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Event-Triggered Indirect Herding Control of a
Cooperative Agent
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Abstract—This work explores the indirect herding control
problem for a single pursuer agent regulating a single target
agent to a goal location. To accommodate the constraints
of sensing hardware, an event-triggered inter-agent influence
model between the pursuer agent and target agent is considered.
Motivated by fielded sensing systems, we present an event-
triggered controller and trigger mechanism that satisfies a
user-selected minimum inter-event time. The combined pursuer-
target system is presented as a switched system that alternates
between stable and unstable modes. A dwell-time analysis is
completed to develop a closed-form solution for the maximum
time the pursuer agent can allow the target agent to evolve in
the unstable mode before requiring a control input update. The
presented trigger function is designed to produce inter-event
times that are upper-bounded by the maximum dwell time. The
effectiveness of the proposed approach is demonstrated through
both simulated and experimental studies, where a pursuer agent
successfully regulates a target agent to a desired goal location.

I. INTRODUCTION

Developing a single robotic system that integrates a full
navigation sensor suite (inertial navigation system, Doppler
velocity log, ultra-short baseline sonar, etc.) alongside high-
bandwidth communication hardware and all required mission
payloads is often cost prohibitive. These challenges are
further compounded by strict size, weight, and power con-
straints, as well as the need to support multiple mission types
in complex and unpredictable environments. An agent with
a robust sensor suite can leverage inter-agent interactions to
provide navigation corrections to agents without state sensing
capabilities. Agents without state sensing capabilities can
optimize their form factor for mission-specific equipment,
eliminating the need for extensive navigation and local-
ization hardware. This concept of specialized agents with
complementary capabilities connects to the pursuit-evasion
paradigm, where different agents use sensor-based interaction
to achieve complex objectives in challenging environments.

The pursuit-evasion problem involves one or more pursuer
agents attempting to intercept one or more target agents (also
referred to as evader agents). In general, the target agents
attempt to avoid interception by the pursuer agent (e.g., [1]–
[4]). When a target agent has the same goal as the pursuer
agent, the target agent is referred to as cooperative [5]–
[7]. When a target agent does not have a goal, or has a
different goal from the pursuer agent(s), then the target agent
is deemed non-cooperative [5]–[7].
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Indirect control, also called herding, is a type of pursuit-
evasion problem that differs from standard pursuit-evasion
results because indirect control includes regulating the target
agent to a control objective (e.g., goal location, velocity
alignment, or desired trajectory) after interception [8]. In-
direct control makes use of an inter-agent influence model
(also referred to as an interaction model), allowing one agent
to control another agent (e.g., [5]–[16]). For example, the
results in [8] and [11] characterize inter-agent interactions
through relative displacement functions between pursuing
and target agents. Specifically, the target agent in [8] and
[11] moves directly away from pursuer agent based on the
relative displacement between the two agents. The inter-
agent interaction was incorporated into the pursuer agent’s
control design to effectively regulate the target agent to a
goal location. In [16], the authors present an algorithm for
indirectly controlling a swarm of agents using bearing-only
measurements. The results in [16] can be considered a heuris-
tic approach for generating pursuer trajectories, whereas this
work uses a control theoretic approach to guarantee system
convergence that is influenced by a zero-order hold relative
direction inter-agent influence function.

The herding problem has been examined across multiple
disciplines with the findings typically categorized into two
main approaches: control theoretic methods (e.g., [5], [6],
[8], [11]) and rule-based methods (e.g., [17]–[20]). Alterna-
tively, some results make use of machine learning, leveraging
offline training to heuristically learn inter-agent interactions
to achieve herding or fulfill a rule-based method (e.g., [18]–
[20]). Control theoretic methods involve developing feedback
control strategies to drive the pursuer to regulate the state of
the target agent to a desired set-point (e.g., [5], [7], [10], [14],
[15], [21]). Learning-based and rule-based methods can be
grouped together because their results take a similar form
and they are both limited to relatively small flock sizes.
These limitations have motivated the use of control theoretic
methods, where a single pursuer agent indirectly controls
larger flocks (e.g., [17]–[20], [22]).

