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Abstract— This paper proposes a safe and resource-efficient
near optimal lane following control scheme for wheeled mobile
robots (WMRs). The method performs online co-optimization
of both the tracking control inputs and their execution instants,
while rigorously enforcing lane-keeping safety and actuator
constraints. A differential game—inspired event-based adaptive
dynamic programming (ADP) and reinforcement learning (RL)-
based scheme is developed to synthesize a constrained control
policy and adaptively schedule control execution instants. A
non-quadratic performance index is formulated that simultane-
ously penalizes the system states, the constrained control effort,
the input error induced by aperiodic (event-like) execution, and
a reciprocal control barrier function (CBF) for lane keeping,
enforcing safety. The associated Hamilton-Jacobi-Isaacs (HJI)
equation is solved approximately using a single critic neural
network. Simulation results for state and input safety con-
straints demonstrate the effectiveness of the proposed approach,
yielding up to a 61% reduction in control updates compared
with continuous-feedback baselines.

I. INTRODUCTION

Mobile robots (MRs) are increasingly deployed in various
domains such as warehouse automation, visual inspection,
autonomous delivery, and transportation systems. In these
applications, it is imperative that MRs reliably follow pre-
scribed trajectories while ensuring lane-keeping and collision
avoidance, despite limitations in sensing, computation, and
actuation [1], [2].

Classical optimal tracking controllers, particularly those
based on Hamilton—Jacobi-Bellman (HJB) theory, provide
a principled framework for synthesizing feedback policies.
However, closed-form solutions to the HJB equation are
generally intractable for nonlinear systems. Approximate
dynamic programming (ADP) [3] and reinforcement learning
(RL) [4] techniques address this challenge by using neural
networks (NNs) to approximate value functions, enabling
near-optimal control for nonlinear systems with unknown
dynamics [5]. These methods have been successfully applied
to tracking problems [6], [7]. Despite their success, con-
ventional ADP/RL controllers are computationally expensive
[6]-[8]. To mitigate these issues, event-triggered control
(ETC) [9] based ADP/RL schemes that reduce resource
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usage by aperiodically updating control and sensing for
tracking control [10], [11] also proposed.

Beyond optimality, safety is crucial in robotic applica-
tions, particularly under actuator constraints and in tasks
such as lane keeping and obstacle avoidance. Control bar-
rier functions (CBFs), which enforce forward invariance of
safe sets, have been proposed for real-time safety certifi-
cation [12]. Classical optimal control with CBFs incorpo-
rates safety constraints into a quadratic program [12]. CBFs
have also been integrated with ADP/RL methods. In these
approaches, actuator constraints and CBF-based collision-
avoidance terms for goal-reaching problems are embedded
in the performance index or objective function [13], [14].
However, these approximation-based solution methods are
computationally complex and are primarily designed for
point-to-point navigation with obstacle avoidance rather than
trajectory tracking.

To address these challenges, this paper proposes an
event-triggered ADP/RL framework that jointly optimizes
trajectory-tracking performance and control execution while
ensuring safety. The main contributions are twofold. First,
an event-triggered optimal control formulation that incorpo-
rates actuator constraints and a CBF for lane keeping via
a non-quadratic performance index [13], together with the
error induced by aperiodic control execution is developed,
thereby jointly addressing tracking, safety, and aperiodic
implementation. Second, an approximate solution to the re-
sulting event-triggered differential game using a single-critic
ADP/RL scheme is proposed, producing a safe, near-optimal
control policy and an adaptive event-triggering mechanism.
Third, a new CBF that guarantees lane safety with forward
invariant guarantee of the safe set is introduced.

II. BACKGROUND AND PROBLEM FORMULATION

In this section, a brief background on the wheeled MR
(WMR) kinematics, system reformulation for optimal track-
ing control, and CBF for safety is presented.

A. Tracking Control of WMR

Consider a WMR represented by a nonholonomic unicycle
kinematic model given by

& =wcosf, gy=wvsinb, 0 =w, (1)

where x and y specify the robot’s position in an inertial
reference frame, and 6 denotes its heading angle measured
from the x-axis. The linear and angular velocities are denoted
by v and w, respectively.



In a compact form, the model can be represented as an
affine nonlinear system as

¢=£(O) +9()u, 0

where the vector function f(¢) = 0 € R? is the internal
cosf 0

dynamics and matrix function g(¢) = | sinf 0 | € R3*2
0 1

is the control coefficient with { = [x Y G]T € R3 is the

state vector and u = [v w|T € U. C R? is the control input
vector with ¢, C R? is an admissible set of control inputs.
The control coefficient satisfies g' (¢)g(¢) = I, and thus
9'(¢) = g7 (¢) and [|¢g"({)]|2 = 1 for all ¢.

