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Formation-Aware Dynamic Movement Primitives: Enabling Adaptive
and Cooperative Leader-Follower-Based Multi-Robot Navigation For

Shared Teleoperated Control
Alexander James Becoy1,2

Supervised by:
Luka Peternel1, Raj Thilak Rajan2

Abstract—Coordinated multi-robot networks are essential for
planetary exploration. However, achieving fully autonomous op-
eration in extreme extraterrestrial environments remains chal-
lenging due to stringent safety, stability, and reliability require-
ments. This paper presents a semi-autonomous supervisory tele-
operation framework that combines high-level human oversight
with decentralized multi-agent coordination. A remote operator
specifies mission objectives and intermediate via-regions, while
the robotic network autonomously performs real-time, collision-
free navigation. To address GNSS-denied conditions, Ultra-
Wideband (UWB) technology is employed for relative local-
ization, requiring structured formation maintenance for hard-
ware calibration. The proposed control architecture integrates
Dynamic Movement Primitives (DMPs) for trajectory tracking
with Affine Formation Control (AFC) for formation preservation,
supplemented by adaptive collision avoidance mechanisms, and
adaptive temporal scaling. Experimental validation demonstrates
sub-meter tracking and formation accuracy, while extensive
Monte Carlo simulations confirm robust destination reachability,
formation maintenance, and network connectivity in cluttered
environments.

I. INTRODUCTION

In the early stages of extraterrestrial exploration, robotic
systems play a critical role in advancing scientific under-
standing and preparing infrastructure for future human mis-
sions, due to their scalability, redundancy, and distributed
coordination capabilities [1]. These collectively enable robust
infrastructure preparation [2], [3], scientific measurements
collection [4], [5], and the identification of potential sites for
human habitation [6], [7]. To fulfill these objectives, each
robotic network must be capable of navigating unknown and
inaccessible environments [8]. Although significant progress
has been made in the research and development of such
cooperative robotic networks, fully autonomous ones remain
insufficiently mature for operation in extreme environments
such as outer space [9], [10]. This limitation arises from strin-
gent technical readiness requirements [11], particularly with
respect to ensuring system stability, effective risk mitigation,
and cost-effectiveness, which are critical considerations for the
deployment and operation of space-borne technologies [12].

To mitigate unnecessary damage and unintended behaviors
during navigation across the harsh extraterrestrial environ-
ments, incorporating remote human-in-the-loop within the

1Department of Cognitive Robotics, Faculty of Mechanical Engineering,
Delft University of Technology, The Netherlands.

2Signal Processing Systems Research Group, Department of Microelectron-
ics, Faculty of Electrical Engineering, Mathematics and Computer Science,
Delft University of Technology, The Netherlands.

robotic networks enhances operational safety, particularly in
long-distance operation [10], [13]. This approach capitalizes
on human cognitive adaptability in complex and uncertain sce-
narios, enabling timely intervention during hazardous traver-
sals or facilitating dynamic trajectory adjustments to explore
regions of potential interest that autonomous systems may not
independently identify. In practice, such oversight is com-
monly realized through supervisory teleoperation [14]–[16],
wherein a human operator provides high-level commands,
such as specifying sequence of interesting destinations for
the robots to visit and regions to avoid, while also reducing
operator effort and cognitive workload. Simultaneously, the
robotic network maintains low-level autonomy, allowing it to
navigate challenging terrain in real time, perform collision
avoidance against unmodeled obstacles, and interact with
other agents, as illustrated in Fig. 1. The robotic network
further transmits sparse telemetry and status information to the
operator, thereby providing the telepresence necessary to main-
tain situational awareness of the system and its surrounding
environment. Consequently, this framework establishes a semi-
autonomous operational architecture that effectively combines
human strategic oversight with autonomous robotic execution.

To enable effective real-time autonomous navigation in
multi-robot systems operating in inaccessible, unknown, and
GNSS-denied environments, in addition to enforcing goal-
directed motion toward target positions while ensuring colli-
sion avoidance, the incorporation of wireless inter-agent com-
munication within the local network produces emergent coop-
erative behaviors that can significantly enhance navigational
performance [17]–[20]. These include the exchange of situa-
tional awareness regarding both the agents’ dynamical states
and their environment [21], as well as the use of relative local-
ization techniques based on affine formation structures [22],
[23]. However, several challenges remain in achieving robust
communication, particularly with respect to timing between
distributed devices, and coping with antenna-induced delays
that affect the time-of-flight (ToF) measurements. Reducing
these low-level uncertainties necessitates calibration among
devices, which can be achieved by maintaining formations
with known inter-agent distances [24], [25]. Nevertheless,
preserving rigid formations in extremely cluttered environment
introduces an additional layer of difficulty, as it constrains
both motion planning and coordination under environmental
and communication limitations.

Real-time coordinated multi-robot navigation has been ex-
tensively investigated across literature, each presenting distinct
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Fig. 1: System pipeline of a human operator supervising a remote robotic network through a long-range space communication
link via a lunar lander. The operator issues high-level commands, such as a target destination, while the robotic network
autonomously executes collision-avoiding navigation from position A to position C through an obstacle-rich region in region B,
as traced by the blue trajectory. Sparse telemetry and status updates are returned asynchronously across the network to maintain
operator situational awareness, while the orange lines denote undirected communication links maintained between neighboring
agent pairs.

trade-offs between computational overhead, safety guaran-
tees, structural flexibility, and model dependency. Centralized
methods, such as Artificial Potential Fields (APF) applied
to human-directed multi-drone systems [26], offer high run-
time efficiency but suffer from a single point of failure,
constrained scalability, and a heavy reliance on continuous
human intervention and design. To eliminate centralized bot-
tlenecks, distributed optimization-based frameworks have been
proposed. Distributed Model Predictive Control (D-MPC) for-
mulations [17] enable independent, constraint-aware trajectory
planning over finite horizons, but introduce substantial online
computational overhead due to repeated optimization and are
highly sensitive to accurate system models and optimization
infeasibility. Conversely, distributed Control Barrier Functions
(CBFs) unified with Control Lyapunov Functions (CLFs) [18]
leverage forward-invariant safe sets to provide mathematically
rigorous collision avoidance. However, standard CBF architec-
tures remain model-dependent, can restrict solution optimality
by overly constraining the control space, and demand metic-
ulous tuning to avoid deadlocks.

To bypass explicit system modeling while retaining fast
online inference, learning-based methodologies and stable
dynamical system behaviors have emerged. Multi-Agent Rein-
forcement Learning (MARL) policies optimized via Proximal
Policy Optimization (PPO) [19] can implicitly encode complex
formation and avoidance objectives through reward functions.
Nonetheless, MARL suffers from high policy variance, heavy
offline training requirements, and a lack of formal safety
guarantees under environmental distribution shifts. As a non-
learning alternative that requires no explicit plant modeling,

Dynamical Movement Primitives (DMPs) [27] structure trajec-
tories as stable dynamical systems with guaranteed destination
convergence, augmented by analytical forcing terms for multi-
manipulator synchronization [28] and rover navigation [29].
Yet, current DMP architectures are largely bounded by rigid
formation tracking or point-mass obstacle potentials that fail
to capture volumetric shapes and dynamics, restricting fluid
formation deformation and scaling around dense obstacles.
Essentially, there remains a notable gap in literature for a
scalable, distributed DMP framework that seamlessly unifies
complex volumetric obstacle avoidance with resilient, shape-
adaptive affine formation recovery in highly cluttered, safety-
critical environments.

Motivated by the need to incorporate human supervision,
eliminate single points of failure, reduce reliance on explicit
system modeling, ensure both safety and guaranteed con-
vergence towards target states while maintaining a desired
formation, we propose a novel framework for coordinated
multi-agent navigation in challenging environments such as
those encountered on the lunar surface. The proposed ap-
proach integrates shared teleoperation with DMPs, volumetric
obstacle avoidance that explicitly captures obstacle geome-
try and dynamics, and affine formation structures to enable
flexible transformation of formation shapes, thereby achieving
robust, scalable, and adaptive coordination under unknown
and constrained settings. The main contributions of this work
include: 1) a DMP-based formation control method in which
leader agents generate motion primitives that are propagated to
follower agents through geometric transformations, which en-
ables coordinated navigation while preserving formation struc-
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TABLE I: Comparative Analysis of Multi-Agent Autonomous Navigation Methodologies

Methodology Model Dependency Computational Cost Safety Attributes Formation Flexibility
Centralized APF [26] Low Low Local Minima Prone Rigid, Manually Designed
Distributed MPC [17] High High Feasibility Dependent Constrained Bounded
Distributed CBF-CLF [18] High Moderate Mathematically Rigorous Conservatively Limited
MARL / PPO [19] Low Low (Online Inference) Empirical / Weak Policy-Dependent
Standard DMP [27], [29] Low Low Asymptotically Stable Rigid / Non-Adaptive
Proposed Framework Low Low Adaptive Potential Guarded Highly Adaptive (Affine)

ture under dynamic conditions; 2) a shared-control paradigm
that incorporates high-level human guidance through interme-
diary regions while maintaining autonomous low-level control
for navigation, formation maintenance, and safety, thereby
balancing operator workload with system robustness; and 3)
comprehensive validation through extensive simulations in
both obstacle-free and highly cluttered environments, with
performance evaluated using metrics such as reachability, for-
mation accuracy, safety margin, and computational efficiency.

The remainder of the paper is structured as follows, Sec-
tion B.2 presents the problem statement and relevant defini-
tions. Section III introduces the proposed extension of DMPs
for coordinated multi-agent navigation. Section IV details
the experimental evaluation, and Section V concludes with
a discussion of the results and implications.

Notation: Scalars are denoted by standard letters (e.g., x or
X), vectors by bold lowercase letters (e.g., x), and matrices
by bold uppercase letters (e.g., X). Sets are represented
by calligraphic symbols (e.g., X ). The Kronecker product,
element-wise division, and transpose operators are denoted
by ⊗, ⊘, and (·)⊤, respectively. Discrete-time quantities are
indexed by superscripts (·)(k), where k denotes the time step.
Agent- and obstacle-specific variables are distinguished by
subscripts (e.g., xi), whereas module-specific quantities are
indicated by textual superscripts (e.g., xmodule). The N ×N
identity matrix is denoted by IN , and the zero matrix of
dimension A×B is denoted by 0A×B .

II. PRELIMINARIES

We consider a semi-autonomous multi-agent robotic system
operating on the lunar surface under remote human supervi-
sion, as illustrated in Fig. 1. The operating environment is
highly unstructured, unknown, and inaccessible, with terrain
characterized by natural hazards, such as rocks and craters
[30]. To narrow the scope of this work to multi-agent naviga-
tion and coordination, we assume the availability of a GNSS-
like localization infrastructure, such as orbital satellites, which
provides the position of each agent, denoted by z, relative to
a global inertial reference frame, for instance, with the lunar
lander coordinate frame serving as the origin.

The robotic network is modeled as a multi-agent system
composed of N agents operating in a D-dimensional Eu-
clidean space. Each rover is modeled as a circular rigid
body with radius rr and is equipped with onboard sensing
and communication capabilities. Obstacles can be detected
within a sensing radius rs, while inter-agent communication is
supported within a communication radius rc, thereby defining
the local perception and interaction boundaries of each agent

and governing information exchange within the network. The
rover specifications are further described in Appendix A.

The interaction structure among the agents is represented
by an undirected communication graph G = (V, E), where
V denotes the set of agents with cardinality |V| = N , and
E ⊆ V × V denotes the set of communication links between
pairs of agents, characterizing the information exchange. For
each agent i ∈ V , the corresponding neighbor set is defined
as Ni = j ∈ V \ i : (i, j) ∈ E .

To ensure synchronized operation, particularly during hard-
ware calibration procedures such as ultra-wideband (UWB)
calibration, the robotic network is required to achieve a
predefined geometric configuration, preferably before and after
navigation tasks, as detailed in Appendix B. A formation is
formally defined as F = (G,P), where G denotes the commu-
nication topology of the network and P = [p⊤1 ,p

⊤
2 , . . . ,p

⊤
N ] ∈

RD×N represents the configuration of the N agents [31]. The
nominal formation is denoted by F∗ = (G,P∗), where P∗

specifies the target geometric configuration.
To facilitate affine formation structures, affine formation

control is incorporated which typically imposes a hierarchical
leader-follower architecture on the network [22]. The set of
leaders is denoted by VL, with cardinality |VL| = NL = D+1,
satisfying the geometric requirements for AFC. The remaining
agents form the set of followers, defined as VF = V \ VL,
with cardinality |VF | = NF . This hierarchical organization
enables efficient distributed coordination while preserving the
geometric properties of the formation throughout the nav-
igation process. Since the robotic network is modeled as
an undirected graph, implying bidirectional communication
between connected agents, realizability and stabilizability of
a distance-constrained formation are guaranteed if and only
if the underlying framework is universally rigid. This means
that any distance-preserving realization of the formation in
any Euclidean space is unique up to rigid transformations
(translation, rotation, and shearing), and therefore coincides
with the original formation.

To generate task-level motion, leader agents are equipped
with DMPs, which provide a high-level trajectory generation
framework for goal-directed navigation and demonstration
imitation. The DMP framework is further augmented with APF
components to incorporate repulsive behaviors for obstacle
avoidance and mitigation of inter-agent collisions [27]. Fur-
thermore, it is assumed that both the initial and final positions
of the generated trajectories are free from disturbances and
environmental hazards, thereby ensuring reliable convergence
of the agents toward their designated configurations. Follower
agents are likewise equipped with DMP-based guidance terms
that steer them toward their designated target positions. How-
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ever, unlike the leaders, followers do not directly imitate the
demonstrated trajectories. Instead, the relative contributions of
DMP and AFC objectives are weighted such that formation
maintenance remains the dominant objective, particularly dur-
ing the final stages of navigation.

Consequently, the DMP component in the follower agent
serves primarily as a secondary guidance mechanism, while
the AFC term ensures accurate convergence to the prescribed
geometric configuration. Since the leaders define the global
motion through their reference trajectories and induce the cor-
responding geometric transformation of the nominal formation
F∗, followers are only required to track the evolving formation
rather than replicate the demonstration itself, thereby simpli-
fying their role while preserving coordinated group behavior.
Both leader and follower agents are equipped with APF-based
collision avoidance mechanisms to ensure safe operation in
cluttered environments. Although these avoidance behaviors
may temporarily perturb the formation structure, the proposed
control framework guarantees recovery of the desired forma-
tion once the disturbances are removed. Since strict formation
maintenance is primarily required outside active navigation
phases, such as during calibration or stabilization when the
rovers are stationary, such transient deviations are considered
acceptable.

III. METHODS

The proposed framework, illustrated in Fig. 2, introduces
a distributed control architecture for semi-autonomous multi-
agent navigation and formation maintenance in unstructured
lunar environments. At a high-level, the method integrates
(i) operator-defined task specification through intermediary
regions in the teleoperation interface, (ii) DMP-based path
planning for leader agents, (iii) multi-agent coordination with
external forcing terms for collision avoidance and formation
maintenance, and network coordination through (iv) adaptive
temporal scaling for risk-aware motion modulation Together,
these components form a unified pipeline that maps high-
level human intent into safe, coordinated, and geometrically
consistent multi-robot motion. The stability and convergence
of the proposed framework are proven in Appendix C.

A. Trajectory Generation from Operator-Defined Via-Regions

Prior to deployment, a human operator specifies a mission
plan consisting of an ordered sequence of intermediary re-
gions, which we denote as via-regions, through which the
multi-agent system must pass en route to its final destination,
together with a nominal formation F∗ that defines the desired
spatial arrangement and communication between the agents.
This operator-provided information serves as the high-level
demonstration from which the controllers of the leaders learn
their reference behavior, following the learning from demon-
stration (LfD) paradigm [32], [33].

Consider the first leader, L1, defines the reference frame
of formation F∗. Given consecutive via-region centers
w0,w1, . . . ,wNW

∈ RD, where w0 is the starting position
of the formation frame with respect to L1’s reference frame,
and wNW

is its final position. A set of reference trajectories

Fig. 2: Control block scheme diagram depicting the proposed
framework. The human operator (purple) provides via-regions
that the robotic network must visit to the teleoperation in-
terface (green) which generates the corresponding reference
trajectories for the leader agents. Blue boxes represent the
agents’ low-level modules such as sensing, locomotion, and
communication capabilities. Yellow and red boxes correspond
to the main contribution, where yellow describes methods
related to path planning per agent, and red enables distributed
coordination between agents.