Event-triggered control (ETC) offers clear advantages to
address energy, computation, and communication constraints
when designing feedback control laws for multi-agent sys-
tems [23]–[27]. ETC involves feedback control updates that
occur in non-uniform time intervals [24]. ETC methods
are comprised of two elements: a feedback controller that
computes the control input, and a trigger function that
dictates when to update the control input [24]. In ETC,
the trigger function (also called a trigger mechanism or
trigger generator) is typically a function of the system state,
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requiring periodic sampling for updates [23], [28]. ETC
results typically employ a zero-order hold control law, where
an agent’s control input is held constant between updates
(e.g., [24], [28], [29]). When an event-trigger condition is
met an event occurs, and the time when the event happens is
called an event time [30]. The difference between consecutive
event times is called the inter-event time (IET). The minimum
IET is defined as the lower bound on the IETs, and the
maximum IET is defined as the upper bound on the IETs
[30]. It is necessary to show that switching systems do not
exhibit Zeno behavior. Zeno behavior occurs when a process
experiences infinitely many discrete transitions in a finite
time duration and is not implementable on physical systems
[30]–[32].

ETC facilitates the investigation of indirect control appli-
cations where low-frequency sensors are employed. Indirect
control results such as [5]–[8], [10]–[15], [33]–[35] consider
a perpetual interaction model between the pursuer agent and
target agent, where pursuer agents and target agents are in
continuous sensing and control engagement. This work is
the first to consider an intermittent interaction model that
allows the target agent to sense the pursuer agent at discrete
intervals. Furthermore, unlike results such as [8], [11], [12],
[35], this is the first work that considers a target agent that
maintains a constant speed without stopping, loitering, or
meandering when the pursuer is absent. The constant speed
of the target agent creates a lower bound on the convergence
time, constraining the time available for a pursuer agent to
regulate the target agent to a goal. Results such as [8], [11],
[12], [35] focus on scenarios in which one pursuer agent
regulates multiple target agents. Such results use switched
system analyses to develop dwell-time criteria that determine
how long a pursuer agent is permitted to engage a target agent
before switching to another target agent.

Without considering a maximum target agent speed, prior
results permit a pursuer agent to regulate a target agent to
the goal within the prescribed dwell time. Thus, the pursuer
agent does not need to switch to regulate a different target
agent until the current target agent has been sufficiently
stabilized. In this work, the combined pursuer-target system
is analyzed as a switched system that alternates between
stable and unstable modes. Additionally, in this work, the
pursuer agent intermittently imparts an influence onto the
target agent. Given the constant speed of the target agent and
the intermittent influence from the pursuer, the system must
evolve in the unstable mode for a non-negligible duration
before transitioning back to the stable mode. This constraint
led to unique challenges in ensuring overall system conver-
gence and stability, which were remedied by the design of
the trigger function. This work develops a new approach for
understanding intermittent interaction dynamics, broadening
the applicability of indirect control applications.

In this work, a pursuer agent regulates (herds) a cooper-
ative target agent towards a goal location through a relative
bearing interaction function. We leverage a Lyapunov-based
stability analysis to establish stability criteria, ensuring the
proposed control law guarantees target agent regulation to a

desired state. We develop a closed-form solution for the max-
imum IET via a dwell-time analysis, which is then integrated
into a piecewise continuous trigger function. The designed
trigger function incorporates a user-defined minimum IET,
which inherently prevents Zeno behavior since the minimum
IET is strictly greater than zero. The maximum IET can be
computed a priori, providing a tunable parameter that allows
the user to balance control responsiveness and efficiency.
This configurability ensures that the maximum IET can be
made sufficiently large to accommodate a desired minimum
IET while achieving the control objective. To validate the
developed approach, we present both a simulated and an
experimental study demonstrating successful regulation of a
target agent to a goal location by a pursuer agent, showcasing
the effectiveness and practical applicability of our method.

