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Abstract— This paper presents an efficient and safe method to
avoid static and dynamic obstacles based on LiDAR. First, point
cloud is used to generate a real-time local grid map for obstacle
detection. Then, obstacles are clustered by DBSCAN algorithm
and enclosed with minimum bounding ellipses (MBEs). In
addition, data association is conducted to match each MBE
with the obstacle in the current frame. Considering MBE as an
observation, Kalman filter (KF) is used to estimate and predict
the motion state of the obstacle. In this way, the trajectory of
each obstacle in the forward time domain can be parameterized
as a set of ellipses. Due to the uncertainty of the MBE, the
semi-major and semi-minor axes of the parameterized ellipse
are extended to ensure safety. We extend the traditional Control
Barrier Function (CBF) and propose Dynamic Control Barrier
Function (D-CBF). We combine D-CBF with Model Predictive
Control (MPC) to implement safety-critical dynamic obstacle
avoidance. Experiments in simulated and real scenarios are
conducted to verify the effectiveness of our algorithm. The
source code is released for the reference of the community'.

I. INTRODUCTION

Research on the safe-critical optimal planning and control
of mobile robots has been actively conducted during the
past decades. By improving the robustness and efficiency of
existing autonomous navigation solutions [1] [2] [3], the au-
tonomous navigation of robots has been widely used in many
fields [4] [5], but autonomy in the dynamic and unstructured
environment remains a challenge. The difficulties are mainly
in the following aspects: 1) stable detection and prediction of
obstacles in an unstructured environment; 2) parametric rep-
resentation and uncertainty analysis of obstacles; 3) motion
planning algorithm for real-time moving obstacle trajectories.

To address these issues, this paper presents an onboard
lidar-based approach for safe navigation of vehicles in a
dynamic environment. We detect obstacles based on real-
time point cloud, perform the clustering operation, and then
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Fig. 1: An example of a differential vehicle using our approach to
avoid pedestrians. The Scout 2.0 four-wheel-drive platform is used
to conduct experiments of avoiding more dynamic obstacles (such
as electromobile and dogs).

parameterize the obstacles as MBEs. To deal with the uncer-
tainty of MBE, we summarize the influence of MBE shape
parameters on MBE center position parameters, and use KF
to realize the stable estimation of obstacles. Uncertainty is
used to extend the obstacle to enhance safety. For motion
planning in a dynamic environment, we propose D-CBF-
based MPC to obtain a safe collision-free trajectory.

A. Related Work

Local Perception: To achieve safety-critical navigation in
dynamic environments, robot needs to detect surrounding
obstacles efficiently and fast. One method for detecting and
tracking objects is based on visual information obtained
from cameras [6] [7] [8] [9]. However, This method does
not perform well in bad lighting and weather conditions.
Another method is based on point cloud data. Wang et al.
[10] developed a dynamic environment perception method
and model dynamic obstacles with ellipsoids based on RGB-
D camera, and proposed a efficient path searching method
considering dynamic objects avoidance constraints. Brito et
al. [11] detects and models dynamic obstacles as ellipses
based on LiDAR sensor, and uses a linear Kalman filter
to estimate their future positions with a constant velocity
model with Gaussian noise in acceleration, and achieves
stable dynamic obstacle avoidance. However, the uncertainty
distribution of obstacles in the future time domain is assumed
to be uniform in [11], which is improved in this paper

Local Planning: Collision avoidance in static and dynamic
environments can be achieved through various methods,
such as DWA (Dynamic Window Approach) [12], artificial
potential fields [13], social forces [14], gradient map [15],
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Fig. 2: Overview of system framework. From left to right: LIDAR sensor detects the surrounding environment and generates point cloud.
The SLAM module receives point cloud to generate TF and maintains a 3D probabilistic map in real time. The global planning module
generates a reference path based on PF-RRT* and the map. Point cloud is used to generate the local map. Obstacles are parameterized
on the local map by clustering to generate MBE. By using Kalman filter, the current motion state of MBE is estimated and then used to
generate the corresponding trajectory in the forward time domain. The predicted trajectory and the reference path are sent to the local
planning module for motion planning. This module combines D-CBF and MPC, generates the safe trajectory of the robot, and sends the
movement command in real time. The UGV receives motion commands to move along the trajectory.