R = {R(1),R(2), . . . ,R(NR)} is generated for each leader,
where R(ρ) ∈ RD×NL , ∀ρ = 1, 2, . . . , NR, collects the
reference setpoints of all NL leaders at sample ρ, such that

R(r) =
[
r
(ρ)
1

⊤
r
(ρ)
2

⊤
. . . r

(ρ)
NL

⊤
]⊤

∈ RD×NL , (1)

where NR denotes the total number of trajectory setpoints.
The trajectory in the formation’s reference frame is con-

structed as a piecewise cubic Hermite spline passing through
the prescribed waypoint sequence [34]. Arc-length param-
eterization is employed so that the parameter ξ ∈ [0, 1]
advances proportionally to the Euclidean distance along the
path, ensuring approximately uniform speed across segments
of unequal length. Tangent directions at interior waypoints are
assigned using the Catmull-Rom rule, whereby each tangent
is the normalized average of the incoming and outgoing
segment directions, guaranteeing C1 continuity of position
and first derivative throughout the path. The trajectories of the
remaining leaders L2, . . . , LNL

are then derived analytically
from L1’s path and according to their respective offsets in P∗.
The instantaneous heading of the group’s trajectory ψ(t) ∈ S1

is extracted from the analytic spline derivative and smoothed
with a Gaussian kernel to ensure temporal continuity in the
heading profile, after which each leader’s world frame position
is computed as

ri(t) = rL1
(t) +R(ψeff(t))ti(t) ∈ RD, (2)
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where t is time, R(·) ∈ RD×D is the rotation matrix, ti(t) is
the body-frame offset of leader i from L1 interpolated linearly
from its initial to its final value, and ψeff(t) is a raised-cosine
fade of ψ(t) that vanishes at both endpoints to guarantee exact
position boundary conditions without velocity discontinuities.
T is the total time required to complete the demonstration.

The resulting set of reference trajectories R are then pre-
sented to the DMPs of the respective leaders as demonstra-
tions. Each DMP fits a set of forcing functions weights ζ ∈ R
via least-square regression, such that integrating the DMP from
the prescribed initial state reproduces the demonstrated path.
The learned weights encode the shape of the reference trajec-
tory in a time-scaled, coordinate-invariant form, enabling the
DMP to generalize to changes in goal position and execution
speed [27].

While the learned forcing term provide leaders with globally
consistent reference path, they are insufficient to handle small-
scale terrain features, such as rocks and small craters, that are
not visible from orbital survey imagery and therefore absent
from the operator-provided mission plan. To address this,
supplementary forcing terms are incorporated into the DMP
integration runtime, as similarly presented in [35], [36]. These
terms generate repulsive accelerations based on proximity to
detected obstacles, allowing each leader to deviate locally from
the reference trajectory as necessary while continuing to track
its overall goal. This combination of offline demonstration
learning and online reactive forcing thus enables the leaders
to maintain global path coherence while autonomously nego-
tiating unforeseen impediments in the terrain.

B. Path Planning Based On Dynamic Movement Primitives
To generate smooth, goal-directed trajectories for the multi-

agent system, each leader agent is equipped with a discrete
DMP. Discrete DMP encodes point-to-point motions, such
as reference trajectories obtained from demonstrations, into a
stable nonlinear dynamical systems [37]. This representation
ensures robustness to perturbations while allowing adaptation
to new and goal configurations.

Let zi, żi, z̈i ∈ RD denote the position, velocity, and accel-
eration of leader agent i, respectively. The DMP formulation
consists of a transformation system (3) and (4), governing the
motion dynamics, and a canonical system (5), which provides
a temporal parameterization. The overall system is defined by
a set of ordinary differential equations (ODEs):

τiv̇i = Az(Bz(z
(T )
i − zi)− vi) + f i(si) (3)

+Φform
i +Φobs

i +Φagent
i +Φconn

i ,

τiżi = vi, (4)
τiṡi = −αssi, (5)

where the matrices Az,Bz ∈ RD×D are positive semi-definite
and determine the behavior of the underlying second-order
system. In the absence of forcing and coupling terms, i.e.,
when f + Φ ≡ 0, f , critical damping is imposed, Bz =√
2Az , to ensure convergence to the equilibrium (zi, żi) =

(z
(T )
i ,0). The scalar τi ∈ R++ provides temporal scaling,

allowing modulation of the execution speed.

The phase variable si ∈ (0, 1] acts a surrogate for time t ∈
[0, T ], where T denotes the total duration of the demonstrated
trajectory. It evolves monotonically from 1 to 0. This decay
ensures that the nonlinear spring forcing term vanishes near the
goal, yielding smooth convergence with zero terminal velocity.
Φform

i ,Φobs
i ,Φagent

i ,Φconn
i ∈ RD represent external influences

corresponding to formation maintenance, obstacle avoidance,
inter-agent collision avoidance, and connectivity maintenance,
respectively.

The nonlinear forcing term f i encodes the shape of the
desired trajectory and is learned from demonstrations. Each
component f bi ∈ f i ∀b ∈ [1, NB ] is represented as a weighted
combination of basis functions:

f bi (si) =

∑NB

b=0
pζbσb(si)∑NB

b=0 σb(si)
si (6)

where pζb ∈ R are the weights, p is a component in the
D-dimensional space, and σb(si) is a Gaussian radial basis
function defined as

σb(si) = exp
(
−hb(si − cb)

2
)
. (7)

The centers, cb, and widths, hb, of the basis functions are
chosen as

cb = exp

(
−αsb

T

NB

)
, b = 0, 1, . . . , NB (8)

hb =

{
1

(cb+1−cb)2
b = 0, 1, . . . , NB − 1,

hNB−1 b = NB .
(9)

DMP operates in two phases. During the learning phase,
the weights pζb are computed from a set of reference trajec-
tories R using linear regression, such that the forcing term
accurately reproduces the demonstrated motion. During the
execution phase, the learned dynamical system is integrated
from the given initial and goal states, producing trajectories
that preserve the qualitative shape of the demonstrations while
adapting to new boundary conditions. This property enables
flexible and robust trajectory generation for leaders in dynamic
and uncertain environments. Formally, for each agent i at time
step k, solving (3)-(5) yields the next desired state, namely the
position and velocity pair (ẑ(k+1)

i , ˙̂z
(k+1)
i ).

C. Multi-Agent Planning and External Forcing Terms

1) Affine Formation Control: According to rigidity theory,
a multi-agent formation can preserve its geometric structure
through a set of inter-agent constraints that uniquely charac-
terize the desired formation. In this context, the stress matrix
Ω ∈ RN×N , with entries ωi,j encodes the intrinsic geometric
relationships of the nominal universally-rigid formation F∗ =
(G,P∗). These coefficients impose equilibrium constraints that
lie in the nullspace of the rigidity matrix

ΩP∗⊤ = 0N×D, (10)

ensuring consistency of the formation structure. As a conse-
quence, Ω guarantees invariance of F∗ under allowable affine
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transformations, preserving the formation up to translation,
rotation, scaling, and shearing.

Formation maintenance within the multi-agent system is
achieved via an AFC law for double-integrator agents with
time-varying velocities. At discrete time instant k, the forma-
tion component of the control input for follower agent i is
given by [38]:

Φform,k
i = − 1

γi

∑
j∈Ni

ωi,j

(
Aform(z

(k)
i − z(k)j )

+Bform(ż
(k)
i − ż(k)j )− z̈(k)j

)
,

(11)

where γi =
∑

j∈Ni
ωi,j ∈ R++, and Aform

i ,Bform
i ∈ RD×D

are positive semi-definite gain matrices governing position-
and velocity-level coupling.

Although this framework guarantees convergence to the
affine shape P∗ under nominal conditions [22], the formation
is not strictly enforced during all phases of operation. In
particular, since coordinated formation is primarily required
outside active navigation phases (e.g., during calibration or
structured deployment stages), temporary deviations from P∗

are permitted in the presence of disturbances. Once such dis-
turbance vanishes, the control law ensures asymptotic recovery
of the affine shape P∗.

2) Obstacle Avoidance: The lunar environment contains
static obstacles, primarily rocks and craters, which are as-
sumed to remain fixed in the world frame. To ensure safe
navigation, each agent incorporates a reactive obstacle avoid-
ance mechanism based on dynamic potential fields.

Let zm ∈ RD denote the position of obstacle m. Each ob-
stacle is modeled as a repulsive dynamic volumetric potential
field, which generates avoidance forces that depend on the
relative position and velocity of the interacting agent, as well
as the obstacle’s geometric volume [39]. Such a formulation
activates repulsive effects primarily when the agent is moving
toward the obstacle, thereby reducing unnecessary trajectory
deviations and oscillatory behavior. The resulting repulsive
force acting on agent i due to obstacle m is given by

φi,m(zi, żi) = −λ∥żi∥ (− cos θi,m)
β−1

Cη
m(zi)

×(
−β∇zi

(cos θi,m) +
η cos θi,m
Cm(zi)

∇zi
Cm(zi)

)
,

(12)

where λ > 0, β ≥ 0, and η > 0 are design parameters that
regulate the magnitude and spatial influence of the repulsive
field. The function Cm(·) ∈ R+ denotes the isopotential
function associated with obstacle m, which ensures that the
repulsive effect decays with increasing distance between agent
i and the obstacle. Furthermore, the magnitude of the repulsive
field scales with the agent’s speed ∥żi∥2 and vanishes when
the agent is stationary.

For an ellipsoidal obstacle, the isopotential function with
respect to agent i is defined as

Cm(zi) = ∥(zi − zm)⊘ ℓm,eff∥22, (13)

where zm denotes the centroid of obstacle m, and ℓm,eff

represents the effective semi-axis lengths of the correspond-
ing ellipsoid, computed by inflating the obstacle’s semi-axis
lengths ℓm by the agent’s physical radius rr and a minimum
clearance parameter cobs ≥ 0.

The term θi,m denotes the angle between the agent velocity
żi and the relative position vector zi − zm, defined as

cos θ =
⟨∇zCm(zi), żi⟩
∥∇zCm(zi∥∥żi∥

. (14)

This directional term ensures that the repulsive force is
significant only when the agent is moving toward the obstacle
(i.e., cos θi,m < 0, and negligible otherwise.

The function Cm(zi) represents an implicit superquadric
distance function describing the geometry of obstacle m. Its
gradient ∇zCm(z) provides the outward normal direction of
the obstacle surface, enabling anisotropic and geometry-aware
avoidance. The exponent η governs how sharply the repulsive
force increases as the agent approaches the obstacle boundary.

At each discrete timestep k, agent i considers only obstacles
within its sensing radius rs. This reduces the number of
obstacles needed to be computed, therefore improving the
computational efficiency. The corresponding set is defined as

O(k)
i = {∀m ∈ O | ∥zm − zi∥2 ≤ rs} (15)

where O denotes the set of all obstacles in the environment.
The overall obstacle avoidance forcing term acting on agent

i is obtained by summing the contributions from all sensed
obstacles:

Φ
obs,(k)
i =

∑
m∈O(k)

i

φ
(k)
i,m(zi − zm, żi). (16)

This velocity-aware and geometry-consistent formulation
enables smooth and reactive obstacle avoidance, making it
well-suited for integration within the DMP-based control
framework while preserving trajectory coherence and safety.

3) Inter-Agent Collision Avoidance: In addition to obstacle
avoidance, safe operation of the multi-agent system requires
explicit consideration of inter-agent interactions, as agents ex-
hibit relative motion with respect to one another. Consequently,
collision avoidance must account not only for relative positions
but also for relative velocities to ensure dynamically consistent
safety behavior.

Since agents are equipped with wireless communication
capabilities, the need for explicit sensing of neighboring
agents is eliminated. Instead, each agent can directly access
the state information (positions and velocities) of agents
within its communication neighborhood. This communication-
driven paradigm is particularly advantageous in formation-
based control settings, where agents are already structured
according to a predefined interaction topology. As a result,
collision avoidance can be restricted to non-adjacent agents
while preserving formation constraints.

Each neighbors j is modeled as a repulsive dynamic vol-
umetric potential field, extending the formulation used for
static obstacles to moving agents. The corresponding repulsive
forcing term acting on agent i due to agent j is defined as
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φi,j(zi − zj , żi − żj), (17)

where the interaction depends on both the relative position and
relative velocity. This velocity-dependent formulation enables
prediction-aware repulsion, allowing agents to react not only
to spatial proximity but also to potential future collisions. The
effective semi-axis length of the corresponding isopotential
function is given by 2rr + cagent, where cagent ≥ 0 denotes a
design parameter that accounts for the agent’s safety margin.

At each discrete timestep k, agent i computes its inter-agent
collision avoidance term by aggregating the contributions from
all neighboring agents within its communication set Ni:

Φ
agent,(k)
i =

∑
j∈Ni

φ
(k)
i,j (zi − zj , żi − żj). (18)

This formulation ensures that inter-agent safety is main-
tained in a distributed manner while preserving formation
coherence, as interactions are computed locally using com-
municated state information rather than explicit sensing. The
resulting repulsive behavior is smooth, symmetric, and con-
sistent with the dynamic volumetric potential field framework
used for obstacle avoidance.

4) Connectivity Maintenance: When leader agents execute
aggressive maneuvers to bypass expansive environmental haz-
ards, they are often forced to displace significantly from
one another. Because the localized target states of the fol-
lower agents scale proportionally relative to these leaders,
this geometric expansion generates a larger macro-level affine
shape footprint across the entire formation. As a consequence
of this structural expansion, the physical distance between
paired agents increases. If these localized distances transcend
the maximum reliable communication range, denoted by rc,
critical topological links will break. This can drive the multi-
agent system into a fragmented state, ultimately precipitating
a total formation collapse.

To preserve network connectivity under large affine scaling
conditions, a dedicated decentralized connectivity maintenance
term, Φconn,(k)

i,j , is seamlessly integrated into the transformation
system equations of the DMP. The connectivity restoration
force acting on agent i with respect to its neighbor j is
mathematically formalized as:

Φ
conn,(k)
i,j =

{
− 1

γi
Aconn(zi − zj), di,j ≥ αconnrc,

0, di,j < αconnrc,
(19)

where Aconn ∈ RD×D denotes a positive-definite control gain
matrix governing the magnitude of the attractive restoration
force. The scalar parameter di,j = ∥pi − pj∥2 represents the
Euclidean distance between the physical positions of the agent
pair (i, j). The design parameter αconn ∈ (0, 1) establishes a
conservative safety threshold that dictates the activation onset
of the connectivity mechanism prior to violating the physical
communication boundary rc.

When the localized multi-agent distance resides within the
nominal safe envelope (di,j ≤ αconnrc), the connectivity term
remains completely dormant (Φconn,(k)

i,j = 0), thereby allowing

the formation to deform fluidly according to the pure affine
commands dictated by the leader trajectory. However, the in-
stant an expansive maneuver stretches adjacent agents past the
safety boundary (di,j ≥ αconnrc), the consensus-like attraction
profile in (19) activates, dynamically constraining the agent
trajectories to remain within their bounded communication
envelope.

D. Adaptive Temporal Scaling
The interaction between DMP, formation control, and re-

pulsive potential fields introduces strong nonlinear coupling in
the closed-loop system. In particular, when agents are driven
by high accelerations from (3), velocity-dependent repulsive
forces associated with obstacles and inter-agent avoidance
may increase sharply. This can lead to oscillatory behavior,
including overshooting and rebound effects near obstacles and
other agents, especially in dense or constrained environments.

To address this issue, we introduce an adaptive temporal
scaling mechanism that regulates the execution speed of the
entire dynamical system. The key idea is to slow down the
evolution of both the transformation and canonical systems
when agents approach critical regions, thereby improving
stability and ensuring smoother interaction between attractive
and repulsive terms. Recall that the DMP dynamics is given
by (3)-(5), where the scalar τi governs the temporal evolution
of both the transformation and canonical systems. Increasing
τi slows down the system evolution, effectively stretching the
time horizon of the execution phase, while preserving the
spatial trajectory structure.

1) Proximity-based Temporal Adaptation: To dynamically
modulate the formation’s progression speed in response to
environmental and structural constraints, an adaptive temporal
scaling framework is established. The localized time-scaling
factor is constructed as a function of multiple safety-critical
distance metrics, capturing both obstacle proximity and inter-
agent spatial separation.

Let di,j = ∥zi − zj∥2 ∈ R+ denote the Euclidean distance
between agent i and an incident entity j, where j represents
either an obstacle boundary or another agent. For connectivity
maintenance, we define di,j = max{0, ∥zi−zj∥2−αconnrc},
while for formation maintenance we define di,i∗ = ∥zi−z∗i ∥2,
where z∗i denotes the desired formation position of agent i.
For notational convenience, let d ∈ {di,j , di,i∗}. The adaptive
temporal scaling law for agent i is defined as

τ adapt
i (d) =

τ base + τextra

(
1− d

dslow

)2

, 0 ≤ d ≤ dslow,

τ base, d > dslow,
(20)

where τ base ∈ R+ denotes the nominal time-scaling factor
governing baseline mission execution, τextra ∈ R+ specifies
the maximum admissible temporal augmentation (i.e., bounded
deceleration), and dslow ∈ R+ is the activation threshold
distance beyond which no temporal modulation is applied.

