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Abstract—This paper presents a unified framework for
obstacle-avoidant trajectory planning and resource-efficient con-
trol of nonholonomic wheeled mobile robots (WMRs). We first
formulate path planning as a constrained nonlinear optimization
problem that generates dynamically feasible, obstacle-avoiding
trajectories with minimal deviation from a reference. We then
design an adaptive event-triggered optimal controller to track
the planned trajectory while reducing control updates. The
control problem is posed as a zero-sum differential game to
account for sampling-induced uncertainties, leading to a Hamil-
ton–Jacobi–Isaacs (HJI) formulation. Safety is enforced via con-
trol barrier functions embedded directly in the cost. An adaptive
neural network-based critic approximates the value function,
yielding a tractable solution. The proposed approach guarantees
uniformly ultimately bounded tracking and forward invariance
of the safe set, while significantly reducing communication and
computation. Simulations validate safe, efficient, and optimal
performance, while avoiding obstacles.

I. INTRODUCTION

Autonomous navigation of wheeled mobile robots (WMRs)
in constrained environments requires the simultaneous satis-
faction of multiple objectives, including trajectory tracking,
obstacle avoidance, safety, and efficient use of computational
and communication resources. In many applications such as
autonomous driving, warehouse automation, and multi-robot
systems, these requirements must be addressed under non-
holonomic motion constraints and limited onboard resources,
making the control problem particularly challenging.

Traditional approaches often treat path planning and control
as separate modules. Path planners generate feasible trajecto-
ries that avoid obstacles, while low-level controllers track these
trajectories. However, this separation can lead to suboptimal
performance, particularly when the planned trajectories are not
explicitly compatible with system dynamics or when control
constraints are not accounted for during planning. Further-
more, continuous-time feedback control strategies typically
require frequent updates, which can be inefficient in resource-
constrained systems.

To address these challenges, event-triggered control has
emerged as a promising paradigm that reduces unnecessary
control updates by executing feedback actions only when
certain conditions are violated. While event-triggered meth-
ods improve efficiency, ensuring stability and safety in the
presence of aperiodic updates remains a significant challenge,
especially for nonlinear systems with constraints. In parallel,
control barrier functions (CBFs) have been widely used to
enforce safety constraints such as obstacle avoidance and
lane-keeping by guaranteeing forward invariance of safe sets.
However, integrating CBFs with optimal control and event-

triggered strategies in a unified framework is still an open
problem.

In this paper, we propose a comprehensive framework
that integrates optimal path planning, event-triggered control,
and safety guarantees for nonholonomic WMRs. First, we
formulate an obstacle-avoidant trajectory planning problem as
a constrained nonlinear optimization problem that generates
dynamically feasible reference trajectories. These trajectories
serve as inputs to the control layer. Next, we design an adaptive
event-triggered optimal controller that tracks the planned tra-
jectories while minimizing control effort and reducing update
frequency. The control problem is cast as a two-player zero-
sum differential game to account for worst-case sampling-
induced errors, leading to a Hamilton–Jacobi–Isaacs (HJI)
formulation. To enforce safety, lane-keeping constraints are
incorporated using control barrier functions embedded within
the cost function, ensuring that the system remains within a
safe set.

Since solving the HJI equation analytically is generally
intractable, we employ an adaptive neural network-based critic
to approximate the optimal value function. A hybrid weight
update law is developed to ensure convergence of the ap-
proximation under a persistence of excitation condition. The
proposed framework guarantees uniformly ultimately bounded
tracking performance and forward invariance of the safe set,
while significantly reducing control updates through event-
triggered execution.

The main contributions of this paper are summarized as
follows:

• An optimal obstacle-avoidant trajectory planning for-
mulation that ensures compatibility with nonholonomic
dynamics.

• A unified event-triggered optimal control framework that
reduces control updates while maintaining performance.

• Integration of control barrier functions into the optimal
control cost to enforce safety constraints.

• An adaptive neural network-based solution to approxi-
mate the HJI equation for nonlinear systems.