II. PRELIMINARIES

A. Notation

The set of real numbers and integers are represented by
R and Z, respectively. For a real number a ∈ R, let the
set of real numbers greater than and strictly greater than
a be represented by R≥a ≜ [a,∞) and R>a ≜ (a,∞),
respectively. Similarly, the set of integers greater than and
strictly greater than a are defined as Z≥a ≜ R≥a ∩ Z and
Z>a ≜ R>a∩Z, respectively. The Euclidean norm of a vector
u ∈ Rn is denoted by ∥u∥ ≜

√
u⊤u. The inner product of

two vectors u, v ∈ Rn is denoted ⟨u, v⟩ ≜ u⊤v.

III. PROBLEM FORMULATION

A single pursuer agent is tasked with regulating a single
cooperative target agent to a goal location, which is unknown
to the target agent. Unlike results such as [5], [8], [11],
the target agent is only capable of measuring the relative
direction to the pursuer agent when dictated by the pursuer
agent’s trigger function. Let ηt (t) : R≥0 → Rn denote the
target agent’s position, and let ηp (t) : R≥0 → Rn denote the
pursuer agent’s position. The dynamics of the target agent
are given by

η̇t (t) ≜ f (ηt (t)) + µt (ηt (tk) , ηp (tk)) , (1)

where the zero-order hold inter-agent influence is denoted
µt (ηt (tk) , ηp (tk)) : Rn×Rn → Rn, tk denotes the kth time
instant when the pursuer agent influences the target agent,
and f : Rn → Rn represents the target agent’s unknown
drift dynamics. The inter-agent influence function is defined
by

µt (ηt (tk) , ηp (tk)) ≜


νt

(
ηt(tk)−ηp(tk)

∥ηt(tk)−ηp(tk)∥

)
,

if ∥ηt (tk)− ηp (tk)∥ ≤ Rp

0, otherwise,
(2)

where νt ∈ R>0 denotes the constant speed of the target
agent and Rp ∈ R>0 denotes the known maximum distance
at which the pursuer agent can exert influence over the
target agent. The influence function in (2) defines a unit
vector from the pursuer to the target, scaled by the target’s
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constant speed. This influence function denotes the effect
of the pursuer’s position on the target’s velocity during
influence events. Furthermore, the influence function in (2)
is motivated by sensor applications in which sensing can
only occur between discrete time intervals. The use of a
relative direction influence is motivated by a sensor such as
an underwater SONAR, which motivates the inclusion of a
maximum influence range. The target agent’s dynamics are
not directly controllable; therefore, the pursuer agent will
regulate the target agent’s trajectory by positioning itself to
update the zero-order hold influence function in (2). Unlike
the target agent, the pursuer agent is directly controllable
with dynamics

η̇p (t) ≜ µp (t) , (3)

where µp (t) : R>0 → Rn denotes the control input of the
pursuer agent.

Assumption 1. The target agent’s drift dynamics, f :
Rn → Rn, are continuously differentiable and bounded as
∥f (ηt (t))∥ ≤ f .

Assumption 2. The pursuer agent can continuously measure
its state, ηp (t), and the target agent’s state, ηt (t) for all
t ∈ R≥0.

Assumption 3. The pursuer agent can instantaneously impart
influence on the target agent defined by the inter-agent
influence function in (2).

Remark 1. Assumptions 1-3 represent idealized conditions
that enable the theoretical Lyapunov convergence analysis. In
practice, sensing of target and pursuer agent states occurs at
discrete time intervals rather than continuously, and the prop-
agation of the inter-agent influence signal experiences delays
rather than being instantaneous. The minimum IET parameter
δmin provides a mechanism to accommodate these practical
limitations. Selecting δmin larger than the combined sensing
period and actuation delay enables the theoretical framework
to be applied to real-world systems. The conservative bound
of the norm of the target agent’s drift dynamics denoted by
f̄ further provides safety margins in the maximum IET.