Each agent computes multiple temporal scaling contribu-
tions:

τ obs
i , τ agent

i , τ conn
i , τ form

i , (21)
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corresponding respectively to obstacle proximity, and inter-
agent proximity, communication constraints, and formation
tracking error. The final local temporal scaling is obtained via
a conservative aggregation:

τi = max
(
τ obs
i , τ agent

i , τ conn
i , τ form

i

)
. (22)

2) Distributed Temporal Synchronization: To ensure con-
sistent execution across the multi-agent system, the temporal
scaling values are propagated over the communication graph.
Each agent updates its value according to a max-consensus
rule:

τ
(k+1)
i = max

j∈Ni∪{i}
τ
(k)
j . (23)

This update follows the class of distributed extremum
consensus algorithms, where agents asymptotically agree on
the global maximum value through local exchanges [40].
Convergence of such max-consensus protocols over connected
graphs has been extensively studied and shown to be achieved
in a finite number of iterations bounded by the diameter of the
communication graph [41]. Consequently, all agents eventually
adopt the most conservative (slowest) temporal scale within
the network.

3) Effect on DMP dynamics: The adaptive temporal scaling
τi directly modulates both subsystems of the formulation:

• In the transformation system, τi scales the acceleration
and velocity evolution, thereby reducing the magnitude
of velocity-dependent interaction forces when safety con-
straints become active.

• In the canonical system, τi slows down the decay of the
phase variable si, effectively delaying the attenuation of
the forcing term f i(si) and allowing smoother conver-
gence under interaction constraints.

Consequently, the proposed adaptive mechanism dynami-
cally regulates execution speed in response to environmen-
tal and interaction complexity, ensuring stable integration of
DMP-driven motion generation, formation maintenance, and
collision avoidance within a unified control framework.

IV. EXPERIMENTS

To validate the proposed framework for supervisory tele-
operated control and local autonomy, we design a set of
experiments addressing two complementary objectives.

First, we evaluated the effectiveness of the supervisory
teleoperation scheme. In this setting, we investigate whether
the multi-agent system can successfully and efficiently traverse
a sequence of via-regions provided by the human operator
in an obstacle-free environment, while maintaining minimal
tracking error with respect to the specified trajectory setpoints.

Second, we assessed the performance of the proposed local
autonomy and distributed control strategy in various cluttered
environments. In this scenario, we examined whether the
multi-agent system can reliably reach their respective goal
configurations in the presence of dense obstacles, and we
compared its performance with various gain configurations in
terms of efficiency, robustness, and trajectory quality.

Fig. 3: A nominal affine formation F∗ = (G,P∗) of the
multi-robot system consisting of seven agents, including three
leaders and four followers. The gray solid lines denote the
undirected communication edges between neighboring agents
defined by the graph topology G. The coordinates associated
with each agent represent their nominal positions in the
formation configuration P∗, where leader agent L1 is defined
as the origin of the nominal formation frame.

.

Across all experimental scenarios, we evaluated the multi-
agent system consistently converged to the predefined nominal
formation F∗, as illustrated in Fig. 3, which is required
for system calibration and coordination-based operation. All
synthetic experiments are conducted using Python 3.10 on
a workstation equipped with 13th Gen Intel Core™ i5-
1335 CPU (12 threads) and 16.0 GiB of RAM, running on
Ubuntu 22.04 (64-bit). Extensive and supplementary results
are detailed in Appendix D.

A. Supervisory teleoperated control experiment

1) Experimental Setup: The supervisory teleoperation ca-
pability of the proposed framework was evaluated through
a series of synthetic experiments conducted in an obstacle-
free environment. The workspace dimensions were set to
100m × 100m, containing a robotic network composed of
seven agents, of which three were designated as leaders and
the remaining four as followers. The agents communicated
through the predefined topology illustrated in Fig. 3. Each
agent was assigned a communication radius of rc = 30m with
αconn = 0.5. Each agent has a physical radius of rr = 0.25m.

To emphasize the distinct configuration of leaders and
followers within the framework, the control gains were se-
lected accordingly. Leader agents were primarily tasked with
tracking the prescribed reference trajectories, whereas fol-
lower agents focused on preserving the affine geometric for-
mation. Consequently, the leaders were assigned trajectory-
tracking weights Az,leader = KDMP

leaderID = 1050 · ID, while
their formation-maintenance gains were disabled such that
Aform

leader = Bform
leader = 02×2. In contrast, the followers were

assigned Az,follower = 02×2 and formation-maintenance gains
Aform,follower = Bform,follower = Dform

followerID = 1050 · ID.
Both leaders and followers employed identical connectivity-
preservation gains given by Aconn = KconnID = 1050 · ID,
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and identical inter-agent collision avoidance gains of λ =
1800, β = 2, η = 1.

Each agent operated with a discrete control timestep of
∆t = 0.01 s with base temporal scaling of τ = 10, includ-
ing an additional inter-agent temporal scaling parameters of
τ agent

extra = 50 with distance threshold dagent
slow =1m, τ form

extra = 50
with dform

slow = 15m, and τ conn
extra = 50 with dconn

slow = 15m.
The navigation task was considered successfully completed
once all the leader agents and follower agents reached their
respective target positions within a positional and formation
tolerance both of 10 cm, respectively. The target positions of
the robotic network were determined adaptively based on the
final target position and terminal heading of leader agent L1,
together with the nominal affine formation configuration F∗.

2) Tasks: The goal of the multi-agent robotic network is to
navigate cooperatively through a sequence of prescribed via-
regions before ultimately converging to a designated target
destination. During the navigation process, the leader agents
are responsible for tracking the reference trajectories and
guiding the global motion of the formation, while the follower
agents maintain the affine geometric configuration induced
by the leaders. Throughout the task execution, all agents are
additionally required to preserve safe inter-agent distances
to prevent collisions and maintain sufficient communication
connectivity.

To evaluate the supervisory teleoperation and trajectory-
tracking capabilities of the proposed framework, two naviga-
tion scenarios with distinct trajectory geometries were consid-
ered. In both scenarios, the robotic network was initialized
in the nominal affine formation configuration and tasked
with traversing multiple via-regions before reaching the final
destination.

In the first scenario, leader agent L1 was assigned an
upside-down U-shaped reference trajectory originating at
(20, 20)m, passing through intermediate via-points located
at (20, 80)m and (80, 80)m, and terminating at the target
position (80, 10)m. The remaining leaders followed trajecto-
ries derived from the prescribed affine transformation, while
the followers continuously adapted to preserve the desired
formation geometry throughout the navigation task.

The second scenario was designed to further evaluate the
robustness of the framework under trajectories with one addi-
tional via-region, larger curvature, and more abrupt directional
changes. In this experiment, leader agent L1 tracked an S-
shaped reference trajectory originating at (30, 10)m, travers-
ing via-points at (70, 10)m and (90, 50)m, (10, 50)m, and
terminating at (50, 90)m. Similar to the first scenario, the
remaining leaders followed the affine-transformed trajectories
while the followers maintained the desired formation relative
to the leaders.

For both navigation scenarios, the task was considered
successfully completed once all agents reached their respective
target positions within the prescribed positional tolerance
while converging to the nominal formation configuration at the
final destination. Throughout the execution, the followers were
required to continuously adapt to geometric variations induced
by the leaders, particularly during curved trajectory segments
where transient tracking degradation caused temporary con-

traction of the formation geometry. Despite these variations,
all agents were required to maintain collision-free navigation
and preserve network connectivity for the duration of the task.

3) Metrics: The performance of the supervisory teleopera-
tion framework is evaluated using the following metrics:

a) Reference trajectory tracking error.: This metric eval-
uates how accurately the leader agents follow the reference
trajectories defined by the sequence of via-regions. Let zref,(k)

i

denote the reference position of agent i at time step k. The
tracking error is defined as

e
(k)
traj =

√
1

NL

∑
i∈VL

∥∥∥z(k)i − zref,(k)
i

∥∥∥2
2
, (24)

and averaged over time as

ētraj =
1

T

T∑
k=1

e
(k)
traj . (25)

b) Via-region tracking error: This metric measures how
well the formation passes through the specified via-regions.
Let cr denote the center of via-region r, and Tr the set of time
steps during which the formation is expected to pass through
it. The via-region error is defined as

e
(r)
via =

1

|Tr|
∑
k∈Tr

√√√√ 1

N

N∑
i=1

∥∥∥z(k)i − cr
∥∥∥2
2
. (26)

c) Formation error: The formation error quantifies the
deviation of the followers’ configuration from the desired
formation:

e
(k)
form =

√
1

NF

∑
i∈VF

∥∥∥z(k)i − z∗,(k)i

∥∥∥2
2
, (27)

with time-averaged value

ēform =
1

T

T∑
k=1

e
(k)
form. (28)

d) Safety margin: The safety margin evaluates the min-
imum inter-agent distance throughout the execution phase:

Msafe = min
k

min
i̸=j

(∥∥∥z(k)i − z(k)j

∥∥∥
2
− 2rr

)
, (29)

where rr denotes the physical radius of each agent. This means
that a net-positive safety margin show no agents have collided
throughout navigation. Moreover, the larger the value, the safer
the agents navigate.

e) Communication margin: The communication margin
quantifies the robustness of the underlying communication
graph throughout the execution phase. For each pair of neigh-
boring agents (i, j) ∈ E , let d(k)ij = ∥z(k)i −z(k)j ∥2 denote their
distance at timestep k. The communication margin is defined
as

µcomm = min
k

min
(i,j)∈E

(
rc − d

(k)
ij

)
. (30)

Similar to (29), a net-positive safety margin means that all
agents have not gone over the communication radius of its
neighbors.
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f) Computational complexity: The computational com-
plexity metric evaluates the efficiency of the proposed method
in terms of runtime and scalability with respect to the number
of agents. To enable fair comparison across different system
sizes, all runtime measures are normalized on a per-agent
basis.

The average computation time per agent per simulation step
is defined as

T agent
step =

1

NT

T∑
k=1

t(k), (31)

where t(k) denotes the total wall-clock time required to
compute control inputs for all agents at time step k, N is
the number of agents, and T is the total number of time steps.

Similarly, the total runtime per agent for a complete simu-
lation run is given by

T agent
run =

1

N

T∑
k=1

t(k). (32)

4) Results: The spatial and temporal progression of the
first scenario is illustrated in Fig. 4a, where subfigures (a)–(f)
depict the sequential deployment of the robotic network
alongside its evolving communication topology, subfigures
(g) and (h) map the corresponding state trajectories along
the x- and y-axes, and subfigures (i)–(l) detail the underly-
ing performance metrics. Quantitatively, the robotic network
successfully concluded the navigation profile within a total
wall time of 3.43 s, executing 963 control cycles—which
corresponds to an equivalent simulation time of 9.63 s. This
temporal efficiency is underscored by a highly deterministic
average computational overhead of 0.30ms per agent per
control loop. As shown in Fig. 4a(b), the network required
approximately 1.93 s of simulation time to accelerate from rest
and initiate meaningful spatial displacement. While this pro-
longed rise time is primarily a consequence of the large base
time-scaling parameter utilized within the trajectory planner,
such execution characteristics remain highly acceptable given
the total trajectory length of approximately 198.7m and the
conservative nominal dynamics of the microrover platform,
which operates at a baseline speed of 5.468 cm s−1 (as detailed
in Appendix A).

Throughout this entire operation, system safety and network
integrity were strictly preserved. All agents enforced robust
collision avoidance and topological survival by maintaining
a minimum safety margin of 2.165m and a minimum con-
nectivity margin of 18.58m, respectively. Within these safe
operational boundaries, the spatial accuracy of the system
was driven by the tracking performance of the virtual leaders,
which registered a mean reference trajectory tracking error of
20.08 cm. The peak tracking discrepancy localized near the
via-point coordinate (80, 80)m at a maximum of 61.17 cm,
demonstrating that the leader agents successfully navigated
the prescribed via-regions while bounding trajectory drift
well within sub-meter precision. Concurrently, the follower
agents rigidly adhered to the leaders’ tracking framework to
preserve the global affine formation geometry, maintaining a
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(b) Robotic network performance metrics: (i) trajectory and formation
tracking errors for leader agents (L1-L3) and follower agents (F4-F7),
(j) via-region clearance errors relative to the via-region radius (green
dashed line), (k) worst-case safety margins relative to the violation
threshold (red dashed line), and (l) computational execution workloads
per control loop.

Fig. 4: Comprehensive experimental results and performance
evaluation of the robotic network during the first navigation
task. The mission profile for leader agent L1 originates at
(20, 20)m, navigates through via-points at (80, 20)m and
(80, 80)m, and terminates at (80, 10)m. Detailed formation,
safety, and computational metrics distributions are tracked
via horizontal bars (median), triangles (mean), and circles
(outliers).

tight mean formation tracking error of 3.480 cm. Although
transient formation elongation and skewing were observed
during periods of intense leader acceleration, owing to the
inherent propagation delay required for the followers to syn-
chronize with the positive velocity step, the nominal forma-
tion geometry was rapidly re-established once global velocity
consensus was achieved. The coupled dynamics of AFC and
the obstacle avoidance layer within this scenario are detailed
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(b) Robotic network performance metrics: (i) trajectory and formation
tracking errors for leader agents (L1-L3) and follower agents (F4-F7),
(j) minimum closest approach errors to via-regions verifying boundary
penetration (green dashed line), (k) worst-case safety margins relative
to the violation threshold (red dashed line), and (l) execution work-
loads per control loop.

Fig. 5: Comprehensive experimental results and performance
evaluation of the robotic network during the second naviga-
tion task. The mission profile for leader agent L1 initiates
at (30, 10)m, sweeps through via-points at (70, 10)m and
(90, 50)m, (10, 50)m, and concludes at the target position
(10, 50)m. Detailed formation, safety, and computation met-
rics distributions are explicitly tracked via horizontal bars
(median), triangles (mean), and circles (outliers).

comprehensively in Appendix D.1.
The resulting navigation solution for the second scenario

are illustrated in Fig. 5a, where subfigures (a)–(f) capture
the temporal evolution of the robotic network, subfigures (g)
and (h) map the corresponding state trajectories along the
x- and y-axes, and subfigures (i)–(l) detail the underlying
performance metrics. Quantitatively, the multi-agent network
concluded the navigation profile in a wall time of 2.97 s,

executing 960 control loops, which corresponds to an equiv-
alent simulated time of 96.4 s. This profile was supported by
an average computational overhead of 232.8 µs±0.45ms per
control cycle. Global system stability was preserved within
this extended space-time profile: all agents enforced robust
collision avoidance and topological survival, maintaining a
minimum communication margin of at least 8.458m and a
minimum inter-agent safety margin of 1.821m. While the
communication margin remained invariant relative to the first
scenario, the safety baseline experienced a localized reduction
driven by aggressive transient acceleration profiles out of
the second via-region and sudden deceleration maneuvers
approaching the third via-region, though it remained well
within nominal operating tolerances.

Bounded by these safety guarantees, the internal system
accuracy was dictated by the leader agents, which achieved a
mean trajectory-tracking error of 30.22 cm. The peak tracking
discrepancy was bounded at 1.33m and localized near the via-
point coordinate (10, 70)m. As observed in prior evaluations,
the largest spatial deviations were strongly correlated with
regions of high curvature. This behavior stems from the
underlying C1 continuity of the reference trajectories, which
introduces discrete acceleration step changes, as visually evi-
dent near via-region (10, 70) in Fig. 5(e). These discontinuities
momentarily saturated the ability of the DMP-based controller
to ensure smooth, zero-lag tracking, inducing transient aggre-
gation within the leader subset and a localized compression
of the collective formation geometry. Nevertheless, the leaders
consistently attenuated these disturbances, rapidly recovering
accurate trajectory tracking following the transient deviations.
This rapid recovery manifested as a sharp acceleration phase
immediately after clearing the second via-region, as the DMP
controllers aggressively nullified the tracking lag accumulated
during the deceleration maneuvers through the first two curva-
tures. Concurrently, the follower agents tracked these leaders
to preserve the desired global affine formation, registering
an average formation tracking error of 5.61 cm. Although
temporary geometric deformations occurred under extreme
transient conditions, specifically where the leaders accelerated
rapidly through highly curved segments and generated abrupt
spatial variations, the followers successfully adapted within
their kinematic constraints, rapidly attenuating the tracking
lags to restore nominal formation integrity.

Overall, the empirical insights extracted from both experi-
mental scenarios comprehensively validate the efficacy of the
proposed robotic network architecture in executing complex,
operator-specified cooperative navigation tasks. The leader
agents consistently enforced path-tracking accuracy with sub-
meter precision while rigorously satisfying all prescribed via-
region constraints. Simultaneously, the follower agents regu-
lated the global affine formation with high fidelity, demonstrat-
ing resilient adaptability despite transient geometric contrac-
tions and abrupt configuration changes induced by reference
trajectory discontinuities. Most importantly, by preserving
robust, bounded safety and communication margins across all
test profiles, the architecture guarantees a reliable, collision-
free, and topologically connected framework for multi-agent
cooperative navigation in obstacle-free environment.
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TABLE II: Number of obstacles per scenario [30]

Scenario Rocks Craters Total obstacles
A 42 38 80
B 88 32 120
C 137 24 161

B. Local autonomy in cluttered environments experiment

1) Experimental Setup: The local autonomy capabilities
of the proposed framework were evaluated through a set
of synthetic simulations in highly cluttered environments.
The experiments were conducted using a multi-agent system
consisting of seven agents, comprising three leader agents
and four follower agents. Throughout this experiment, all
agents maintained a nominal configuration and interacted via
the predefined communication topology illustrated in Fig. 3,
establishing a baseline identical to the operation implemented
in Experiment A.

