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Nomenclature

a l‘; = Adjacency weight from agent j to i in mode o.
A? = Weighted adjacency matrix of G¢.

D7 = In-degree matrix diag( 3, af7).

L“ = Graph Laplacian of 7.

Distributed Leader-Follower
Consensus for Uncertain
Multi-agent Systems with
Time-Triggered Switching of the
Communication Network

A distributed adaptive control strategy is developed for heterogeneous multi-agent systems
in nonlinear Brunovsky form with p-dimensional n"-order dynamics, operating under
time-triggered switching communication topologies. The approach integrates bounded
proximity-dependent repulsive potential functions for agent-agent, agent-leader, and agent-
obstacle proximity management with neural-network estimators for compensating system
uncertainties and disturbances. The resulting distributed control and adaptive laws, to-
gether with dwell-time requirements for topology transitions, achieve leader-following
consensus. This integrated design provides synchronized formation and robust distur-
bance rejection in evolving network configurations, and its effectiveness is demonstrated
through multiple numerical simulations.

Keywords: Multi-agent and Networked System, Adaptive and Learning Systems, Nonlinear
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t; = Time immediately before the switching instant.
a(-) = Singular values.
a(-) = Maximal singular values.
a(-) = Minimal singular values.
m;; = Repulsive potential for agent—agent interaction.
m;o = Repulsive potential for agent—leader

R = Set of real numbers. interaction.
R? = Set of real vectors of dimension p. m;c = Repulsive potential for agent—obstacle
A;j = Synchronization-error weight between agents i interaction.

and j.

G7 = (V, £7) = Communication graph under mode o .

¢}; = Minimum separation (collision-avoidance
threshold) between agents i and j.
‘/’ilo = Minimum separation (collision-avoidance

threshold) between agent i and the leader.

R = Outer safety radius around an obstacle
(threshold distance).
£ = Inner exclusion radius around an obstacle
(threshold distance).
@ = Inter-agent/leader repulsion strength.
k; = Scalar tuning gain in NN update laws.
ko = Scalar tuning gain in NN update laws.
Kiw = Scalar tuning gain in NN update laws.
I'% = Gain matrix scaling
obstacle/collision-avoidance inputs.
I'! = Gain matrix scaling
obstacle/collision-avoidance inputs.
I'? = Gain matrix scaling
obstacle/collision-avoidance inputs.
tr{-} = Trace of a matrix.

t € Ry = Continuous time.

| - | = Absolute value.
|| - || = Euclidean (vector 2-)norm.
|| - l¢ = Frobenius norm for matrices.
P~! = Inverse of matrix P7().
ts = Switching instant.

G7 = Augmented graph including leader node 0.
6; = Estimated neural weights for agent i.
0;, = Estimated neural weights for the disturbance
on agent i.
o = Estimated neural weights for the leader.
0;; = Positive lower bound on the initial separation
between agents i and j.
d;0 = Positive lower bound on the initial separation
between agent i and the leader.
Xinit = Upper bound on the norm of any agent’s initial
state.
finit(+) = Continuous function bounding each f;(x) on a
compact set.
fo(xo) = Continuous function bounding the leader’s

Winit
R(N-P)X(N-p)
G, € R4i*4i
GiO € R490%40

Giw € RiiwXdivw

dynamics fp(xo).

= Upper bound on the norm of the disturbance.

= Set of real matrices with (N - p) rows and
(N - p) columns.

= Positive definite adaptation-gain matrix for the
NN of agent-dynamics.

= Positive definite adaptation-gain matrix for the
NN of leader-dynamics.

= Positive definite adaptation-gain matrix for the
NN of disturbance model.
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1 Introduction

The cooperative control of multi-agent systems (MAS) is es-
sential for applications such as unmanned aerial vehicle (UAV)
coordination, autonomous vehicle platooning, and smart grids. In
these systems, agents interact only with a limited number of other
agents, creating a graph-theoretic structure that complicates achiev-
ing global consensus [1,2]. This challenge is further amplified in
heterogeneous uncertain MAS, where agents with different forms
of high-order non-linear dynamics are subject to external distur-
bances [3]. Moreover, adapting to unknown parameters in real-
time further complicates the consensus process, as agents must
continuously update their internal models based on limited inter-
actions.

Despite advancements in the field, significant gaps remain in
addressing adaptive control for leader-following consensus with
obstacle and collision avoidance in nonlinear systems. Founda-
tional works have addressed these challenges in isolation, but no
single framework provides an integrated solution. For instance,
adaptive tracking control methods [1,4] and consensus approaches
for switching communication topologies [5] often neglect physical
constraints like collision avoidance. Furthermore, while the adap-
tive tracking method in [4] effectively handles switching topolo-
gies, its formulation is limited to linear agent dynamics and does
not extend to heterogeneous nonlinear MAS. Conversely, research
that does consider safety—such as work on local interaction rules
[6], optimal control for consensus [7], and geometric formation
conditions [§]—often overlooks the complexities of nonlinear dy-
namics, adaptation, and network switching. Stability analyses for
time-dependent links [9] and switching topologies [10] highlight
network challenges but only partially address physical constraints
and heterogeneous dynamics, while ignoring the need for real-time
nonlinear estimation.

Recent research in the past few years has significantly sharp-
ened the landscape for adaptive multi-agent systems under switch-
ing communication topologies. Some studies explore consensus for
unknown nonlinear MAS with communication noise under Markov
switching, using Radial Basis Function networks and stochastic
stability conditions [11]; these efforts focus on state consensus
without addressing formation, safety, or average dwell time (ADT)
considerations. Other work investigates positive consensus for lin-
ear MAS with ADT switching, establishing infimum dwell times
and positivity-preserving conditions for consensus but without en-
compassing nonlinearity, heterogeneity, adaptations to uncertainty,
or safety aspects [12].

Event-triggered designs have also been proposed; some re-
searchers have introduced decentralized protocols with dynamic
event triggering and guaranteed minimum inter-event times to im-
prove robustness and communication efficiency [13], and others
have developed neural adaptive event-triggered consensus meth-
ods for unknown nonlinear MAS on switched or Markovian net-
works [14]. However, these references do not study safety guaran-
tees or explicit dwell time constraints, as their approaches prioritize
consensus and communication.

In the context of formation control under switching topologies,
research has often been tailored to address the requirements of
specific applications. For instance, distributed adaptive robust
schemes have been developed and experimentally validated for
quadrotor UAVs, demonstrating effectiveness in outdoor environ-
ments [15]. Similarly, other studies have targeted formation control
for fractional-order multi-agent systems with actuator faults [16],
again focusing on the specific characteristics pertinent to those
systems. Despite these advances in application-oriented domains,
a comprehensive and unified framework that integrates heteroge-
neous higher-order agents, obstacle and collision avoidance via po-
tential functions, distributed neural adaptation, and provable min-
imum average dwell time guarantees for leader-follower formation
tracking remains unaddressed in the literature.

In the past work of the authors [17], we introduced an adap-
tive control strategy for multi-agent systems with fixed commu-
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nication topology, focusing specifically on agents operating in a
one-dimensional physical space. Due to the formulation adopted
therein, the approach was limited to modeling collision avoidance
scenarios restricted to one-dimensional interactions. In this pa-
per, we extend the framework presented in [1,17] for heteroge-
neous multi-agent systems in the general Brunovsky form with
p-dimensional nonlinear n"-order dynamics operating under time-
triggered switching communication topologies. A key distinguish-
ing feature of this paper is the presentation of stability and con-
vergence proofs that clearly establish conditions for cooperative
uniform ultimate boundedness (CUUB), synchronization, and per-
formance under topology switching.

The proposed methodology incorporates repulsion-based colli-
sion and obstacle mitigation under time-triggered switching com-
munication topologies. Specifically, we integrate a distributed
adaptive control architecture with a leader-follower formation struc-
ture, enabling heterogeneous multi-agent systems to achieve con-
sensus and coordination despite evolving network configurations.
To handle uncertainties arising from unknown agent dynamics and
external disturbances, we employ neural network-based estimation
techniques coupled with real-time adaptive tuning laws which con-
tinuously update the control parameters to ensure reliable perfor-
mance under significant model uncertainties. Additionally, poten-
tial functions are incorporated to prevent close approaches while
maintaining cohesive formations. In particular, we determine min-
imum average dwell-time conditions under which the closed-loop
system achieves leader-follower synchronization and stability under
switching communication topologies.

Building upon foundational work in single-agent switched sys-
tems [18,19], adaptive tracking [1], and various multi-agent con-
sensus formulations for agents with linear dynamics—including
consensus with obstacle and collision avoidance using local in-
formation under fixed topologies [7], as well as leader—follower
consensus under variable topologies [4]—this paper presents a
unified control framework for heterogeneous multi-agent systems
with high-order Brunovsky nonlinear dynamics subject to switch-
ing communication topologies. To the best of our knowledge,
no prior work provides a unified, decentralized design for such
nonlinear systems that combines distributed linear-in-parameters
(LIP)-neural network (NN) adaptation, time-triggered switching
communication topologies, and potential-based repulsion mecha-
nisms, together with a composite Lyapunov proof yielding explicit
minimum average-dwell-time bounds for leader—follower formation
tracking in heterogeneous p-dimensional, n-th-order Brunovsky
systems.

The main contributions of this paper are:

(1) A unified, decentralized control architecture for hetero-
geneous, nonlinear multi-agent systems (MAS) that si-
multaneously addresses neural adaptation to uncertain dy-
namics, repulsion-based proximity management for colli-
sion/obstacle mitigation, and leader—follower formation con-
sensus under switching communication topologies.

(2) A composite Lyapunov-based analysis that establishes
explicit, topology- and parameter-dependent minimum
average-dwell-time conditions for leader-follower formation
tracking under switching communication topologies.

(3) Mathematical proofs of closed-loop stability, and coopera-
tively uniformly ultimately bounded tracking performance,
with error bounds explicitly linked to tunable design param-
eters.

(4) A critical synthesis of foundational literature that overcomes
the limitations of prior work—which addressed challenges
like topology switching, safety and agent nonlinearity only
in isolation—to deliver a unified decentralized framework
for heterogeneous Brunovsky systems under switching com-
munication topologies.