The control goal is to track a bounded, continuously
differentiable reference trajectory (4(t) generated by

a=h(Ca), Ca(0) = Cao- 3)

Assumption I (Reference feasibility): The reference dy-
namics (3) are assumed to be feasible for the unicycle kine-
matics, i.e., h(¢y) € Range(g({y)) for all {4. Equivalently,
there exist scalar functions vg((y) and wy(¢4) such that
h(Ca) = [va(Ca) cosba  va(Ca)sinby  wa(Ca)l

Defining the tracking error e = { — (4, and using (2) and
(3), the error dynamics can be expressed as

é = fle+Ca) +g(e+ Ca)u— h(Ca)- )
The steady-state input corresponding to (g [10] is
Usteady = gT(Cd) (h((:d) - f(Cd)) 5

Defining the augmented state z = [e” CUﬂT, the dynam-
ics can be expressed as [6]

£ = F(2) + G(2)umn. ©
where F(z) = /(€T G E St =G

G(z) = [g(e '6_ Cd)}, and Umm = U — Ugeady 1S the mismatch
input. The augmented system (6) transform the tracking
problem to a regulation problem, where the goal is to design
Umm to compute the control input u = Uym + Usteady € R2,
such that the tracking error e — 0 as £ — oo.

B. Event-based Tracking Control (ETC)

In an event-based control [10], [11], feedback information
is available only at a discrete set of triggering instants
{tk}kE{O,N} - Rzo, with tg = 0 and t; < trt1 for
all k € {0,N}. At each triggering instant t, the system
state and reference trajectory are sampled and transmitted to
the controller. Between consecutive triggering instants, the
sampled signals are held constant, yielding

Ces(t) = C(tr), Cas(t) =Caltr), YtE [tp,tut1), (D

and the controller applies a zero-order-hold (ZOH) input of
the form ues(t) = p(Ces(t)) to the system.
Define the event-sampled augmented state as

Zes(t) = 2(te) = [T (th), (0] T, VE € [th, trsr). (8)

The corresponding error due to aperiodic sampling is given
by es(t) = zes(t) — z(t). Similarly, the aperiodic control
execution error is defined as e, (t) = ues(t) — u(t).

Under event-triggered implementation, the system dynam-
ics can be expressed as

(= F(Q) + 9(Q)u+ g(Qeu- 9)

Consequently, the augmented dynamics in (6) in the event-
triggered representation can be expressed as

z = F(Z) + G(Z)Umm + G(Z)Qu,

where the additional term G(z)e, captures the effect of
sampling-induced control mismatch.

Remark 1: The event-triggered implementation introduces
a matched disturbance through the input channel, represented
by the control sampling error e, in the augmented dynamics.
A triggering mechanism is therefore designed to determine
the sampling instants while preserving the controller’s per-
formance requirements.

C. Safety Constraints via Control Barrier Functions (CBF)

To formalize safety for the WMR system in (2), define the
safe set

(10)

C ={¢ €R®| hat(¢) > 0}, (11)

for a continuously differentiable function Ay : R3 — R. The
boundary and interior of the safe set are given by 9C = {( |
hevt(¢) = 0} and Int(C) = {C | heot(¢) > 0} respectively.

Definition 1 (Zeroing Control Barrier Function): [15]
For the control-affine system (2), hcpr is a zeroing CBF if
there exists an extended class-/C function 7 such that

thcbf(C) + Lghcbf(C)u > _n(hcbf(C))

for all ¢ in D and for all admissible inputs u. The L fhcys
and Lghey are the Lie derivatives of heps along f and g.

Any Lipschitz continuous controller satisfying (12) ren-
ders C forward invariant, thereby certifying safety, and is
demonstrated [15].

D. Problem Statement

12)

In practical applications, a WMR is subject to hard actua-
tor limits that constrain the admissible control inputs, and it
must satisfy safety requirements, such as lane keeping and
obstacle avoidance, throughout its motion. At the same time,
the control strategy must account for limited computational
and communication resources, motivating the need to reduce
the frequency of control execution and state feedback without
compromising closed-loop performance.