IV. CONTROL OBJECTIVE

The goal of the pursuer agent is to regulate the target
agent’s state to a static desired goal location, ζg ∈ Rn. To
quantify the target agent regulation objective, the target agent
position error et (t) : R≥0 → Rn is defined as

et (t) ≜ ηt (t)− ζg. (4)

The pursuer agent error ep (t) : R≥0 → Rn, is defined as

ep (t) ≜ ηd (t)− ηp (t) , (5)

where ηd (t) : R≥0 → Rn represents the pursuer agent’s
desired trajectory, which is defined as

ηd (t) ≜ ηt (t) +RaS0, (6)

where S0 ≜ −et (t) /∥et (t) ∥ denotes a direction vector
equal to the normalized direction from the goal location to the

target agent, and Ra ∈ R>0 represents the desired influence
range, where Ra must be selected such that Ra ≤ Rp. The
minimum and maximum influence ranges are motivated by
the pursuer agent’s use of sensors to influence the target
agent’s control input. Based on the subsequent stability
analysis, the pursuer agent’s controller is designed as

µp (t) ≜ η̇d (t) + (β + 1) ep (t) , (7)

where β ∈ R>0 is a user-selected constant. In the following
subsection, we formulate a trigger function that determines
conditions under which the pursuer agent exerts influence on
the target agent’s trajectory.

A. Trigger Design

The pursuer agent influences the target agent when dictated
by the trigger function T : R × Rn × Rn → R. The
minimum and maximum IETs are denoted by δmin and δmax,
respectively. The trigger function is designed to incorporate
a user-prescribed minimum IET to account for sensing or
communication constraints. The trigger function employs a
timer, τ ∈ R>0, to enforce the minimum and maximum IETs
while allowing elements of the system state to dictate events
between the maximum and minimum IET limits. The timer
is described by τ ≜ t − tk, where tk is the time the last
influence event occurred. The trigger function is defined as

T ≜


γs, τ < δmin,

γs + ∥ep (t)∥2 − (α+ 1) ∥et (t)∥2 , δmin ≤ τ < δmax,

0, otherwise,
(8)

where γs ≜ 1
2f

2 + 1
2νt

2 + (α+ 1) ∥et (tk)∥2 and α ∈ R>0

is a user-defined constant. When τ < δmin, the trigger
function is a positive constant equal to γs, preventing the
pursuer agent from influencing the target agent before the
minimum IET condition has been met. When the timer
τ is between the minimum and maximum IETs, we have
δmin ≤ τ < δmax and the trigger function T is dependent on
the system error signals ep (t) and et (t). When the timer
is equal to the maximum IET, the trigger function is set
to zero. The trigger function generates an influence event
when T = 0. This condition can occur when the timer
reaches the maximum IET or if the norm of the target agent
error, ∥et∥, grows sufficiently large. From (8), since T = γs
when τ < δmin, the pursuer agent cannot influence the
target agent when the IETs are less than the minimum IET.
Therefore, Zeno behavior is prevented given the minimum
IET is selected such that δmin ∈ (0, δmax]. When T = 0,
the kth influence time is updated as tk = t and the timer
τ is reset such that τ = 0. Additionally, the constant γs is
reset to γs = 1

2f
2 + 1

2νt
2 + (α+ 1) ∥et (tk)∥2. The trigger

function can be constructed to rely only on a timer variable;
however, including the error signal component allows the
trigger function to generate influence events more often if
the target is not tracking the desired trajectory. That is, the
error signal component of T enables influence events to occur
before τ = δmax.

IEEE Robotics and Automation Letters (RA-L) paper, presented at ICRA 2026, Vienna, Austria. Cite as RA-L paper.



4

The minimum IET, δmin, serves a dual purpose; prevent-
ing Zeno behavior as proven in the subsequent theoretical
analysis, and accommodating practical sensing and actuation
constraints in implementation. By selecting δmin > Tsense +
Tdelay, where Tsense is the sensing period and Tdelay is the
actuation delay, the user can ensure the framework remains
implementable on real hardware.

The maximum IET, δmax, derived from the switched
systems stability analysis, (25), represents the longest per-
missible time the target agent can remain in the unstable
subsystem before convergence guarantees are compromised.
Unlike δmin, which addresses hardware constraints, δmax

emerges from the underlying dynamics of the target-pursuer
system and ensures convergence of the target agent’s position
to the goal location.