The remainder of the paper is structured as follows: Section 2
defines MAS dynamics, switching communication topology and
the leader-following framework. Section 3 presents an adaptive
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control protocol with neural network-based learning for manag-
ing high dimensional non-linear dynamics and disturbances in a
time-triggered switching network. Section 4 proves control law
stability and convergence. Section 5 demonstrates the strategy via
a numerical leader-follower example with switching communica-
tion topology. Section 6 summarizes contributions and potential
future work.

2 Problem Formulation

We denote by N = {1,2,..., N} the set of N follower agents.
Each follower’s full state is x; = [xil,x?, e ,xl'.’]T € R™P, with
xl’F eRP, k=1,2,...,n, where p is the dimension of the physical
space and xI’.‘ corresponds to the (k — 1) derivative of the agent’s
position (e.g., for two dimensional motions, p = 2, thus xl’.‘ =

[xf.‘", xf"z]T € R?). The leader’s state xo € R"P is partitioned
similarly.
The dynamics of the i™ follower agent is described using the

non-linear Brunovsky form as:

&)

&= filx) +ui +wi(t)

where u; € RP is the control input of agent i, and w;(t) € R”
denotes a bounded unknown time-varying disturbance affecting
agent i.

We assume that the agent-specific functions f;(x;) : R*” — RP
are unknown to the agents, but these functions are considered to be
locally Lipschitz in x;. For convenience in the Lyapunov stability
analysis, we further adopt f;(0) = 0 for all i € N; this assumption
can be relaxed with appropriate changes in the analytical arguments
(e.g., via invariance principles).

While the governing dynamics of Eqn. (1) of the agents are
decoupled, their interactions become coupled through collision and
obstacle avoidance, as discussed later in this section.

In discussions regarding the collective behavior of following
agents, we utilize the Kronecker product [7] to collectively repre-
sent the dynamics of Eqn. (1) of all agents in the global form:

=22
2
= f)tutw
where x* = [x’f;xé‘ Lo ;lei,] € RN'P denotes the concatenated k-
th state vectors of all follower agents, u = [u1;us;...;un] € RNP
denotes their control inputs, w = [wi;wy;...;wy] € RNMP

denotes unknown bounded disturbances, the unknown function
Fx) = [filx); fox2); ... fv(xn)] € RNP collectively repre-
sents the non-linear dynamics of all N follower agents.

In the leader-follower scenario considered in this paper, the
leader agent, denoted by subscript 0, generates a reference tra-
jectory for follower agents, but this reference trajectory is a priori
unknown to all follower agents, and the only information about
the reference trajectory available to follower agents is the leader’s
state vector xg = xo(z) € R™P at the current time ¢t € [tg, ).
The leader also determines a time-triggered switching rule for the
communication topology as discussed later.
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The time-varying dynamics of the leader agent is:
(1) = x5 (1)
3)
%o (1) = fo(xo,1)

where xg € R? is the k-th partition of the leader agent’s state, and
xo =[x}, x2,...,x01] € R™P is its state vector.

The unknown function fy(xo,?) : [0,00) X R"P — RP in the
leader dynamics is considered to be piecewise continuous in ¢t and
locally Lipschitz in xo, with f;(0,7) = 0 for all + > 0, and all
xo € R"P. The governing dynamics Eqn (3) of the leader agent is
private to the leader agent, and its current state value x¢ is shared
only with a subset of the follower agents, serving as a reference
for the formation control objectives discussed further below. The
condition f;(0, ) = 0 ensures that if the leader starts at the origin,
it could stay there. But there is no indication that it actually does —
the general form of the dynamics and the language used implies that
motion is expected. Given that the leader’s dynamics are general
and time-varying, it serves as a formation reference. This is a
dynamic tracking formation problem. The followers are expected
to maintain a formation with respect to a moving leader state x,
not converge to a fixed spatial pattern at the origin.

In the consensus problem, it is desired that

Tim [ —¢}) = (g = )] =0 @
lim [(xj =) = (5 —¢))] =0 )

for each i € N and for all j € N, j # i, where ¢/, 1,0].1 and y) € RP
denote desired position offsets for agents 7, j, and the leader agent
0, respectively. Following standard consensus/formation defini-
tions (e.g., [4,20]), we adopt the desired asymptotic relations. Each
agent aims to achieve a state offset from the leader or other agents
by 1//?‘, ensuring coordinated movement while maintaining forma-
tion. However, such a strong level of connectivity which requires
communication among all agents is often not feasible in networked
control systems due to practical constraints such as limited band-
width, packet loss, and delays (e.g., see [18]).

The k™ order tracking error is defined as 6{.‘ = (xf‘ - (//;‘ )— (xg -
1//5) € R”, and globally as

ok =6k, 65, 6517 e RN P, (©6)

Definition 2.1. The tracking error 6% is cooperatively uniformly
ultimately bounded (CUUB) [1] if there exists a compact set ¢¥ C
RNP with {0} c ¢¥ such that for any initial condition 6% (19) € ¢*,
there exists B¥ € Roq and Ty € Rsq which yields ||6%(¢)|| < B*
forall t >ty + Ty.

In this paper, we seek a distributed consensus policy where, in
addition to its own state x;, each agent determines its input u; based
solely on the states of a limited number of other agents, which may
or may not include the leader agent. Furthermore, each agent must
also account for obstacle and collision avoidance.

To shape motions for collision/obstacle avoidance we employ
repulsive potential terms in the spirit of [7].

Agent—agent repulsion. For xil,le € R” and ‘//ilj >0,
1_ 1 1
07 ”X,‘ _xj ” >(’[/ij’

1.1 1 @)
EEETNRA A
i Y
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Agent—leader repulsion. For x(l) € RP and wiIO > 0,

0, llxj = xpll > o,
m;o = @ 1 1 1
! ”xi _x()” < l//,'()'

®)

1 I
”xi _-x()”

Agent—obstacle repulsion. Let the obstacle index set be B =

{1,...,E}, with center O, € R?, detection radius R > 0, and inner
radius £ € (0, R) for ¢ € B. We define
0, Ilx} = Ocll > R,
2
Mmie = 2_\1xl—0. 112 9
S | L i R N NS
[+f-odF-e ’

The formulation for obstacle avoidance between the leader agent
and obstacle is similar, with xl! replaced by x(').They increase
as agents, the leader, or obstacles enter prescribed detection re-
gions, thereby discouraging close approaches. In these expres-
sions, @ € R, is a positive scalar adjusting the repulsive force
strength, lpl}j’wl!() € R, are the desired scalar separation design
parameters between agents i and j, and between agent i and the
leader, respectively.

Let $M = {G',...,G¢} {M =1,...,C} be a finite set of pos-
sible communication topologies, where each gM = v, eM, AM)
is defined by; a set of agents V = {v;,...,un}, an edge set
EM C VxV, and an adjacency matrix AM. A piecewise constant
switching signal o : Ryo — {1,2,...,C} governs which topol-
ogy is active at time ¢t. The signal o is constant on each interval
[#s, t5+1) and changes its value at {¢}. Hence, atany ¢ € [fg, f54+1),
the active topology is G7() = (V, £71) A7) A directed edge
(vj,vi) € go® implies that agent i can receive information from

agent j. The weighted adjacency matrix A7) = [ag(z)] € RVxN
models interaction strength under the o-(¢)-th topology, where:

ey _ 2ol @i (g, 0) € €70,
v otherwise.

(t

Here, zwf} ) > 0 is the pre-defined edge weight from agent v;

to agent v; under G7). The in-degree matrix for the o ()-th

topology is D7®) = diag{di‘r(')} with dl.”m = j’\il alf;('), and
the corresponding Laplacian matrix is L7 = Do) — oo
To incorporate a leader agent vy, we define the augmented graph
Gow = (9,8, where V = {vo,v1,...,05}. The leader’s

influence is modeled by the diagonal matrix B“() = diag{bl%(l)}

with zwl%(t) > (0 the pre-defined edge weight from agent vy to agent
v;, where:

PO o {Z’”fﬂ(’> if (vo, 1) € €71,
0 0 otherwise.
In the time-triggered switching communication topology frame-
work, these communication links change only at a sequence of
predetermined trigger instants ts, with #p = 0 and #,4; — 75 > 0.
Between triggers the graph remains constant. If the inter-switch in-
tervals satisfy a minimal dwell time 74 > 0, i.e. 541 —#5 > 74, then
o is said to obey an average-dwell-time constraint. Thus, at any
given time, the effective communication and coordination structure
is defined by G ) (correspondingly A7 (®), po®) o) po))
In order to ensure that no clusters of agents are isolated from
the leader, we impose the following assumption.

Assumption 2.1. Under each communication topology G, the
augmented graph G7 contains a spanning tree with the leader as
the root (the leader is (directly or indirectly) connected to every
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agent). In other words, whenever (v;,v9) ¢ &7 under the ac-
tive topology, there exists a sequence of nonzero elements of A7
of the form ai‘;'Z,agi%, S ’a;,r,,i" for some (i’,0) € £, with the
sequence length | being a finite integer (An agent might not com-
municate to the leader directly, but there is a finite hop chain of

neighbors that relays leader info to it in the current graph).

In the instantaneous-connectivity setting of [21], the commu-
nication graph is (undirected) connected at every instant, which
enables arbitrarily fast switching (no dwell-time constraint) but
imposes a strong per-instant topological requirement. In con-
trast, our framework requires leader-rooted connectivity at every
instant—i.e., under Assumption 2.1 each active topology contains
a spanning tree with the leader as root, so every follower is reach-
able (possibly through neighbors); this condition applies to both
directed and undirected graphs. In addition, we enforce an average-
dwell-time bound Eqn. (10) that limits the switching rate, en-
suring sufficient time for information propagation and Lyapunov
decrease. Thus, both approaches guarantee a per-instant connec-
tivity property, but of different flavors and trade-offs: [21] uses
all-time undirected connectivity with no timing limits, whereas
we use leader-rooted connectivity plus an explicit switching-speed
constraint—better capturing leader—follower networks subject to
intermittent links or mobility-induced disconnections.