From a control perspective, the robot must accurately
track the desired trajectory while maintaining safety at all
times. This task is further complicated by actuator con-
straints, which limit the corrective actions available during
transient phases, and by event-triggered execution, which
introduces sampling-induced disturbances from aperiodic
control updates. Moreover, achieving near-optimal track-
ing performance in the presence of unknown or nonlinear
dynamics necessitates learning-based control mechanisms,
whose convergence and stability must be guaranteed under
both safety and resource constraints. A solution to the above
problems is presented in the next sections.



III. PERFORMANCE INDEX DESIGN UNDER ACTUATOR
AND SAFETY CONSTRAINTS

This section presents the formulation of the objective func-
tion for the co-optimization problem with safety constraints.

A. Actuator Constraints and Feasibility

In practical robotic systems, the control inputs v = [v w] "

are subject to actuator limitations and must therefore remain
within prescribed bounds. To ensure physical realizability
of the control law while preserving stability and safety
guarantees, the applied control input is required to lie in
an admissible set that encodes these actuator constraints.
Accordingly, define the admissible control input set as

U, = {u =[v w]T € R? | Umin < < Umax,
(13)
Wmin S w S wmax}a

where v, and v, denote the minimum and maximum
allowable linear velocities, and wy,;n and wy.x denote the
minimum and maximum allowable angular velocities im-
posed by the actuators. All control inputs synthesized in this
work are constrained to lie in U,.

To guarantee the control input is attainable under actuator
limitations, the applied control u = Ugeady + Umm mMust
satisfy the admissible input constraint u(t) € U, for all
t > 0. In the ideal tracking regime, the mismatch input
Umm — 0, implying © — Ugeaqy. Consequently, a necessary
condition for feasibility is that the steady-state input remains
admissible, i.e.,

usteady(t) eU., Vt=>0.

Let @y := [Ug Wss] T denote known bounds on
the steady-state input components such that |vg(t)] <
Uss, lwss(B)] < @y, YVt > 0, with T <
min(|vmim|7 |11max|)7 Wgs < min(|wmin|, |wmax|).

To preserve feasibility under the control decomposition,
the mismatch input is restricted to the compact set

Uernm = {umm = [Umm Wmm]T S R? ‘ |Umm| <, (14)

|wmm| < @},

where ¥ := min (|Umin, [Umax|) — Uss is the bound and & :=
min(|wmin‘7 ‘WmaxD — Wss-

Under these bounds, any control input of the form u =
Usteady T Umm with Usteady € U and Umm € Uemm is guaranteed
to satisfy the actuator constraints.

B. Control Barrier Function for Missmatch Control Input

Given the augmented system dynamics in (6), we redefine
the safe set in the augmented state space as

Caug = {2 € R® | hev(z) > 0}, 2(0) € Caug.  (15)

To incorporate the actuator and safety considerations into
the optimal tracking objective, the instantaneous cost can be
defined as

rsafe(zv umm) = ZTQZ + Ru(umm) + B(Z), (16)

where Q = Cg 8

error. The actuator constraint is give by

2 _
Ry (tumm) = 2;/0 W;r; tanh_1<1%) dg¢;, a7

where u; denotes the i-th component of umm, 7, € Rsg
are diagonal entries of the positive-definite matrix R =
diag(ry,2), and @ = [0, @]T represents the symmetric
mismatch input bounds defined in (14). continuously differ-
entiable function B : Int(Caug) — R0 [13] satisfy

inf  B(z) >0,

z€Int(Caug)

} , with @ > 0 penalizing the tracking

lim B(z) = oo,

2—0Caug

(18)
with B([OT CUHT) = 0, which ensures that the barrier
penalty does not affect the nominal tracking objective when
the tracking error vanishes. A commonly adopted choice
inspired by [13] is B(z) = h‘:b(ji), where s : R® — [0, 1]
is a smooth scheduling function that activates the barrier
penalty only in a neighborhood of 0C,y,, thereby preventing
unnecessary penalization deep inside the safe set [16].
The performance index can be expressed as

Jsafc(za umm) - /OO T'safe (Z(T)v umm(T)) dr. (19)
0

C. Performance Index for Aperiodic Control Execution

To simultaneously (i) minimize the tracking performance
index while enforcing actuator feasibility and safety con-
straints, and (ii) promote aperiodic control execution by
maximizing admissible inter-event times, the problem can
be reformulated as a two-player zero-sum differential game
[11]. In this formulation, the controller seeks to minimize
the cost with respect to the mismatch input u.,,,, while an
adversarial player selects the worst-case admissible bound
on the sampling-induced control error.