• Formal guarantees of stability and safety, including uni-
formly ultimately bounded tracking and forward invari-
ance of the safe set.

II. RELATED WORKS

Prior work on mobile robots shows that collision avoidance
and trajectory tracking are often coupled through constrained
optimization or predictive control formulations. Classical work
on nonholonomic mobile robots emphasizes that feasible mo-
tion generation must respect the robot’s kinematic structure



rather than rely on geometry alone [1].Optimization based
control methods such as model predictive control (MPC)
provide a framework for handling state and input constraints
[2]. More recent work applies MPC together with safety
constraints or barrier function ideas to differential drive robots,
demonstrating that obstacle avoidance can be incorporated
while preserving tracking performance [3]. Related trajectory
tracking formulations for nonholonomic robots also study
bounded velocity sets and obstacle aware motion generation
under performance constraints [4].

III. PROBLEM DESCRIPTION

System Dynamics: Consider a nonholonomic WMR, rep-
resented using the unicycle kinematic model

ẋ(t) = v(t) cos θ(t), ẏ(t) = v(t) sin θ(t), (1)

where (x, y) denotes the robot’s position in an inertial frame,
θ denotes the heading angle measured from the x-axis, and
(v, ω) represents its linear and angular velocities. This model
can be represented as an affine nonlinear system as

ζ̇ = f(ζ) + g(ζ)u, (2)

where ζi = [x, y, θ]T ∈ D ⊂ R3 denotes the system state of
robot i, the vector f(ζ) = 0 ∈ R3 is its internal dynamics

and g(ζ) =

cosθ 0
sinθ 0
0 1

 ∈ R3×2 is the control coefficient and

u = [v, ωi]
T ∈ Uc ⊂ R2 is the control input.

Given a reference trajectory ζd and a known obstacle, the
planner should develop an optimal path ζ ′d which minimally
deviates from the reference trajectory while avoiding the obsta-
cle. The trajectories obtained from the planner is subsequently
considered as the new trajectory to be tracked. The control
objective is therefore to design an adaptive controller which
tracks the new desired trajectories ζ ′d(t) for each robot while
optimizing control input and event updates, and simultane-
ously adhering to lane keeping constraints.

Assumption 1 (Reference Feasibility). The reference dynam-
ics ζ̇d = h(ζd) are assumed to be feasible for the unicycle
kinematics, i.e., h(ζd) ∈ Range

(
g(ζd)

)
, ∀ζd Equivalently,

there exist scalar functions vd(ζd) and ωd(ζd) such that

h(ζd) =

vd(ζd) cos θdvd(ζd) sin θd
ωd(ζd)

 .

So, given a desired trajectory ζd(t), the planner should
generate an obstacle-avoidant path such that the new paths
ζ ′d(t) are feasible for the unicycle robots. Assuming this
assumption is satisfied, define the tracking error e = ζ − ζ ′d,
where ζ is system state as defined in (2). The error dynamics
is then given by

ė = f(e+ ζ ′d) + g(e+ ζ ′d)u− h(ζ ′d) (3)

The steady-state input corresponding to ζd can be expressed
as [5]

usteady = g†(ζ ′d)(h(ζ
′
d)− f(ζ ′d)). (4)

Since the dynamics in (2) is time-varying, we employ an aug-
mented time-invariant system formulation for the subsequent

analysis. Defining the augmented state z =

[
e
ζd

]
, the dynamics

can be expressed as

ż = F (z) +G(z)umm, (5)

where F (z) =

[
f(e+ ζ ′d) + g(e+ ζ ′d)usteady − h(ζ ′d)

h(ζ ′d)

]
,

G(z) =

[
g(e+ ζ ′d)

0

]
, and umm = u− usteady is the mismatch

input. The augmented system (5) transform the tracking prob-
lem to a regulation problem, where the goal is to design umm

to compute the control input u = umm + usteady ∈ R2, such
that the tracking error e → 0 as t → ∞.