Due to the restrictive nature of the dwell time 7, [19, Section
3.2.2], we employ average dwell time, 7}, derived in Section 4.5,
that reflects the topology connectivity quality. Let N7 (z, t) denote
the number of discontinuities of a switching signal o on an interval
(to,7). We say that o has average dwell time 7 [22] and [19,
Section 3.2.2] if there exist two positive numbers Ng and 7, such

that
o -1
N7 (to,t) < Nog + .

T,

a

(10)

Assumption 2.1 guarantees that at every instant the leader’s state is
reachable by every agent via a finite neighbor chain (leader-rooted
spanning tree). The average-dwell-time condition Eqn. (10) then
restricts how fast we switch among such leader-connected graphs,
ensuring sufficient time in each mode for information propagation
and Lyapunov decrease.

Throughout the paper, we assume that the following assumptions
hold.

Assumption 2.2. The following conditions hold:

(1) The initial states of all follower agents and the leader agent
are bounded, i.e., ||x;(ty)|| < Xnit for all i € N, and
[lx0(f0) || < Xo,init, where x;(t9) € R™P.

(2) There exist continuous functions finii(-) and fo it(:) such
that |fi(x)| < |finie(x)| for all i € N, and |fo(xo,1)| <
| f0,init (x0) | for all x within the compact sets ¢¢ = {x | ||x]| <
Xinit} and o = {xo | lIxoll < Xo,init}. These bounds hold
regardless of which topology is active at any given time.

(3) The unknown disturbances w;(t) affecting each agent are
bounded, i.e., |lw(t)|| < wni for all t € [ty,o0), where
w(t) = [wi();wa(2);...;wn ()] € RN'P. This holds ir-
respective of the switching events and the currently active
topology.

(4) The initial inter-agent, agent-leader, and agent-obstacle sep-
arations satisfy ||xil (to) - x; (t)ll = sij > 0, ||xi1 (tg) —
x(l)(to)|| > s;0 > 0, and ||xi1 (to) = Oc¢|| = sic > O for all
L,jeN i#j, ceBwith0<s;; <iij, 0<si0<yioand
0<8< Sic < R.

To ensure that agents within a specified proximity can exchange
information under the active topology, we impose the following
assumption. Let ¥ € R denote a proximity threshold.

Assumption 2.3. Under any active topology, if |lx} — x} | <Y,
then zw;;(t) # 0.

This assumption enforces that any pair of agents within ¥-
distance are connected by the communication graph.
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3 Methodology

3.1 Neural Network Learning Problem. To account for un-
certainties in the dynamics under time-triggered switching com-
munication topologies, we use a distributed two-layer linear-in-
parameters (LIP) neural network [23], enabling each agent to lo-
cally update its model as the communication graph changes. This
framework allows each agent to approximate its own non-linear dy-
namics and those of its neighbors while sharing their states as de-
termined by the currently active topology. Accordingly, we model
the functions as:

fi(xi) = 6] ¢i(x;) + &, (11
Jo(xo.1) = 65 ¢o(x0,1) + &0, (12)
wi(t) = 9:w¢iw(t) + Eiw- (13)

where f;(x;) € R” is the non-linear function in agent i’s dynam-
ics, ¢i(x;) € R%, ¢o(xp,1) € R9, and ¢;,,(¢) € R%w are fixed
basis functions, with the corresponding weight vectors 8; € RP"4,
0y € RP9_ and 6;, € RP%w_ qupdated in real-time as new data
is received from neighbors defined by the active topology. The
leader’s non-linear function is fy(xg,¢) € RP, and w;(r) € RP
represents the unknown disturbance affecting agent i. The approx-
imation errors are &; € R”, gy € RP, and ¢;,, € RP, ¢; is the
number of basis functions for agent i, g¢ is the number of ba-
sis functions for the leader agent, and ¢;,, is the number of basis
functions for modeling disturbance.

The neural network approximations for fi(x;), fo(xo,?),
and w;(r) are therefore fi(x;)) = 9 6i(xi), folxo, 1) =

90 ¢0A(x0,t), w; (1) = Giwqﬁlw(t), where the NN weights 6;, 6o,
and 6;,, are computed locally. For brevity of notation, the basis
functions and errors are denoted by

0 = diag(6y, ...,0y) € RN PXar
¢(x) = [¢] (x1),.... oy (xN)]T € RT,
e=ler,...,en]" eRNP,

Also, g; is the total number of basis functions for all agents, q,, =

Z,’]il qiw> and g; = Zl]\il qi-
The global non-linearities are expressed as:

() =07¢(x) +¢ (14)
fo(x,1) = 6] ¢o(x,1) + &0 (15)
w(t) = 0,¢u(t) + &y (16)
with approximations:
f(x) =87 ¢(x) (17)
Jo(x,1) = 85 ¢o(x, 1) (18)
(1) = 8,,6.(1) (19)

where f(x) € RMP is the concatenated non-linear function

for all agents, 6, = diag(f1y,...,0Nw) € RN PXWw ¢ (1) =

[¢1w(t), ¢2w(t), cee ¢Nw([)] € was Ew = [glwa EQws - v v ENw] €
RNP. The NN weight errors are:

G=6-0, (20)

Gy =606 2D

0w = 0w — 0,y (22)
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Assumption 3.1. The basis functions ¢;(x;), ¢o(x0,1), ¢iw(t), the
NN weights 6;, 0y, 0;y, and the approximation errors &, €g, &y, are
bounded by finite constants (not required to be known a priori).,
independent of the currently active topology.

Let ¢in = maxyee |¢: (X)), don = Maxyyes,r>0 [P0 (x0, Il

and ¢y = maxyso ||diw(t)]- Based on Assump-
tion 3.1, there exist positive numbers ®,, ©,, and &,;
D0, On0, and &,0; Py, Onyw, and &y, such that:
||¢l(xl)|| < Dy, ||¢()(X(),l)|| < Dy, ||¢iw(t)” < Oy,
”91'”(; < ®n7 ”90”(; < ®n0, ”91w”G < G)nws
”8” < é&n, ”30” < &no, ||3w|| < &nw-

The use of a mixed dictionary of polynomial, trigonomet-

ric, and exponential basis functions is especially well-suited to
adaptive control [24], since each class brings complementary ap-
proximation strengths—polynomials excel at capturing local al-
gebraic trends, trigonometric functions model periodic behaviors,
and exponentials describe transient phenomena. As demonstrated
in the SINDy framework of [24], such hybrid libraries retain
universal-approximation power while keeping the adaptation prob-
lem tractable: their simple, closed-form derivatives lead to well-
structured, real-time optimization routines. Compared with large-
scale neural networks, these basis functions yield compact adapta-
tion laws with lower computational overhead, making them ideal
for real-time control of systems with smooth nonlinearities and
structured, time-varying disturbances [24].

3.2 Local Synchronization Error. With time-triggered
switching communication topologies, at any given time f, the
active adjacency matrix A% (®), Laplacian L") = Do) — g (1),
and leader interaction matrix B”() define the communication
structure. Given the limited information available to the i agent
under the currently active topology %), we define its k™ order
weighted synchronization error as:

b _ i <>[
o(t t

-y = (xf l//)]

by =)= b - )| @)

()

where v, v, > 0 are scalar gains, atf; are the entries of the

active adjacency matrix A2, and bl%(’) are the entries of the
leader interaction matrix B” (). For notational convenience, we
employ ek () and eg‘ interchangeably throughout the manuscript
to represent the same mathematical entity. The scalar gains vy, v»
can vary between topologies, however, in this paper, we consider
them constant across topologies. Using the simplifying notations:

'lk = xk - n,bl’F, )EJ’.‘ = x}‘ - w;‘ and X(’j = x{j - 1//(’)‘, we rewrite Eqn.
(23) as:
N
k, k= k-
e T = v 3 al (& - %) = vabp (B - %), (24)

J=1

Here, the term —v Zf\i : alf;(” ()El’.‘ - i}c) ensures consensus among
agents by penalizing the difference between the state of agent i
and its neighbors, while vzbam(x ig) couples the agent’s
state to the leader state by penahzmg their difference. Defin-

. k,o(t k,o(t k,o(t k,o(t .
ing, ek,a'(t) — [el ()’ 5 (),63 ()’”', ()]T e RNp
xk =[xk, 2T e RVP gR = (3K x}‘v]T € RNP, we

reformulate Eqn. (24) in global form as:
570 = _(y LTW 4y, BT (5 —xé) (25)

highlighting that the synchronization error depends on the currently
active topology.
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Lemma 1. Under Assumption 2.1, the matrices viLo® 4
v2aB7 D are non-singular for all topologies o (1).

Proof. Let J denote the set of strictly diagonally dominant nodes
of $7) 1= v L7 4y, B0 e, J = {i 1187 > 3, 187 1)
Similar to the proof under a fixed topology, if J = N, i.e., the ma-
trix $7 ") is strictly diagonally dominant, then det($7 ")) # 0 is di-
rectly obtained by the application of the Gershgorin circle theorem
[25]. For the case where J C N is a strict subset of agents, we note
from $7 1= v L0 4+, BT and Lo®) .= D) _ A7) that
$70 =y, Do _y AT®) 41, BT®) | Since BW = diag{b?}
and D := diag{dlfT @ } are diagonal matrices, the on-diagonal el-

ements of $7) are $g(l) = —vid;; — vzb? and the off-diagonal

elements are $;§<’) = —via;j, i # j. These relations, together with
Assumption 2.1, yields that: (i) J # 0 and (ii) for each agenti ¢ J,
there exists a sequence of nonzero elements of $7 in the form
$irizs Sizizs - -» Sis_,ig» for some iy € J, which directly correspond
to the sequence of non-zero elements a;,;,, diyi» - - - » Aig_ iy N As-
sumption 2.1 (applied to each active topology G (*)). Thus, by
invoking [26, Theorem], we conclude that $‘T(’ ) is non-singular
under any active topology. O

3.3 Local Error Dynamics. Under time-triggered switch-
ing communication topologies, the active Laplacian and leader-
interaction matrices at time ¢ are L) and B ®) . For each time ¢,
the differentiation of the synchronization error defined in Eqn. (24)
yields:

ko) = phtlo(t)  p =1 p—1
¢o7W = (L7 4 BT (" - xp), k=n  (26)
which, in the expanded form, is written as:
' =2 = —(n L7 + v, BT (5 _ZS)
==L +v,B7) (& - 7))
¢" ==L +vB7O)(f(D) +u+w - fo(Fo.0) (27
where k7 e RN'P, gk € RVNP and xX € RV'P. Here,

F(®), fo(X%o,1), u, and w represent the aggregated nonlinearities,
leader dynamics, control input, and disturbances, respectively, and

evolve under the currently active communication topology defined
by o (7).

