitting the
ergodic search framework, which allocates exploration ef-
fort proportionally.
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Traditional ergodic search methods (Miller and Murphey,
2013; Mathew and Mezi¢, 2011), however, are limited to
simple domains (e.g., Euclidean planes or spheres) with
analytical Fourier bases. Despite their appeal, the ergodic
metric scales exponentially with dimension (Shetty et al.,
2021), restricting applicability to low-dimensional (< 3D)
spaces (Ivié et al., 2023). Many vision and manipulation
tasks occur in complex non-Euclidean environments. To
address this, we build on (Dong et al., 2025), extending
ergodic search via trajectory optimization and Laplace—
Beltrami (LB) eigenfunctions to arbitrary 3D manifolds,
and further generalize it to MASs for coordinated explo-
ration over complex surfaces.

Beyond coverage efficiency, ensuring safe operation—i.e.,
avoiding unsafe regions—remains challenging in complex,
cluttered, and dynamic environments. Existing ergodic
coverage methods often lack provable safety guarantees.
Motivated by this, we develop an approach for MASs that
integrates ergodic exploration with formal safety guaran-
tees. To achieve this, we employ Lyapunov-like barrier
functions, known as control barrier functions (CBFs) (Bor-
rmann et al., 2015), which ensure trajectories remain
within invariant safe sets and are well-suited for coor-
dinated MASs. CBFs have gained traction for scalable,
safety-critical controller synthesis (Ames et al., 2019).

Original Contributions. This paper makes the fol-
lowing contributions: (i) We formulate a MAS ergodic
exploration framework over meshable manifolds, extend-
ing LB-based ergodic metrics to distributed MAS set-
tings. Unlike Euclidean approaches based on Fourier bases,
which allow local evaluation, LB eigenfunctions depend
on the entire mesh and must be computed globally. Con-
sequently, agents cannot evaluate ergodic statistics using



only local information, making distributed implementa-
tion significantly more challenging. (ii) To address this
challenge, we decompose the ergodic statistics into lo-
cal contributions and introduce a distributed consensus-
based scheme that enables each agent to estimate the
global ergodic coefficients through local communication,
eliminating the need for centralized computation. (iii) We
develop a unified CBF framework that jointly enforces col-
lision avoidance, distance-based connectivity, line-of-sight
(LOS) preservation, and surface clearance on complex
geometries, where these constraints become nonlinear and
geometry-dependent. (iv) We integrate ergodic exploration
and safety-critical control into a distributed optimization
framework, enabling coordinated and provably safe MAS
coverage over non-Euclidean domains.

Related Literature and Research Gaps. To the
best of our knowledge, no prior work addresses safety-
integrated multi-agent ergodic search over such surfaces.
Our approach builds on (Dong et al., 2025), which is
limited to single-agent systems and does not consider con-
nectivity or formal safety guarantees. While (Lerch et al.,
2023) proposes safety-critical ergodic search for MASs,
it is restricted to Euclidean domains, lacks connectivity
maintenance, and relies on centralized computation, lim-
iting scalability. Similarly, (Yang et al., 2024) considers
LOS connectivity but does not address ergodic search or
integrate formal safety guarantees. In contrast, we for-
mulate an optimization-based ergodic search framework
over complex surfaces that jointly enforces collision avoid-
ance, connectivity maintenance, and LOS preservation.
Although (Ivi¢ et al., 2023) studies multi-agent ergodic
search on complex surfaces, it requires solving a PDE
dependent on the information map, which must be recom-
puted when the map changes and may yield poor per-
formance for short trajectories. Moreover, it does not ac-
count for connectivity, LOS preservation, or formal safety
guarantees, considering only a fixed safe distance from the
structure. Finally, our method is limited to position-based
ergodic coverage. In contrast, (Sun et al., 2025) introduces
orientation-aware ergodic coverage, but it is restricted to
single-agent systems and does not incorporate safety or
connectivity, which are essential for reliable multi-agent
operation in complex environments.