In practical robotic systems, the control inputs u = [v ω]⊤

are subject to actuator limitations and must remain within
prescribed bounds. Accordingly, define the admissible control
input set as

Uc :=

{
u =

[
v
ω

]
∈ R2

∣∣∣∣ vmin ≤ v ≤ vmax, ωmin ≤ ω ≤ ωmax

}
,

(6)

where vmin, vmax and ωmin, ωmax denote the actuator limits,
with |vmin| < vmax, |ωmin| < ωmax.To ensure feasibility,
the controller must generate velocities u = [v ω]⊤ such that
u(t) ∈ Uc for all t ≥ 0.

So the problem at hand is threefold: (i) Develop an optimal
path planning algorithm for obstacle avoidance (ii) Design
an optimal resource-efficient controller which when deployed
on the robotic system tracks the trajectories provided by the
planner accurately (iii) Establish formal system stability and
safety guarantees even in the presence of resource-constraints.

IV. PROPOSED METHOD

A. Obstacle Avoidance

We formulate obstacle-avoiding trajectory generation as
a constrained optimization problem for path planning. The
goal is to track a desired trajectory while ensuring dynamic
feasibility and collision avoidance. Let ζ(t) =

[
x(t) y(t) θ(t)

]
denote the system state and u(t) =

[
v(t) ω(t)

]
denote the

control inputs, where (x(t), y(t)) is the robot position, θ(t) is
the heading angle, v(t) is the linear velocity, and ω(t) is the
angular velocity.

The optimization problem is framed as

minζ,v,ωJ = minζ,v,ω

∫ T

0

[
wp

(
(x(t)− xd(t))

2 + (y(t)− yd(t))
2
)

+ wθ(θ(t)− θd(t))
2 + wv(v(t)− vd(t))

2+

wω(ω(t)− ωd(t))
2
]
dt, (7)

s.t. ẋ(t) = v(t) cos θ(t), ẏ(t) = v(t) sin θ(t), θ̇(t) = ω(t),
(8)

(x(t)− xo)
2 + (y(t)− yo)

2 ≥ (R+ r + ϵ)2, ∀t ∈ [0, T ],
(9)

x(0) = x0, ; y(0) = y0, θ(0) = θ0. (10)



The objective function (7) minimizes the deviation of the state
and control trajectories from a desired reference trajectory
ζd(t) = (xd(t), yd(t), θd(t)), uss = (vd(t), ωd(t)), where
the weights wp, wθ, wv, wω > 0 balance tracking accuracy
and control effort. The kinematic constraints (8) correspond
to the nonholonomic unicycle model and enforce dynamic
feasibility of the robot motion, ensuring that the trajectory
is physically realizable. The obstacle avoidance constraint
(9) ensures that the robot, with base radius r maintains a
minimum safe distance from a circular obstacle centered at
(xo, yo) with radius R. An additional margin ϵ is considered
around the robot, guaranteeing collision-free motion for all
t ∈ [0, T ]. The initial condition fixes the starting configuration
of the robot. We solve the proposed constrained path plan-
ning problem using Sequential Least Squares Programming
(SLSQP), a gradient-based nonlinear optimization solver. The
resulting optimal obstacle-avoidant solution is denoted by
ζ ′d = (x′

d, y
′
d, θ

′
d), u

∗
ss = (v′d, ω

′
d), corresponding to the optimal

state and control inputs over the planning horizon.

Lemma 1. The planner generates paths which avoids the
obstacles as well as satisfies Assumption 1, i.e, h(ζ ′d) ∈
Range(g(ζd)).

Proof. The planner outputs ζ ′d = (x′
d, y

′
d, θ

′
d), u

∗
ss = (v′, ω′).

So, there exists scalars v′, ω′ such that h(ζ ′) =

v′dcos(θ′d)v′dsin(θ
′
d)

ω′
d

.

Therefore h(ζ ′d) ∈ Range(g(ζ ′d)) and the new trajectories are
feasible paths for the nonholonomic WMR.