3.4 Weighted Stability Error. The weighted stability error
r; € RP for each follower agent 7 is defined as:

n-1 n

T :/lleg +/lze?+~--+/ln_lei + e

n N

o(t

=N Zﬂkaij( :
k=1j=1

(f =) = (% —wf)]

—v2 ) by [(xf —y) - (x - w{;)] (28)
k=1

with A, = 1, and where 4; (for j = 1,...,n — 1) the design
parameters are chosen such that the characteristic polynomial:

2

LI T Ly

S + A4 (29)
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is Hurwitz. This ensures that all roots have negative real parts,
leading to the stability of the associated linear system. The selec-
tion of A; can be made by setting gLy 8" 2+ Ay =
]—]J’.':_l1 (s — &), and selecting &;’s to be positive real numbers. The
global form of the representation of the weighted stability error is:

r=diel + 6%+ + A" + " e RVPXL (30)
Similarly, we define
_ 2 3 n
pi = Adre; + Aze; +---+ Ay1€;
n N
=i D dnal o - uf) - (o - uf;‘)]
k=2 j=1
n
—mzak_lb;?”[uf AR —w{;)] 31
k=2
as well as
_ 2 3 4 n
p=A1e"+ e’ +Aze” + -+ A,-1€". (32)

By differentiating Eqn. (30) with respect to time, the weighted
stability error dynamics under the active topology o (¢) is written
as:

F=die' + 267 + 4 Ay 4 6"
= /1162 -}-/].26’3 + - +/l,l_1e”
— (L7 4y, BT (F" - 5

recalling from Eqn. (26) that ¢ = —(v; L7 ®) 4y, BT ") (" -xg).
Hence, 7 can be written as

F=p=L7 + BT D) (f(x) +u+w— fo(xo.1), (33)

where

A=A dna]” (34)

With the definition of E; = [e!,e?,...,e"" 1] € RV-PX(n=1),
and E; = [€2,¢3,...,e"] € RNPX("=D) e first rewrite (32) as
p = E>A and, further, we can write the matrix relation:

Ey=E aT +rl=E = [¢%¢%,...,e" e RN P(n=D)

(35)

PIPIPIN

with [ = [0,0,...,0,1] e R"*("=D and

0 1 0 0
0 0 1 0
I e RO-Dx(n=D),
0 0 0 1
-1 A2 A3 —An-1

As stated in [1], since A is Hurwitz, there exists a unique
positive-definite matrix P7")

1
B:

such that for any positive number

ATPTW 4 PTO A = —pI (36)

o(t)

where I € R(*=1*(=1) is the identity matrix. We will use P,

in the Lyapunov function to establish convergence.

Lemma 2. [f r;(t) is ultimately bounded, then e;(t) is ultimately
bounded.

Proof. The result is direct consequence of [1, Lemma 10.3]. O
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Lemma 3 (Graph Lyapunov Equation). Define

q=1q1.....qn]" == (M L7D +v,B7 )71, (37)

P = diag{1/q;}iex, (38)

Qa—(t) = Po'(t)(vlLa'(t)+VZBU(I))+(V1L0'(Z)+VZBU(I))TP0'(I)’

(39)
where 1 = [1,...,1]T € RN. Then the matrices P gpd Qo)
are positive definite.

Proof. The proof is similar to [1, Lemma 10.1] by arguing that
viLT® + v, BT is non-singular by Lemma 1.
O

4 Main Result

We now introduce the proposed distributed control strategy and
adaptive tuning laws in Sections 4.1 and 4.3, respectively.

4.1 Proposed distributed Control Law. Under time-
triggered switching communication topologies, let D7) and
B7 () be the in-degree and leader-interaction matrices correspond-
ing to the active topology o (¢). Given, ¢; € RP*"P a tunable gain
matrix and

(x} =yl = (x) =)

Eio=| (xF-yh) - (xk —ub) (40)

o =) = (g = )

is the relative position between the follower and leader with
global forms represented as ¢ and Ey, respectively. To achieve
a fully modular design that simultaneously handles formation
tracking, disturbance rejection, consensus, leader-following, and

n
1
U= ————| — v

N
Ak la”(l)
o(t) o(t)

di " +by

-y -

k=2 j=1

— 0 ¢ (x;) -

—v2 ) kb [(xf‘ —uf) = (xg - wé‘)] -,
k=1

To facilitate the discussion, Eqn. (41) is decomposed as

d P

u; = 270, e 07 ¢i — 07 0iw + 05 do +ri — ciEgy, (44)
it
3
uf =T mienic, 45)
c=1

Journal of Dynamic Systems,
Measurement and Control

safety, our control law for high-dimensional nonlinear agent i
is composed of five clear components. First, the feedforward
term p; encodes the desired leader-follower offset (//f‘, ensur-
ing each agent follows the leader (Wil is the relative displace-
ment). Second, the adaptive neural-network terms —él.Tqbi -
équﬁiw + ég ¢o cancel unknown agent dynamics and ex-
ternal disturbances via online weight adaptation. Third, the
synchronization error r; drives all inter-agent and agent-leader
deviations—after subtracting offset thresholds—to zero, enforc-
ing cohesion. Fourth, a proportional leader-tracking correction
—c; E;j, guarantees exponential convergence to the leader’s tra-
jectory through the communication graph Finally, the repul-
sive safety forces FO Z( | Mic Mic, F Z — mijnij, 1"10 ZJ L M0 Mo
provide proximity-dependent safety shapmg by pushing agents
away from nearby hazards.

Each term directly maps to one of our core objectives, resulting
in a tunable control architecture. The proposed distributed control
law is presented for each agent i as:

_ pi AT AT AT
Ui =~y i b~ Yipbiw + 0y do + 1
d; +by
41
= N 1)
T 0 1 2
- CiEi() + Z Fc micnjc + Fijm,-j n;j + Fi() Z m;o nio
c=1 Jj=1
where
1_ .1 1 1 1
O/ A Sk I el
ij = 1 > i0 -— 1 T’ ic -— 1 .
lle; = x; 1] lIx; = xoll llx; = Ocll
(42)

ie., the repulsive inputs in Eqn. (7)—-(9) act along the
line-of-centers between agent i and agent j, agent i and
the leader, and agent i and obstacle ¢, respectively.

The control law (42) is written in expanded form as

)] - szﬂk 1b”(t)[

i) = (xg - )])

07, biw (1) + 05 do(x0,1) = v ZZM"(”[ —uf) - (xf —wf)]

k=1j=1

n

K (k= yky = (xf - w§>]

k=1

N
T mic(xi, Oc) mic + ) Tl mij (xe, ) mij + Ty mio (i, x0) mio. - (43)
j=1

N N
= Fllj Z m;jn;j + Flz() Z m;on;o. (46)
Jj=1 Jj=1
This yields the global form of the control law U as:
U=U0?+0"+U° A7)

where:
d _ (po(t) o)y~ ! AT AT AT T
=(D + B ) P—=0 ¢—0,0,+6yd0+1r—CcE,, (48)
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U° =1M°, 49)

US =T'Mf +T2M. (50)
Gain matrices I'°, "', I'> multiply the obstacle-avoidance term M°
and the two collision-avoidance terms MIC, Mg . Bach IV is a
constant, positive-definite matrix chosen by the designer to set the
relative priority and shape of those repulsive contributions. The
overall control law is:

U= (DD + BT 4T~ 0T, + 67 o

+r—CcE] +T'M° + T'Mf + T2 M§ (51)

Here, U = [u],uj,...,uy]" € RN'P is the control input vector
for all agents with ui,u?,uf,u? € R?, and (DM + W)~ j5
the inverse of the diagonal matrix diag[(dla(t) + bﬁ)(t))lp, (d;(t) +

b Ny, (@Y + 05, ) € RVPIXNP) [ s the iden-
tity matrix of size p X p. The global neural network weight ma-
trices é, éw,éo correspond to the agents’ dynamics, disturbances,
and leader’s dynamics, while the global basis function matrices
@, du, @0 relate to these respective dynamics. The control law U
thus adapts to the currently active topology o (), ensuring perfor-
mance and stability despite the evolving communication structure.

4.2 Boundedness of the Control Input.

Proposition 4.1. For a system with follower dynamics (1) and
leader dynamics (3) with n > 3, and under Assumptions 2.2(1),
Assumptions 2.2(3), Assumptions 2.2(4) and 3.1, the control law
(41) generates a bounded input under the admissible switching
communication topology. That is, there exists a constant u, < o
such that ||u(t)|| < uy,, Vt > to.

Proof. The use of repulsive components in the input (41) renders
the collision configurations
x?})l = {[xlT~--x,T,]T e RN xi1 —le = O}

(and similarly the obstacle—collision configurations) unstable. In
particular, one can construct Chetaev functions fo’l (and their ob-
stacle counterparts) that are positive in a neighborhood of these
sets and satisfy Vicl?l > (. Hence, under Assumption 2.2(4) and the
proposed control law, one can construct level sets of Vl.cjf’l > () such
that

mij(t) < Mij, mio(t) < Mio,

mic(t) £ Mie, Yt >tg.

In other words, the repulsive components satisty

luf (Ol < DTN Mic < oo,
c=1

and

N
‘ 1 2
Nl (1l < > ATLI Mij + T3 | Mig < oo,
Jj=1

For the non-repulsive part ul?’, Assumption 3.1 ensures that
all basis functions, NN weights, and approximation errors are
bounded. Moreover, by Theorem 4.1, the closed-loop signals
are bounded and the tracking/synchronization errors are ultimately
bounded; in particular, ; and E;yp remain bounded for all ¢ > #y.
Also, by Assumption 2.1, there exists d > 0 such that

a7 470 xd = (a7 +p5 ) <a
i = i i0 -
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Hence every term in u;l is uniformly bounded, and therefore

||u§1 (2)|| is uniformly bounded.