2. PROBLEM FORMULATION
2.1 Preliminaries

Let us consider a MAS consisting of N agents indexed by
i € {1,...,N}. The continuous-time dynamics of agent
i is given by @; = Z;(x;,u;), where x; € X; C R™
denotes the state of agent i, u; € U; C R™ its control
input, and %; : X; x U; — X, represents the agent
dynamics, assumed to be continuous and differentiable.
Assuming a homogeneous set of agents, we stack the
individual states and define the overall system state as
x = [z1,22,..., 28] € X CR™, n = Zf\[:l n;. Similarly,
the stacked control input is defined as u = [ug;...;uy] €
UcCR" m= Zilmi, where X = H?;Xi and
U= Hfil U;. The continuous-time dynamics of the MAS
consisting of N agents is given by & = Z(z,u), where
F(z,u) = [F1(z1,u1); ... ; Fn(en, un)].
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2.2 Spanning-Tree

Let G = (V,E) be an undirected graph, where V :
{1,..., N} is the set of nodes, and E C V x V is the set
of edges or communication links between nodes. An edge
(i,j) € E denotes that node j can receive information
from node i. Since the graph G is undirected, we have
(i,j) € E & (j,i) € E. The graph G is connected
if and only if every pair of nodes in V is linked by a
path. A tree is a connected acyclic graph. A spanning
tree of G is a subgraph Gy = (V, E7) with Er C FE that
contains all vertices and forms a tree. A path graph is a
special spanning tree whose maximum node degree is two,
corresponding to a line topology. Hence, a spanning tree
is a connected, acyclic subgraph satisfying |E7| = N — 1
and F+ C F.

In the following subsection, we provide formal safety
guarantees following (Egerstedt, 2021).

2.3 Control Barrier Functions (CBF's)

To ensure the safety (satisfying) of specifications between
agents (e.g., collision avoidance, connectivity maintenance,
etc.), we consider a pairwise safe set between agents ¢ and
J (i # j) defined as

Sij = {(wi, z;) € Xi x Xj | hij(w,25) 2 0}, (1)
where h;; © X; X X; — R is a continuously differentiable
function encoding the safety constraint between agents i
and j. The pairwise safe set S;; is forward invariant if

hij(zi, x5) = Vg, hij(xi, 15) - Fi(xi,u4)

+ Vo hig(i, x5) - Fj (w5, u5) = =i (hij (26, 75)),
for some class-K function +;; and with Vg h;; #
0, Vg, hij # 0. In this case, h;; is called a pairwise control
barrier function (CBF). The dot “” denotes the inner
product, and V; h;; (resp. V,, hij) is the gradient of h;
with respect to x; (resp. xj).

(2)

We now recall the following lemma from (Ibuki et al., 2023,
Thm. 4.1), which states that if condition (2) holds for each
(,7) pair, then any trajectory of agents ¢ and j starting
in S;; will remain in S;; for all future time.

Lemma 1. Consider a pair of agents i and j with
states denoted by z; and x;, respectively. Suppose a pair-
wise CBF h(z;,x;) satisfies h(z;,x;) = h(z;,z;) and
Ve hij(xi,z;) # 0. Then any Lipschitz continuous con-
trollers u; and w; satisfying (2) render the pairwise safe
set (1) forward invariant.

2.4 Multi-Agent Fourier Ergodic Search

Let W be the exploration domain. The spaces X and W
are linked by a sensor model S*(w) : X x W — R, which
describes the information density collected at w € W
when the MAS is at state x € X. The sensor model
satisfies S¥(w) > 0 and need not be normalized, capturing
how well the MAS observes each point in W. In classical
ergodic search, S* is a Dirac delta function §*, meaning the
agent observes only its current location. Given the MAS
trajectory x(-), we define the unnormalized time-averaged

statistics p*() (w) = % fgf S*®) (w)dt as a measure of the
information gathered at each point in W. The normalized

distribution p*) (w) 570 (w)

= ————— is then obtained by
fW 17 () (w)dw

normalizing over W.