So new desired trajectories ζ ′d = (x′
d, y

′
d, θ

′
d) have dynamics

given by

h(ζ ′) =

v′dcos(θ′d)v′dsin(θ
′
d)

ω′
d

 (11)

B. Optimal Event-trigerred controller

Given the optimal obstacle-avoidant reference trajectory
ζ ′d(t) = (x′

d(t), y
′
d(t), θ

′
d(t)), we formulate an aperiodic event-

triggered control scheme that ensures accurate trajectory track-
ing while reducing control updates. In event-triggered con-
trol [6], feedback is available only at a discrete set of triggering
instants {tk}∞k=0 ⊂ R≥0, with t0 = 0 and tk < tk+1. At
each tk, the system state and reference are sampled and held
constant between events via zero-order hold (ZOH), so that
ζes(t) = ζ(tk), ζds(t) = ζ ′d(tk), and ues(t) = µ(ζes(t))
for all t ∈ [tk, tk+1). The event-sampled augmented state
is defined as zes(t) = z(tk) = [e⊤(tk), ζ

⊤
ds(t)]

⊤, and
the sampling-induced errors are es(t) = zes(t) − z(t) and
eu(t) = ues(t)− u(t). Under this implementation, the system
dynamics in (2) can be e expressed as

ζ̇ = f(ζ) + g(ζ)u+ g(ζ)eu, (12)

and the augmented error dynamics in (5) becomes

ż = F (z) +G(z)umm +G(z)eu, (13)

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

To guarantee that the control input satisfies actuator con-
straints (6), we define the admissible mismatch input set

Ucmm :=
{
umm ∈ R2 | vmin − vsteady ≤ vmm ≤ vmax − vsteady,

ωmin − ωsteady ≤ ωmm ≤ ωmax − ωsteady

}
.

(14)

Under Assumption 1 and with usteady ∈ Uc, any control of
the form u = umm+usteady with umm ∈ Ucmm is guaranteed
to satisfy u ∈ Uc.

Before formulating the optimization, we embed safety di-
rectly into the control design via a CBF. To ensure the WMR
remains within a lane of half-width rhw around the reference
trajectory, we define the lateral deviation dproj = |η⊤(ζ−ζd)|,
where η is the unit normal to the reference at the projection
point. We define the safe-set for lane-keeping as

Caug = {z ∈ R6|hcbf (z) = (rhw − dproj) ≥ 0}. (15)

Safety is encoded in the cost function of the corresponding
optimization problem, presented next, via the reciprocal barrier
penalty

B(z) = kp
s(z)

hcbf(z)
, kp > 0, (16)

with the smooth scheduling function s(z) = 1
2 +

1
2 cos(πhcbf(z)/rhw), which activates near the boundary and
vanishes near the centerline. By construction, B(z) → ∞ as
z → ∂Caug and B([0⊤, ζ⊤d ]⊤) = 0, imposing no penalty at
zero tracking error.

Given the mismatch input constraints and augmented dy-
namics (13), the instantaneous safe cost is

rsafe(z, umm) = z⊤Q̄ z +Ru(umm) +B(z),

Q̄ =

[
Q 0
0 0

]
, Q ≻ 0, (17)

where Q penalizes tracking error (the reference state is ex-
cluded since it need not converge to the origin), and the non-
quadratic input penalty

Ru(umm) = 2

2∑
i=1

∫ ui

0

ūi ri tanh
−1

(
ξ

ūi

)
dξ (18)

grows unbounded as umm approaches actuator limits, en-
forcing input constraint feasibility smoothly. Here R =
diag(r1, r2) and ū = [v̄, ω̄]⊤ with v̄ = min{|vmax −
vsteady|, |vmin − vsteady|} and ω̄ defined analogously.

