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Abstract—This paper introduces an online LiDAR-based
discrete-time barrier function combined with a dynamic obstacle
avoidance algorithm to ensure system safety by keeping the
state within an invariant set and minimizing collision risks.
The online LiDAR-based discrete-time barrier function is a low-
level safety controller, particularly in unknown environments,
enabling safe navigation under set-based constraints and ensuring
safety with both dynamic and static obstacles. The method
synthesizes the online LiDAR-based discrete-time barrier func-
tion for safe control input corrections. Experimental validation
with TurtleBot3 simulations and hardware tests on the Quanser
QBot platform demonstrates the effectiveness of the LiDAR-
based online LiDAR-based discrete-time barrier function for safe
navigation in real-world scenarios.

Index Terms—Wheeled mobile robots (WMRs), dynamic ob-
stacle avoidance algorithm (DOAA), control barrier functions,
online LiDAR-based discrete-time barrier function (OLDBF),
collision avoidance, safe control design.

NOMENCLATURE

Nomenclature

CBF  Control barrier function

DBF  Discrete-time barrier function

DOAA Dynamic obstacle avoidance algorithm

DOF Degree of freedom

HRI  Human-robot interaction

LiDAR Light detection and ranging

OLDBF Online LiDAR-based discrete-time barrier function
ROS  Robot Operating System

WMR Wheeled mobile robot

I. INTRODUCTION

Safe navigation in unknown environments, such as au-
tonomous operations, teleoperation, and human-robot inter-
action (HRI), is crucial for robotics and unmanned vehicles
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Fig. 1: Typical image of a robot in a laboratory environment
with dynamic obstacle avoidance.

[1]. Control Barrier Functions (CBFs), based on set invari-
ance theory, transform state constraints into control input
conditions, ensuring the system stays within a safe region
[2]. The CBF-based safety filter ensures constraints while
minimally adjusting the control input [3]- [5]. To synthesize
a valid CBF, control-invariant sets for vehicle velocity and
input constraints must be defined. These sets ensure that if
the system starts within a safe region, it remains within it [7],
[8], [9]. CBFs regulate control inputs through the condition:
Ju such that i(z,u) > —a(h(z)) <= C is invariant,,
where h is the safety function, o controls the change speed,
and u is the control input.

Autonomous mobile robots, equipped with sensors like
ultrasonic, radar, and LiDAR [11], [12], use these technologies
to gather obstacle information [13], [14]. LiDAR is particularly
useful for obstacle avoidance in mobile robots [15].

Discrete-Time Barrier Functions (DBFs) [16], [17] differ
from continuous-time functions, operating within real-time
sampling limits and ensuring safety at slower rates [18].
CBFs have been successfully applied in various fields, such
as walking robots, automotive systems, multi-robot systems,
and quadrotors. They ensure real-time safety, even in envi-
ronments requiring quick lateral movements [19]. This work
introduces the OLDBF (Online-LiDAR Discrete Barrier Func-
tion) concept, expanding OLDBFs by incorporating LiDAR
data for real-time navigation in dynamic environments. The
discrete-time approach ensures better performance compared
to continuous-time methods. The primary contributions are:



e Online synthesis of OLDBFs, ensuring safety beyond
convex dangerous sets for nonlinear discrete-time systems
and establishing forward invariance of safety sets.

o The DLF-based method maintains a larger minimum
safety distance between WMRs and static/dynamic ob-
stacles, outperforming traditional velocity obstacle tech-
niques.

o« We test the OLDBF with logical control on a QBot
platform with a 2D 360° LiDAR sensor for navigating
environments with both static and dynamic obstacles
(Fig. 1).

The remainder of this paper is organized as follows: Section

IT presents notation and an overview of CBFs; Section III
introduces the proposed control design with OLDBF and sta-
bility analysis; Section IV demonstrates OLDBFs’ application
with simulation and experimental results; Section V includes
conclusion.

II. NOTATION AND PRELIMINARY CONCEPTS
A. Notation

Let R™ be the n-dimensional real vector space, and Z the
set of positive integers. The absolute value of a scalar is | - |,
and the Euclidean norm in R™ is ||-||. The open ball centered at
x with radius € is B.(x). The transpose of a matrix A is AT,
and the interior and boundary of a set S are Int(S) and 0S5,
respectively. The distance from x to S is: ||x||s = infses || x—
s||. For an essentially bounded function g : R — R", the
infinity norm is: ||g||cc = Supycg ||g(t)||- The operators max
and min denote the maximum and minimum values of a set.