In the infinite time limit ¢ty — oo, a trajectory x(t) is er-
godic over W if its time-averaged information p*¢) (w) con-
verges weakly to the target distribution ¢ : W — R¥. The
function ¢(w), known as the information map, is typically
derived from expected information density (Miller et al.,
2015; Mavrommati et al., 2017). This implies that the
trajectory allocates search effort proportionally to ¢. For-
mally, ergodicity holds if, for all Lebesgue functions F €
Lt (Scott et al., 2009), limy,e0 [y, F(w) p=O) (w) dw =

JwF dw

The goal of multi—agent coverage is to drive the MAS state
z(t) = [x1(t);...;zn(t)] so that the trajectory statistics
1*C) (w) match the information map ¢(w) under an ergodic
metric. In finite time, exact matching is not expected;
instead, the mismatch is quantified by a weighted squared
norm between *() (w) and ¢(w) in a spectral domain. In
the optimization problem (3), us and ¢ are the s-th basis
coefficients of the p*() and ¢ distributions, respectively,
computed using the basis functions F;.

Sez”
mln E(x Z A ( bs)?
o s=0€2Z" (3)
st () = Fai(t),u(t), VieV :={1,...,N},
iEi(t)GXZ', ui(t)EUi7 VieV .= {17...,N},
with coefficients defined as
Lhs z/ Fs(w w) dw (4)
w
o= [ Fitw)otw)u (5)
Here, S € Z", and s is a multi-index, s = (s1,$2,...,8n)-

Followmg (Mathew and Mezm 2011) the weighting term
is defined as Ay — ;1. For hypercube
(1+n B

W, the basis functions coincide with the Fourier basis:

il ()

where h; is a normahzatlon factor (Miller et al., 2015), and
L,, p = 1,...,n, denotes the hyper-rectangular domain
length along dimension p.

(6)

While prior MAS ergodic search works typically consider
Euclidean domains (e.g., hypercubes) (Lerch et al., 2023;
Kosonen et al., 2025), following Dong et al. (2025), We
generalize to arbitrary manifolds in R".

2.5 Multi-Agent Surface Ergodic Exploration

Approximation of Basis Functions. The main chal-
lenge in extending the Fourier ergodic metric to manifolds
is selecting basis functions on W that form an orthonormal
set, fW FsFs dw = d44, where 055 denotes the Kronecker
delta, enabling efficient computation of us and ¢, while
also permitting higher-order terms to be discounted via
A to ensure convergence of Eq. (3) as S — oo, thereby
motivating frequency-related properties. While Fourier ba-
sis functions (Eq. (6)) satisfy these in Euclidean domains,
they are not orthonormal on arbitrary manifolds W; thus,
following (Dong et al., 2025), we generalize them using
the LB operator A, whose eigenfunctions (Eq. (7)) are or-
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thonormal due to its Hermitian property, with eigenvalues
corresponding to frequency (Sharp and Crane, 2020).

AFs = A Fs (7)
In Euclidean space, the eigenfunctions of A coincide with
Fourier bases, making the approach of (Dong et al., 2025)
consistent with prior methods. In practice, A is approx-
imated by a discretized LB operator I on a simplicial
manifold .# that approximates W; in R3, .# is a trian-
gular mesh, and W is restricted to admit mesh sequences
converging in Hausdorff distance and area and forming
normal graphs (Hildebrandt et al., 2006), ensuring L. — A
in operator norm. For a triangle mesh with m vertices,
L is an m X m matrix (Sharp and Crane, 2020), and
functions F : W — R are approximated on .# as length-
m vectors via area elements FE, C .# at vertices vp:

= |:fEb F)dv ~ F(vp)Area(FEy) by This yields the
matrix eigenvalue problem analogous to (7):
LF, = XFs

~
~

(8)