pre-computed motion primitives library [16] [17], collision-
free flight corridor [18] [19] [20]. However, these methods
are not effective for higher speed obstacles or more complex
environments. Our approach is based on MPC, which is more
and more widely used in recent years [21] [22] [23] [24].
Bruno Brito et al. [11] proposed a planning approach based
on Model Predictive Contouring Control in dynamic envi-
ronments. However, this algorithm only has good avoidance
effect on pedestrians, and it is difficult to achieve similar
effect on more complex obstacles (such as elastic balls).
Zeng et al. [25] proposed a model predictive control design
and [26] analysed its feasibility and safety, where discrete-
time CBF constraints are used in a receding horizon fashion
to ensure safety. However, this algorithm doesn’t perform
well in dynamic environment. Our approach extends CBF to
achieve dynamic obstacle avoidance.

B. Contribution

The contributions of this paper are as follows.

o Dynamic Control Barrier Function-based Model Predic-
tive Control framework is proposed to generate a safe
collision-free trajectory in a dynamic environment.

e We propose a method for detection and prediction
of obstacles based on minimum bounding ellipse and
Kalman filter, in which uncertainty is considered to
enhance safety.

o Experiments in gazebo and real scenarios are carried
out to verify the real-time performance, effectiveness
and stability of the safe-critical obstacles avoidance
algorithm.

II. OVERVIEW OF THE FRAMEWORK

The algorithm flow of the system is shown in Fig.2.
SLAM module consists of Fast-LIO2.0 [27] and Octomap
[28] , which are used to complete localization and mapping
respectively. Local perception module detects obstacles and

predicts their trajectories. First, a local map based on real-
time point cloud data is generated, and then the obstacles
are parameterized into MBE, which will be described in
detail in III-B.1 and III-B.2. We propose a KF-based method
to predict the trajectory of the MBE and extend the MBE
with uncertainty in III-B.3 and III-B.4. The local planning
is implemented by MPC with D-CBF in 9b to generate
the collision-free local trajectory. In this way, the robot
completes safe and robust dynamic obstacle avoidance with
only LiDAR as the sensor.

III. IMPLEMENTATION
A. Local Planning

1) Dynamic Control Barrier Function:

It has been proved that CBF(Control Barrier Functions)
can be used for UGV obstacle avoidance [25] [29] [30].
However, for dynamic obstacles, the safety of traditional
CBF remains a challenge. Unlike CBF, D-CBF (Dynamic
Control Barrier Function) considers obstacles to be movable.
Define robot position, obstacles position, obstacles shape
as x € R", x5, € R™, 1, € RP, and variable X =
[, Zobs Mob] € R™ X R™ x RP.

For safety-critical control, the set C' defined as the super-
level set of a continuously differentiable function h : X C
R™ x R™ x RP:

C={XeX:hX)>0} (1)

Throughout this paper, we refer to C as the safe set.
Referring to the definition of CBF, D-CBF can be defined:
g—)}; # 0 for all X € O0C, and there exists an extend class
K~ function ~y

Ju s.t.h (X, u) > —y (h (X)), € Koo 2)

By definition, D-CBF is a CBF on X. As a result of the
main CBF theorem, the safe set C is forward invariant and
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Fig. 3: Optimal path of robot x(¢ : ¢ + N|t) to avoid collision
with predicted obstacle O;(t : t + N|t) in N future steps. By
connecting the centers of the robot and ellipse, the distance between
the periphery and the robot can be computed as d;(t : t+ N|t). The
set of distances sweeps the CBF zone and is constrained by CBF
bounds, which prevents the robot from approaching the obstacle
too fast.

asymptotically stable [31]. Therefore, the set of component
corresponding to the robot position in C' is also invariant and
asymptotically stable, which implies that the control system
is safe.