B. Problem Formulation

We consider a general nonlinear, time-invariant control-
affine system described by

&= f(z) +g(x)u, (1)

where z € R" denotes the state vector and v € R™ is the
control input. The functions f : R” — R" and g : R" —
R™ ™ are assumed to be Lipschitz continuous in z, and the
origin * = 0 is an equilibrium point of the system. At each
time step, the sensor output is represented by the state vector
st € S C R™, where | X is the number of LiDAR beams. The
robot’s motion is modeled as a discrete-time nonlinear system,

2(k+1) = F(z(k),u(k)), 2(0)= 2o, (2)

where & € Z is the discrete time index, 2z € D C R" is
the system state, u(k) € & C R™ is the control input, and
F : DxU — R™ is a Lipschitz continuous function describing
the system dynamics.

C. Control Barrier Function

Consider the system (2). The goal is to design algorithms
that regulate the states on the boundary of a specified invariant
set using a CBFs, ensuring the system remains within the
invariant set while optimizing performance. To ensure safety,
verify that trajectories remain within the forward-invariant safe
set D C R™, as discussed in [2].

Definition 1: (Zero-Super Level Set) For the system (2) with
locally Lipschitz F, the zero-super level set S of  : R — R
is: §:= {z(k) | h(z(k)) > 0}.

Definition 2: [9] (Class K Function) A function [3; belongs
to class KC if: 1) strictly increasing, 2) £1(0) = 0.

Definition 3: [9] (Class KL Function) A function 5 belongs
to class KL if: 1) for each s, Ba2(r,s) € K, 2) for each r,
Ba2(r, s) is decreasing with Ba(r,s) — 0 as s — oo.

Definition 4: [9] (Controlled Invariance Set) The set S is
controlled invariant if, for each z(k) € S, there exists a control
u(k) € U such that F(z(k),u(k)) € S.

D. Forward Invariance of Safety Set via Barrier Functions

The safety set is defined as: S := {z(k) € D | h(z(k)) >
0}, 08 :={z(k) | h(2(k)) = 0}. The barrier function h en-
sures the system stays within the safety set. Forward invariance
is guaranteed if: h(z(k)) = Vh(z(k))-2(k) >0, Vz(k) € S.

1) Assumption for Forward Invariance of Safety Set:

Assumption 1: Consider the set S to be forward invariant
when £ is a barrier function. A sufficient condition for forward
invariance is S is a non-empty compact set and 8?78@) =0 for
all z(k) € S, i.e., on the boundary of the safety set.

The safety set S is safe if h(z(k)) < 0 for all z(k) € D\ S,
ensuring the state stays strictly inside the safety set.

E. Discrete-Time Barrier Function (DTCBF) and Controlled
Invariance

Let S C D C R™ be a safety set, with o : R® — R as a
barrier function. The system is controlled invariant if for each
z(k) € S, there exists a control input u(k) € U such that:

B(F(=(k),u(k)) = 0, Va(k) € S. )

The variation of the barrier function is constrained by:
Ah(z(k),u(k)) = A(F((k),u(k) — h(=(k) >
—a(h(z(k))), where «(h(z(k))) = ~h(z(k)) with
v € (0,1]. Therefore, the DTCBF condition becomes:
hF(z(k),u(k))) > (1 —vy)h(z(k)), Vz(k) € S. Consider
the system (2). This ensures that the barrier function decreases
by at most a factor of (1 — «y) at each step, guaranteeing the
system stays within the safety set. Over multiple time steps:

h(F(z(k),u(k))) > (1 =) n(z(k)), Vke€Z. (4)

This shows that the barrier function decreases over time at a
rate controlled by +, ensuring the state stays within the safety
set S.

Definition 5 (Discrete Barrier Function (DBF):): Let h :
R™ — R represent the O-super level set. A domain S C R”
is safe for the system in (2) if there exists an extended
class K function a such that Lh(z(k)) + a(h(z(k))) >
0, Vz(k)e S,where Lyh(z(k)) = Vh(z(k))- f(z(k)) is the
Lie derivative, and « is a strictly increasing function satisfying
a(0) = 0.

This condition ensures that h(z(k)) stays non-negative,
preventing the state from exiting the safety set S. The function
« controls the rate at which h(z(k)) can decrease, maintaining
safety.
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Fig. 2: Construction of collision cone for a collision cone with
elliptical obstacle

III. ONLINE LIDAR-BASED DISCRETE BARRIER
FuncTioN (OLDBF)

The OLDBF algorithm uses real-time 2D LiDAR data to
adjust the control inputs v and w on the QBot platform,
ensuring safe trajectory planning. If an obstacle is detected,
OLDBF dynamically modifies the velocity to avoid collisions,
ensuring the system operates within safety boundaries.