It is shown in Dong et al. (2025) that as the mesh .#
converges to W, the ergodic metric computed on .# using
the eigenvectors from Eq. (8) converges to the metric
defined on W using the eigenfunctions from Eq. (7). We
adopt the following corollary and theorem from this work;
see the same reference for proofs.
Corollary 1. Let the ergodic discounting factor Ay =
1(As) be a power series. Then the ergodic metric calculated
using the continuous LB operator A is €5 = (¢ —
), n(A) (¢ — p*))) and the ergodic metric calculated
using the discretized operator L is

b= (o= L)@ — pt)). 9)
Theorem 1. The ergodic metric computed using the
discrete operator I converges to the continuous metric
computed using A as the mesh # approach W.

Ergodicity over Meshes. In Eq. (10), we approximate
the inner products of arbitrary functions F with the basis
functions F;. Since the integral over W defines an inner
product space, the integral can be discretized over the
mesh .# with a mass matrix M, also provided by Sharp
and Crane ( 2020)

/ Flw
Thus, we can approximately evaluate the integrals in
Eq. (4) and Eq. (5) using the eigenvectors F of L. Thus,

the MAS ergodic trajectory optimization over meshable
surfaces (Dong et al., 2025) becomes:

£ (t), 9)

~
~

([F(wo)ley) " MF,. (10)

min
z(t),u(t)
st. i@ = Fi(wt),w),  Vie{l,... N}, (1)
.Tl(t) € X;, ui(t) e U, Vi € {1,...7]\7}7
where .%; : X; x U; — X, is the agents dynamics.

2.6 Problem Statement

We consider single-integrator dynamics:

T; = Uy, ViEVZ:{l,...,N}. (12)

To ensure collision avoidance, a minimum safety distance
dwin > 0 is enforced as ||z, () — z;(¢)|| > dmin, Vi # J.



Each agent has a limited communication range deomm,
inducing a time-varying interaction graph

G(t) = (V. E(t)), (13)
where (i,j) € E(t) if and only if |z;(t) — z;(¢)| <
deomm A LOS(i,7,t) = 1, with LOS(4, j,¢) = 1 indicating
unobstructed LOS. The neighbor set of agent i is NV;(t) =
{j € V\{i} | G,j) € E(t)}. We assume G(0) is
connected and enforce connectivity preservation for all
t > 0, ensuring continuous information flow. A minimum
surface clearance dg,,¢ > 0 is also imposed, requiring each
agent to maintain a safe distance from the target surface.
These requirements are enforced through the set of CBFs
introduced later in (15)—(18). we define the main problem
of this study as follows.

Problem 1. Consider N agents inspecting a complex
non-FEuclidean surface represented by a triangular mesh
W C R3, which defines the ergodic domain with target
density ¢. Fach agent follows single-integrator dynamics
(12), where z; € X; C R? and u; € U; C R3. Design
a distributed control input u; such that all agents follow
ergodic trajectories over the surface, minimizing the sur-
face ergodic metric while ensuring collision avoidance,
connectivity maintenance, LOS preservation, and safe
surface clearance.

3. SAFE CONNECTED MULTI-AGENT ERGODIC
COVERAGE CONTROL

Given Problem 1, we develop a cooperative control frame-
work formulated as a CBF-based quadratic program
(CBF-QP) that integrates the surface-ergodic exploration
objective in (11) with safety-critical constraints enforced
through the CBF formulations introduced in Subsec-
tion 2.3. In particular, the pairwise CBF h;’;"de encodes
the inter-agent constraints, including collision avoidance,
distance-based connectivity maintenance, and LOS-based
connectivity preservation, whereas the agent-wise CBF
h$'f enforces safe surface clearance with respect to the
target surface. The resulting CBF-QP is given by:
min

L nom 2
o (t), u(t) E(@(t), @) + [lu(t) —u™" @)

s.t. i‘i(t) = ui(t), J)i(t) e X;, ui(t) e U;,
Vo 0% (24, ) -uy () + Vg, A0

Ty
mode
> =i b (i, @),

v(i,j) € E,
Vo 5 () -u (8) > =5 (RS (2)) , Vi € V. (14d)

The nominal control input is defined as an ergodic explo-
ration controller uj°™ kerggi, where g; is a weighted
exploration direction derived from the mismatch between
the desired and empirical visitation distributions, driving
agents toward under-explored regions while remaining tan-
gent to the surface, and kg > 0 is the ergodic gain.