To simultaneously minimize tracking cost and promote ape-
riodic execution by maximizing admissible inter-event times,
the problem is cast as a two-player zero-sum differential
game [7]– the controller minimizes cost with respect to umm,
while an adversarial player maximizes it by selecting the
worst-case sampling-error bound êu. The resulting perfor-
mance index is

Jsafe(z, umm, êu) =

∫ ∞

0

(rsafe
(
z(τ), umm(τ))−
α

2
ê⊤u (τ)êu(τ))dτ, (19)



where α > α∗ > 0 is the H∞ attenuation level. The saddle-
point value function is

V ∗(z) = min
umm

max
êu

∫ ∞

0

(z⊤Q̄z +Ru(umm)+

B(z)− α

2
ê⊤u êu)dτ, (20)

and the associated Hamilton–Jacobi–Isaacs (HJI) equation
requires minumm maxêu H(z, umm, êu,∇V ∗) = 0, where the
Hamiltonian is given by

H := z⊤Q̄z +Ru(umm) +B(z)− α
2 ê

⊤
u êu+

∇V ∗⊤(z)
(
F (z) +G(z)umm +G(z)êu

)
. (21)

First-order optimality condition yields the saddle-point poli-
cies

u∗
mm(z) = −diag(ū) Tanh

(
1
2 diag(ū)

−1R−1G⊤(z)∇V ∗(z)
)
,

(22)

ê∗u(z) =
1

2α2 G
⊤(z)∇V ∗(z), (23)

where Tanh(β) := [tanh(β1), tanh(β2)]
⊤. Combining with

the steady-state feedforward in (4), the event-sampled control
law is given by

u∗
es(t) = −ūTanh

(
1
2 diag(ū)

−1R−1G⊤(zes)∇V ∗(zes)
)
+

g†(ζds)
(
h(ζds)− f(ζds)

)
,

(24)

and treating ê∗u as the worst-case sampling error, the event-
triggering condition is

tk+1 = inf{t > tk| e⊤u eu ≥ max(γ2,

1

4α4
∇V ∗⊤(z)G(z)G⊤(z)∇V ∗(z))}, (25)

where γ > 0 ensures a strictly positive lower bound on inter-
event times, preventing Zeno behavior.

Since the solution to HJI equation is generally intractable
for nonlinear systems, the value function is approximated with
the structured decomposition

V ∗(z) ≈ V̂ (zes) = Ŵ⊤Φ(zes) +Bbound(zes), (26)

where Bbound(z) = s(z)/(hcbf(z)+ c) with c > 0 regularizes
the barrier near the boundary and achieves numerical stability,
Φ : R6 → RlN is the critic activation map with Φ(0) = 0,
and Ŵ are the estimated adaptive critic weights. Over each
inter-event interval, the Bellman residual is computed as

δk =

∫ tk

tk−1

(
z⊤Q̄z +Ru(umm) +B(z)− α

2 ê
⊤
u êu

)
dτ+

Ŵ⊤∆Φ(τk−1) + ∆Bbound(τk−1),
(27)

where ∆Φ(τk−1) = Φ(z(tk)) − Φ(z(tk−1)) and
∆Bbound(τk−1) is defined analogously. The critic weights
are updated by the hybrid law

Ŵ (t+k ) = Ŵ (t−k )−
α2 ∆Φ(τk−1) δk(

1 + ∥∆Φ(τk−1)∥2
)2 , tk = trigger events

(28)

˙̂
W = − α1 ∆Φ(τk−1) δk(

1 + ∥∆Φ(τk−1)∥2
)2 , t ∈ (tk, tk+1), (29)

with learning gains α1, α2 > 0.

Theorem 1. Consider the nonholonomic WMR with kinematic
model under the event-triggered control given by (12). Let ζ ′d
be the obstacle-avoidant path generated by the offline planner
with dynamics given by (11) . Let the optimal value function be
approximated using the adaptive neural-network critic using
(26), with weight-tuning laws given by (28). Let the sampling
instants be determined by the event-triggering condition given
by (25) with ∇V ∗(z) = ∇ΦT (z)Ŵ + ∇Bbound(z). If the
regressor vector satisfies a persistence of excitation condition
and the learning gains are chosen such that 0 < α1 < 1
and 0 < α1 < 1

2 , then the closed-loop tracking error and
the neural network weight estimation errors are both locally
UUB.