A. Sensor Data Representation with Collision Cone

At each time step, the 2D LiDAR sensor emits laser beams
to measure distances to obstacles. The output is a distance
vector: p = [p1,p2,...,p=] ', where p; (1 < i < Z) is the
distance from the i-th beam, and = is the total number of
beams. Distances beyond the sensor’s range are recorded as
inf. To improve sensor data utility, v_vre take the reciprocals of

11 1 =
T pe P , where q; € Q@ C R=.

This amplifies proximity information and maps out-of-range
values (inf) to zero (é = 0) as described in Fig. 2. The
collision cone predicts potential collisions based on relative
velocities. Obstacles are modeled as circles with radius r =
max(ly,l2)+ g, where [; and [y are the semi-axes of the robot
(e.g., width and length for a wheeled mobile robot, WMR), b
is the robot’s maximum overall dimension.

the distances: q; =

B. OLDBF and Obstacle Avoidance

The minimal distance dy;, (k) is the shortest distance from
the robot to any obstacle at time step k. The robot’s velocity
v.-(k) is bounded by: vpmin < v-(k) < Umax, ensuring safety and
feasibility. Define the safe set S as: S = {z | dmin(k) > dsae }-
To ensure safety, the robot state z(k) must remain within the
set S. OLDBF integrates set-theoretic principles and linear
algebra to impose state-dependent constraints, generating cor-
rective inputs that ensure z(k) € S.

Remark 1: A continuous function h € S° : R — R is
associated with a closed set S C R™ if there exists A € (0, 1]
such that sup, o, Ah(z(k),u) > —Ah(2(k)), Vz(k) € S,

where Ah(z(k),u(k)) = h(F(z(k),u(k))) — h(z(k)), and
F(z(k),u(k)) denotes the system dynamics.

A set S is control-invariant if for any z(k) € S, there exists
u(k) € U keeping the system within S.

Definition 6: A function h(z(k)) € S° is an OLDBF for a
closed set S = {z(k) | h(z(k)) > 0}.

Proposition 1: The set S is control-invariant if and only if
there exists an OLDBF h(z(k)).
Proof: We show that the proposed OLDBF keeps the system
state within the safe set S = {z(zk:) € R" | dpin(k) > date }-
First, consider, B4(k) = IL(AI;W' As Adpin(k) — 0,
Ba(k) — 1; as Admin(k) — T?/9, By(k) — oo. Thus,
B4 (k) penalizes proximity to unsafe distances. Next, consider,
Bu(k) = 19w

plee®le - As o (k)| — 0, By(k) — 05 as
[lor(K)|| — oo, By(k) — (T. Hence, B, (k) penalizes high
velocities. The combined barrier function is: B(z(k), v,.(k)) =
Ba(k) + B, (k), which grows large near unsafe distances or
high speeds, ensuring forward invariance of S. Thus, OLDBF
enforces safety and stability, completing the proof. Bl

C. Controller Design

We define a control input u(k) to adjust the robot’s angular
velocity based on the relative distances B; and B, to obstacles
on the left and right, respectively. The angular velocity w
governs turning (positive for left, negative for right). When
B; > B, anegative control input triggers a right turn, and vice
versa, ensuring smooth maneuvering aligned with the design
constraints.

A nominal angular velocity wy is applied when simultaneous
obstacles are detected on both sides. The control input u(k) €
{u e U | B(dmin(k + 1),v-(k + 1)) — B(dmin(k), v-(k)) >
—a(B(z(k)))} ensures forward invariance of S for system

2).
The control law is given by wu(k) =
wo; if turning to avoid obstacles on both sides, otherwise:
k(B, — B if B, < B
uk) = {1 v : 5)
k(B — B,) if B < B,

where k is a proportional gain adjusting turn sensitivity
based on obstacle proximity, wq is a fixed angular speed for
predefined turns when obstacles are detected on both sides.

D. Stability Analysis

In the OLDBF framework, stability maintains the system
within the safe set S, preventing constraint violations and en-
suring recursive feasibility, enhances robustness against distur-
bances, essential for applications like autonomous navigation.
The closed-loop system satisfies:

Theorem 1: Consider system (2) with state constraints z €
R™ and safe set S = {z € R" | h(z) > 0} where h(z) is
an OLDBF. Let £ : R® — R™ be a nominal controller, and
u(z(k)) the OLDBF-based control. Given z(0) € S, applying
u(k) = u(z(k)) ensures: feasibility as the control program
remains feasible for all £k > 0, constraint satisfaction: as the
state satisfies z(k) € D for all k¥ > 0 and recursive feasibility
as the system remains within S for all £ > 0.