V. STABILITY ANALYSIS

The stability analysis considers the system in two parts:
a converging subsystem when the pursuer agent influences
the target agent, and a diverging subsystem when the pur-
suer agent does not influence the target agent. After each
subsystem is considered independently, stability criteria are
developed by considering the combined system as a switched
system. For notational brevity, the time dependence of func-
tions and variables is omitted in the following analysis, unless
additional clarity is required. In the following subsections,
tsk and tuk represent the kth time instant the combined sys-
tem enters its stable and unstable subsystem, respectively.
Specifically, the sequence tsk, t

u
k , t

s
k+1 represents an iteration

of entering the stable subsystem for the kth time, followed
by the unstable subsystem for the kth time, followed by
stable subsystem for the (k + 1)

th time. From Assumption
3, tuk − tsk = 0. Therefore, in (8), tk = tuk and the trigger
function evolves while in the unstable subsystem. Let ξ =[
e⊤p , e

⊤
t

]⊤
: R≥0 → R2n represent the concatenated vector

of agent regulation errors. Consider the common candidate
Lyapunov function, V : R2n → R,

V (ξ) =
1

2
e⊤p ep +

1

2
e⊤t et. (9)

A. State Convergence

The following stability analysis reveals that all system tra-
jectories converge to the set B ≜ {ξ ∈ R2n : ∥ξ (t)∥2 ≤ γs

λs
},

where λs ≜ min {β, α} determines the rate of convergence,
establishing globally uniformly ultimately bounded (UUB)
regulation.

Theorem 1. For the dynamical systems in (1) and (3) and
any initial state ξ (t0), the control law given in (7) ensures
ξ (t) converges exponentially to the set B, where

∥ξ (t)∥2 ≤
(
∥ξ (tsk)∥2 −

γs
λs

)
e−2λs(t−tsk) +

γs
λs

(10)

for all t ∈ [tsk, t
u
k), given that α > 0, β > 0, and Assumptions

1-3 are satisfied.

Proof: Taking the total derivative of (9) along the
trajectories of ξ, and substituting the dynamics of the target
agent from (1) and the time derivative of (5) yields

V̇ (ξ) = e⊤p (η̇d − η̇p)− e⊤t (f (ηt) + µt) . (11)

Substituting (3) and (7) into (11) yields

V̇ (ξ) = −βe⊤p ep − e⊤t (f (ηt) + µt) . (12)

Using the Cauchy-Schwarz inequality and Young’s inequal-
ity, (12) can be written as

V̇ (ξ) ≤ −β ∥ep∥2 + ∥et∥2 +
1

2
∥f (ηt)∥2 +

1

2
∥µt∥2 . (13)

Given ∥f (ηt (t))∥ ≤ f and ∥µt∥ ≤ νt, we can upper bound
(13) as

V̇ (ξ) ≤ −β ∥ep∥2 + ∥et∥2 +
1

2
f
2
+

1

2
ν2t . (14)

Since γs = 1
2f

2 + 1
2νt

2 + (α+ 1) ∥et∥2 while t ∈ [tsk, t
u
k),

then (14) can be expressed as

V̇ (ξ) ≤ −β ∥ep∥2 + ∥et∥2

+γs − (α+ 1) ∥et∥2 .
(15)

Therefore, (15) becomes

V̇ (ξ) ≤ −β ∥ep∥2 − α ∥et∥2 + γs. (16)

Using the fact that λs = min {β, α} and substituting (9) into
(16) yields

V̇ (ξ) ≤ −2λsV (ξ) + γs. (17)

Solving the differential inequality in (17) yields

V (ξ (t)) ≤ V (ξ (tsk)) e
−2λs(t−tsk)

+
γs
2λs

(
1− e−2λs(t−tsk)

)
.

(18)

Using [36, Def. 4.6] shows that ξ is uniformly ultimately
bounded by

∥ξ (t)∥ ≤
√
∥ξ (tsk)∥

2
e−2λs(t−tsk) +

γs
λs

(
1− e−2λs(t−tsk)

)
,

for all t ∈ [tsk, t
u
k), which yields the result in (10).