The simulation environment was defined over a 120m ×
120m workspace and populated with static obstacles dis-
tributed within the convex region defined by the vertices
(10, 10), (90, 10), (5, 90), and (90, 90). These obstacles con-
sisted of rocks and craters of varying sizes. Their spatial dis-
tribution followed an exponential density model [30], parame-
terized by the maximum obstacle counts specified in Table II
and constrained to a coverage density of approximately 15%
of the convex hull area. This setup yields progressively more
challenging navigation conditions across scenarios.

Each agent was modeled with a physical radius of rr =
0.25m and equipped with a sensing radius of rs = 10m
to enable local perception of environmental obstacles. Inter-
agent interaction was governed by a communication radius of
rc = 30m, with the connectivity decay rate set to αconn = 0.5
and the connectivity gain parameterized as Aconn = KconnID.
To govern the system’s temporal evolution, a base time-scaling
factor of τ base = 10 was employed in conjunction with
dedicated inter-agent, obstacle avoidance, formation tracking,
and connectivity maintenance time-scaling parameters, all
uniformly assigned as τ agent

extra = τ obs
extra = τ form

extra = τ conn
extra = 50.

To rigorously evaluate the performance and robustness of
the proposed framework within highly cluttered environments,
a Monte Carlo statistical procedure was implemented compris-
ing 500 independent simulation runs per scenario under ran-
domized obstacle layouts. Within this stochastic environment,
the multi-agent network was systematically benchmarked
against a baseline pure DMP (decentralized) framework to
evaluate three alternative follower control configurations:
pure DMP (connected), pure AFC, and the proposed hybrid
DMP-AFC formulation. The configuration-dependent follower
gain matrices were defined using Az,follower = KDMP

followerID,
Aform

follower = K form
followerID, and Bform

follower = Dform
followerID, as detailed

in Table III. Benchmarking directly against the decentralized
DMP baseline isolated the trade-offs between destination
reachability and formation maintenance under different control
objectives, while the leader agents maintained a constant DMP
gain of Az,leader = KDMP

leaderID = 250 · ID across all trials
to ensure a relaxed tracking baseline along the shortest path
toward the destination.

TABLE III: Control gain configurations for the four follower
control strategies.

Gain Pure DMP
(decent.)

Pure DMP
(conn.)

Pure
AFC

Hybrid
DMP-AFC

KDMP
follower 250 250 0 50

Kform
follower 0 0 300 250

Dform
follower 0 0 300 250

Kconn 0 1500 1500 1500

2) Tasks: The navigation task was defined such that the
leader agents were required to navigate from their respective
initial positions to designated target positions while avoid-
ing collisions with both obstacles and neighboring agents.
During task execution, the leaders implicitly governed the
global motion of the robotic network, while the follower
agents adapted their motions according to the evolving affine
formation geometry, if AFC is applied.

At the beginning of each simulation run, leader agent L1

was initialized at (0, 0)m and assigned a target position at
(100, 100)m. The initial and target positions of the remaining
agents were determined according to the nominal formation
configuration P∗ illustrated in Fig. 3, with the group heading
initialized at ψ = π/4 rad. Throughout the navigation process,
the leader agents advance towards their target destinations
and the follower agents proceed according to their set control
gains, all agents were required to preserve communication
connectivity by remaining within the communication radius of
their neighboring agents, as well as maintaining safe distances
with obstacles and other agents.

The task was considered successfully completed once all
agents reached their respective target positions within a posi-
tional tolerance of ε = 10 cm. To ensure bounded simulation
duration, each run was limited to a maximum of 100000
control steps. Any simulation run in which the agents failed to
reach the prescribed goal configurations within the allocated
control horizon was classified as a failed run.

3) Metrics: The performance of the proposed method is
evaluated using several complementary metrics that quantify
task success, communication robustness, and formation main-
tenance.

a) Reachability: Reachability evaluates the overall suc-
cess rate of the system across multiple Monte Carlo runs per
scenario. Let Nrun denote the total number of simulation runs
per scenario and Nsuccess the number of runs per scenario
in which all agents successfully reach their respective goal
positions within a prescribed position tolerance εrun > 0 ∈ R+

without deadlock or collision. The reachability is defined as

ν =
Nsuccess

Nruns
(33)

A run is considered successful if, for all agents i ∈ V ,∥∥∥z(K)
i − zgoal

i

∥∥∥
2
≤ εrun. (34)

This metric captures the robustness and reliability of the
proposed method under randomized and highly cluttered en-
vironments.
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b) Path length: The path length quantifies the efficiency
of the trajectories executed by the agents. For agent i, the path
length is defined as

Li =

K−1∑
k=1

∥∥∥z(k+1)
i − z(k)i

∥∥∥
2
, (35)

where z(k)i denotes the position of agent i at discrete timestep
k, and K is the total number of executed timesteps.

To evaluate system-level efficiency, the total path length
across all agents is computed as

L =

N∑
i=0

Li. (36)

Lower path length indicates more efficient navigation with
fewer detours caused by obstacle avoidance or inter-agent
interactions.

c) Formation error: The formation error quantifying the
deviation of the followers’ configuration from the nominal
formation, as previously described in (28).

d) Communication margin: The communication margin
quantifies the robustness of the underlying communication
graph throughout the execution phase. The communication
margin is defined in (30).

e) Safety margin: The safety margin not only evaluate
the inter-agent interactions, but also interaction with the ob-
stacles. Let O denote the set of obstacles. The safety margin
in (29) is expanded with obstacles and is defined as

µsafe = min
k

{
min

i,m∈O

∥∥∥z(k)i − zm
∥∥∥
2
− rm,

min
i̸=j

(∥∥∥z(k)i − z(k)j

∥∥∥
2
− 2rr

)}
, (37)

where rm denotes the effective radius of obstacle m. Positive
values indicate collision-free operation.

f) Computational complexity: The computational effi-
ciency is evaluated by taking the mean total computation time
over 500 runs per agent, using (31) and (32):

T agent
scenario =

1

Nruns

Nruns∑
n=1

K−1∑
k=0

T agent
run . (38)

From an algorithmic perspective, each agent performs com-
putations based on local interactions with its neighbors Ni

and sensed obstacles O(k)
i . Thus, the per-agent computational

complexity per step scales as O
(
|Ni|+ |O(k)

i |
)

. Under the
assumption of bounded communication degree and sensing
radius, this results in approximately constant per-agent com-
plexity, yielding overall linear scalability with respect to the
number of agents.

4) Results: The quantitative performance of each control
configuration across the three evaluation scenarios is summa-
rized in Table IV, with the complete statistical distributions
of each metric detailed in Appendix D.3 for a comprehensive
evaluation. An analysis of these empirical data reveals distinct
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Fig. 6: Trajectory evolution and time response of a 7-agent
multi-agent system successfully navigating through a clut-
tered environment in scenario A using hybrid DMP-AFC
approach. Panels (a)–(f) show representative snapshots of the
agents’ spatial configurations over time, including inter-agent
communication links (gray lines) and current agent positions
(markers). Panels (g) and (h) depict the temporal evolution of
the agents’ x- and y-coordinates, respectively.

trade-offs between the decentralized planning capability of
DMPs and the structural rigidity offered by AFC.

Specifically, the Pure DMP (decentralized) framework
yields the lowest mean total path lengths (e.g., 1153.70m in
Scenario C) and highly competitive execution times ranging
from 2.031 s to 2.297 s. However, this trajectory efficiency
comes at a severe cost to structural integrity and safety.
It exhibits the highest formation errors across all scenarios,
peaking at 5.0401m in Scenario B, and registers dangerously
negative communication margins down to −9.8159m, which
indicate frequent topology disconnections. Introducing explicit
communication links in Pure DMP (connected) successfully
rectifies connectivity, yielding the optimal communication
margins of the study (≥ 4.7618m) and the lowest overall wall
times (≈ 1.95 s to 2.16 s). Nonetheless, bounded formation
alignment remains poor at greater than 3.3m.

Conversely, the Pure AFC configuration prioritizes tight
topological tracking over spatial aggression. It achieves ex-
ceptional formation precision, maintaining an unparalleled
low mean formation error (≤ 0.8295m across all scenarios).
This structural rigidity, however, forces the multi-agent system
into highly conservative trajectories, resulting in a massive
path length overhead (∼ 1489m to 1543m) and nearly
doubled wall times (≈ 3.8 s to 4.1 s) compared to its DMP
counterparts. The proposed Hybrid DMP-AFC configuration
successfully bridges this gap by leveraging the advantages
of both methodologies. By combining the proactive trajectory
generation of DMPs with the reactive tracking corrections of
AFC, it achieves the highest overall mission success, leading in
reachability across all evaluations (99.2%, 98.6%, and 99.0%
for Scenarios A, B, and C, respectively). It simultaneously
strikes a robust balance in formation error (1.80m to 1.97m)
and guarantees a reliable, consistently positive communication
margin (≥ 3.2472m) without suffering the extreme path and
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TABLE IV: Evaluation Metrics Across Configurations, Where A, B, and C Denote the Respective Evaluation Scenarios

Reach. [%] Path [m] Form. Error [m] Time [s] Comm. Marg. [m] Safety Marg. [m]

Configuration A B C A B C A B C A B C A B C A B C

Pure DMP
(decent.) 95.4 94.0 93.6 1157.86 1163.60 1153.70 4.4440 5.0401 4.8702 2.031 2.297 2.260 -7.4158 -9.8159 -7.7549 0.5022 0.3215 0.3112

Pure DMP
(conn.) 96.6 94.0 95.2 1157.14 1170.81 1167.95 3.3426 3.6290 3.6082 1.952 2.160 2.165 5.4049 4.7618 5.1441 0.4947 0.3803 0.3490

Pure AFC 98.2 97.2 96.0 1523.85 1543.22 1489.17 0.7205 0.7643 0.8295 3.821 4.071 4.182 1.1455 0.8202 1.6823 0.3344 0.2751 0.2552

Hybrid DMP-AFC 99.2 98.6 99.0 1351.79 1347.59 1315.35 1.8081 1.9257 1.9766 3.607 3.833 3.936 3.2472 3.7015 4.1240 0.3981 0.3260 0.3050
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Fig. 7: Trajectory evolution and time response of a 7-agent
multi-agent trapped in a local minimum (red) in scenario
A using hybrid DMP-AFC approach. Panels (a)–(f) show
representative snapshots of the agents’ spatial configurations
over time, including inter-agent communication links (gray
lines) and current agent positions (markers). Panels (g) and
(h) depict the temporal evolution of the agents’ x- and y-
coordinates, respectively.

time inflation seen in the Pure AFC baseline.
To visually inspect these multi-agent dynamics under the

hybrid controller, a representative storyboard illustrating a
successful and efficient solution sequence is depicted in Fig. 6.
The behavioral trajectory directly mirrors the nominal statisti-
cal values reported in Table IV. Driven by the adaptive velocity
term, the agents proactively avoid incoming obstacles well
ahead of impending collisions while strictly maintaining a safe
inter-agent clearance baseline. Concurrently, the AFC con-
sensus protocol ensures that proper topology connectivity is
enforced. Whenever a pair of agents approaches the communi-
cation boundary, the control law generates a smooth attractive
force, nudging the vehicles to close the gap and keeping the
group tightly compact. Finally, as the leaders converge on the
designated target coordinates, their underlying DMP control
inputs decay exponentially. This decay naturally diminishes
the reference commands propagated to the followers, causing
the entire formation to smoothly stabilize and settle within
the strict target tolerance boundaries, taking approximately
an additional 25 s to achieve complete steady-state conver-
gence. The corresponding adaptive temporal synchronization
is demonstrated in Appendix D.2.

Conversely, a limitation of the framework to environmental

obstacles is illustrated through the failed navigation of L3

(red) presented in Fig. 7. Here, mission failure is primarily
driven by the emergence of local minima within the potential
field landscape, which represents an inherent drawback of
potential-field-based navigation methodologies. This suscep-
tibility becomes critically pronounced when dense obstacle
clusters aggregate into nonconvex geometric profiles. Such
configurations can physically trap a routing agent, forcing
the remaining unconstrained agents to halt or drop behind
indefinitely to prevent a catastrophic breach of the global
communication topology.

Nevertheless, the coupled nature of the control law also
enables successful trap-escape behaviors. Despite localized
entrapment within a non-convex obstacle basin, the active for-
mation consensus and connectivity feedback terms can inject
sufficient structural restoring forces to pull trapped follower
agents out of the local minimum. However, this cooperative
escape mechanism exhibits an asymmetric dependency on the
agent’s role. If a leader agent becomes entrapped, it cannot
leverage formation-tracking internal forces and must rely
solely on the net topology connectivity vector. Consequently,
leader escape is guaranteed to fail if the concave boundary
of the local minimum points in a direction approximately
opposite to the net connectivity pull, cementing the operational
boundaries of the autonomous framework.

Lastly, despite the proposed follower controllers maintain-
ing net-positive mean communication and safety margins
across all scenarios alongside proven stability and convergence
properties, certain outliers still violate the connectivity and
safety boundaries of the agents, as illustrated in Figs. 20-
22. These boundary violations are primarily driven by a
transient imbalance in the interaction between the forward-
advancing control components (the DMP and AFC terms) and
the reactive safety components (the obstacle avoidance, inter-
agent collision avoidance, and connectivity terms). Conse-
quently, addressing these localized edge cases through adaptive
parameter tuning or dynamic gain scheduling remains an area
requiring additional attention to further improve worst-case
performance metrics.

V. DISCUSSION

This study demonstrates that DMPs and AFC can be
effectively unified to enable formation-aware, adaptive, and
cooperative navigation on the lunar surface. Motivated by
the critical need to incorporate human-in-the-loop supervision
without inflating operator workload, eliminate single points
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of failure, and minimize reliance on explicit plant models,
the proposed framework successfully balances high-level path
guidance with low-level autonomous safety. Structurally, be-
cause the framework decouples trajectory generation from a
platform’s specific differential constraints, it circumvents the
need for explicit system modeling and can be deployed across
heterogeneous robotic networks.

At the high-level of human-guided trajectory tracking,
empirical results validate that the leaders successfully steer
the network through operator-specified via-regions with sub-
meter precision, smoothly accommodating the acceleration
discontinuities introduced by the C1 continuity of the reference
paths. Under these turning profiles, the follower agents rigidly
preserve the global affine formation. However, a high-level be-
havioral artifact arises when leaders accumulate tracking lag:
the subsequent exponential acceleration driven by the DMP
tracking terms can induce transient structural deformations
and skewing. Fortunately, because the AFC consensus pro-
tocol actively tracks both velocity and acceleration states, the
collective formation rapidly attenuates these errors to restore
nominal geometry. Furthermore, tuning the global temporal
scaling factor τ base offers a direct administrative mechanism
to mitigate this lag by dynamically dampening the reference
trajectory velocity.

Descending to the low-level mechanics of autonomous navi-
gation, safety is enforced through volumetric artificial potential
fields that dynamically reject multi-scale obstacles and avoid
inter-agent collisions. By integrating the agents’ instantaneous
velocity vectors into the potential function, the framework
generates proactive, early avoidance maneuvers that scale with
the sensing radius rs. The inclusion of adaptive temporal
scaling significantly improves this navigation capability. By
dynamically modulating the temporal factor, it enables agents
with high velocity or acceleration to actively slow down before
reaching obstacles or neighboring agents, thereby facilitating
smoother, more controlled deceleration profiles. Despite this
predictive capability, extreme spatial discontinuities or po-
sitional jumps can still manifest if an agent penetrates an
obstacle’s nominal safety radius. While saturating the peak
repulsive force suppresses these severe control inputs, force
saturation risks causing a total safety violation. Under dense
obstacle configurations, the saturated avoidance vector can
be dominated by competing forward-advancing or formation-
holding forces, creating a net force vector that inadvertently
drives the agent into the obstacle.

This low-level interaction between environmental avoid-
ance and structural constraints exposes a systemic network
limitation: the connectivity maintenance framework can in-
advertently reintroduce a single point of failure within an
otherwise decentralized system. If an individual agent becomes
entrapped within a non-convex obstacle local minimum, the
remaining unconstrained agents will enter a deadlock state,
halting forward progress to prevent a breach of the communi-
cation topology radius rc. This vulnerability is critically severe
when a leader agent becomes trapped, given that a minimum of
three operational leaders is structurally required to satisfy the
affine formation constraints. To mitigate this, future iterations
must either integrate a dynamic topology-switching failsafe

mechanism where a free follower automatically inherits the
role of an entrapped leader, or implement a DMP-switching
mechanism that transitions the network to a new dynamic
movement primitive specifically tailored to escape local min-
ima.