Since u; = uf + u? + uf, each component of u; is bounded,

therefore there exists u; , < co such that

lu; (Dl < i n, Vit > to.

Stacking over all agents yields
lu@Il < un

for some finite constant u, < oo and all + > 7). Because the
admissible switching signal takes values in a finite family of com-
munication topologies, the above bound is uniform across topology
switches.

It is worth remarking that the bound u, depends on multi-
ple parameters, particularly the potential functions bounds from
Assumption 2.2(4), the NN weight and basis-function bounds
from Assumption 3.1, the closed-loop error bounds from The-
orem 4.1, and the minimum sum of the in-degree and leader-
coupling d = min; »(d + bg) from Assumption 2.1. Conse-
quently, while the large number of variables makes an explicit
closed-form calculation impractical, Proposition 4.1 establishes the
existence of such finite upper bound u,, that is strictly determined
by the system bounds and design parameters.

4.3 Proposed NN Local Tuning Laws. At any time ¢, the
active topology o (r) determines the in-degree matrix D) and
the leader-interaction matrix B (). For each agent i, the NN
parameter adaptive tuning laws are proposed as:

b = =Gl giripi(d! " +b7") + k], (52)
b = GiO[GbOriPi(d[(T(t) + bl%m) - kobo], (53)
éiw =-Giy [(piwripi(dio-(” + b,a(;(t)) + Kiwéiw]- 54

where, «;, ko, ki € R are positive scalar tuning gains. Here
G; € R¥*49i G;y € R9*90 and G;, € R%w*diw are constant,
symmetric positive—definite matrices that serve as the adaptation-
rate (gain) matrices for the agent—dynamics, leader—dynamics and
disturbance neural networks respectively. Their magnitudes can be
tuned to trade off convergence speed versus robustness to noise
or unmodelled dynamics. In the global context, this yields the
parameter estimate dynamics as:

0* -G [¢rTP(r(t)(D(T(Z) + Brr(t)) + K@]’ (55)
0o = Gy[por T PT D (DD + BT — ko], (56)
O = -Gu[pur T PTO (D7D + B"D) 4 k,0,]. (57

where
G = diag(Gy,...,Gy) € R#t*4t,
G(*) = diag(Go, ey G()) S thth,

Gw = diag(le, ey GNw) € thXq'.

The matrix P is defined as in Eqn. (38), and «, ko, and &,
are vectors of the tuning gains «;, ko, K;, respectively.
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4.4 Leader-Follower Formation Consensus.

Theorem 4.1. For the distributed multi-agent with the follower
dynamics Eqn. (1) and leader dynamics Eqn. (3) under assump-
tions 2.2, 2.1, and 3.1, the NN tuning laws Egn. (53), Eqn. (52),
Eqn. (54), together with the control law Egn. (41), and for a net-
work satisfying the average dwell-time condition Eqn. (81) later
derived in Proposition 4.2, this results in synchronization, colli-
sion and obstacle avoidance, and global asymptotic stability under
switching communication topology in the form of

(1) Synchronization: The tracking errors, 6% in Eqn. (6), for all
Jollower agents, i € N are cooperatively uniformly ultimately
bounded (CUUB).

(2) Stability: The origin is globally stable for all the k™ order
weighted synchronization errors Eqn. (23), i.e., e{."”(t) for
all k € {1,--- ,n}, i € {1,---,N}, the weighted stability
error Eqn. (30), and the NN weight errors 6 = 6 — 9, Gy =
6o — éo, Gy = 0y — éw.

(3) Collision and Obstacle Avoidance: Agents avoid collisions
and obstacles while maintaining synchronization and stabil-
ity, i.e., mjn;j in Eqn. (7), myon;o in Eqn. (8), and mjcn;.
in Egn. (9) combined with Eqn. (42) for all t > 0.

The CUUB/weight bounds are existential (used for analysis);

implementation does not require numerical knowledge of these

constants. Boundedness of 8 , 90 and éw are enforced by the terms
in the NN local tuning laws.

Proof. Part 1: For a high-order, high-dimensional, nonlinear, het-
erogeneous multi-agent system, we extend the Lyapunov-derivative
summation and norm-bounding methodology of [1] to accommo-
date time-triggered switching communication topologies, collision
and obstacle avoidance, and online disturbance estimation via adap-
tive neural networks. We consider the Lyapunov function:

Vo =VZ+Vy + V7 + V7 + VT (58)
with each term defined to capture the dynamics, NN weight errors,
and synchronization errors under the active tOpOlO%y. Specifically
Vi = 3P v = Je{07GT0) vy = {0 G ol
V7 = 1u{6,G,'0,}, and

w
Ve = %tr{ElP;r(’)(El)T}. Taking the derivative of V" and using
Eqn. (33), yields

vy = rTPoWj = pTpo [p — (LD 4y, BTOY(f(x)

+u+w- fo(xo,t))J.
Substituting Eqn. (47), we have
Vl‘r =rTpc®) [p - (V1L"(t) + VZB"(Z))[f
+ (D7D 4 BTO) T 0T — 0T g+ 07 o + 1 — cE]
+TOM° + TIMF +T2M§ +w - fol |- (59)

Considering Eqn. (14) through Eqn. (19), Eqn. (39) and invoking
the property a’ b = tr{b a" } after further simplification, we obtain
Ve as

1

. 1 ~
Vla' — _erQa'(t)r _ tr{9T¢rTPU(I)(DJ(t) + B(r(t))}

+r{T¢rTPTO AT} — e g, PT (DTN + BT}

Journal of Dynamic Systems,
Measurement and Control

+rTPTO AT (po®) 4 go@y=l, 4 %CVTQG—(I)E(—)F
+tr{fypur T PTDATDY (] porTPTD (DD + BT}
(8] gor TP AT}
—rTPTD(y L7D 4 )BT (g + ¢, — &)

+rTPTO(L7D + vy BTOYTOMO + T Mf + T2M).  (60)

Differentiating V;” with respect to time results in

VS = 1r{07 G4}, ©61)

Differentiating Eqn. (20) and substituting d=-9 yields:
VS = -tr{67G'0}, (62)

Likewise, differentiating Eqn. (21) and Eqn. (22) yields:
V& = —tr{6] G 0o}, (63)
V7 = —tr{05,G ' 6,). (64)

The derivative of VS is V& = tr{ElP;’(t)(El)T}, Using
Eqn. (35), then, V& = Lir{E{(aTP7" + PTWA)ENTY +
tr{rlTP;r(')(El)T}. Considering Eqn. (36), V& becomes

B

vy =-5

NEE +aPy DIIIFIE . (65)
Hence, combining Eqn. (60), Eqn. (62), Eqn. (63), Eqn. (64) and

Eqn. (65) into V7 = V7 + V7 + V7 + V7 + VI satisfies:

a(PrM)a(A” ™)

7O _ R A S
Vi< 2(D70 + Br0)

1
L ooy _
2Q(Q )

IIJII] lIrI?

a(PTNa(AT 1)
Q(Do-(t) + Bo‘(t))

Il allGlIAl] +a(P;’<”>]||r||||E1||G
+&(P7 a0 L +v2B)TulIrl| = «l1611g; ~ kol ol
= kullfullg, + ua@(PT)a(A”)|18]|c] 7]

+ @@ (P7 )@ (AT ) |Gl Il

+ ®,0a (P ) a(A7D) |Gl Il
+a&(PT ) a(vL+vB)Ty|Irl| - §||E| (PRI

- ~ 1
+ Kw®nw||9w||Gw + K0®n0||00||06 + ECEOQ(Q(T(I))“”'? (66)

with Ty := & + €, — € and Ty := T'M° + T'Mf + T2M( .

In the interest of keeping this paper concise, we have abbrevi-
ated the full Lyapunov-derivative summation calculation that leads
to Eqn. (66). Eqn. (66) is simply the result of adding the derivative
bounds for V;—V5 and then using Cauchy—Schwarz, eigenvalue, and
Assumption 3.1 bounds to control every trace and cross-term. Con-
cretely, the —% rTP7r term and its worst-case coupling bounds
produce the leading ||r||*> coefficient; the remaining consensus and
potentials combine with the Vs estimate to yield the ||r||||E;]lG
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group; substituting the adaptation laws into V,—V, generates the
—k|10]1%, —kol180]|?, and —«, |8, ||* terms along with their ®||6]|||7 ||
and « ©||d|| residuals; and invoking ||¢;]] < @,, |ldoll < Pro,
|¢iwll < @y ensures all remaining cross-terms can be absorbed
into the defined ®,,, ®,,, ®,,0, 0,0, Pprw, Oy constants.