Theorem 2. Consider the nonholonomic WMR with kinematic
model under the event-triggered control given by (12) and let
its initial state ζ0 ∈ Caug . Let ζ ′d be the obstacle-avoidant path
generated by the offline planner with dynamics given by (11)
. Let the optimal value function be approximated using the
adaptive neural-network critic using (26), with weight-tuning
laws given by (28). Let the sampling instants be determined by
the event-triggering condition given by (25) with ∇V ∗(z) =
∇ΦT (z)Ŵ + ∇Bbound(z). If the regressor vector satisfies a
persistence of excitation condition and the learning gains are
chosen such that 0 < α1 < 1 and 0 < α1 < 1

2 , then hcbf (c)
defined in (15) will satisfy (??) and the set Caug will be forward
invariant, thereby guaranteeing system safety.

Remark 1. Theorem 2 guarantees that if the robots start
in their respective pre-defined lanes, they are guaranteed to
remain within these lanes until they reach their goal positions.

V. EXPERIMENTAL SETUP AND RESULTS

We evaluate the proposed obstacle-avoidant planning frame-
work on a planar WMR navigating a straight-line reference
trajectory in the presence of a circular obstacle. The planner
generates an optimized trajectory that satisfies kinematic fea-
sibility while ensuring collision avoidance.

Fig. 1 shows the resulting trajectories and corresponding
state and control profiles. The optimized trajectory deviates
smoothly from the desired straight path to avoid the obstacle
and subsequently converges back to the reference, demon-
strating effective obstacle avoidance with minimal tracking
deviation. The robot maintains a safe clearance from the
obstacle, respecting the inflated safety boundary.
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Fig. 1. Obstacle-avoidant trajectory and corresponding state/control profiles.
The optimized trajectory deviates from the desired path to avoid the obstacle
and smoothly returns to the reference.

The orientation profile exhibits a transient adjustment as
the robot reorients to navigate around the obstacle, followed
by convergence to the desired heading. Similarly, the control
inputs remain well-behaved, with temporary deviations in
linear and angular velocities to facilitate avoidance maneuvers.
The velocity profile shows brief acceleration and deceleration
phases, while the angular velocity exhibits a sharp but bounded
response during the turning phase.

Overall, the results validate that the proposed optimization-
based planner successfully generates dynamically feasible,
obstacle-avoidant trajectories with smooth state and control
profiles. The solution balances tracking performance and
safety, ensuring minimal deviation from the desired trajectory
while guaranteeing collision-free motion.

VI. CONCLUSION

This paper presented a unified framework for obstacle-
avoidant trajectory planning and resource-efficient control
of nonholonomic wheeled mobile robots. An optimization-
based planner was developed to generate dynamically fea-
sible trajectories that minimize deviation from a desired
path while ensuring obstacle avoidance. Building on this,
an adaptive event-triggered optimal control strategy was pro-
posed to track the planned trajectories while reducing control
updates and computational burden. The control design was
formulated as a differential game to account for sampling-
induced uncertainties, and safety was incorporated through
control barrier functions embedded in the cost. An adaptive
neural network-based critic was employed to approximate the
solution to the Hamilton–Jacobi–Isaacs equation, enabling a
tractable implementation for nonlinear systems. The proposed
framework guarantees uniformly ultimately bounded tracking
performance and forward invariance of the safe set, ensuring
both stability and safety. Simulation results demonstrated that
the planner generates smooth, feasible, and obstacle-avoidant
trajectories, while the event-triggered controller achieves ac-
curate tracking with reduced update frequency. Overall, the
approach provides an integrated solution for safe, optimal,
and resource-aware navigation of nonholonomic robots. Future
work will focus on extending the framework to multi-robot

scenarios, incorporating dynamic and uncertain environments,
and validating the approach on real robotic platforms.
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