B. State Divergence

Theorem 2. For the dynamical systems in (1) and (3) and
t ∈

[
tuk , t

s
k+1

)
, the state ξ (t) remains bounded as

∥ξ (t) ∥2 ≤
(
∥ξ (tuk) ∥2 + γu

)
e2(t−tuk ) − γu, (19)

where γu ∈ R>0 is defined as γu ≜ 1
2f

2 + 1
2νt

2 ∈ R>0.

Proof: Taking the total derivative of (9) along trajecto-
ries of ξ, substituting the dynamics of the target agent from
(1), and substituting the time derivative of (5) yields

V̇ = e⊤p (η̇d − η̇p) + e⊤t (f (ηt) + µt) . (20)

Substituting (3) and (7) into (20) yields

V̇ = e⊤p (η̇d − (η̇d + βep)) + e⊤t (f (ηt) + µt) . (21)
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Using the Cauchy-Schwarz inequality, Young’s inequality,
and Assumption 1, (21) is upper-bounded as

V̇ ≤ −β ∥ep∥2 + ∥et∥2 +
1

2
f2 +

1

2
νt

2. (22)

Given −β ∥ep∥2 ≤ ∥ep∥2 and γu = 1
2f

2 + 1
2νt

2, we can
further bound (22) as

V̇ ≤ 2V + γu. (23)

Solving the differential inequality in (23) yields

V (t) ≤ V (tuk) e
2(t−tuk ) +

1

2
γu

(
e2(t−tuk ) − 1

)
, (24)

for all t ∈
[
tuk , t

s
k+1

)
. Substituting (9) into (24) and simpli-

fying the expression yields the result in (19).

C. Combined Stability Analysis

Theorem 3. The combination of the trigger function in (8)
and the control law in (7) guarantees that the state ξ remains
bounded by

∥ξ (t) ∥2 ≤
(
∥ξ (tsk)∥

2 − γs
λs

)
e−2λs(t−tsk) +

γs
λs

for all t ∈ R≥0 given that tsk+1 − tuk < δk and

δk ≤ 1

2
ln

[
ξs + γu

ξu

]
, (25)

where ξs ≜ ∥ξ (tsk)∥
2, and ξu ≜ ∥ξ (tuk) ∥2.

Proof: The stable subsystem is upper-bounded by (10),
which can be written as

∥ξ (t)∥ ≤

√(
ξs −

γs
λs

)
e−2λs(t−ts

k) +
γs
λs

. (26)

The unstable subsystem is bounded by (19), which can also
be written as

∥ξ (t)∥ ≤
√

(ξu + γu) e
2(t−tuk) − γu. (27)

Since the influence updates occur instantaneously, tuk+1 −
tsk = 0, and the system predominantly remains in the unstable
subsystem. The time interval δk = tsk+1 − tuk is the time
interval from when the system enters the unstable subsystem
until it exits the unstable subsystem. Consider the unstable
subsystem in δk and the stable subsystem in the preceding
interval δk−1 = tuk − tsk. Given that the influence the pursuer
imparts on the target agent occurs instantaneously, then
δk−1 = 0. Let the unstable subsystem be bounded by the
stable subsystem, then (26) and (27) can be expressed as

ξue
2δk ≤

(
ξs −

γs
λs

)
e−2λsδk−1 +

γs + λsγu
(
1− e2δk

)
λs

. (28)

Since δk−1 = 0, (28) can be bounded by

ξue
2δk ≤ ξs + γu. (29)