We rewrite Eqn. (66) in the simplified form,

Vo=V () <7 Kz+w'z (67)
with
£ 0 0 o0 g
0 « 0 0
K=10 0 «x,2 0 1y,
0 0 0 Ko V3
g Yir Y2 Y3 Hi
T
w = O»K®n,Kw®nw7K0®nO,A 5
A =a(P"Na(viL +vyB)(Tyy + Twy) + 12,
a(Peya(ATW) -
h= —————||1|,
a(Do®) + po)
1
7= =5 @a(PT)a(AT),
Lo o)y s 40 ()
Y2 = _Eq)nwa(P )Q’(A ),
1
Y3 = —§q>n007(P(T(t))@(A(T(Z)),
1 o (1)
ML= EQ(Q )b,
1 o ()
M2 = ECEOQ(Q )s
1[a(PTD)a(A"®) R
——E[WHAHG”MHG(PI )|
T
z= [I|E1IIG,||9||G,||9wllcw,ll90llag,||rll] . (68)

V¢ (z) is positive definite whenever the following two conditions
are met; K is positive definite and ||z|| > %

For the first condition to be satisfied, according to Sylvester’s cri-
terion, we must ensure 8 > 0, gk > 0, gkkw > 0, gkkwK() > 0,
and [;KKU)(KO/JI - 7%) - §K7§K0 - g'y%KwKO - gZKKwK() > 0, with
the isolation of uj, yields

/11>B

5 KKwkQ 2 2

1 |8 2 B B _» 2
[—KKw73 + ZKy5Ko + 5 YiKuko + 87 KKyKo
For the second condition to be satisfied, we require ||z|| > By,
where
_ Il
a(K)

By (69)
T

with w = [0, k®,,, k4 ®w, K0Ono, A} and ||w||| = kO, +kyOpyw +

k0®no + A. Thus,

KOy + KypOnw + k0On0 + A
B, = 70
d 2(K) (70)
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If ||z|]| > Ba, then V7 < =V 7 (z) with V7 (z) being positive defi-
nite. Singular values are defined for all matrix dimensions. Using
the singular value bounds:

a(PTO) Ir|2 < 7 TPTOr < G (PTO) |Ir|P,

a6l < w(d"G™'0) < ey 611G

w6 100llG < w(@3G500) < gy 1ol

s 10l < w056300) < by 10ul

cPTOYIENE < wETPTVE) < a(PT)IE L.
Combining and halving gives g(PT‘T“))Hr”Z + #(G)”g”é +
A — T R N
vros SR e I+ i Il +

_ o (1)
2£(+Gw) ||§w||zG + w ||E1||%;. Considering Eqn. (68), the

inequality simplifies to

amllzlF < v <a@)llzlP, (71)
where
_ oo faeo®) 1 )
n = dlag( 7 286) 25(Gy) T 2 Ge) 2 )
and
o a(Po®) 1 1 1 d/(Pl(r(t))
{ = dlag( 5 > 7a(G)’ ZO'(GB) > 2a(Ga) 5 )
Then for any initial z(#¢), there exists Ty such that
1zl <298, Vizn+m. 72)
a(mn)
Let Z = ming| f/1>B,Vy (z), then
V7 (t9) — @(¢)(Bg)?
To = (to) — @($)(Ba) ' 73)

Z

This implies r(¢) is ultimately bounded, which yields e;(t), " (¢),
and ¥ CUUB, thus achieving synchronization over G.

Part 2: We show that x;(z) is bounded V¢ > typ and Vi € N.
From Eqn. (67):

VT < —a(K)lzl* +llwllllz]]. (74)
which, together with Egn. (71), we obtain
K
4wy < - 28 e, Lol (75)
dt 2a(f) 24Ja(n)

Thus, it follows from [27, Corollary 1.1], that V7 (¢) remains
bounded for all # > #(. This results, together with Assumption 2.2,
yields 6% = (x¥ —y¥) — (xk — &) being CUUB, i.e., |Ix;]] < Xinit
and ||xo|| < Xo init are bounded Vr > 1. O
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4.5 Proposed Average Dwell-Time Requirement. Sec-
tion 4.4 established, for each fixed topology, a Lyapunov derivative
bound that yields ultimate boundedness and CUUB of the tracking
and adaptation errors. We now derive a sufficient average dwell-
time condition ensuring that these mode-wise practical-stability
estimates are preserved under topology switching.

A key distinction with the dwell time frameworks in [19,22], is
that we derive explicit expressions (77) and (79) for the jump factor
u and the continuous-time dissipation rate o in a heterogeneous
multi-agent setting that simultaneously handles online NN-based
cancellation of unknown dynamics, collision and obstacle avoid-
ance, and switching communication topologies. Critically, the
derivation retains the residual term c¢( throughout, so the conclu-
sion is uniform ultimate boundedness, consistent with the CUUB
result of Theorem 4.1. Embedding these tailored expressions into
our adaptive, safety-constrained, time-based switching framework
extends previous dwell time works to this multi-agent context.

The following proposition combines the continuous-time inter-
val estimate for the Lyapunov function with the topology-dependent
jump bound at switching instants to obtain a sufficient lower bound
on the average dwell time.

Proposition 4.2 (Average dwell-time condition for switched practi-
cal stability). Suppose that for each topology o € M, the Lyapunov
function V7 satisfies

V9 < -0,V + o, (76)
with
a(K) @?
o = T B o = >0, 77
°Twmn " T am

where @ is a bound on the residual vector ||w|| from Eqn. (67),
K, ¢, and © are evaluated under the active topology o. Assume
further that at each switching instant tg,

VeI (x(e)) < u VT (x(1))), (78)
where the jump factor (taken over the pre-switch mode, o~, and
the post-switch mode, o)

a7

, 79
et a(nT) 7

W=

where 1 and { are defined in Eqn. (71). Let 0o := mingen 0o If
the switching signal satisfies the average dwell-time bound

t

N7 (7,t) < Ny + vVt > 1> 1y, (80)

5

Ta

and
Inpu

a s

©0

(81)

then the switched closed-loop system is uniformly ultimately
bounded.

Proof. Let {t5}7, be the strictly increasing sequence of switching
instants, where 7o > 0. At each ¢, the active topology switches
to G7(s). Assume for each admissible topology GM, there ex-
ists a continuously differentiable Lyapunov function V7 (x) (e.g.,
Eqn. (58)) that measures the consensus error of the agents un-
der that topology. For brevity, at each switching instant #;, we
write o = o (t5), o~ = o () topology just before the switch, ,
o* = o(t7) topology just after the switch, 7, means the value
just before the time 7y4; and t:ﬂ means just after the time 744
(similarly applies to 7y and ¢[). Thus, §“ will denote the active
topology at ;.

We start by evaluating the Lyapunov function across each
switching instant. Specifically, we apply the special case of

Journal of Dynamic Systems,
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Young’s inequality [28] to the fixed-mode Lyapunov estimate,
Eqn. (74),

(K)
2

llwl*

' a
Vo < —a(K)|zl)* + =-= :
< —a(K)|lzll” + llwllllz]] < 2a(K)

2
llzll” +

(82)

Together with Eqn. (71) upper-bound (V7 < @(¢)||z]|?), we obtain
the scalar linear differential inequality

a(K) @

V7 < -0,V + ¢y, Co = 2a(K)’

Qo = (83)

T 2a(g)’

where @ is a bound on the residual vector ||w|| from Eqn. (67).
Solving the ODE, Eqn. (83), with integrating factor e€’ and in-
tegrating from ¢ to t;,; on on each interval [f;,%541) is

Vo—(x(ts_ﬂ)) < e"é’(r(fsn —ts)V(r (x(t:’))

+ Co (1 _ e_Q(T(ts+l_tS)) . (84)
Qo

meaning we start from the state right after the previous switch, at
t¥, then evolve continuously on [7s, #5+1), and bound the state right
before the next switch at 7_ ;.

The composite Lyapunov function is bounded as given
by Eqn. (71) with topology-dependent constants «(n) and
@({). When the topology switches from o (7;) with bounds
(a(n's)), @(£%))) to o(z) with bounds (a(n®)), a(¢)))
at instant ¢4, the state x(z5) is continuous (i.e., x(tf) = x(z7)),
but the Lyapunov function changes because P7*), 07() and the
adaptation-gain matrices change with the topology. Therefore the
jump in the Lyapunov function is bounded by

oy o @)
1% (x(zs))sm\/ ) (x(t7)).

Thus, the worst-case jump factor (taken over the pre-switch mode,
o ~, and the post-switch mode, o-*) and worst-case constants over
all topology pairs is

ot
o= O—-I,I(lﬁxejvt Zg—z_; > 1, (85)
and we define
00 = ;nelj‘r;[ 0o >0 co = ;neljr\;[ Co < 00, (86)
so that at every switching instant
VI(x(t5) < p V7 (x(1)). (87)

Let {t0,1, ..., !N, (1,r)} De the switching instants on [z, ] with
N9 (19, t) the number of switches. The number of switches in [#, 7]
is bounded by N7 (o, t) given by Eqn. (10). Applying Eqn. (84)
over each interval and Eqn. (87) at each switch recursively, after
the first interval and first switch (i.e., s = 0), we get

VO (x(r})) < pe @O0V (x(1))

+u ‘o (1 _ e—Qo(tl—to)) . (88)
©o

Continuing recursively over N7 (f, t) switches yields
V(1) < pN7 e @V (x(19))
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L & a7 110 (t=411) (] — gm00(ti=10)) (89
Qo J=0
Rewriting the residual factor
1 — e~ 004 L+
20 - I Pl (90)
b

and using in Eqn. (89) with e=€0(~4+1) g=00(41=7) = p=00(1=7)

V7 (x(1)) < pV7 e @0y (x(19))

NI
Z J /JN “Je=00(=7) g 1)
j:() ]

+ co

But uN7 7 = N7 (1) with 1 € [#,,2,41), hence,

Vo (x(1)) < pN7 em U0V (x(19))
INo -
+ C()J uN7 (@D g=e0lt=7) 4 (92)
fo

For any 7 € [f,t], the number of switches in [7,¢] satisfies the
average dwell-time condition

l_
N7 (t,t) < Ng + —, (93)
a
hence,
N (1,1) —00(t-7) ~ N ( )(’ o
pt e <ple (94)
Let
1
aly 95)
T(J

Likewise, for the transient term, applying the average dwell time
bound to [z, ]

,uN‘Te—Qo(t—to) < ﬂN()e—h(t—tO) 96)
hence,
Ny —-h CoﬂNO 5
VI (x(1)) < pNoe M0V (x(19)) + T(l — emh—)y,
N

Rather than handling each V7 (x(t)) separately, we define the
composite Lyapunov function

V(x(1) = max {LmDVo(x(r)}, 98)

where (“() € (0, 1] is a topology-dependent weighting scalar that
depends on the algebraic connectivity of the graph G7 ) defined as
the second-smallest eigenvalue of its Laplacian matrix L, denoted
as so(L7). The idea is to weight each topology’s Lyapunov value
by how well-connected that topology is. A topology with high
algebraic connectivity (large s,(L“)) gets a weight closer to 1,
while a poorly connected topology gets a smaller weight. We
choose

1

I+ Y (Kmax - sZ(LO—)) ’

L(r(z) —
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with ¥y > 0 and kpax = maxgen s2(L7) denoting the maximum
algebraic connectivity across all admissible topology modes. Sub-
stituting Eqn. (97) into Eqn. (98) yields:

V(x(1) < (moe_lxt”),uNOe_h(’_’(’)V(x(to))

No
o) COH _ —h(t—1)
+ (mﬂa}xt ) 7 (1-e ). (99)
It & > 0, Eqn. (99) requires
. Inp
T, > —. (100)
©0

Under condition Eqn.(100),

(1) The transient term (max(r L‘T) uNoe=h=0)V (x(19)) — 0 as

t — oo.
(2) The residual term converges to the finite limit
N
(maxg L")% as t — oo,

Therefore, V(x(¢)) is uniformly ultimately bounded with ultimate

bound
U) cou™o
h

Via the sandwich inequality, Eqn. (71), this translates to ||z(#)]|
converging to the residual set

(maxt (101)

o

(maxa L”) co uNo

102
R () (102)

limsup [z(D)]| <
t—o0

O

The proposed control and adaptation laws are fully distributed,
allowing for online implementation without global knowledge of
the graph or the states of non-neighboring agents. At runtime, an
agent i requires only local information: its own state x;, the states
x; of its current neighbors j where (v;,v;) € &) and the leader

state xo whenever bl%(t) # 0.