Accordingly, the safe performance index for the event-
triggered augmented system (10) can be redefined as

oot ) = [ (et (7).t (1)

— el (7) éu(T)) dr,

where a@ > «a* is the H, attenuation level that penalizes
the admissible sampling-error bound é,, associated with the
control sampling error e, [17], with a* > 0 denoting
the minimal achievable attenuation. The solution to the co-
optimization problem is presented next.

(20)

IV. SAFE EVENT-TRIGGERED REINFORCEMENT
LEARNING CONTROL DESIGN

A. Exact Solution of the Co-optimization Problem

The aperiodic control problem induced by event-triggered
implementation can be cast as a zero-sum differential game.
In this formulation, the mismatch input u,,y, acts as the mini-
mizing player, while the admissible sampling-error threshold
é, represents a maximizing player that captures worst-case



effects of aperiodic control. The interaction between these
players leads to a saddle-point value function [17] given by

V*(z) = min max/ooo (ZT(T)QZ(T) + R, (umm(T))

umm(') éu(')
(7)éu(r)) dr.

+ B(z(1)) — a?el
Based on the event-triggered augmented dynamics in (10),
the Hamiltonian for the differential game is given by

H(z umm,éu,VV*(z)) = zTQz—I—Ru(umm) +B(z)

—a%éle, + (VV*(z))T(F(z) + G(2)tmm + G(2)éy).
(22)
The corresponding HIJI equation is obtained as
miny,,, maxe, H(z, Umm,€Eu, VV*(2)) = 0. Stationary
saddle-point strategies follow from first-order optimality
conditions. The minimizing policy admits a saturation-
compatible representation of the form

21

1
urm(2) = -1 Tanh(2 diag(a) ' R7' G (2) VV*(Z)) ,
(23)
while the maximizing policy associated with the sampling-
error bound is given by

where Tanh(3) £ [tanh(ﬁl),tanh(ﬂz)]T for 3 € R?.
Combining the optimal mismatch input with the feedfor-
ward steady-state term yields safe optimal control law

U*(Z) - umm( ) + gT(Cd)(h(Cd) - f(Cd))
= —7 Tanh (2 diag(a) ' R71 G (2) vv*(z)) (25)
+ 9" (Ca) (R(Ca) — (Ca)),

with the corresponding event-sampled implementation

(24)

us (t) = —ﬂTanh( diag(a) ™' R~ GT(Z%( t))

es (26)
VV* (2e5(t))) + gt <ds ) (A(Cas(£)) = f(Cas (1)),
where VV*(z.5) = 88\/2 .—.,.- By using (23) and (24), it

holds that H (z, u},,,, €5, VV*(2)) = 0.
Treating é5(z) as a state-dependent worst-case bound, the
sampling instants are determined according to

tha1 :inf{t > Tk ‘ el—(t)eU(t) = maX{’727 (27)
4}7 V() GG (2) TV ()} ],

with ¢y = 0, where v > 0 guarantees a strictly positive lower
bound on inter-event times, thereby excluding Zeno behavior.

B. Approximate Solution to the Co-optimization Problem

The optimal safe value function generally lacks a closed-
form expression and must be approximated, but directly ap-
proximating it is numerically unstable due to large gradients
from reciprocal barrier terms near the safe-set boundary. To
address this, a structured approximation is used that splits
the value function into a known bounded and an unknown
residual parts. A bounded barrier-like function Byound(z) =

s(z) . . . .
T () ¢ with ¢ > 0 captures the safety contribution in a

numerically well-conditioned way, while the remaining value
function component V;.(z) is smooth over the augmented safe
set and represents tracking performance, constrained control
effort, and sampling-induced effects.

Accordingly, the optimal value function is approximated
using the structured representation

V*(z) = Vi(2) + Brouna(2),

where only the residual term V,(z) is learned, while
Biound(z) is incorporated analytically. This decomposition
does not alter the optimal control problem, but constrains the
function class used for value function approximation.

The residual component is approximated using a
functional-link (critic) neural network as

Vi(2) = W'(z) +2(2),

where W € R~ denotes the ideal weight vector, P : RS —
R!~ is an activation map with ®(0) = 0, [,y is the number of
basis functions, and &(z) represents the approximation error.