Solving for δk in (29) yields the result in (25).
Remark 2. During the interval t ∈ [tsk, t

u
k), the radius of the

set B decreases because the target agent converges toward
the goal location. Conversely, the radius of the set B expands
when the target agent diverges from the goal location during

this same interval. The evolution of the radius of B occurs
because γs =

1
2f

2 + 1
2νt

2 + (α+ 1) ∥et (tsk)∥
2 is reset after

each trigger event. Specifically, if ∥et (tsk)∥ >
∥∥et (tsk−1

)∥∥
then the radius of the set B increases, and if ∥et (tsk)∥ <∥∥et (tsk−1

)∥∥ then the radius of the set B decreases. The
trigger function given by (8) will generate influence events
more frequently if the radius of B is growing due to target
agent divergence from the goal location. When the target
agent is diverging from the goal location, γs + ∥ep (t)∥2 −
(α+ 1) ∥et (t)∥2 = 0 before t − tk = δmax, and the IETs
will approach the minimum IET. Subsections V-A and V-C
imply that with each successive sequence δk → δk+1, the
radius of B decreases as the pursuer agent regulates the target
agent to the goal. Furthermore, from the stability result, the
radius of the set B decreases with each successive sequence
δk → δk+1, and lim sup

t→∞
∥ξ (t)∥2 ≤ 1

2λs

(
f2 + νt

2
)

for all

t ∈ [0,∞).

VI. RESULTS

A. Simulated Results

Numerical experiments demonstrate the efficacy of the
controller in (7) and the trigger function in (8). The minimum
IET δmin is determined by the sensing hardware constraints
of the pursuer and target agents (e.g., the sampling time
or processing time of the sensor). In this simulation study,
the target agent drift dynamics are given by f (ηt (t)) =
tanh (ηt (t)), satisfying Assumption 1. For this simulation,
we select δmin = 0.1 · δmax, n = 2, Rp = 10.0, Ra = 5.0,
νt = 1.5, α = 2.1, and β = 5.0. Based on the parameter
selection, γu was found to be γu = 1.9639. Given the
initial configuration represented by the #’s in Figure 1
and the value of γu, the maximum IET was found to be
δmax = 0.178 using 25. In Figure 3, T increases during the
interval t−tk < δmax because the target agent’s tracking error
et diminishes as it approaches the goal location. If instead the
tracking error were to increase during this period, T would
rapidly decrease to zero closer to the minimum IET, δmin.
This relationship is critical for system efficiency—when T is
driven to zero shortly after δmin, the pursuer must intervene
more frequently, indicating that the influence function is not
effectively managing the target agent’s tracking performance
given the target agent’s drift dynamics. The conservative
nature of the result is evidence in Figure 2, where it can
be seen that the target agent’s error does not grow between
influence events. Based on the fact that the target agent’s error
does not grow in between influence events, it is possible for
the maximum dwell time to be increased while still ensuring
the regulation of the target agent to the goal location.

B. Experiment

Experiments were performed at the University of Florida’s
Autonomy Park outdoor facility to validate the efficacy of the
controller in (7) and the trigger function in (8). The results of
a single experimental run are presented in Figures 5 and 6.
The experiment was carried out using the Freefly Astro and
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Figure 1. The trajectories of the pursuer agent, ηp (t), and target agent,
ηt (t), are represented by the black and blue lines respectively. The desired
trajectory, ηd (t), is represented by the magenta dashed line. The black and
magenta ×’s represent ηp (tk) and ηd (tk) when T = 0. The blue solid dots
represent ηt (tk) when T = 0. The black, magenta, and blue #’s represent
ηp (t0), ηd (t0), and ηt (t0). The B’s represent ηp (tfinal), ηd (tfinal), and
ηt (tfinal). The green square represents the goal location.

Figure 2. The value of ∥et∥ over time. The magenta ♢’s represent when
the pursuer agent influences the target agent.

Unitree Go1 platforms shown in Figure 4. In the experimental
results, a pursuer agent (Freefly Astro quadcopter) was tasked
with regulating a target agent (Unitree Go1 quadruped) to
the desired coordinates (−2.0m,−5m, 0m) in the local
Autonomy Park reference frame. The minimum IET, δmin,
was selected as 0.01s. Based upon the documented tolerances
of onboard sensors and the maximum velocity of the target
agent, f was conservatively estimated to be 6.0m/s. The
target agent velocity, νt, was selected as 0.25m/s. From (25),
and based on the initial values of ξu and ξs, the maximum
IET, δmax, was computed to be 0.0282s. The smallest and
largest IETs from the experimental data were found to be
0.0154s and 0.0248s, respectively. Due to the small IETs, the
influence and event markers shown in the simulation Figures
1-3 were omitted from Figures 5 and 6.