Several fixed design parameters are selected offline and stored as
fixed design parameters. These include the Hurwitz design coeffi-
cients A and the matrix Pf'(') satisfying Eqn. (36); the repulsion
thresholds and saturation parameters appearing in Eqn. (7)—(9); the
adaptation gain matrices % 1!, and I'?; and the minimum aver-
age dwell time 7, dictated by Eqn. (81). Additionally, strictly for
stability analysis purposes, the graph-dependent matrices P and
Q7 in Eqn. (38)—(39) are computed offline for each topological
mode in §

During online execution, each agent continuously computes the
following at each time step: the synchronization errors ek and
weighted stablhty erTor r; v1a Eqn. (27) and Eqn. (30); the NN
weight estimates 9,, 0,w, and 90 via the tuning laws in Eqn. (53)—
(54); the repulsive collision avoidance vectors m; jn;, mion;o, and
m;cnic via Eqn. (7)—(9), (42); and the overall control input u; via
Eqn. (41). Finally, because the leader determines and broadcasts
the topology switching instants {ts} to the network, individual
agents do not need to independently detect topological changes.

5 Numerical Example

We consider a network of agents composed of one leader and
five heterogeneous followers, motivated by cooperative adaptive
cruise control (CACC) [29]. The agents are required to maintain
prescribed inter-agent spacings in the presence of bounded distur-
bances, and intermittent communication. To illustrate the proposed
method, we use three control-oriented models: two-dimensional
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third-order systems in Example 1, two-dimensional second-order
systems in Example 2 and one dimensional second-order systems
in Example 3.

For all examples, communication between agents is via links
that switch according to the four topologies in Figure 1 at random
intervals, representing intermittent signal dropout.

Goln)

G o)

Fig. 1 The considered switching communication topology
of the augmented graph G in Section 5 illustrating different
topologies at switching times ¢4 to t4. Leader is denoted by
0 and follower agents 1, 2, 3,4 and 5

5.1 Example 1: Third-Order Agents in 2D Space. Each
agent is modeled as a third-order point mass system with n =
3 and p = 2, where x;,x?,x? € R? denote position, velocity,
and acceleration, respectively, and x? is the jerk. Writing xi1 =
L1 1,2 2,1 22 3,1 32
e LT Pl b ;X

[x c=x ,and x3 = [x 2717, the indices
¢ = 1,2 correspond to the longitudinal and lateral directions.

A stationary obstacle is placed at O. = [1.0, 1.5]7, with
detection radius R = 1.5 and exclusion radius & = 0.5.
The desired formation offsets are t//il’l = —1.1i and t//il’z =
0, corresponding to a longitudinal spacing of 1.1 units and
zero lateral offset. For this example, we use 12-dimensional

LIP bases for both the state ¢;(x;) approximators: ¢;(x;) =
[1 xll 12 21,22 (3320 L2 1.2y2

i X X &
(x? 1)2, (xl.2’2)2, (x?’l)z]T and disturbance ¢;,,(¢) approximators:
Giw(t) = [1, sint, cost, sin2t, cos?2t, sin 3¢, cos 3t,
sin? t, cos? t, sint cost, e, t ef’] T. These bases provide a com-
pact locally Lipschitz dictionary for approximating smooth nonlin-
earities and time-varying disturbances [24].
Leader: The dynamics of the leader is modeled as

Gl 20 2220 20 30 22 302
=Xo > =Xt X Ko X
iyt =—xrt = 2x0" + 1+ 3sin(2nx)t)

1,1 2,1 3,1
Xo +4x0 +3x0 —1),

0 - 2)(8’2 + 1+ 3sin(27rxé’2)

Journal of Dynamic Systems,
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= Ly g = 1) (g + 47 4307 - 1),

For each follower agent i (i = 1
common:

.,5), the integrator chain is

The follower jerk dynamics are x?g = ff (x;) + uf + wf(t), where

ff models heterogeneous dynamics.
Agent 1:
=-0.08x7"x7" = 0.02 (6PN = 0.50x7" +u} +wy,,

= -0.30x77 = 0.05 (x7%)% = 0.20x7% + u} + wy, .
Agent 2:

=-0.12x7"x) " - 0.035 (x3)?

3,1
3 Xy - 0.60x;

0.10 (x3")?

1
+ul +w

21 ) X5
1+ (x)?

= -0.40x37 - 0.08 (x3)? = 0.25x77 + u3 + wy,.
Agent 3:

- 0. lole 31 OO4(X2 1)2 O.SSX?]
+0.15 sin(xg’l) + ué + Wys,
%% =-0.35x7 - 0.06 (x7%)% - 0.22x7°

.22 2
+0.05sin(x37) + u3 + wy,.

Agent 4:
il =-025x7" )" - 0.08 (x7")? - 0.80x;"
-0.30 (xj" = D tanh(x]"") + ) + wy,,

2= -0.50x,7 = 0.12 (x7%)% = 0.35:07 + Ul + wy,.

Agent 5:
= -0.06x>"x>" = 0.015 (x2")? - 0.40x"'
0.10xp"
+ Uz + Wy,
L+ 7

3,2 _ 2,2 2,2\2 32, 2
157 =-0.25x7 = 0.04 (x57)° — 018X + us + wy,.
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5.2 Example 2: Second-Order Agents in 2D Space. Each
agent is modeled as a second-order point-mass system in the lon-
gitudinal and lateral directions. The control objective remains
spacing regulation with zero nominal lateral offset, except during
obstacle-avoidance maneuvers.

Two stationary obstacles representing disabled agents are placed
at O, = [200,500;1.5,2.5]7 along the path, with outer detec-
tion radius R = 1.5 and inner exclusion radius £ = 0.5. The
desired formation offsets are similar to that of Example 1 i.e.,
zpil’l = -1.1i and g[/l.l’2 = 0. For this example, the state and dis-
turbance approximators use the following LIP bases: ¢;(x;) =

1,1 1,2 210 22 31 32 1,1\2 1,24217
[l,xi,xi,x[,xi,x[,xi,(xi),(x[)] and
diw(t) = [1, sint, cost, sin2¢, cos?2t, sin 3¢, cos 3¢,
. 2 2 T
sin“ ¢, cos t] .
Leader: The leader is modeled as

L2 (222

0o ~%o 0o ~ %o

2! =-0.20(x)" - 26.8) - 0.10tanh(x]"' /0.5) - 0.0045 7"

-2.34x 107423 32,
22 _ 1,2 2,2 2,1.22
Xy = —O.30x0 —O.85x0 —O.OOSxO Xy

For each follower agent i (i = 1,...,5), we use the second-order
model

A0 _ 21 12 _ 22
X =X, 1T =X,
2,1
2.1 _ i 2,1 2,11.2,1 1 1
X" = —cp i tanh 05| CoiXy = kaixy? x| +uy +w; (1),
22 _ 1.2 22 2122 2, 2
X770 = —kyix; T = 0y X" = kg i X7 up + wi (1),

where u,l and ”12 are commanded longitudinal and lateral acceler-
ations.

Agent 1:
xP! = -0.103 tanh(x7"' /0.5) — 0.0045 x>
=245 x 1074 xP x> + uf + wy,,
AP? = -035x]7 - 0.80x72 = 0.008 17 17 + u? + wy, .
Agent 2:
22! = -0.108 tanh(x3"' /0.5) — 0.0050x""
-2.51x 10_4x§’1 |x§’]| + ué + Wy, ,
X% = -0.32x)7 - 0.90x57 = 0.009x3" %37 + u3 + wy,.
Agent 3:
%3 = -0.113 tanh(x3"' /0.5) - 0.0055 x3"'
—-245x%x 10_4x§’1 |x§’1| + ué + Wy,

22 _ 1,2 22 2,1.22 , 2
X377 =-0.28x, 0.95x; 0.010x5 x5 + u3 + wy,.

Agent 4:
2! = -0.070tanh(x2"' /0.5) - 0.0025 "
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4 2,1 2.1 1
=245X 1077 x| + g + wyy,

22 _ 1.2 _ 22 _ 2,122 2
A7 =-022x,7 - 1.05x" = 0.012x, %" + uy + wy,.

Agent 5:
22! = -0.088 tanh(x2' /0.5) - 0.0040x>"" — 1.87 x 10~*x2'|x2""|

1
+Ug + Wy,

22, 2
+ Us + Wys.

22 1,2 2,2 2,1
X7 = —0.40x5 —0.75x5 —0.007x5 X5

5

5.3 Example 3: Vehicle Platoon in a Single Lane. We con-
sider a one-dimensional longitudinal platoon consisting of one lead
agent and five heterogeneous follower agents. In this example, each
agent is modeled as a second-order point-mass system with n = 2
and p = 1, where x} € R denotes the longitudinal position and
xi2 € R denotes the longitudinal velocity. This example therefore
focuses on longitudinal spacing regulation under switching com-
munication topologies and bounded external disturbances.