The corresponding estimated value function, evaluated
using event-sampled information, is defined as

V(zes) = WT(I)(Zes) + Bbound (Zes)7Vt S [tlm tk:+1)7 (30)

(28)

(29)

where W is the adaptive critic weight vector.
The gradient of the estimated safe value function then

follows as
VVv(zes> = V(I)T(Zes) W + VByound (268)7

[ty tht1)s

3D

for all ¢t €
aBbound|

where vBbound(zes) =

Using (37) the event-based safe control input is given by
Ues(t) = —1 Tanh(§ diag(ﬂ)_lR_lGT(zes) (V@T(zes)W
+ VBbound(Zes))) + gT(Cds) (h(Cds) - f(CdS))7 (32)

for all ¢ € [ty,tr+1), and the corresponding estimate of the
worst-case sampling-error bound is

1 .
éu(z) = 307 G (2)(V® " (2es)W + VBpound(2es)). (33)

Over each inter-event interval, the Bellman residual is
computed as Oy = Lik,l (zTQz + Ry(tumm) + B(z) —
OﬂéJéu)dT + WTA‘I)(Tk_l) + ABbound(Tk—l)a where
AD(1i—1) = P(2(tr)) — P(2(tg—1)) and ABpounda (k1) =
Bhound (2(tk)) — Boound (2(tk—1))-

To handle the availability of the augmented state only at
the event instants, the critic weights are updated via a discrete
jump at each trigger, given by

Ong‘I)(Tk,l)(Sk
(1 + ACI)T (kal)ACI)(kal))
and continuously evolved between events according to

ﬁ/ _ —OzlAq)(kal)(Sk, e

(1 + A@T(Tk_l)A@(Tk_l))2 ’

where a, g > 0 are learning gains.

W(th) =Wi(t,) — S, (34)

(tk,tet1), (35)




The event-triggering condition in (27) is reformulated
using the estimated gradient as

1
s T _ 2 T
tht1 = mf{t >t ‘ €, Cu = max{’y Il (V(I> (Zes)

W+ VBbound(z@s))TG(z)GT(z) (VO (2e5) W+

VByouna(zes)) } i to = 0. (36)

C. Design of CBF for Lane Keeping

Right Road Edge

Desired Trajectory

Left Road Edge

Robot’s Current Position

Fig. 1. Figure demonstrating the lane-keeping scenario for CBF design.

Motivated by the barrier-based safety formulations in [13],
a reciprocal CBF penalty is introduced as B(z) = IZ‘Z%((ZZ))
where k, € R is a constant gain.

To ensure lane-keeping safety, the wheeled mobile robot
(WMR) must remain within a predefined lane. The lane
is modeled as a tubular neighborhood around the desired
trajectory, which serves as the centerline, with half-width
Thw, as illustrated in Fig. 1. The reciprocal CBF penalty
B(z) penalizes deviations of the WMR’s position from this
prescribed centerline.

Let ¢, = [z, y. 0,]T denote the current state of the
WMR, and let p = [z, y,] " represent its planar position. The
reference trajectory is given by (4(t) = [x4(t) ya(t) 0a(t)] T,
with associated planar coordinates pg(t) = [z4(t) ya(t)]".
Geometrically, the closest point on the reference trajectory
to the current robot position is defined as the orthogonal
projection of p onto the trajectory curve.

The corresponding shortest lateral distance between the
WMR and the reference trajectory is expressed as dpro; =
| nT (¢ — Cq) |, where n denotes the unit normal vector to
the reference trajectory evaluated at the projection point, as
depicted in Fig. 1. Using this distance measure, the lane-
keeping CBF is defined by heve(2) = rhw — dproj-

By construction, hepe(2) > 0 indicates that the WMR lies
strictly within the lane, hep(z) = 0 corresponds to the lane
boundary, and heps(z) < O signifies violation of the safety
constraint. Consequently, the CBF satisfies Definition 1 and
constitutes a valid CBF for the lane-keeping task.

To smoothly modulate the influence of the barrier
penalty, the scheduling function is chosen as s(z) = % +
%cos(%{fz)) . This choice ensures that s(z) — 0 when
the WMR is close to the centerline and s(z) — 1 as the
state approaches the boundary of the admissible lane, thereby
activating the safety penalty primarily near 0Cqug.