Proof: Given z(0) € S shows feasibility as the OLDBF
condition ensures a control u(k) satisfying h(z(k + 1)) —
h(z(k)) > —a(h(z(k))) where «a(-) is a class-K function,
constraint satisfaction as from system dynamics z(k + 1) =
F(z(k),u(k)), and S C D, the state remains within D and
recursive feasibility, since h(z(k+ 1)) > 0, z(k+1) € S,
ensuring forward invariance. Thus, feasibility, constraint sat-
isfaction, and recursive feasibility are guaranteed. l

Based on the barrier functions B; and B,, a logical
control strategy generates angular and linear velocities. The
pseudocode for the Dynamic Obstacle Avoidance Algorithm
(DOAA) is summarized below:

Algorithm 1 An Algorithm for Discrete-time Dynamic Ob-
stacle Avoidance Algorithm (DOAA)

Class: Obstacle Tracker
Initialize:

state < ’forward’
Function: scan_callback (data)

Read LiDAR data to obtain left and right distances

Compute barrier functions B; and B, based on the closest
obstacles

Adjust robot control based on B;, B,, and the distances
to obstacles
Function: control_bot (By,
closest_right)
if obstacles are detected on either side then

Adjust robot motion to avoid obstacles by modifying

speed and direction

else
Continue moving forward with no adjustments

end if
Function: main ()

Initialize ROS node and subscribe to LiDAR data

Process LiDAR data in real-time via
scan_callback function

Use the Obstacle Tracker methods to ensure safety and
obstacle avoidance =0

B,, closest_left,

the

IV. APPLICATION TO SIMULATED AND REAL-WORLD
ENVIRONMENTS

A. Model of the Robot

Consider the kinematic model of a wheeled mobile robot
(WMR), represented by the following discrete-time state up-
date equation:

z2(k+1) cosf(k) 0 o(k)
ylk+1)| = |y(k)| + |sinf(k) O L’(k)} (6)
0(k+1) 0(k) 0 1

Here, v(k) and w(k) represent the robot’s linear and angular
velocities at the time step k, respectively. The state vector
Z(k) = [z(k),y(k;),@(k)f describes the robot’s position
along the X-axis, Y-axis, and its orientation angle (k).
The model assumes a non-holonomic constraint, meaning the

robot’s motion is limited to directions dependent on its current
orientation 6(k).
B. Reference Trajectory Generation

Assume that a reference trajectory is generated using a vir-
tual non-holonomic wheeled mobile robot (WMR) as follows:

zr(k+1) cos(f-(k)) O o ()
yr(k+1)| = |sin(0.(k)) 0 [wr (k)} (7)
0r(k+1) 0 1)

Let Z,.(k) = [zT(kJ),yr(k),GT(k)]T represent the reference
states of the system, where z.(k) and y,(k) denote the
positions of the robot along the X-axis and Y-axis, respectively,
and 0,.(k) represents the reference yaw angle of the robot at
step k.

C. Motion Control

To ensure precise trajectory tracking in practical scenarios,
wheeled mobile robots (WMRs) must be controlled by a
system capable of efficiently correcting the yaw. A control
law that drives the error e(k) = z(k) — z.(k) to zero, even in
the presence of uncertainties, is required for optimal tracking
performance. The position error between the reference model
and the WMR’s coordinates can be expressed as:

ze(k) cos(0.(k)) sin(f.(k)) O
ye(k)| = [—sin(0(k)) cos(fe(k)) 0 8)
Oc (k) 0 0 1

The robot operates at a constant velocity of v,.(k) = 0.15m/s,
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Fig. 3: Simulation with TurtleBot with Dynamic obstacle
avoidance, blue dashed line shows barrier function bounds).
Full simulation here.

and the angular velocity is constrained by the maximum
hardware limit of 0.3 rad/s. Therefore, the error at each step
is given by e(k) = Os(k) — 0(k).

D. Simulation Setup

In the simulation, a logical control approach was employed
to evaluate the OLDBE, utilizing pre-built Robot Operating
System (ROS) packages and the TurtleBot3, a differential drive
robot as shown in Figs. 3 and 4. The simulation environment
is divided into two hemispheres: left and right. The OLDBF
establishes a safe perimeter around the robot. Let the minimum
distances to obstacles in the left and right hemispheres at



Fig. 4: Snapshots of the dynamic obstacle avoidance of mobile
robot in ROS experimental scenario. Link here.
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—=

Time Time Time

Fig. 5: Right: linear velocity v(m/s); Left: By, B, proposes
barrier function where barrier value increases, especially near
obstacles, successfully enforcing the safety constraints, Centre:
angular velocity w(rad/s).

discrete time k be denoted as dj(min)(k) and d,(min)(k),
respectively. These distances are incorporated into discrete
barrier functions B;(k) and B, (k).