The experimental results demonstrate the effectiveness of

Figure 3. The evolution of the trigger function, denoted by the blue line
over time. Event times when the pursuer agent exerts influence on the target
agent are marked with red B’s. It can be seen that T resets to a constant and
remains constant while tpk+1 − tuk ≤ δmin. When δmin ≤ tpk+1 − tuk <

δmax, T grows because ∥et∥2 gets smaller as the target agent is influenced
in the direction of ζg . Finally, T is forced to zero when tpk+1− tuk = δmax,
which is evidenced by the downward spike at most red B’s.

the controller in (7) and the trigger function in (8), as the
pursuer agent successfully regulated the target agent while
maintaining IETs within the theoretically predicted bounds.
In contrast to the simulated results in Section VI-A, exper-
imental results revealed that trigger events were primarily
initiated by state conditions rather than timer constraints,
demonstrating the system’s efficient adaptation to the target
agent’s dynamic movements.

The experimental platform employs RTK GPS to provide
precise position data of the target agent for the pursuer
agent’s control input and for ground truth validation of the
theoretical framework. In operational scenarios, the target
agent would rely on a minimal sensor suite for its localization
(e.g., bearing-only measurements to the pursuer), while the
pursuer agent maintains the high-fidelity localization capa-
bility. The bearing-based sensing model in (2) reflects this
intended deployment framework.

VII. CONCLUSION

This work introduces a novel solution to the indirect con-
trol problem by leveraging an event-triggered relative bearing
influence function to regulate a target agent toward a desired
location. It is the first result to establish a rigorous connection
between the maximum dwell time and IET bounds in an
event-triggered indirect control framework. By formulating
the system as a switched dynamical model with stable and
unstable subsystems, this work develops a comprehensive
dwell-time analysis to derive an upper bound on inter-event
times for the trigger function. A piecewise continuous trigger
function is proposed, incorporating both a maximum IET,
determined through a dwell-time analysis, and a selectable
minimum IET, providing enhanced control flexibility. Future
research directions include the development of bounded con-
trol laws for pursuer agents to enable a closed-form solution
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Figure 4. The Freefly Astro quadcopter (left) was used as the pursuer agent
and the Unitree Go1 quadruped (right) was used as the target agent. The
quadruped uses an Emlid RS+ RTK GPS for precise position updates, which
is fused with attitude and heading data from a Microstrain 3DM-GX5-AHRS
using the ROS2 robot− localization package.

Figure 5. The trajectories of the pursuer agent, ηp (t), and target agent,
ηt (t), are represented by the black and blue lines respectively. The #’s
represent ηp (t0) and ηt (t0). The B’s represent ηp (tfinal) and ηt (tfinal).
The light blue circle represents the goal location and the ultimate bound of
B described in Remark 2 is depicted by the light gray circle.

of the minimum IET, and the extension of these analytical
results to the bearing-only measurement case. Implementing a
bearing-only measurement solution would eliminate the need
for expensive positioning systems to obtain the position of the
target agent, enabling the use of lower-cost target platforms
than those used in the experimental validation of this work.
Additionally, future work will explore the scalability of this
approach to scenarios with multiple pursuer agents and target
agents.

While the outdoor experiment demonstrates practical fea-
sibility, we acknowledge that formal convergence guarantees
under sensing noise, actuation delays, and asynchronous
measurements require further theoretical development. Future
work will involve incorporating stochastic measurement mod-
els into the switched systems analysis. Future contributions
will require the derivation of explicit bounds on allowable

Figure 6. The value of ∥et∥ during the experiment. Notable changes in
the slope correspond to effective regulation of the target agent’s trajectory
by the pursuer agent’s movement patterns.

sensing delays and actuation noise levels. An effective im-
plementable result could be realized by developing robust
trigger functions that formally account for the imperfections
in sensing and actuation.
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