For this 1D example, we use a 5-dimensional LIP basis for the
state approximators: ¢;(x;) = [1, x!, x2, (x})% (xiz)z]T,
and a 5-dimensional disturbance basis: diw(t) =
[1, sinz, cost, sin2f, cos ZI]T. The desired formation off-

sets is Lﬁil =-1.1i.
Leader: The leader agent is modeled as:

1 _ .2
X0 = Xo»

%3 = -0.20(x2 - 26.8) — 0.10(x3/0.5)
—0.0045x — 2.34 x 1074 x3|x2].

For each follower agent i (i = 1,...,5), the common integrator
structure is

1 _ .2
X =xj,

and the longitudinal acceleration dynamics are modeled as
X7 = filx) + i+ wi (1),
where u; € R is the control input and w;(f) € R is a bounded

time-varying disturbance.
We consider the following car model for all vehicles:

le :xl.z
1 pCails;

) 2 GOSN 9y 2

xl_ = — _gCr,ixi - —xi |xi | + Gi(ui + wi) >
m; 2

with p = 1.225kg/m3, ¢ = 9.81m/s?, C,; = 0.01096,C,» =
0.01152, C, 3 = 0.01208, C, 4 = 0.00739, C,..5 = 0.00938

Agent 1 (Compact car: m; ~ 1500kg, Cy4 1471 ~ 0.60 m2):

% = —0.103x7 — 0.0045x7 — 2.45 x 10~ x7|x?| + G (u1 + wy (1)).

Agent 2 (SUV: m; ~ 2200kg, C42Ar 2 = 0.90 m?):

%3 = —-0.108x3 — 0.0050x3 — 2.51 x 107* x3|x3| + G2 (uz + wa(1)).

Agent 3 (Light truck: m3; ~ 2500kg, C4 3473 ~ 1.00m?):
%3 = =0.113x% - 0.0055 x3 — 2.45 x 107 x3|x3| + G3(u3 + w3 (1))
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Agent 4 (Heavy truck: m4 ~ 15000kg, C44Ar 4 ~ 6.00 m2):
i3 = —0.070x7 — 0.0025 x5 — 2.45 X 107* x2|x2| + G4 (ug + wa(1)).
Agent 5 (Electric vehicle: ms ~ 1800kg, C45Af 5 =~ 0.55 m2):

%2 = —0.088x% — 0.0040 x2 — 1.87 x 10~ x2|x2| + G5 (us + ws(1)).

&

3D Agent and Leader Trajectories (x:’1, time, x

3

E

5 2

i

]

- 1

g Agent 1

© Agent 2

JI 0 Agent 3
o Agent 4

X~ Agent 5

— |_cader
Obs detection radius | 30

Obs exclusion radius

@® Start

H  End

0 Time (s)
)<i1‘1 - Longitudinal Position (m)

(a) Example 1 - 3D Leader and Follower Agents state components

3D Agent and Leader Trajectories (x:’1, time, x:’z)

Agent 1
Agent 2
Agent 3
Agent 4

————— — a
———— el
Agent 5
— |_eader 30
Obs 1 outer dia 20
0

- Lateral Position {m)

1.2

Obs 2 outer dia

400 Obs 1 inner dia
Obs 2 innerdia | .
iy ® Start Time (s)
X' - Longitudinal Positiol ® End

(b) Example 2 - 3D Leader and Follower Agents state components

Fig.2 The corresponding evolution of the positional states
x] € R2, for the leader / = 0, follower agents i € {1,2,---,5}.

5.4 Results. Figures 2-3 show that the proposed strategy
maintains coordinated and collision-free behavior under hetero-
geneous dynamics and switching communication. In Example 1,
Figures 5(a) and 6(a), the third-order model exhibits stronger tran-
sient oscillations, especially during the initial maneuver and topol-
ogy switches, but the follower trajectories remain bounded and
converge to the desired formation with small residual oscillations.
The corresponding relative position errors in both longitudinal and
lateral directions settle to bounded neighborhoods of their desired
values, indicating satisfactory tracking despite heterogeneous jerk
dynamics and disturbances.

In Example 2, Figures 5(b) and 6(b), the second-order model
produces smoother longitudinal evolution but larger lateral excur-
sions, with visible slope changes in the lateral states when the
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2D Live Platoon Trajectories

Obstacle
Agent 1
Agent 2
Agent 3
Agent 4
Agent 5
— |_eader

Lateral Position (m)

-3 -2 -1 0 1 2
Longitudinal Position (m)

(a) Example 1 - 2D Leader and Follower Agents state components

2D Live Platoon Trajectories

Obstacle
Agent 1
Agent 2
Agent 3
Agent 4
Agent 5
—|_eader

Lateral Position (m)

0 100 200 300 400 500 600
Longitudinal Position (m)

(b) Example 2 - 2D Leader and Follower Agents state components

Fig. 3 Time evolution of the position state (agents vs.
leader).
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Minimum Safety Clearances: Positive Means No Collision

(a) Example 1 - Minimum Safety Clearances

Minimum Safety Clearances: Positive Means No Collision
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(a) Example 1 - relative x} state Error between Agents and Leader
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(c) Example 3 - Minimum Safety Clearances (c) Example 3 - relative x; state Error between Agents and Leader

Fig.4 The leader i = 0, follower agents i € {1,2,---,5} and
obstacles minimum safety clearances.

Fig. 5 Time evolution of the leader and follower position
state.
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obstacle-avoidance action becomes active. In both cases, the min-
imum inter-follower, follower-leader, and follower-obstacle clear-
ances remain positive, confirming safe operation throughout the
maneuver.

Whereas Examples 1 and 2 emphasize coupled longitudinal-
lateral coordination with obstacle avoidance, Example 3 is in-
cluded to isolate the longitudinal string-formation behavior of the
proposed controller. Example 3 isolates the one-dimensional lon-
gitudinal vehicle platooning problem and therefore highlights the
spacing-regulation performance without lateral avoidance effects.
As seen in Figure 5(c), all follower longitudinal positions evolve
smoothly with the leader trajectory, while Figure 6(c) shows that
the relative longitudinal errors undergo an initial transient dip and
then recover to constant ordered offsets consistent with the desired
platoon formation. The corresponding safety plots in Figure 4(c)
further show that both the minimum inter-follower clearance and
the minimum follower-leader clearance remain strictly positive for
all time, confirming collision-free longitudinal coordination. Com-
pared with Examples 1 and 2, Example 3 exhibits the cleanest
transient behavior, since no lateral re-routing or obstacle-induced
switching is present.

The kinks visible in Figures 2 and 5 are caused by the activation
of obstacle-avoidance maneuvers, and they appear most clearly in
the lateral position because the avoidance action is realized primar-
ily through lateral deviation. In Figure 5(a), the most noticeable
lateral kink occurs around ¢ ~ 5 s for Agent 1, which is the follower
whose trajectory passes closest to the obstacle in Figure 3(a). In
Figure 5(b), more pronounced lateral kinks appear around ¢ ~ 13
s and t ~ 24 s, mainly for Agents 1-3, as their trajectories ap-
proach Obstacles 1 and 2 in Figure 3(b). Agent 4 shows only
a smaller lateral perturbation, which is likely induced indirectly
through inter-agent collision-avoidance and platoon-coupling ef-
fects rather than a direct obstacle encounter. Hence, these kinks
should be interpreted as expected signatures of obstacle-triggered
switching in the closed-loop motion, not as numerical artifacts or
loss of stability.

The safety plots in Figure 4 further confirm collision-free perfor-
mance in both cases. For Example 1 in Figure 4(a), the minimum
inter-follower, follower-leader, and follower-obstacle clearances re-
main strictly positive, although some margins approach zero during
the most demanding transient intervals. For Example 2 in Fig-
ure 4(b), the obstacle clearance stays comfortably positive, while
the inter-follower and follower-leader clearances experience tran-
sient dips but never violate the collision boundary. Overall, the
results show that the proposed strategy preserves formation struc-
ture and safety despite agent heterogeneity, switching topologies,
and obstacle-induced maneuvers.

6 Conclusion

This paper has presented a distributed adaptive control strategy
for uncertain leader-follower multi-agent systems operating under
time-triggered switchings of communication topologies. By ad-
dressing the challenges posed by heterogeneous nonlinear dynam-
ics, unknown parameters in dynamics, external disturbances, and
evolving communication structures, the proposed framework en-
sures adaptive synchronization, formation maintenance, and stabil-
ity in dynamic environments. The integration of neural network-
based estimation techniques with adaptive tuning laws allows
agents to effectively handle uncertainties in their dynamics and dis-
turbances, while potential functions provide repulsion-based colli-
sion and obstacle mitigation within the control design.

Using a composite Lyapunov analysis framework that accounts
for switching communication topologies, we formally established
the stability and convergence properties of the proposed control
laws under time-triggered communication transitions. The aver-
age dwell-time condition served as a critical constraint for en-
suring smooth inter-topology transitions while preserving CUUB.
Numerical simulations further demonstrated the efficacy of the ap-
proach, highlighting its ability to achieve coordinated motion and
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to suppress relative position errors even under reduced connectivity
scenarios.

To broaden the applicability and enhance the practicality of our
framework, several avenues for future work are apparent. First,
while our analysis focuses on systems whose dynamics decompose
into integrator chains plus locally Lipschitz nonlinearities, extend-
ing the method to encompass rigid-body models, input delays, or
more intricate coupling structures would be valuable. Second,
stability relies on an average-dwell-time constraint on topology
switching; scenarios involving prolonged or arbitrary disconnects
fall outside our guarantees. Third, incorporating control barrier
functions for collision and obstacle avoidance will guard against
potential chattering or oscillations induced by repulsive potentials,
ensuring that control inputs remain within hardware limits. Finally,
exploring reduced-order or sparsely parameterized basis function
sets for the neural approximators may strike an even better balance
between approximation accuracy and computational load, facili-
tating deployment on resource-constrained platforms. Further re-
search directions include extensions to event-triggered switching of
communication topologies, incorporating learning-based methods
for topology optimization, and real-world implementations in ap-
plications such as autonomous vehicles, UAV swarms, and robotic
teams. Collectively, these enhancements promise to extend our
theoretical guarantees into a wider range of real-world multi-agent
applications while addressing the computational and practical con-
straints inherent in distributed systems.
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