Furthermore, statistical outliers reveal connectivity bound-
ary violations across various gain configurations, particularly
within the pure AFC baseline. Because the baseline connectiv-
ity function omits higher-order velocity and acceleration feed-
back, the formation maintenance terms dominate the control
loop as the formation scaling factor expands. Consequently,
pure AFC lacks an intrinsic mechanism to guarantee network
bounding when leaders diverge aggressively around obstacles.
In the connected DMP and hybrid configurations, these resid-
ual violations are exacerbated by high-gain obstacle potential
fields that deflect peripheral agents away from the cluster.
Resolving these edge cases requires a structural upgrade to
the connectivity controller, specifically, incorporating match-
ing velocity and acceleration terms to balance out the AFC
expansion forces, alongside multi-objective optimization to
balance safety and connectivity gains.

When mapping these continuous control laws onto physical
hardware that relies on discrete actuation primitives, such as
the Lunar Zebro rovers, additional algorithmic modifications
are required to translate continuous command velocities into
sets of discrete motion primitives. From an online computa-
tional perspective, however, the proposed architecture remains
highly feasible, matching the order of complexity of standard
baseline methods. The primary bottleneck within the control
loop stems from evaluating the volumetric obstacle avoidance,
which scales linearly with the number of obstacles populated
within the local sensing radius. Nevertheless, because the
execution overhead remains strictly within the microsecond
range per cycle, the global mission planning time is kept
to a few seconds. This performance is highly efficient for
slow-moving lunar rovers that displace at centimeter-per-
second scales, confirming that the algorithm is fully capable
of real-time, online deployment on resource-constrained flight
computers prioritized for robustness and reliability.

Ultimately, assuming an obstacle-free destination zone and
appropriately bounded collision avoidance parameters, DMP
guarantees asymptotic convergence of the leader agents to-
ward their target configurations, which inherently drives the
follower agents toward its stable steady-state formation. While
AFC performs exceptionally well within obstacle-free envi-
ronments, its efficacy in maintaining sub-meter formation pre-
cision degrades in highly cluttered terrain. This performance
degradation is primarily caused by the decentralized nature
of the architecture, which leaves the leaders with no intrinsic
knowledge of the global formation state when executing inde-
pendent obstacle avoidance maneuvers. To address this limita-
tion, additional DMPs could be integrated to enforce structural
constraints, such as compelling the sub-leaders (L2, . . . , LNL

)
to maintain a fixed relative offset from the primary leader
(L1) to prevent formation collapse. Alternatively, providing the
leaders with real-time feedback regarding the collective config-
uration would enable continuous, shape-preserving adaptations
that strictly adhere to admissible affine transformations.
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For future work, several critical directions will advance
the capabilities and technical readiness of this architecture.
First, physical field validation will transition these control
laws from synthetic environments onto physical multi-rover
hardware platforms, such as the Lunar Zebro, evaluated within
high-fidelity lunar analogue testbeds. Second, semantic hazard
integration enhances the high-level supervisory teleoperation
layer by embedding operator-defined, terrain-aware risk re-
gions directly into the proactive trajectory generator, thereby
preventing the multi-agent network from encroaching upon
treacherous topography such as steep crater rims. Third, a
decentralized, UWB-based relative localization scheme will
be developed by adapting the affine control laws to utilize
local barycentric coordinates referenced to a primary anchor
node (L1), eliminating reliance on global positioning. Fi-
nally, to transcend the heuristic limitations of potential fields,
CBFs synthesized from the system’s internal dynamics will
be implemented to provide mathematically rigorous, hard
safety guarantees for both inter-agent collision avoidance and
topological connectivity maintenance.
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of an integrated computing, sensing, and actuation architecture
designed for multi-agent operations.

A. Computational Architecture and Power Distribution

The onboard computational core is a Raspberry Pi 5 single-
board computer featuring an ARM quad-core Cortex-A76
CPU, 8GB of RAM, and a 128GB solid-state microSD
card for data logging and storage. The system runs a real-
time optimized Ubuntu 24.04 LTS operating system. High-
level algorithmic execution, multi-agent communication, and
sensor orchestration are handled via the Robot Operating
System 2 (ROS 2) Jazzy. Power distribution to the compu-
tational sub-units and the actuation systems is managed via
a 14.4V lithium-ion battery pack with a nominal capacity
of 4900mAh, providing a stable power supply for short
experimental field runs.

B. Sensor Suite and Localization Modalities

The perception and localization network combines optical,
inertial, and radio-frequency modalities to enable accurate
decentralized state estimation:

• Vision System: Primary exteroceptive sensing is per-
formed by a dual optical camera array. Each imaging
module incorporates a Sony IMX219 image sensor with
a focal length of 3.04mm and a horizontal field-of-view
(FOV) of 62.2◦. The sensors provide a maximum photo
resolution of 3230 × 2462 pixels for localized spatial
tracking.

• Inertial Measurement Unit (IMU): Kinematic data and
local magnetic variations are captured via an Adafruit 9-
degree-of-freedom (DOF) BNO055 intelligent IMU. This
sensor integrates three primary triaxial components to
fulfill distinct navigation and estimation roles:

– Accelerometer: Measures total translational accel-
eration, which encompasses both the dynamic linear
motion vectors of the rover and the static gravita-
tional vector, in ms−2. By decoupling these com-
ponents, it provides independent metrics for linear
acceleration and gravity direction, allowing the sys-
tem to estimate inclination (pitch and roll) relative
to the Earth’s gravitational field.

– Gyroscope: Measures the angular velocity vector
across three orthogonal axes in rad s−1. It detects ro-
tational changes in real time, enabling the tracking of
instantaneous orientation adjustments and transient
maneuvering characteristics.

– Magnetometer: Measures the ambient magnetic
field strength vector in µT. By registering the lo-
cal geomagnetic field vector, it serves as a digital
compass that yields an absolute heading (yaw) ref-
erence, preventing long-term rotational drift inherent
to gyroscopic integration.

An internal hardware fusion processor combines these
complementary data streams to continuously synthesize
absolute orientation vectors represented as both Euler
angles and quaternions.

• Ultra-Wideband (UWB) Localization: Absolute 3D po-
sitioning data is obtained through an onboard Decawave
DWM1001 UWB antenna module. This module calcu-
lates coordinates using time-of-flight (ToF) trilateration
relative to static anchor nodes, establishing bounded
spatial localization when the vehicle operates within the
convex hull formed by the anchor network.

C. Actuation and Kinematic Modeling

The locomotion system consists of six independent, oblong
circular-arc wheg segments optimized for traversing unstruc-
tured environments. Each individual wheg subtends an angle
of 70◦ with an arc length of approximately 10.94 cm, yielding
an effective wheel radius of reff = 8.951 cm.

Each wheg is actuated by a dedicated Faulhaber 1226S006B
brushless DC (BLDC) motor operating within a nominal input
voltage range of 6V to 24V. The motors deliver a rated
continuous torque of up to 2.13mNm, a stall torque of
10mNm, and a no-load speed of up to 29 700RPM. For
torque amplification, each motor is coupled to a planetary
gearhead with a 4 : 1 transmission reduction ratio. Primary
low-level state feedback is supplied by integrated digital Hall-
effect sensors functioning as incremental quadrature encoders.

The actuators are regulated by low-level, position-controlled
Proportional-Integral-Derivative (PID) motor drivers that com-
mand each wheg to a target angular position ϑ ∈ S1.
By modulating the target duration T over which a position
trajectory sequence is executed, the average joint angular
speed ϑ̇ = ω is adapted. Through empirical verification, the
minimum duration required to safely execute a full 360◦ joint
rotation without undesired behaviors was determined to be
Tmax = 2000ms. Consequently, the maximum achievable
linear progression velocity of the rover is structurally bounded
by:

vmax = ωmaxreff =
70◦

360◦
2πreff

Tmax
= 5.468 cm s−1. (39)

D. Locomotion Control and Action Space

The mobility controller abstracts the underlying low-level
joint synchronization into a discrete action space comprising
M = 8 high-level motion primitives:

A = {forward, backward, turn-left, turn-right,
arc-fw-left, arc-fw-right,
arc-bw-left, arc-bw-right}.

(40)

To command vehicle motion, each high-level primitive is
explicitly parameterized with a scheduled execution duration,
which maps directly to the execution period of a full gait
sequence or single joint rotation [42]. This unified abstrac-
tion bridges the discrete physical actuation capabilities of
the whegged hardware with continuous trajectory generation
frameworks.



ALEXANDER JAMES BECOY: FORMATION-AWARE DYNAMIC MOVEMENT PRIMITIVES 19

APPENDIX B
ULTRA-WIDEBAND CALIBRATION

A. Introduction

Space exploration is one of humanity’s most ambitious
endeavors, with robotic systems playing a crucial role in early
extraterrestrial missions by advancing scientific understanding
and preparing infrastructure for future human exploration [1].
Multi-robot systems are particularly advantageous in harsh
environments such as the lunar surface, as they provide
distributed sensing, redundancy, and scalability. Applications
include radiation mapping [5], in-situ resource exploration [3],
[4], lava tube detection for potential habitats [6], [7], and
the deployment of large-scale infrastructures such as lunar
telescope arrays for high-resolution astronomical observations
[43].

To achieve large-area coverage in a cost-effective manner,
fleets of low-end microrovers are deployed in cooperative
networks spanning several meters. These rovers typically have
a base mass below 10 kg [30], imposing strict constraints
on power consumption, sensing, and computational resources.
As coordination in such multi-agent systems relies on com-
munication and localization, GNSS-denied environments such
as the Moon require relative localization techniques [23].
Integrating communication and localization through wireless
technologies reduces hardware complexity while maintaining
functionality in resource-constrained settings. In particular,
time-of-flight (TOF) measurements between rovers can sup-
port affine formation control (AFC) methods for relative
localization using geometric constraints among agents [22].

Ultra-Wideband (UWB) communication represents a com-
pelling solution for joint data exchange and precise localiza-
tion in multi-agent networks, offering superior energy effi-
ciency and distinct ranging precision compared to Wi-Fi and
Bluetooth [44], [45]. This high-resolution timing capability
has driven its adoption in aerospace applications, including
object positioning aboard the International Space Station [46]
and tracking extraterrestrial rovers in environments devoid
of Global Navigation Satellite System (GNSS) infrastruc-
ture [47]. Furthermore, recent qualification campaigns have
demonstrated that UWB hardware can successfully endure the
rigorous environmental demands of spaceflight, validating its
readiness for lunar exploration [48].

Despite these advantages, achieving high-fidelity UWB lo-
calization requires mitigating deterministic and stochastic error
sources, such as antenna delay biases, clock desynchroniza-
tion, and severe multipath propagation [49], [50]. Because
these challenges scale with network size, multi-robot systems
are often motivated to periodically assume known formations
to systematically calibrate ranging biases and synchronize
distributed internal clocks. While the practical operating range
of low-power UWB transceivers is typically constrained to
approximately 30 meters under line-of-sight (LOS) conditions,
this envelope is well-suited to support the localized, coopera-
tive maneuvers of microrover networks on the lunar surface.

[48] utilizes the DWM1000 module as the core radio
frequency (RF) block for its lunar demonstration payload. This
widely adopted UWB transceiver supports high-bandwidth

Fig. 9: Signal propagation model between transceiver nodes
i and j. Blue boxes denote measured transmission (T̃ij , T̃ji)
and reception (R̃ij , R̃ji) timestamps. The true TOF is τij (red
arrows). The total forward and reverse delays (yellow and red
paths) are modeled as τi→j and τj→i, where antenna-induced
delays (µ(·),TX, µ(·),RX) are scaled by node-specific clock drift
coefficients αi and αj .

data rates up to 6.8 Mbps [51]. However, when referenced
to the physical layer, the timestamps recorded at the data-
link layer exhibit a pronounced propagation delay driven by
antenna-induced delays effects. This antenna-induced delay
introduces a systematic timing offset, as illustrated in Figure 9.
To mitigate the separate challenges of extreme radiation,
vacuum, and thermal cycles in the lunar environment, the
architecture presented in [48] embeds the DWM1000 within
a hardened space-grade node, coupling it with a radiation-
tolerant GR716 main processor unit (MCU), redundant flash
memories, and dedicated thermal monitoring converters.

In addition to antenna-induced delays, each device operates
using an independent internal clock. Variations arising from
manufacturing tolerances, computational load, and environ-
mental conditions can introduce discrepancies among these
clocks [52]. Consequently, clock offsets and clock skews may
arise even between nominally identical devices, which can
significantly degrade localization accuracy. If left uncalibrated,
this clock desynchronization compounding with the aforemen-
tioned antenna-induced delay propagates directly into the TOF
calculations, introducing a severe ranging bias that scales as a
function of the accumulating time offset. Therefore, to ensure
coherent system operation and to enable real-time distributed
relative localization for inter-agent coordination, inter-device
calibration and precise clock synchronization are essential.

1) Related Works: Inter-device calibration and clock syn-
chronization in UWB systems have evolved from physical-
layer waveform adaptations to protocol-level optimizations
and statistical learning frameworks. A central challenge across
these domains is mitigating systematic, hardware-induced er-
rors, such as internal clock drift, antenna delays, and signal-
power dependencies, which severely degrade localization pre-
cision even in LOS conditions [53], [55].

Early literature prioritized mitigation directly at the physical
layer. [53] mapped raw UWB waveforms to ranging bias
estimates using non-parametric regression methods, providing
rich error quantification at the cost of high computational
demands. To address network scale, research shifted toward
scalable, concurrent ranging and broadcast protocols [54].
While protocols like [54] minimize channel utilization via
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TABLE V: A Review of State-of-the-Art UWB Calibration and Localization Solutions Compared to the Proposed Study.

Author (year) Core Methodology Error Sources
Addressed

Infrastructure
Dependence

Space Mission
Ready

Wymeersch et al. (2012) [53] Non-parametric ML
Regression

Waveform distortion &
biases

Large offline training
dataset

No

Shan et al. (2022) [54] Broadcast Timestamp
Exchange

Protocol latency &
scaling

High-density active
nodes

No

Cano et al. (2022) [55] Power-dependent
Correction

Clock skew & path loss Hardware-specific
calibration

No

Shalaby et al. (2023) [56] Linear LS with Cauchy
Loss

Signal-dependent
antenna delay

External motion capture
system

No

Haggenmiller et al. (2024) [57] Non-parametric
Optimization

Empirical NLOS
distributions

Known target network
anchors

No

This study Formation-constrained
Joint Estimator

Coupled clock &
antenna biases

None (Self-contained
via geometry)

Yes

simultaneous single-to-many timestamp exchanges, their per-
formance degrades under severe packet collisions in dense
agent networks.

Concurrently, algebraic and statistical modeling of
hardware-specific parameters gained traction. [55] leveraged
lightweight, power-dependent models suitable for resource-
constrained architectures, though the framework remains
limited to LOS conditions. For multi-robot systems, [56]
proposed a scalable antenna-delay calibration via a robust
linear least-squares formulation with Cauchy loss, while
[57] introduced a non-parametric optimization framework
to jointly estimate hardware biases and node positions in
non-line-of-sight (NLOS) environments. Similarly, decoupled
joint localization and synchronization schemes have been
studied to minimize structural coupling [52].

Despite these advancements, high-accuracy alternatives con-
sistently rely on external ground-truth systems (e.g., motion
capture) or decouple synchronization and calibration, which
neglects residual coupling errors. Furthermore, these methods
do not account for the operational boundaries of severe plan-
etary environments lacking satellite navigation infrastructure
[47], [48].

Table V outlines how the framework proposed in this work
addresses these research gaps. In contrast to state-of-the-art
solutions, our approach provides a coupled, resource-efficient
estimation of both clock synchronization and antenna-induced
delay biases to precisely calibrate the system. This onboard
calibration then serves as a critical prerequisite input for multi-
agent coordination strategies, such as AFC. By utilizing the
calibrated nodes to establish rigid formations, the system can
subsequently maintain exact inter-node baseline distances a
priori and bypass the need for external positioning infrastruc-
ture.

2) Contributions: The contributions of this paper are sum-
marized as follows:

• We propose a joint clock synchronization and antenna
delay calibration tailored to low-end lunar microrovers
operating in GNSS-denied environments.

• We validate the proposed approach through system-level
analysis and experimental evaluation on real hardware,
demonstrating reliable synchronization and ranging per-
formance under realistic operating conditions and hard-
ware imperfections.

• We release an open-source experimental dataset to sup-
port reproducibility and encourage further research in
synchronization and ranging for resource-constrained
multi-robot systems.

The remainder of this paper is organized as follows. Sec-
tion B.2 presents the system model and requirements, together
with background on offline and online joint calibration and
ranging, as well as antenna-induced delays. Section B.3 de-
scribes the proposed method for estimating antenna-induced
delays. Section B.4 presents the experimental evaluation and
discussion of the main results. Finally, conclusions are drawn
in Section B.5.

Notations: The Kronecker product is indicated by ⊗ and the
transpose operator by (·)T . 1N =

[
1 1 . . . 1

]
∈ RN×1 is

a vector of ones and IN is a N ×N identity matrix.