In dynamic environment, D-CBF requires the input u to
satisfy stricter constraints than CBF. For input-affine system
& = f(x) + g () u, inequality 2 is equivalent to

oh 8a:ob oh 37’]0},
Oxy, Ot Onep Ot

€ €

~h >0

sup |Lgh + Lghu +
ueld

3)
where function v is a constant, € and ¢, respectively, repre-
sents the influence of the obstacle position and shape changes
on the input. Define:

Kaf={uel:Lih(x)+ Lyh(x)u+~vh(x) > 0}
Kaopg ={u €U : Lyh+ Lyhu+¢+¢e+~yh >0}

“4)
as control set of CBF and D-CBF, respectively. When e+¢ <
0, Kacvy € Kepp; when € +¢ > 0, Kipy € Kgepp; When
e+e=0, chf = chbf'

For discrete-time systems, inequality 3:

Ah (Xk,uk) > —’yh (Xk) ,0 <7< 1 (&)

where Ah (Xk,uk.) =h (Xk+1) —h (Xk)

Each dynamic obstacle could be represented as an ellipse
of area O; C R? according to III-B.2, which could be
described as z!, = [z¢,,y";] € R? and 0, = [a;,b;,0;] €
R3 in Fig.3. At time step t, the set of all obstacles is described
as A9 = Uiz1.2..n Oi(t). According to I1I-B.4, the state
of the forward time domain N of the obstacle O; can be
predicted as O;(t : t + N|t). To simplify notation, we use
k instead of ¢t + k|t. By connecting the centers of O;(k)
and the robot p(k) = [z(k),y(k)] at time k, we compute

the distance ;(k) from the O;(k) to its periphery by solving
simultaneous equations of line and ellipse:

1 (k) — a?(k)b? (k)(1 + tan? §;(k))
(k) = b2(k) + ai(k)? tan® 6;(k) ’ (6)
for k=0,1,...N—1

where J represents the angle formed by the line and the major
axis of ellipse. Thus, D-CBF is formulated in a quadratic
form as follows:

h(Xy) = ||lp (k) — @4, (k) ||, — Li(k) — dsage, o
for k=0,1,....N —1
where dyq . is safe distance.

2) Model Predictive Control:

To formulate the MPC, we first describe the robot’s dy-
namic model by a discrete-time equation x:11 = f (@, we),
where z; € X C R™ is the state of the system at stept € Z™,
u; € U C R™ represents the control input, and f is locally
Lipschitz as the differential-drive system model:

cos¥: O
Li41 = Tt + | sin ﬂt 0 utAt (8)
0 1

note that here x; = [z, y;,9;]7, and ¥; represents the robot
direction.
The MPC control problem is given by a receding horizon

optimization:

N-1
Ji (ze) = ut:fil]ivlll‘tp (i npe) + ;;) q(xw, ur) (9a)
s.t. g1 = f( xp,up), k=0,...., N -1 (9b)
xreX, u,ceUU,k=0,...N -1 (9¢)
Tyjp = Ty, (9d)
TN € Xf, (%)
AW Xy ) > —vh(Xp), k=0,..,N —1 (9f)

where 9b describes the system dynamics, and 9d represents
the initial condition at step t € Z*. X, U and Xy are
the set of admissible states, inputs and terminal states,
respectively. To track the reference path ¢, 4N given by
the global planner. In Eq.9a, the terminal cost p(x;1 n|¢) :=

mt+N|t_mf+N|tH , and the stage cost q(xg,ur) =

i — a:gHQ + |luk|lp + ||uk+1 — willg, where P,Q,R,S
are the corresponding weight matrices.

B. Local Perception

The local perception maintains and estimates the safety
space and obstacle regions and predicts trajectory of ob-
stacle while considering the uncertainty of observation. The
overview of the local perception is shown in Fig.4.

3681



Elevation,,

Fig. 4: The overview of local perception. (a) Crop point cloud
generated from LiDAR. (b) Local map representation and obstacle
processing. (c) Obstacle clustering and enclosing with MBE and
tracking between frames. (d) Trajectory prediction of obstacle
involving uncertainty of observation.