3.1 Joint CBF on Inter-Agent Safety and Connectivity

(14a)

VieV, (14b)
(zi, ) u;(t) (14c)

Since enforcing collision avoidance and connectivity con-
straints for all agent pairs is computationally expensive, we
restrict, for each agent i, the CBF constraints to neigh-
boring agents within an interaction radius dgafe > dmin-
The corresponding neighbor set is defined as N3 (t) =
{j#1||lxj(t) — 2;(t)| < dsase} - For each agent ¢, and for
all neighboring agents j € ./\/Zfsafe, we define the safety CBF

hiate 2 hiate >0, (15)

min»

(zi,25) = ||z —2;]* — d
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which ensures that each relevant neighboring pair of agents
maintains the minimum safety distance dip.

Similarly, for connectivity maintenance, we consider only
agents in the spanning tree introduced in Subsection 2.2,
constructed from the communication graph (13) using the
communication radius deomm. Preserving these links is
sufficient to maintain network connectivity. Accordingly,
the connectivity-neighbor set is defined as Nf™(f) =
{7 eV \{i} | J) € Er(t)}, ie., agents connected to i
via the spanning tree 7 (¢). For all j € Nf°"2(t), define

2
R (@i, ) = diomm hig™ >0, (16)
where deomm > 0 denotes the communication range.

CBFs (15)—(16) enforce collision avoidance and connec-
tivity using only local neighbors.

3.2 Line-of-Sight (LOS) Communication Safety

= lli — 51?,

For each tree edge (i,j) € E7, consider the line segment
si;(A) = x; + Mz; — @), A € [0,1], where z;,z; € R”
denote the positions of agents ¢ and j. The shortest
(Euclidean) distance between a point p € R™ and the
unsafe region X199 C R” is defined as sdist(p, X199) :=
infgeyros [[p — g||, which satisfies sdist(p, X;29%) = 0 if
and only if p € XLO% Given a safety margin dros > 0,
the edge LOS-safety barrier function is defined as
h%‘jos(xi,xj) = )\ren[(i)nl] sdist?(si;(\), XLO%) —d? og. (17)

3

8.8 Surface Avoidance

For each agent ¢, consider its position z; € R"™ and
the target surface, modeled as a triangular mesh. Let
Telosest(Ti) = argming,e Xsurt |lz; — p|| denote the closest
point on the unsafe region X% (the target surface). The
corresponding distance to the surface is sdist(z;, X5%) =
|z; — Zelosest (4)]]. Then surface-safety CBF is defined as

R () = sdist? (@, X3U) — a2, >0,  (18)
where dgu ¢ specifies the minimum required clearance be-
tween each agent and the target surface.

3.4 Distributed Control Barrier Function

Enforcing (14c) for the CBFs (15)-(17) requires agent
1 to incorporate information about agent j. However,
since agent 4 cannot control u;, we employ a distributed
CBF formulation. Let N™°% denote the relevant neighbor
set associated with the corresponding pairwise barrier
function, e.g., N5*® for collision avoidance and NF°™ for
connectivity and LOS preservation. For any pair (i, ), we
define a differentiable barrier function h;;(x;,x;) whose
nonnegativity characterizes admissible states. Under the
agent dynamics in (12), the distributed CBF constraint
for agent i becomes:

Vo hij(@i, @) - wi(t) > =i haj(zi, 5), Vi € N™%,
where 7;; > 0 is a class-KC gain. Given this constraint, each
agent computes an admissible control input by solving
the local CBF-QP u} = argmin,, |lu; — u?°™||? subject
t0 Va, hij(wi, ) - ui(t) > —vij hij(wi, x5), Vj € Nmode,
which minimizes the deviation from the nominal control
input while satisfying the safety constraints with respect to
neighboring agents. Surface-avoidance constraints (18) for
enforces constraint (14d) are agent-wise and do not require
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Fig. 1. (a) Four-agent trajectories around a turbine, (b) ergodic metric convergence, and (¢) CBF performance.

a neighbor set. Since each agent enforces constraints (15)-
(17) only over local neighbors, the resulting CBF-QP is
low-dimensional and solved independently onboard. When
enforced by all agents, these distributed conditions collec-
tively maintain the pairwise safety constraints and keep
the MAS within the admissible safe set.

3.5 Distributed FErgodic Metric Computation

The classical ergodic metric (Section 2.4) is &(x, ¢)
> As(ps—s)?, where s and ¢ are defined in (4)—(5). In
the mesh-based setting, the surface ergodic metric is given
by (9), equivalently £“(z,¢) = (¢ — p*,n(L)(¢ — u*)) =
> n(As) (s — )%, where n()) is the spectral weighting
function (see Dong et al., 2025 for details). When W is ap-
proximated by a triangular mesh .# with vertices {w; }1 ,,
the coefficients are conTlputed using the mass matrix M via
(1 ) yielding ps ~ p* Mj:sv ¢s = ¢TM~7:57 with ¢T =
[p(w1), -, $(wm)] and @ " = [p*(w1), -, p” (wn)]. In
(11), E%(z(t), ¢) implicitly incorporates these approxima-
tions, so ps and ¢ are not written explicitly. Although
(14) is centralized, distributed computation follows:

Global Ergodic Metric. The global surface ergodic
metric is defined as E&(z(t),¢) = Y n(As) (s — és)?,
where pg is the global coefficient us, = % Z@Z\; s,i- Bach
agent ¢ can compute only its local contribution ps; ~

TMF,. No single agent knows all p,; for j # 4, so
the global us cannot be computed directly.

Consensus (estimating the global ). Each agent ¢
maintains a local estimate fis ;(f) &~ ps, and updates it by
averaging with neighborS'

—Oé § (%7 Ms,j

JEN;

ﬂs,i(t))7 (19)

Ms i
where a > 0 is a small consensus gain and a;; are the
edge weights. Initially, fis;(0) = ps4(0). Over time, all
fis.i(t) converge to us through neighbor exchanges, yielding
ﬂs,l - - /ls,N = Us-

Local Ergodic Cost per Agent. Each agent can com-
pute its own ergodic cost locally as EF(z, fisi,®)
S n(As)(fus,i — ¢s)?. After convergence, fis; = pus. Thus,
each agent effectively computes the global ergodic metric
using its local estimate, eliminating the need for a central
coordinator. Then, the optimization problem in Eq. (14)
is rewritten for all ¢ € {1,..., N} to incorporate CBF
constraints for LOS preservation as in (17) and surface
avoidance as in (18), while enabling distributed execution.
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Consequently, the optimization problem that each agent
must solve is given by:

E7 (i, fus,i, @) + Ilua(t)
I]L’Z(t) S Xl,ul( ) S Ui,

min SOl

z,;(t),ui(t)
s.t. 2 (t) = w(t),

— U

Vwbhjjfe(xia$j)~ui(t)> ,)ﬁafe(hgafe(.%,i’.,L,j))7 Vi€ '/\[isafe7
vxlhfynn((pi,{bj)ﬂui( ) 'ijonn(h(;('mn(xi;xj)), v] c Mconnj
Ve hL ([Ei’xj) Z(t)z LJOS(hLOS(fEi,xj)),Vj e A/'iconn’
Vxlh:urf( )uz(t)z ’Y:Hrf(hburf(xi)).