B. Preliminaries
1) System Modeling and Requirements: We consider a dis-

tributed robotic network operating within a two-dimensional
workspace R2, comprising a set of N homogeneous mi-
crorovers whose communication topology is modeled as an
undirected, time-invariant graph G = (V, E). Here, V =
{1, 2, . . . , N} represents the vertex set of rovers and the edge
set E = {(i, j) ∈ V × V | ∥xi − xj∥ ≤ rc, i ̸= j}
defines the permissible bi-directional communication links
within a uniform maximum transceiver range rc ∈ R++.
Crucially, we assume strict, bi-directional LOS conditions
exist for every active edge (i, j) ∈ E , meaning the UWB
propagation paths are completely unobstructed by lunar terrain
features, thereby eliminating NLOS stochastic attenuation.
Furthermore, to perform the joint synchronization and antenna
delay calibration, all rovers are assumed to remain fixed in
place during the calibration sequence (ẋi = 0 ∀i ∈ V).
This node stationarity ensures that the true physical inter-
node Euclidean distances dij = ∥xi − xj∥ remain constant
and known a priori, providing the essential deterministic
geometric constraints required to decouple and estimate co-
dependent tracking biases before initiating dynamic multi-
agent coordination.

Because the target platforms are localized, energy-
constrained microrovers with restricted onboard capabilities,
the system architecture must enforce minimal space com-
plexity and adhere to strict computational bounds [58]. All
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algorithms must execute deterministically in real time on
resource-constrained embedded hardware, precluding the use
of large memory-intensive data structures or high-power cen-
tral processing units. Furthermore, the calibration framework
must scale gracefully with an increasing number of network
participants, ensuring that both communication overhead and
processing demands remain tightly bounded as the rover
swarm expands. To support prolonged lunar surface explo-
ration, a baseline positional accuracy of 1m (corresponding
to a TOF resolution of approximately 3.34 ns) is established
as sufficient for operational safety [59]. This requirement
aligns with the sparse, open nature of the lunar landscape,
which presents fewer tight obstructions compared to cluttered
terrestrial environments. Consequently, because the platforms
navigate at low velocities, the strict tracking demands on
localization update frequency and sub-meter precision are re-
laxed, allowing the resource-constrained nodes to sustain safe
navigation using coarser, computationally efficient estimation
routines.

Mathematically, the network-wide estimation problem is
framed around an explicit partitioning of environmental invari-
ants and measured observables against hidden internal state
variables. The known deterministic inputs to the calibration
system consist of the static inter-node physical distances
alongside the discrete sets of observed transmission and
reception timestamps exchanged over active communication
edges. Conversely, the unknown state vector to be jointly
identified encompasses the internal clock skews, the absolute
time clock offsets, and the non-negligible hardware antenna-
induced delays unique between each rover pair.

2) Offline Clock Synchronization and Ranging: [52] pro-
posed an algorithm for joint clock synchronization and dis-
tance estimation among stationary devices. Consider the two-
way measurement process between a pair of devices, denoted
as node i and node j. As illustrated in Figure 10, the devices
exchange messages such that node i records the transmission
timestamp Tij,k and the reception timestamp Rij,k, while
node j similarly records Tji,k and Rji,k during the k-th
message exchange round.

The resulting pairwise two-way measurements can therefore
be modeled as follows:

αiTij,k = αjRji,k − βi + βj − τij − αiq1,k + αjq2,k, (41a)
αiRij,k = αjTji,k − βi + βj + τij − αiq3,k + αjq4,k. (41b)

Here, αi and βi denote the encoded clock skew and clock
offset parameters of node i, respectively, while αj and βj
represent the corresponding parameters for node j. The quan-
tity τij ≜ dij/c denotes the propagation delay between nodes i
and j where dij is the pairwise distance between node i and j,
and c is the speed of light in vacuum. qk represents a statistical
noise component at the k-th message.

For K message exchanges per node, the timestamps can
be vectorized accordingly. At node i, the timestamp vec-
tor is defined as tij = [Tij,1, Rij,1, . . . , Tij,K , Rij,K ]T ∈
R2K×1, while at node j, the corresponding vector is given
by tji = [Rji,1, Tji,1, . . . , Rji,K , Tji,K ]T ∈ R2K×1. Conse-

Fig. 10: Symmetric round-robin two-way TOF protocol be-
tween nodes (i, j) across K message exchanges. Nodes i
and j log K/2 local transmission and reception timestamps,
namely Tij,k, Rij,k and Tji,k, Rji,k, respectively. The curved
lines represent the nonlinear temporal evolution induced by
time-varying clock drift and hardware instabilities (inspired
by Fig. 1 in [52]).

quently, (41a) and (41b) can be extended to accommodate K
message exchanges as follows:

[
tij −tji 12K −12K e

]

αi

αj

βi
βj
τij

 = qij (42)

where e = [−1,+1,−1,+1, . . .]
T ∈ R2K×1, and qij denotes

the aggregated noise vector affecting the node pair. By se-
lecting node i as the reference node, i.e., setting αi = 1 and
βi = 0, the vector tij can be moved to the right-hand side of
the equation:

Ajiθj = tij + qij , (43)

where Aji =
[
tji 12K −e

]
∈ R2K×3 and θj =[

αj βj τij
]T ∈ R3×1. Moreover, since the resulting system

matrix Aji is fully ranked, the estimation problem admits a
unique solution for the clock parameters at node j as well
as for the propagation delay between nodes i and j. The
parameters, θj , is obtained by minimizing the least squares
norm:

θ̂j = argmin
θj

∥Ajiθj − tij∥22 =
(
AT

jiAji

)−1
AT

jitij . (44)

The optimization problem can be extended to a network
comprising N nodes, represented as an undirected graph G =
(V, E). To obtain a globally optimal estimate of all N − 1
unknown clock parameters and all pairwise propagation delays
using a single clock reference, the graph must be connected,
ensuring that every node is reachable from the reference. By
selecting node 1 as the reference, i.e., imposing [α1, β1] =
[1, 0], and denoting the timestamp vector at node 1 by t1,
network-wide synchronization and ranging can be formulated
as the following least-squares minimization problem:

θ̂ = argmin
θ

∥Aθ + t1∥22 = (ATA)−1AT t1, (45)
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where

A =
[
T E1 E2

]
∈ R2KM×L,

θ =
[
α β τ

]T ∈ RL×1.

T ∈ R2KM×N aggregates the timestamp vectors from all
N − 1 unknown nodes, while E1 ∈ R2KM×N is a matrix of
linear combinations of ±12K that encodes the clock offsets.
The matrix E2 = −IM ⊗ e ∈ R2KM×M characterizes the
pairwise propagation delays, with M denoting the number
of node pairs, and L = 2N + M − 2. It is important to
note that network connectivity is a prerequisite for feasible
synchronization. However, missing links may lead to subopti-
mal estimation of pairwise distances between those particular
nodes.

3) Online Clock Synchronization and Ranging: In energy-
constrained and operational environments such as the lunar
surface, minimizing power consumption and ensuring ex-
ecution efficiency is critical, particularly when calibration
procedures run online on low-end microrovers with strictly
bounded processing and memory resources. To accommodate
these hardware limitations, the block least-squares problem
can be reformulated into a recursive, iterative least-squares
approach [60]. This recursive modification compresses the
space complexity from O(K) to O(1) for pairwise tracking
by eliminating the need to store historical timestamp profiles.

Consider an active pairwise communication link between
node i and node j, the sequential parameter estimation update
upon receiving the k-th two-way measurement vector tij,k ∈
R2×1 is expressed as follows:

Kji,k = Σji,k−1A
T
ji,k

(
I2 +Aji,kΣji,k−1A

T
ji,k

)−1

,(46a)

θ̂j,k = θ̂j,k−1 +Kji,k(tij,k −Aji,kθ̂j,k−1), (46b)

Σji,k = (I3 −Kji,kAji,k)Σji,k−1 (I3 −Kji,kAji,k)
T
,(46c)

where θ̂j,k ∈ R3×1 denotes the updated parameter estimate
vector at index k, Σji,k ∈ R3×3 represents its associated
estimation error covariance matrix, and Aji,k ∈ R2×3 is the
local measurement matrix mapping the timestamps logged
by node j. Kji,k ∈ R3×2 represents the estimator gain
matrix, which dictates the weight assigned to the measurement
innovation residual (tij,k −Aji,kθ̂j,k−1).

For centralized network-wide clock synchronization and
ranging with N many nodes, the formulation can be extended
to

Kk = Σk−1A
T
k

(
I2M +AkΣk−1A

T
k

)−1
, (47a)

θ̂k = θ̂k−1 +Kk(t1,k −Akθ̂k−1), (47b)

Σk = (IL −KkAk)Σk−1 (IL −KkAk)
T
, (47c)

where Ak,Ak−1 ∈ R2M×L are the network-wide measure-
ment matrices, and Σk,Σk−1 ∈ RL×L are the associated
estimator error covariance matrices at time instants k and k−1,
respectively. By exploiting this recursive structure, the storage
complexity is reduced from O(KLM) in the offline approach
to O(LM), resulting in significantly improved memory effi-
ciency without degrading estimation performance.

4) Device-specific Antenna-Induced Delays: In practice, an
inherent delay exists between the measured timestamps and the
effective antenna reference point due to hardware and design
limitations. This delay introduces a systematic error in the
observations that cannot be captured by the statistical noise
term q. As illustrated in Figure 9, the observed transmission
and reception timestamps obtained from the data link layer at
an arbitrary node, denoted by T̃ and R̃, respectively, can be
expressed as

T̃ = T − µT , (48a)
R̃ = R+ µR. (48b)

where µT and µR denote the antenna delays associated with
the TX and RX channels of the considered node, respectively.
For the sake of clarity, we first revisit the case of pairwise
communication (41). The observed TOF, denoted by τ̃ , from
node i to node j, denoted with subscript i → j, and j → i
vice versa, are given by:

τ̃i→j = τij + αiµi,T + αjµj,R, (49a)
τ̃j→i = τij + αiµi,R + αjµj,T . (49b)

where τij denotes the true propagation delay between node
i and node j, and µi,T and µi,R represent the TX and RX
antenna delays of node i, respectively, and T and R denote the
actual timestamps the signal leaves and arrives, respectively.
Similarly, µj,T and µj,R denote the corresponding TX and RX
antenna delays of node j. It is important to emphasize that
these antenna delays are scaled according to the clock skew
of their corresponding node. Moreover, τ̃i→j and τ̃j→i are not
necessarily identical, since the antenna delays associated with
the TX and RX channels at each incidental node may differ.

To quantify the systematic error introduced by the antenna
delays, the timestamps in (41a) and (41b) must be substituted
in (48a)-(48b). Since the systematic error in the estimated
propagation delay represents the aggregate effect of the an-
tenna delays introduced by the respective devices, the individ-
ual antenna delays relative to each device are not of interest.
Instead, the focus lies on their combined contribution to the
overall observation. Consequently, the clock skew factors can
be absorbed into the antenna delay terms. This reformulation
further preserves the convexity of the resulting optimization
problem. For notational clarity, we define αiµi,T ≜ δi,T as the
effective TX antenna delay at node i, and similarly denote δi,R
as the effective RX antenna delay at node i. This procedure
leads to the following expression:

αiT̃ij,k − αjR̃ji,k + βi − βj + τij

= −δi,T − δj,R − αiq1,k + αjq2,k, (50a)

αiR̃ij,k − αj T̃ji,k + βi − βj − τij

= δi,R + δj,T − αiq3,k + αjq4,k. (50b)

By substituting (49a) and (49b) into (50a) and (50b),
respectively, we get
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αiT̃ij,k − αjR̃ji,k + (βi − βj) + τ̃i→j

= −αiq1,k + αjq2,k, (51a)

αiR̃ij,k − αj T̃ji,k + (βi − βj)− τ̃j→i

= −αiq3,k + αjq4,k. (51b)

which demonstrates that intrinsic antenna delays affect
only ranging, while clock synchronization remains unaffected.
Accordingly, clock parameters between devices can still be
reliably estimated by solving an unconstrained least-squares
optimization problem in which the propagation delay, τ , is
excluded from the parameter space, θ. Moreover, using affine
model for clocks, the true propagation delay, τ , and the an-
tenna delays, δ, cannot be jointly estimated, as each parameter
depends on prior knowledge of the other. This interdependence
leads to a lack of identifiability within the proposed model
without additional constraints.

C. Proposed Algorithms

1) Antenna-Induced Delay Estimation: To estimate the
systematic errors arising from antenna-induced delays at each
node, the true propagation delay τij must be isolated from
the observed round-trip time measurements between nodes
i and j, denoted by τ̃ i→j and τ̃ j→i. In this work, the true
propagation delays are assumed to be known during dedicated
calibration phases, which are enabled by enforcing a known
geometric configuration of the robotic team, such as an affine
formation. This controlled formation provides prior knowledge
of inter-agent distances, allowing the geometric propagation
component to be separated from hardware-induced timing
offsets.

However, this separation is complicated by the presence
of unknown clock parameters across the network, which
must be estimated prior to extracting antenna-induced effects.
Specifically, the clock state of node i is parameterized as
θ̄i ≜ [αi, βi], and analogously for node j as θ̄j . These parame-
ters are estimated by reformulating (50a) and (50b), where the
propagation distance terms are moved to the right-hand side to
express the measurements as functions of the unknown clock
parameters. This leads to a least-squares formulation over a
set of 2K measurements, given as follows:

ˆ̄θj = argmin
θ̄j

∥∥Ājiθ̄j − t̃ij
∥∥2
2
= (Āji

T
Āji)

−1ĀT
jit̃ij , (52)

where

Āji =
[
t̃ji 12K

]
∈ R2KM×2(N−1),

t̃ij =
[
T̃ij,1 R̃ij,1 · · · T̃ij,K R̃ij,K

]T ∈ R2K×1,

t̃ji =
[
R̃ji,1 T̃ji,1 · · · R̃ji,K T̃ji,K

]T ∈ R2K×1.

We compute the residual vector over the 2K measurements,
denoted by εij , by subtracting from the observed time vector
t̃ij the true propagation delay term τ ij ≜ τij eK ∈ R2K×1

between nodes i and j. This formulation captures the ag-
gregated effect of the estimated TX and RX antenna delays.
The resulting residual vector, εij , quantifies the discrepancy
between the measurements and the model, and its statistical
characteristics provide insight into potential systematic biases
or model mismatches.

εij = Aji
ˆ̄θj−(t̃ij−τ ij) =

[
−∆i→j

∆j→i

]
⊗1K ∈ R2K×1, (53)

where ∆i→j = δi,T + δj,R and ∆j→i = δj,T + δi,R, and
δi,T and δi,R denote the estimated TX and RX antenna delays
at node i, and similarly δj,T and δj,R at node j. Extending
this to a network of N nodes, the least square solution for
synchronizing the clocks with respect to node 1 becomes

ˆ̄θ = argmin
θ̄

∥∥Āθ̄ − t̃1
∥∥2
2
= (ĀT Ā)−1Āt̃1 ∈ R2(N−1)×1,

(54)
and the network-wide residuals over 2K measurements and

M edges

ε = Āˆ̄θ−(t̃1−τ ) =


−∆1→2

∆2→1

−∆1→3

...
∆N→N−1

⊗1K ∈ R2KM×1, (55)

where τ ≜ [τ12, τ13, . . . , τ(N−1)N ]⊗ e ∈ R2KM×1 denotes
the vector of true pairwise distances.

To validate the obtained results, we perform the original
clock synchronization and ranging procedures by compensat-
ing the antenna delays and subsequently assess whether the
estimated pairwise distances are consistent with the corre-
sponding ground-truth distances. It is important to emphasize
that node 1 cannot be adopted as the reference node for an-
tenna delay compensation, i.e., by imposing δ1,T ≜ δ1,R ≜ 0.
The observed timestamps acquired at node 1, denoted by t̃1,
are likewise affected by antenna delays and therefore require
compensation. Neglecting this effect would reintroduce bias in
the estimation of pairwise distances during the joint processes
of clock synchronization and ranging.

The individual antenna delays are estimated separately
through a least-squares formulation

δ̂ = argmin
δ

∥Bδ − ε∥22 = (BTB)−1Bε ∈ R2N×1, (56)

where

δ =
[
δ1,T δ1,R · · · δN,T δN,R

]T ∈ R2N×1, (57)

B =




Bi1j1

Bi2j2
...

BiM jM

⊗ 1K

 ∈ R2KM×2N , (58)
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where each local block associated with the communication
pair (im, jm) is defined as

Bimjm =

[
−eT2im−1 − eT2jm
eT2im + eT2jm−1

]
∈ R2×2N , (59)

with en ∈ R2N denoting the n-th canonical basis vector. The
first row of Bimjm corresponds to the aggregated transmission-
delay term −δim,T − δjm,R in (50a), whereas the second
row corresponds to the reception-delay term δim,R + δjm,T

in (50b). Consequently, the matrix B compactly represents
the contribution of all antenna-delay parameters across the M
communicating node pairs and K timestamp exchanges.

2) Proposed Calibration Method: Having established that
antenna delays can be accurately estimated and subsequently
removed from the observed timestamps, thereby enabling
effective calibration of antenna-delay induced devices, it is of
practical interest to implement the proposed procedure directly
on the hardware. Such an implementation would facilitate
autonomous calibration and ensure scalability as the network
size increases.