1) Local map:

To facilitate processing and maintain real-time perfor-
mance, we build a 2.5D elevation map based on gridmap
[32] representing the environment around the robot. Firstly,
The local map is centered on the robot base and the point
cloud is cropped via a passthrough filter to achieve real-
time performance. Then the elevation of the cropped data is
extracted and transformed to the local map. As the navigation
of UGV pays more attention to the surface conditions on
which they travel, we consider the maximum gradient G
and step height hg., of the robot operation for obstacle
determination. The 3 x 3 Sobel operator S, S, and 3 x 3
Laplace operator L are used for the convolution operation of
the local map, suppose (a,b) is a grid of the local map, and
M represents the elevation of its 3 x 3 neighborhood:

Gsah) = \/(Scx P+ (8, MPE (10)

Gr(a,b) = |L « M| (11)

while the step height hgepp(a, b) is directly obtained through
adjacent cells of (a,b) in the local map. For local obstacle
representation, we threshold the local map as:

1 Gs(a,b) > Spaz VGr(a,b) > Liyax
\/hstep(ay b) > hma:v
0 others

obs(a,b) =

(12)
where Spazs Limaz and hg,., represents the maximum
operating limits of the robot, respectively. As shown in Fig.4
(b), the obstacle regions are given a larger elevation value
for visualization.

2) Obstacle parameterization:

In this module, the obstacles are clustered and enclosed
with minimal bounding ellipses (MBE). In addition, we track
the obstacle with a consistent label from historical data for
trajectory prediction.

Firstly, Density-based clustering method DBSCAN [33]
is performed on the obstacle regions, resulting in a set of n
clusters A% = {0y, 0,,...,0, }. And then the minimum
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Fig. 5: (a) shows the correlation coefficient of ép and =), varies
with obstacle speed and size when x is 5.5 and v is 1.3. (b)(c)
show the changes of the true value =), and estimated value =), of
the confidence of cylindrical obstacles under stationary and moving
conditions, respectively. In the experiment, the diameter of the
cylinder was set as 1m, and the motion state is set as a uniform
linear motion of 0.5m/s. The correlation sparsity of =}, and =), is
0.9133 when the obstacle is in a static state, and 0.9059 when the
obstacle is in a state of constant velocity.

bounding ellipse algorithm [34] is used to simplify each ob-
stacle cluster O; to an ellipse £. In general, we parameterize
the ellipse by its central coordinate, semi-major axis, semi-
broken axis and rotation angle, i.e. £ = [Zob, Yob, a, b, 0].
To associate the MBEs E", = {¢',&%,...,6™} of last
frame with the current frame E7,. = {¢!,€2,..,€6"}, we
first construct the affinity matrix M,,, by computing the
distance d between the center of Ej,., and F} . Then we
use the Kuhn—Munkres algorithm [35] to complete the data
association. Moreover, we reject a matching if the distance
d is larger than the max threshold d,,,, and the unmatched
ellipses in the new frame are assigned with a new label. As
shown in Fig.4 (c), the pedestrians are tracked with consistent
labels 1 and 2, respectively.

3) Uncertainty analysis:

Due to the noise of the point cloud and the change of
detection angle of the obstacle, the shape ., = [a,b, 0] of
MBE can change rapidly and greatly, resulting in position
ZTob = [Tob, Yob) deviation from the real value. To address this
issue, an indicator =}, for assessing MBE position confidence
is proposed.

2
Lob,t—i,t — $2b,t—i,tH2 (13)

S|

=

=p =

m—1

where x,;;—;; and x, , ., represent MBE position and
the real position of the obstacle at step ¢ in the backward
time domain at time ¢, respectively. And =}, is proposed to
assess the degree of shape change of the MBE. In common
scenarios, the shape of obstacles does not change rapidly
(e.g., rapidly expanding). Therefore, in a limited area of the
local map, the shape of the obstacle can be considered to
remain unchanged. =), can be estimated as follows:

= 2211 ||'r’ob,t7i,t - 'F]ob,tfm:t,t”g (14)
- m—1

where 7op,t—m:t,+ represents the mean of 7.