>

V. SIMULATION RESULTS

This section presents simulation results used to evalu-
ate the effectiveness of the proposed control framework.
The reference trajectory is chosen as a closed elliptical
path defined by (4(t) = [24(t), ya(t), 0a(t)]", where
zq(t) = r1cos(wgt), ya(t) = rosin(wgt), and 64(t) =
tan~*(yq(t)/24(t)). The critic neural network employs
Iy = 23 hidden-layer neurons, with weights initialized using
a uniform distribution over [0, 1]. To ensure persistence of
excitation, a zero-mean Gaussian probing signal bounded in
[0,1] is injected into the regressor for the first 10s of the
simulation. The lane is modeled as a road segment whose
centerline coincides with the reference trajectory, with a
prescribed half-width of r5,,, = 0.2m. The barrier penalty
gain is selected as k, = 3.5, and the bounded barrier
term Bpouna(z) = % is implemented with ¢ = 1
to improve numerical robustness. The remaining simulation
parameters are summarized in Table 1.

Two simulation scenarios are considered. In the first sce-
nario, the controller is evaluated under actuator constraints
only. In the second scenario, both actuator constraints and
the proposed CBF-based safety mechanism are enforced. All
simulations are performed over a 20 s horizon, with the initial
condition (g = [1.1, 0.2, 0] .

TABLE I
PARAMETER VALUES.

Parameter Value Parameter Value
1 1.3m ¥ 0.001
ro 1.0m o Sms— 1
wd 0.8 rad w 5rads—1
aq 0.004 Q I3x3
Qg 0.08 R Iox2
« 5.0 IN 23

The trajectory tracking performance of the WMR is il-
lustrated in Fig. 2(a)—(b). The desired trajectory is shown
as the centerline, with the surrounding black curves indi-
cating the road boundaries corresponding to a half-width of
0.2m. A relatively large initial tracking error is observed
due to the use of an approximate controller with randomly
initialized neural network weights. As the critic weights
converge toward their optimal values, the WMR trajectory
approaches the desired path. However, when only actuator
constraints are enforced, the large initial error causes the
WMR to violate the lane boundaries, as seen in Fig. 2(a).
In contrast, when both actuator constraints and the proposed
CBF are applied, the WMR remains within the lane, as seen
in Fig. 2(b), whenever the initial condition lies inside the safe
set, demonstrating the effectiveness of the safety-enforced
control strategy.

The time evolution of the WMR states and the correspond-
ing reference states is depicted in Fig. 3(a)-(b). In both
scenarios, the system states ultimately follow the desired
trajectory, with the tracking error converging toward zero.
However, when only actuator constraints are imposed, the
transient tracking error remains relatively large, as shown in
Fig. 3(a). In contrast, enforcing the CBF in conjunction with
actuator constraints significantly reduces the tracking error
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Fig. 2. Trajectory of the WMR (a) under actuator constraints and (b) both
actuator and CBF.
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Fig. 3. Time evolution of states (a) under actuator constraint and (b) both
actuator and CBF constraints.

throughout the learning process, as illustrated in Fig. 3(b).
This improvement arises because the CBF actively shapes the
learning dynamics, preventing large deviations and maintain-
ing the robot within the lane even during the initial learning.

The event-triggered tracking performance of the WMR
under actuator constraints is illustrated in Fig. 4(a)—(b). The
cumulative number of control executions and the corre-
sponding inter-sampling intervals are shown in the top and
bottom panels, respectively. When only actuator constraints
are enforced, the controller is updated 3826 times over
the 20s simulation horizon, compared to 20,000 periodic
samples, resulting in an 80.9% reduction in feedback com-
munication and controller execution. When the CBF-based
safety mechanism is additionally activated, the number of
control executions increases to 7763, corresponding to a
61.2% reduction in feedback communication. The reduced
communication savings in the safety-enforced case are ex-
pected, as maintaining lane-keeping safety requires more
frequent control updates.

" 8000
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Fig. 4. Event-triggered system performance under actuator constraints. (a)
Cumulative number of samples. (b) Inter-sampling instants.

VI. CONCLUSION

This paper presents an event-triggered ADP/RL frame-
work for trajectory tracking of wheeled mobile robots with

actuator limits, with and without safety enforcement. Without
safety constraints, the controller achieves accurate tracking
with significantly fewer feedback updates, improving com-
munication efficiency. To ensure lane-keeping safety, a CBF
is embedded into the event-triggered differential game and
the Bellman residual, coupled with a state-dependent trigger-
ing rule that balances tracking, safety, and control efficiency.
Simulations show the robot stays within lane boundaries
with safety enforced, maintains good tracking, and reduces
sensing and control executions by up to 61.2% compared to
periodic feedback, demonstrating that CBF-based real-time
safety certification can be effectively integrated with event-

triggered ADP/RL.
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