To this end, the algorithm is executed in a centralized
manner at a designated leader agent (node 1), which aggregates
all timestamp measurements and performs joint calibration,
clock synchronization, and antenna delay estimation within
a unified optimization framework. In this formulation, node
1 assumes the role of a reference node in the classical
synchronization sense, thereby resolving the inherent time-
scale and time-offset ambiguities through the normalization
constraints, without imposing any restrictions on the antenna
delay parameters. This centralized architecture guarantees
global consistency of all estimates, as the clock and delay
parameters are intrinsically coupled across all node pairs
and therefore require network-wide information for reliable
identification. It is further assumed that all nodes maintain
continuous connectivity with their neighbors and that pairwise
inter-node distances are known a priori through formation
maintenance, thereby preserving the network geometry over
time.

To enable antenna delay compensation, the delay vector (δ̂)
must first be estimated. However, its computation depends
on prior knowledge of the clock parameters of all nodes
relative to the reference node (node 1), denoted by (ˆ̄θ). To
systematically address this interdependence, the estimation
problem is therefore formulated within a constrained least
squares (CLS) framework [61]. Consider a network consisting
of N nodes, where node 1 serves as the reference. The
network-wide calibration model can be expressed as

Hψ =
[
Ā B

] [θ̄
δ

]
= −t̃1 + τ , (60)

where ψ =
[
θ̄
T

δT
]T

collects the unknown clock and
antenna delay parameters.

Importantly, the clock parameters are not affected by an-
tenna delays and can therefore be estimated independently
using an unconstrained least squares procedure. Once ˆ̄θ is
obtained, the antenna delays can be estimated in a subsequent

step by treating the clock parameter estimates as fixed quanti-
ties within the optimization problem. This sequential strategy
preserves the structural separation between clock and delay
parameters while ensuring consistent estimation.

where the constraint enforces consistency with the clock
synchronization model. The resulting CLS solution decom-
poses into the following two subproblems:

min
ψ

∥∥(τ − t̃1)−Hψ
∥∥2
2

s.t. Āθ̄ = −t̃1, (61)

where the constraint enforces consistency with the previ-
ously estimated clock parameters. The CLS solution becomes

ˆ̄θ = argmin
θ̄

∥∥Āθ̄ − t̃1
∥∥2
2
= (ĀT Ā)−1Āt̃1 ∈ R2(N−1)×1

(62)

δ̂ = argmin
δ

∥Bδ − ε∥22 = (BTB)−1Bε ∈ R2N×1. (63)

3) Temperature-dependent antenna delay variation: Aside
from the intrinsic variance in antenna delays across devices
due to manufacturing, variations in antenna delays are in-
fluenced by temperature, with a gradient of approximately
7.17 ps/K [49]. On the lunar surface, temperatures undergo
extreme variations, e.g., about 290K at the equator between
lunar noon and midnight [62]. This temperature swing can pro-
duce an antenna delay offset of up to 2.08 ns, corresponding
to roughly 62.4 cm. However, this temperature variance occurs
over 12 lunar hours, so the effective temperature change per
Earth hour is smaller: 819mK per Earth hour, which translates
to a delay gradient of 5.87 ps per Earth hour (or approximately
1.76mm per Earth hour). As a result, the theoretical upper
bound for the required calibration interval can be determined
based on the configured localization accuracy, ∆d. For exam-
ple, if ∆d = 1 m, recalibration would be needed at most every
23.7Earth days, equivalent to about 19.3 lunar hours.

D. Experiment

To calibrate the error introduced by antenna delays, it is
necessary to first analyze its characteristics. Specifically, the
distribution of the delay must be examined to determine its
statistical behavior and consistency across measurements. In
addition, its dependence on operational parameters should be
systematically evaluated, including variations across pairwise
combinations of nodes including distances, differences in mes-
sage time intervals, and the influence of message scheduling
strategies. Investigating these factors enables the identification
of underlying patterns and dependencies, thereby providing
the empirical foundation required to construct an accurate and
reliable calibration model.

1) Experimental Setup: The experiment was conducted us-
ing four DWM1001-DEV nodes, labeled 1 through 4, arranged
such that all nodes maintained unobstructed LOS with every
other node. The inter-node distances were deliberately chosen
to be distinct, with d12 = 0.750m, d13 = 0.550m, d14 =
0.905m, d23 = 0.620m, d24 = 0.390m, and d34 = 0.510m.
All devices were connected to a centralized processing unit
via wired UART communication at 115 200 baud, through
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Fig. 11: Network topology of four nodes, each equipped with
a DWM1000 UWB antenna, connected to a central processing
unit via UART. Dashed and solid lines denote UWB and
UART connections, respectively. Distances are not to scale.

which timestamp data were collected. The network topology
employed in the experimental setup is illustrated in Figure 11.

Since the UWB transceiver on the DWM1001-DEV oper-
ates in half-duplex mode, each device was programmed with
custom firmware that maintains a monotonically increasing
clock derived from the DWM1001 tick counter, continuously
monitors the channel for incoming messages, and transmits
or resets its clock only upon explicit instruction from the
centralized processing unit. The native tick counter is 40
bits wide, with each tick corresponding to 15.65 ps, yielding
a maximum clock period of approximately 17.21 s before
overflow. To accommodate longer measurement sessions, the
firmware extends the counter to 64 bits, which expands the
effective range to approximately 2.89× 108 s.

When a DWM1001-DEV device transmits a message, the
signal is broadcast to all compatible devices within its effective
communication range. Since messages may be lost due to
interference or timing uncertainties, each inter-node message
is assigned a monotonically incrementing unique identifier,
enabling the detection of packet loss and ensuring consistent
temporal ordering of the collected timestamps. Each message
additionally carries the identifier of the transmitting node to
facilitate source attribution.

Each node reports a measurement to the centralised pro-
cessing unit upon every transmission or reception event. A
report comprises the node identifier (i.e., the source of the
report), the transmitter address, the receiver address, and
the message identifier. For transmitted messages, where no
explicit receiver is designated, the transmitter’s own address is
recorded in the receiver address field. This convention ensures
dataset consistency and provides a straightforward means of
distinguishing transmitted from received messages within the
collected records.

2) Results:
3) Clock synchronization: Prior to characterizing the sys-

tematic error, the clock synchronization performance among

the four devices is first examined. To ensure a controlled
experimental setting, a round-robin message scheduling pro-
tocol is assumed, wherein each node transmits sequentially in
ascending order of node index. It should be noted, however,
that a node may occasionally transmit ahead of schedule due
to computational throttling, introducing minor irregularities in
the transmission order. (54) in online approach is additionally
employed to track the evolution of the parameter estimates as
the number of accumulated measurements grows.

Since the true clock parameters are not directly observable,
where clock skew being governed by manufacturing tolerances
and clock offset by systematic hardware conditions, their exact
values cannot be known a priori. The estimation performance
is therefore assessed indirectly through the internal consistency
of the synchronization residuals rather than by comparison
against ground truth.

Consequently, Figure 12 depicts the estimated clock pa-
rameters converging toward the true values for 30 ideal two-
way measurements, in which each node transmits a message
every 2ms in a round-robin manner, rather than showing
the true values directly. The final estimated clock parameters
for Nodes 2–4 consist of clock skews equal to 1.00000678,
1.00000143, and 1.00000053, and clock offsets of −0.2593 s,
−0.5593 s, and 11.24 s, respectively.

To further ensure robustness, the synchronization procedure
is evaluated under varying message time intervals, denoted by
Tk. This variation enables an assessment of the sensitivity of
the clock parameter estimates to changes in the inter-message
timing. Since clock offset is subject to systematic conditions,
only the clock skews are observed. Figure 13 illustrates the
final estimated clock skews as functions of the message time
interval over 30 ideal two-way measurements averaged over
5 independent measurements. It is observed that the mean
clock skews for Nodes 2–4 are 1.00000582, 1.00000086, and
1.00000121, respectively, with average standard deviations of
1.49 × 10−7, 7.62 × 10−8, and 1.09 × 10−7 over the four
considered message intervals.

4) Characterization of the systematic error: Multi-node
analysis. To characterize the systematic error, the distribution
is derived through an offline estimation procedure where
K = 200 two-way measurements between all unique pairwise
node combinations are made with a time interval of 10ms
between messages, and node 1 is used a reference node.
To be consistent, a perfect and identical round-robin mes-
saging protocol is reconsidered, wherein each node transmits
sequentially according to its identifier. Using (54), the clock
synchronization parameters are α̂2−4 ≈ 1.0, β̂2 = −0.258 s,
β̂3 = −0.559 s, and β̂4 = 11.2 s.

Figure 14 illustrates the residual distributions for all unique
pairwise node combinations, with transmission directionality
accounted for, and the corresponding expected values indicated
by dashed red lines. The distributions likely attributable to
unmodeled noise sources, and are therefore fitted using Gaus-
sian Mixture Models (GMMs), shown as solid black lines.
Examining the spread of these distributions, notable variation
is observed across node pairs, in particular, pairs (1, 3), (1, 4),
and (2, 4) exhibit standard deviations that exceed the target
ranging accuracy of 1m (equivalent to 3.34 ns).
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Fig. 12: Iterative behavior of unconstrained clock synchronization, illustrating clock skews and offsets of nodes 2–4 with
respect to node 1 over 30 ideal two-way measurements.

Fig. 13: Final estimated clock skews of Nodes 2–4 relative to Node 1 over 30 ideal two-way measurements for varying message
intervals.

Distance analysis. To further characterize the systematic
error and assess its dependence on range, node pair (1, 2)
was selected as a representative case. Figure 15 presents the
evolution of the systematic error across varying separation
distances. The residuals remain remarkably stable throughout,
with the mean and standard deviation varying by no more
than ±35 ps and ±51.9 ps, respectively. This corresponds to a
range-equivalent error of 10.5mm ± 15.6mm. These results
suggest that the systematic error can be reliably estimated at
arbitrary distances, provided that the communicating nodes
remain within each other’s effective communication radius.

Solving for the antenna delay per node using (56) and the
means in Figure 14, we found the optimal TX and RX antenna
delays for each node, which are presented in Tab. VI. The
values found for the TX and RX antenna delays are similar to
the results using the calibration algorithm in [49]. Using these
values, the aggregated antenna delay terms in the measured
timestamps as presented in (48a) and 48b.

To validate the clock synchronization and ranging perfor-
mance, the optimal antenna delay compensation values were
applied. The final clock parameter estimates and pairwise

TABLE VI: Estimated transmit (δT ) and receive (δR) antenna
delays per node using identical round robin message schedul-
ing.

Node δT (ns) δR (ns)
Node 1 257.424321 257.444843
Node 2 257.087554 257.091556
Node 3 257.297166 257.291666
Node 4 257.434359 257.415335

distances were obtained using the proposed online–offline
synchronization and ranging procedure with K = 30 two-
way measurements. The estimated clock skews and offsets
are given by α̂2 = 1.00000681, α̂3 = 1.00000150, α̂4 =
1.00000063, β̂2 = −0.2593 s, β̂3 = −0.5593 s, β̂4 = 11.24 s.
The corresponding estimated pairwise distances are d̂12 =
0.728 m, d̂13 = 0.520 m, d̂14 = 0.971 m, d̂23 = 0.672 m,
d̂24 = 0.368 m, d̂34 = 0.503 m.

The estimated clock parameters are consistent with those
reported in Sec. B.4.3. Furthermore, the estimated pairwise
distances deviate from the ground-truth distances is at most
6.62 cm (between node 1 and node 4). This level of error re-
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Fig. 14: Distributions of the residuals for all unique pairwise
node combinations characterizing the systematic error from
ingoing (blue) and outgoing (orange) measurements with clock
synchronization parameters α2−4 ≈ 1.0, β2 = 16.95 s, β3 =
16.64857729 s, and β4 = 11.2 s. Red dashed line denotes the
expected value and solid black line denotes the fitted GMM
distribution, per distribution.

Fig. 15: Distributions of the residuals between node 1 and 2
characterizing the systematic error from ingoing (blue) and
outgoing (orange) measurements. Red dashed line denotes the
expected value and solid black line denotes the fitted GMM
distribution, per distribution.

mains within the accuracy requirements specified in Sec. B.2.1
despite the size of the residual distributions is larger than the
required localization accuracy. This indicates that the proposed
approach is suitable for calibration purposes under nominal
operating conditions.

Robustness analysis. Nevertheless, these results primarily
reflect performance under ideal conditions. A comprehensive
evaluation must therefore also assess robustness against dis-

Fig. 16: Distributions of the residuals between node 1 and
2 characterizing the systematic error from ingoing (blue)
and outgoing (orange) measurements using imbalanced round
robin message scheduling where there are as half as many
responses (j → i). Red dashed line denotes the expected value
and solid black line denotes the fitted GMM distribution, per
distribution.

turbances and varying environmental conditions. One such
scenario are missing messages due to NLOS conditions which
causes multipath effects. This scenario is modeled as imbal-
anced round robin message scheduling where there are as half
as many responses (j → i). The message time interval is taken
as 10ms.

Figure 16 illustrates the characterization of the residuals us-
ing imbalanced round robin messaging schedule. The accuracy
are different compared to Figure 14 where node pairs (1, 2),
(2, 4), and (3, 4) exceeds the required localization accuracy.
Moreover, the means are shifted as well compared to the
previous result. However, the aggregated antenna delays over
the ingoing and outgoing, ∆i→j +∆j→i, means per node pair
is identical to the previous result. This means that the TX and
RX antenna delays can be identified and used to compensate
the systematic error in the measurements. Verifying this, we
found the estimated distances using the imbalanced round
robin message scheduling as d̂12 = 0.723, d̂13 = 0.512,
d̂14 = 0.954, d̂23 = 0.678, d̂24 = 0.365, and d̂34 = 0.497. The
estimated distances have an error at most ±5.81 cm which is
well within the required localization accuracy.

E. Conclusion

UWB technology demonstrates considerable promise as
a wireless communication solution for rover networks in
space exploration scenarios. Nevertheless, inherent hardware
imperfections introduce systematic antenna delays that must
be rigorously characterized and compensated prior to reliable
ranging operation. By formulating a centralized least-squares
optimization that jointly performs clock synchronization and
antenna delay estimation using a single reference node, the
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proposed approach exploits a priori known pairwise distances
to resolve the inherent identifiability ambiguity of the prob-
lem. Analysis of the resulting residual distributions yielded
meaningful insight into the structure of the antenna delays
and the characteristics of the underlying noise. The estimated
antenna delays were subsequently applied to compensate the
observed timestamps, yielding ranging accuracies of 6.62 cm
and 5.81 cm under the ideal and imbalanced message proto-
cols, respectively.

Future work should prioritize a systematic comparison with
established state-of-the-art calibration methods, as well as
experimental validation at inter-node distances more represen-
tative of operational lunar exploration scenarios. Furthermore,
deploying the calibration procedure on resource-constrained
embedded devices introduces additional practical challenges,
particularly with respect to limited storage and computational
capacity. In the present implementation, the transmission of
raw timestamps to a centralized processing unit via UART
introduces a communication bottleneck that adversely affects
overall system efficiency. Addressing this limitation calls
for a reformulation of the centralized calibration framework
into a distributed and iterative architecture, wherein each
node performs local computations while minimizing inter-node
communication overhead, thereby enhancing scalability and
real-time applicability in infrastructure-less environments.

APPENDIX C
PROOF OF STABILITY AND CONVERGENCE

This chapter presents a rigorous mathematical proof of the
stability and asymptotic convergence of the proposed multi-
agent coordination framework. The following proof evaluates
the coupled interactions of the closed-loop system under
the baseline dynamics, affine formation controls, auxiliary
potential fields, and temporal adaptation laws derived in the
main paper.

A. System Modeling and Global Error Space Formulation

Consider a multi-agent network consisting of N agents
operating in a D-dimensional workspace. For a specific spatial
coordinate component, let zi ∈ RD and vi = żi ∈ RD denote
the position and velocity vectors of agent i, respectively. Let
Az = KdID and AzBz = KpID, where Kp,Kd > 0
represent the baseline tracking gains.

By substituting the local temporal scaling factor τi(t) > 0
and the transformation rules into the second-order acceleration
dynamics given in (3) and (4), each tracking follower agent i
yields the following unified model:

τiv̇i = Kp(z
(T )
i − zi)−Kdvi + f i(si) (64)

+Φform
i +Φobs

i +Φagent
i +Φconn

i,j ,

τiżi = vi =⇒ żi =
1

τi
vi. (65)

By setting the formation tuning matrices to match the base-
line trajectory generator parameters (Aform = KpID, Bform =
KdID and fixing the normalization weight γi = 1, the
formation term from (11) expands to:

Φform
i = −

∑
j∈Ni

ωi,j(Kp(zi−zj)+Kd(żi− żj)− z̈j). (66)

Let Ω ∈ RN×N denote the signed stress Laplacian matrix
characterizing the target affine configuration, which struc-
turally satisfies ΩZ(T ) = 0. Let s = [s1, . . . , sN ]⊤ ∈ RN be
a collection of phase variables across the network. Collecting
positions, velocities, accelerations, and learned forcing terms
into global stacked vectors (Z, Ż, Z̈,F(s) ∈ RDN×1) and
assembling the local time-scaling terms into a diagonal matrix
T(t) = diag(τ1ID, . . . , τNID) ∈ RDN×DN , the global state
acceleration space is expressed as:

TZ̈ = Kp(Z
(T ) − Z)−KdTŻ+ F(s) (67)

− (Ω⊗ ID)(KpZ+KdTŻ−TZ̈)

+Φobs +Φagent +Φconn.