Since a:gb’tfi’t is not available in a real environment, =)
can be used to estimate =,. Through data analysis, we get
good estimation results using the formula ép = k=], in
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which k and -y are scale and power coefficients, respectively.
To verify the correlation of ép and =), experiments with
obstacles of different speeds and sizes are conducted, as
shown in Fig.5. It can be seen that when [x,v] = [5.5, 1.3],
this formula can provide a good estimate for obstacles with
speed less than 1.5m/s and radius less than 1.2m.

4) Trajectory prediction:

In order to reduce the influence of point cloud noise,
we use KF to update obstacles’ states while using MBE
& as the observer. The state variable is set to a vector
X = [xob,yob,nbob,yob,jéob,yob,a,b,H]T € R, the state-
transition matrix and the observation matrix are respectively:

1o T 0 L o
1 0o T 0o Z
1 0 T 0 06><3
A9><9: 1 0 T (15)
1 0
0 1
L O3x6 I3y3 |
o= o 2] a9

There are two reasons for the change of MBE position: (a)
The movement of the obstacle itself. (b) Position deviation
due to abnormal changes in MBE shape 7,,. Based on
the analysis in III-B.3, a modified parameter k& for position
covariance R, is proposed to reduce the deviation.

Ry = Ry o Ry i (17)
k= lg (Ep/Emin,th) (18)

lg (Emax,crit/Emin,crit)
where R max and I}, min represent the boundary of the posi-
tion variance, Shyin,crit and Smax orit Tepresent the boundary
of =,. In this way, when the shape of MBE changes rapidly,
R, will increase to reduce the vibration of MBE position.
Based on the current estimated state and the corresponding
variance value, the state in future time domain can be
predicted by x;, = Ax;_; and P, = AP,_1 AT + Q, where
@ is the covariance of system noise.
In order to enhance safety, we use uncertainty to extend the
ellipse. Ellipse F; = Diag (-5, 75) is enlarged by 4 in both
1 1

axis to Fy = Diag a3y (b+g)2). Define r = r, + 17, to
describe the uncertainty of the ellipse, where r,, and r,, are
obtained from the covariance of the position and shape of the
ellipse, respectively. To find the smallest ellipse that bounds
the Minkowski sum, the minimum value of o is obtained by
solving the following equation [35]:

2 (Gmin +1)° ((@ 4 b) (Cmin + 1) + 2ab)
(a+b)(a+b+20min +2r)

For obstacles O(¢ : t + N|t) in the predicted time domain,
as k increases from 0 to N, the uncertainty of the obstacles
increases, and the corresponding ellipse is expands accord-
ingly, as shown in Fig.4(d).

—-r?=0 (19

E— RS Lidar \I
— |
_ |

Onboard 1
Computers }

60cm

Fig. 6: Robot platform for the experiment. Scout2.0, a four-wheel-
differential-drive mobile robot equipped with battery pack, Wi-Fi
is used for the real-world experiment. The only sensor used is RS-
Helios, a 32-beam LiDAR, which has a vertical FoV of 70°, and
55°of FoV below horizon to eliminate blind zone. Two Intel @NUC
with an i5 2.4GHz CPU and 16GB memory are used to run the
planning algorithm and the SLAM algorithm, respectively.

IV. EXPERIMENTS

In this section, experiments in real scenarios and simula-
tion environment are conducted to verify the effectiveness
of our work. Our algorithm works under ROS Melodic
operating system. The local perception module runs at 10-20
Hz, and the local planning module at 10 Hz.

A. Real-world scenarios

As shown in Fig.7, a real-world experiment is conducted
with two pedestrians and an electromobile. The distance from
the starting point to the target point is set to 20m, and the
velocity of the pedestrian and the electromobile is about
1.2m/s and 1.8m/ s, respectively. The local perception range
is set to 10 x 10m with a resolution of 0.1m. The predicted
step N of the robot and the obstacle is set to 25. Considering
the blind spot of LiDAR, the safe distance dsqfe is 1.3m. 7y
in CBF is set to be 0.15. The obstacle number n is set up
to 5 for real-time performance, and the position and shape
also changes with each update.