Define the set of safe time indices as Kgype = {k €
N | Bi(k) > 0 A B.(k) > 0}, where B;(k) and B, (k)
increase sharply as dj(min)(k) and d,(ymin)(k) approach the
safety threshold diin, i.€., limg, . (k) —d By (k) — oo and
lide(min)(k)%dmin Br(k) — OQ.

The robot’s control input at time k is u(k) = (v(k),w(k)),
where v(k) is linear velocity and w(k) is angular velocity. The
control law ensures that for all k € Kgpe, u(k) € U (k) =
{(v,w) | Bi(k) > 0, B,.(k) > 0}.

min

E. Real World Experimental Results

Experimental results are obtained using Quanser’s QBot
platform as depicted in Figs. 4, 5, and 6. A real-time image
of Quanser’s QBot platform in the laboratory with dynamic
obstacle avoidance as depicted in Figs. 7, 8.

Due to space constraints, a dynamic obstacle velocity con-

w (rad/s)

Q
50.2
FENRINE
0
0 50 100 150 200 0 50 100 150 200
Time Time

Fig. 6: Left: linear velocity v(m/s); Right: angular velocity
w(rad/s) in circular trajectory motion. The result incorpo-
rates the linear trajectory constraints v = .15(m/s) and
w = 0(rad/s) with these dynamics.

Fig. 7: Snapshots of the dynamic obstacle avoidance of mobile
robot in experimental scenario. Link here.

trol strategy has been implemented, which ensures that for
all time indices k, the velocity of any dynamic obsta-
cle v,(k) satisfies vo(k) < wv.(k), where v,(k) is the
robot’s linear velocity. Define the set of safe time in-
dices as Ko = {k € N| Bj(k) > 0A B,(k) > 0}, where
Bi(k) and B,(k) are the left and right barrier func-
tions, respectively, as shown in Fig. 5. These barrier func-
tions are designed such that limg, . i) sdp, Bi(k) —
0, Hmg, o (k) = i B,.(k) — oo, where dj(iin) (k) and
dy(min) (k) are the minimum distances to obstacles on the
left and right hemispheres, and d,;, is the safety thresh-
old. The robot’s control input at time k is defined as
u(k) = (v(k),w(k)), where v(k) is the linear velocity

Fig. 8: Typical real-time image of Quanser’s QBot platform
in the Laboratory with dynamic obstacle avoidance.



Trajectory Tracking with DCBF & OLDBF
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Fig. 9: Circular trajectory tracking with comparison of DCBF
and proposed OLDBF

and w(k) is the angular velocity. The control law is syn-
thesized such that for all k € Kag, u(k) € Uar(k) =
{(v,w) | Bi(k) >0, B,(k)>0}.

As illustrated in Fig. 5, the barrier functions B; and
B, increase near obstacles, effectively enforcing the safety
constraints. In the scenario depicted, the robot is tasked to
follow a line trajectory with control input v = 0.15m/s and
dynamic obstacles placed along its trajectory. The control input
w dynamically adjusts to ensure obstacle avoidance while
maintaining the overall trajectory. As shown in Fig. 6, the
robot’s behavior is demonstrated for a circular path of radius
0.2m. The reference linear and angular velocities are set
as v = 0.2m/s and w = 0.13rad/s, respectively, enabling
the robot to accurately follow the desired circular trajectory.
The angular velocity w and the barrier functions B; and B,
effectively enforce safety constraints. Specifically, the barrier
values increase with higher velocities, particularly in the
vicinity of obstacles, thereby ensuring that the robot avoids
unsafe conditions. The real-time image of Quanser’s QBot
platform in Laboratory with dynamic obstacle avoidance can
be observed from Figs. 7, and Fig.8. A comparative evaluation
of circular trajectory tracking using the standard DCBF and
the proposed OLDBF is presented in Fig. 9, highlighting the
differences in safety enforcement and trajectory adherence
between the two approaches.

V. CONCLUSION

We have proposed an online LiDAR-based discrete barrier
function (OLDBF) combined with a dynamic obstacle avoid-
ance algorithm (DOAA). The OLDBF has been rigorously
tested in both ROS simulations using the TurtleBot and real-
world environments with the Quanser QBot platform. The
OLDBEF effectively enabled the robot to navigate while avoid-
ing both static and dynamic obstacles, confirming its capability
to ensure safe and efficient path planning.
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