(20)
4. CASE STUDY

We evaluate the distributed ergodic controller and the
CBF-QP formulation (20) on a 3D inspection task in-
volving utility-scale wind turbines composed of a tower,
nacelle, and three blades. Each turbine follows V150-scale
dimensions and is represented using a triangular surface
mesh, with blades modeled as 3D NACA 4412 airfoils.
A normalized inspection density ¢ is defined over the
mesh, emphasizing the upper tower through a cubic height
profile, blade tips through radial weighting from the hub,
and the nacelle with a uniform weight. The simulation
shown in Fig. 1 considers a single turbine and a team of 4
agents governed by the dynamics (12). At each timestep,
agents compute local visitation densities via Gaussian
kernel smoothing, project them onto the LB basis, and
exchange information over a connected communication
graph through distributed consensus. Each agent evaluates
its ergodic mismatch and the smoothed spatial gradient

S*i(w) = exp (—7‘@2_;; I

The consensus gain is « = 0.02, and the nominal control
is filtered through the CBF-QP (20), enforcing safety,
connectivity, LOS, and surface constraints (15)—(18) with
dmin = 5m, deomm = 80m, dr,os = 1m, and dgyr = 5m.

The trajectories in Fig. 1(a) illustrate the multi-agent
inspection behavior around the turbine, while Fig. 1(b)—(c)
compares the ergodic convergence and CBF performance
of the distributed and centralized controllers, highlighting
the tradeoff between coverage efficiency, safety preser-
vation, and computational scalability. Since each agent
computes its control action using local consensus-based
ergodic estimates and a low-dimensional neighbor-based
CBF-QP, the resulting distributed controller remains de-
centralized, scalable, and real-time implementable, while
generating smoother, more spatially separated trajectories
with improved inter-agent separation, connectivity main-

) defining the sensing footprint.



Table 1. CBF-QP scalability for four turbines
(Cent: centralized, Dist: distributed).

N | QP time [s] | RT success [%)] Constraints
Cent Dist | Cent Dist Cent Dist/agent

16 0.02 0.01 100 100 180 ~10

24 0.10 0.015 100 100 350 ~12

32 0.50 0.02 40 100 600 ~15

48 5.20 0.025 0 100 1300 ~18

tenance, and LOS preservation throughout the mission.
In contrast, the centralized controller uses global ergodic
information and joint optimization to achieve faster er-
godic convergence by aggressively steering agents toward
high-priority regions, at the cost of operating closer to
safety boundaries, weaker connectivity preservation, and
significantly higher computational complexity as the num-
ber of agents increases. To evaluate scalability and real-
time (RT) feasibility, we consider a four-turbine wind farm
with varying numbers of agents, as summarized in Table 1,
which reports the average per-step QP solve time for the
global centralized QP and the maximum local distributed
QP across agents. As the number of agents increases, the
centralized QP solve time grows from ~ 0.02 s to over 33 s,
while the distributed approach remains nearly constant at
0.01-0.03 s. With RT feasibility defined as Tqp < dt = 0.5
s, the centralized RT success rate drops from 100% to
0%, whereas the distributed method maintains 100% RT
feasibility due to its bounded local constraints per agent,
unlike the approximately quadratic scaling of the central-
ized formulation. Simulations were performed on an Intel
i5 3.6,GHz CPU with 16,GB RAM.

5. CONCLUSION

We presented a framework for safe multi-agent ergodic
coverage over complex 3D surfaces, combining distributed
ergodic optimization with CBF-based safety and connec-
tivity guarantees, and validated it in a wind turbine in-
spection scenario. LB eigenfunctions enable ergodic search
on arbitrary meshes, while CBF's enforce inter-agent safety,
distance- and LOS-based connectivity, and collision avoid-
ance. A distributed consensus scheme improves scalability
and preserves real-time feasibility in large-scale systems
by eliminating centralized computation, while achieving
performance comparable to the centralized approach. Fu-
ture work includes orientation-aware sensing, dynamic en-
vironments with moving blades and time-varying ergodic
surfaces, robust CBF design under wind disturbances, and
relaxing ideal consensus assumptions.
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