We define the global target tracking deviation error as Z̃ =

Z−Z(T ), which dictates that ˙̃Z = Ż and ¨̃Z = Z̈. Substituting
Z̃ into (67) yields:

(I−Ω⊗ ID)T ¨̃Z = −Kp(I+Ω⊗ ID)Z̃ (68)

−KD(I+Ω⊗ ID)T ˙̃Z

+ F(s) +Φobs +Φagent +Φconn.

Assuming the communication network is affinely localizable
with a fixed configuration of leaders, the follower interaction
submatrix is nonsingular, meaning the global transformation
matrix inverse M = (I −Ω ⊗ ID)−1 exists. Pre-multiplying
(68) yields:

T ¨̃Z = −KpZ̃−KdHT
˙̃
Z+MF(s) (69)

+MΦobs +MΦagent +MΦconn,

where H = (I − Ω ⊗ ID)−1(I + Ω ⊗ ID) ∈ RDN×DN is a
symmetric positive-definite matrix (H = H⊤ > 0).

B. Structural Properties of Spatial and Temporal Feedback
Loops

Property 1: Velocity-Dependent Volumetric Dissipation. The
volumetric obstacle repulsion Φobs (16) and mutual agent
repulsion Φagent (17) are derived from velocity-dependent dy-
namic potential fields. Following their mathematical structure,
their negative position gradients act as nonlinear damping
elements that satisfy the inner product dissipativity conditions
relative to physical velocities:

˙̃Z
⊤
MΦobs ≤ 0 and ˙̃Z

⊤
MΦagent ≤ 0. (70)

Furthermore, if an agent comes to rest (ż = 0 =⇒ vi = 0),
these dynamic APF forces vanish identically: Φobs

i = 0 and
Φagent

i = 0.
Property 2: Connectivity Graph Symmetry. Let the connec-

tivity restoration gain matrix be Aconn = KcID with Kc > 0.
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The stacked tracking feedback Φconn (19) is expressed using
a symmetric, state-dependent connectivity Laplacian matrix
C(Z) = C(Z)⊤ ≥ 0. Because C(Z)Z(T ) = 0, it maps into
error space as:

Φconn = −(C(Z)⊗ ID)Z̃. (71)

Property 3: Boundary and Monotonicity of Temporal Scal-
ing. The proximity-based temporal adaptation law (20) dictates
that if any agent i approaches an obstacle or a neihgbor such
that its minimum hazard clearance distance satisfies d ≤ dslow,
its local time variable scales upward: τ adapt(d) ≥ τ base > 0.

To ensure global network coordination during spatial de-
celeration maneuvers, agents run the discrete max-consensus
protocol detailed in (23). Because τ base > 0 and τ extra ≥ 0,
the temporal matrix is strictly bounded and positive definite
across all operation horizons: τminI ≤ T(t) ≤ τmaxI, where
τmin = τ base.

C. Stability Analysis via the Lyapunov Direct Method

To establish the stability of the coupled spatial-temporal
tracking states, we define a continuous energy-based Lyapunov
scalar candidate function V (Z̃, ˙̃Z):

V =
1

2
KpZ̃

⊤HZ̃+
1

2
Z̃⊤(C(Z)⊗ ID)Z̃+

1

2
˙̃Z⊤T(t) ˙̃Z. (72)

Because H > 0, C(Z) ≥ 0, and T(t) ≥ τminI > 0, the
function V is strictly positive definite for all nonzero tracking
errors and satisfies V (0,0) = 0.

Differentiating V with respect to time along the continuous
trajectories of our system yields:

V̇ = KpZ̃
⊤H ˙̃Z+ Z̃⊤(C(Z)⊗ ID) ˙̃Z (73)

+
1

2
Z̃⊤

(
L̇c(Z)⊗ ID)Z̃

)
+ ˙̃Z⊤(T ¨̃Z) +

1

2
˙̃Z⊤Ṫ ˙̃Z.

Substituting the decoupled state acceleration vector T ¨̃Z
from (69) into (73) gives:

V̇ = KpZ̃
T
H ˙̃Z + Z̃

T
(C(Z)⊗ Id)

˙̃Z

+
1

2
Z̃

T
(
L̇c(Z)⊗ Id

)
Z̃ +

1

2
˙̃ZT Ṫ ˙̃Z

+ ˙̃ZT
[
−KpHZ̃ −KdHT ˙̃Z

−M(C(Z)⊗ Id)Z̃ +MF (s)

+MΦobs +MΦagent
]

(74)

We simplify the terms using the algebraic structures of the
unified feedback blocks:

1) By the symmetry of H, the formation tracking potentials
cancel out exactly: KpZ̃

⊤H ˙̃Z−Kp
˙̃Z⊤HZ̃ = 0.

2) Because M = (I − Ω ⊗ ID)−1 commutes with the
tracking states and C(Z) is symmetric, the connectivity
potential cross-terms cancel out identically within the
network error space: Z̃⊤(C(Z)⊗ID) ˙̃Z− ˙̃Z⊤M(C(Z)⊗
ID)Z̃ = 0.

3) The boundary transition matrix derivative satisfies
1
2 Z̃

⊤
(
L̇c(Z)⊗ ID

)
Z̃ ≤ 0, operating purely as a non-

positive energy drop during network step-expansions.
4) During spatial adjustments near obstacles, the max-

consensus discrete updates cause local temporal values
to either remain constant or step upward to match a
slower neighbor. Thus, during transitions, τ̇i(t) ≥ 0. To
bound the transient impact of time-dilation variations on
the tracking velocity layer, we apply a standard feedback
gain padding constraint ensuring that KdHT− 1

2Ṫ > 0.
Applying these structural simplifications reduces the con-

tinuous energy derivative to:

V̇ ≤ − ˙̃Z⊤
(
KdHT− 1

2
Ṫ

)
˙̃Z (75)

+ ˙̃Z⊤MF(s) + ˙̃Z⊤MΦobs + ˙̃Z⊤MΦagent.

1) Analysis of the Phase System Influence: To evaluate the
driving DMP forcing vector F(s), we analyze the continuous
canonical system across the network defined in (5). Let s =
[s1, . . . , sN ]⊤ ∈ RN . This can be written in global vector form
using a positive semi-definite phase coupling Laplacian matrix
Γ ≥ 0:

Tsṡ = −(αsI+ Γ)s, (76)

where Ts = diag(τ1, . . . , τN ) ∈ RN×N . We construct a
local canonical phase validation function Vs = 1

2s
⊤Tss.

Differentiating Vs gives:

V̇s = s
⊤Tsṡ+

1

2
s⊤Ṫs = −s⊤

(
αsI+ Γ− 1

2
Ṫs

)
s. (77)

Because αs > 0,Γ ≥ 0, and the maximum rate of
change of temporal expansion τ̇i is naturally bounded by
the smooth spatial approach profiles, the operational matrix(
αsI+ Γ− 1

2Ṫs

)
remains strictly positive definite. Conse-

quently, V̇s < 0 for all s ̸= 0, which mathematically
guarantees that the coupled canonical states decay asymp-
totically to zero (limt→∞ s(t) = 0). This ensures that the
learned DMP spatial perturbations vanish entirely at steady
state (limt→∞ F(s) = 0).

Substituting this result alongside Property 1 ( ˙̃Z⊤MΦ ≤ 0)
into (75) gives:

V̇ ≤ − ˙̃Z⊤
(
KdHT− 1

2
Ṫ

)
˙̃Z ≤ 0. (78)

Since V̇ is negative semi-definite, the integrated spatial-
temporal system is globally asymptotically stable in the sense
of Lyapunov. The tracking error states Z̃(t) and ˙̃Z(t) remain
bounded (L∞) for all t ≥ 0.

D. Convergence and Safety Boundary Verification

1) Asymptotic Convergence to the Formation Configura-
tion: Let Ω = {(Z̃, ˙̃Z | V̇ = 0}.
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1) Given that
(
KdHT− 1

2Ṫ
)
> 0, the condition V̇ = 0

requires that the velocity tracking errors vanish identi-
cally: ˙̃Z ≡ 0.

2) If ˙̃Z = 0 over an invariant time interval, the tracking
acceleration vector must also vanish: ¨̃Z ≡ 0.

3) Once the transient phase passes, the canonical states
decay (F(s) → 0). Away from obstacles, the APF
vectors drop out (Φobs,Φagent = 0). Substituting these
values back into the global error dynamics (69) yields:

0 = −KpHZ̃−M(C(Z)⊗ ID)Z̃ (79)

= −M[Kp(I+Ω⊗ ID) +C(Z)⊗ ID)]Z̃.

4) Because Kp > 0, the matrix (I+Ω⊗ID) is strictly pos-
itive definite via the affine localization requirement, and
C(Z) ≥ 0 is positive semi-definite. Their sum forms a
strictly nonsingular, positive-definite operational matrix.
Thus, the only mathematically valid state solution is:

Z̃ = 0. (80)

By LaSalle’s Invariance Principle, all tracking error states
asymptotically converge to the origin. The network success-
fully achieves the target affine formation configuration at the
baseline temporal rate:

lim
t→∞

zi(t) = z
(T )
i , lim

t→∞
żi = 0, lim

t→∞
τi(t) = τ base. (81)

2) Collision Avoidance and Local Minima Elimination:
If an agent approaches a volumetric boundary, the barrier
parameter function goes to zero (C(∆z) → 0), driving the
potential field to infinity (limC→0 UD = ∞). Since V̇ ≤ 0,
the total closed-loop system energy is upper-bounded by its
initial state (V (t) ≤ V (0) < ∞). This restriction prevents
the potential function from reaching infinity, mathematically
guaranteeing that C(∆z) > 0 for all t > 0, which proves that
collisions are completely avoided.

Furthermore, if an agent enters a force-balance state near an
obstacle and stops moving (żi = 0), Property 1 dictates that
the velocity-dependent avoidance forces completely deactivate
(Φobs

i = 0,Φagent
i = 0). With the repulsive forces gone, the

underlying DMP attractor and affine formation terms take back
complete control of the acceleration layer (Z̈ ̸= 0). This
breaks the zero-velocity equilibrium, automatically allowing
the agent to slide smoothly around the obstacles and elimi-
nating local minima trapping. However, complete avoidance
of local minima cannot be guaranteed in all scenarios. In
particular, trapping may still occur when an agent is located
on the far side of an obstacle along a line collinear with
the goal direction, or when multiple obstacles form a non-
convex configuration that generates a basin-like repulsive
potential field. Under such geometric conditions, the combined
obstacle-induced forces may still produce stable equilibrium
that impede progress toward the goal.

3) Connectivity Preservation Guarantee: Suppose external
avoidance maneuvers force two communicating agents apart
such that di,j > αconnrc. This activates the connectivity term
Φconn

i,j , adding a proportional restoring potential energy to V .

Because V (t) ≤ V (0) < ∞, the maximum distance sepa-
ration between any originally connected pair is structurally
constrained by the initial energy allocation:

di,j(t) ≤ αconnrc +

√
2V (0)

Kc
. (82)

By choosing a sufficiently large connectivity restoration
gain Kc such that

√
2V (0)
Kc

≤ (1 − αconn)rc, the maximum
distance is strictly bounded:

di,j(t) < rc ∀t > 0. (83)

This mathematically guarantees that the distance between
neighboring agents never exceeds the maximum communi-
cation range rc, proving that global network connectivity is
strictly preserved throughout all operations.

To ensure system stability and asymptotic convergence
during joint navigation, the effective connectivity activation
threshold αconnrc must be strictly larger than the effective ra-
dius required for inter-agent collision avoidance. Accordingly,
the following structural constraint must be satisfied:

αconnrc ≫ 2rr + cagent. (84)

APPENDIX D
SUPPLEMENTARY RESULTS AND FIGURES

A. Obstacle-Present Supervisory Demonstration

To evaluate the cooperative interaction between the AFC
and the obstacle avoidance mechanism, the first experimental
scenario was augmented by placing four volumetric obsta-
cles around the two designated via-regions. These obstacles
were positioned at coordinate pairs (0, 60)m, (30, 60)m,
(100, 60)m, and (70, 60)m. The resulting system trajectories
and corresponding tracking metrics are illustrated in Fig. 17.

Quantitative analysis indicates that despite local deflections
caused by environmental hazards, the leader agents maintained
a reference trajectory tracking error of 0.3442m. Concurrently,
the follower agents preserved the global geometric structure,
restricting the affine formation tracking error to a sub-meter
scale of 5.54 cm. Safety and network integrity were strictly
maintained throughout the traversal. The minimum recorded
obstacle clearance margin was 2.559m, while the minimum
communication distance margin remained bounded at 14.11m,
validating that the network successfully bypassed the newly
introduced obstacles without fracturing the underlying com-
munication topology.

The proximity of the obstacles to the target waypoints
introduced a predictable tracking deviation, increasing the
via-region clearance errors by 1.364m for the waypoint at
(20, 80)m and 2.230m for the waypoint at (80, 80)m. Nev-
ertheless, as demonstrated in Fig. 17, the multi-agent network
successfully transited through both via-regions well within the
specified mission tolerance radius of 10m.
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(a) Formation tracking state trajectories and chronological snapshots
(a)-(f) outlining communication links, alongside time-history profiles
along the x (g) and y (h) dimensions.
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(b) Robotic network performance metrics: (i) trajectory and formation
tracking errors for leader agents (L1-L3) and follower agents (F4-F7),
(j) minimum closest approach errors to via-regions verifying boundary
penetration (green dashed line), (k) worst-case safety margins relative
to the violation threshold (red dashed line), and (l) execution work-
loads per control loop.

Fig. 17: Comprehensive experimental results and performance
evaluation of the robotic network during the first navigation
task with obstacles around the two via-regions. The mission
profile for leader agent L1 originates at (20, 20)m, navigates
through via-points at (80, 20)m and (80, 80)m, and terminates
at (80, 10)m. Detailed formation, safety, and computational
metrics distributions are tracked via horizontal bars (median),
triangles (mean), and circles (outliers).

B. Temporal Adaptation Demonstration

To demonstrate the working of the adaptive temporal
synchronization τ , the robotic network navigated through
a environment of Scenario C using the Hybrid DMP-AFC
control law, as seen in Fig. 18. Similar to the local autonomy
experiment, the base time-scaling factor of τ base = 10 was
employed in conjunction with dedicated inter-agent, obstacle
avoidance, formation tracking, and connectivity maintenance
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Fig. 18: Temporal of a hybrid-based robotic network navi-
gation. Color map denote the selected network-wide temporal
scaling. The temporal scalar laws are obstacle-based and inter-
agent-based. Red denote the temporal scaling as function of
the obstacles, and blue as function of the nearby agents.

time-scaling parameters, all uniformly assigned as τ agent
extra =

τ obs
extra = τ form

extra = τ conn
extra = 50. However, in this demonstration,

the obstacle and inter-agent temporal laws were visualized,
where the corresponding the distance threshold are set to
dobs

slow = 5m, and dagent
slow = 1m, respectively.

From Fig. 18, the obstacle-based temporal laws dominated
the adaptive temporal synchronization since all agents were
in close proximity with the obstacles which results in the
agents to slow down around the cluttered environment. From
Fig. 18(h), there is peak of inter-agent-based temporal scaling
τagent around 10 s, meaning that several agents were very
close together. But τ obs clearly dominates, which also ensures
slowed movement around other agents.

After the network escaped the cluttered environment, as seen
in Fig. 18(c)-(f), τ quickly reduces to the base time-scaling
factor τbase and remained in that value consistently, meaning
that all agents were not too close to each other causing
disturbance due to inter-agent collision avoidance and are
merely converging slowly towards their respective target state.
This demonstration that the adaptive temporal synchronization
works as intended and enables safe traversal through cluttered
environment and with dynamic agents.

C. Metric Distributions

Figures 19 through 22 illustrate the statistical distributions
for each follower control configuration—specifically, decen-
tralized DMP, connected DMP, pure AFC, and hybrid DMP-
AFC—across all evaluation metrics in the local autonomy
experiment, compiled over 500 independent evaluation runs
per scenario.
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Fig. 19: Performance metrics across Scenarios A–C under Gain Configuration: Decentralized DMPs. Rows from top to bottom
denote path length, formation error, communication, safety, and computation distributions.
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Fig. 20: Performance metrics across Scenarios A–C under Gain Configuration: Connected DMPs. Rows from top to bottom
denote path length, formation error, communication, safety, and computation distributions.
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Fig. 21: Performance metrics across Scenarios A–C under Gain Configuration: Pure AFC. Rows from top to bottom denote
path length, formation error, communication, safety, and computation distributions.
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Fig. 22: Performance metrics across Scenarios A–C under Gain Configuration: Hybrid DMP-AFC. Rows from top to bottom
denote path length, formation error, communication, safety, and computation distributions.