In this scenario, when the robot encounters an obstacle
(pedestrian, electromobile), our algorithm generates a trajec-
tory considering the predicted trajectory of the obstacle. For
example, in Fig.7(a), when the pedestrian is still on the left
side of the robot, our algorithm predicts that its states in the
next N steps will be a trajectory to the right. So the robot
adopts the strategy of avoiding from the left. In this way, the
robot can not only improve the safety of the movement, but
also can reach the target point in a shorter time. In order
to verify the scalability and robustness of our algorithm,
experiments are carried out with the obstacles being elastic
balls and a quadruped robot, which can refer to the attached
video?.

B. Simulation scenario

To evaluate the performance of the proposed method, we
compare the proposed method with 4 baseline approaches:

o« MPC [37]: MPC tracking controller considering safety
constraints with euclidean norm distance.

2Video: https://www.youtube.com/watch?v=U3X6vgKTxRwt=10s

3683



Pre-MBE

uncertainty MBE

05 1

Local Tra

. Global path

s Trajectory

Fig. 7: Real-world dynamic obstacle avoidance scenario. The blue line represents the global path generated by PF-RRT* [36]. The orange
box represents the local trajectory executed by our MPC-D-CBF and the pose of robot footprint, respectively. The trajectories of the two
pedestrians and the electromobile are demonstrated in the scenario, which are perceived as MBE with uncertainty from blue to red. The
green cylinders represent the prediction of the obstacle trajectories. Figures (a),(b), and (c) on the top demonstrate the strategy of dynamic

obstacles avoidance of our method in the real scene.

—MPC
—MPC-CBF
-1 —MPC-KF
—MPC-curvefit
==MPC-CBF-KF(Ours)
0 2 4 6 8 10 12 14 16 18 20

Fig. 8: Simulation setup. An environment is built in Gazebo with
dynamic obstacles. The autonomous ground robot Jackal equipped
with a LiDAR Velodyne is used as the simulated robot. The robot
follows a global path (yellow line) and avoids static obstacles (blue
box) and dynamic obstacles (orange trajectory). The bottom figure
represents the trajectory of the five approaches.

« MPC-CBF [25]: MPC tracking controller considering
safety constraints with discrete-time CBF.

« MPC-KF: MPC involving our KF obstacle trajectory
prediction with uncertainty.

o MPC-CBF-curvefit: MPC involving prediction of obsta-
cle trajectory using polynomial curve fitting.

We adopted the following indicators to compare the five
algorithms: Min dist (minimum distance to the obstacle),
Cons time (time spent from the start point to the end
point), Reac time (time interval between the obstacle entering
the local map and the robot’s reaction), Speed var (speed
variance when avoiding obstacles). The results are shown in
Table I.

The trajectories generated by each algorithm are shown
in Fig.8. The MPC approach (red) fails and collides with
the first dynamic obstacle. MPC-CBF (green) and MPC-

CBF-curvefit (black) don’t perform well due to no prediction
or inaccurate prediction of obstacles caused by noises of
sensor input or changes in observation. Our KF prediction
algorithm considers the uncertainty of LiDAR data, for which
the MPC-KF method (magenta) and our method (blue) can
avoid dynamic obstacles smoothly and robustly in advance,
exceeding other methods in React time and Speed var metrics
as shown in Table I. In addition, compared with MPC-KF,
our method balances safety of dynamic obstacle avoidance
with speed, i.e. navigates safely and smoothly to the target
position while maintaining a safer distance of Min dist as
shown in Table I.

TABLE I: Comparison with baseline methods.

. Min Cons Reac Speed
Algorithms dist(m) time(s) time(s) \I/)ar
MPC 0(collided) - 1.331 -
MPC-CBF 0.273 22.07 0.357 0.1598
MPC-KF 0.201 20.05 1.197 0.0061
MPC-CBF- 0.074 2327 0421 0.1306
curvefit
Ours 0.828 21.52 0.353 0.0172

V. CONCLUSIONS

This paper proposes a safety-critical method for static and
dynamic obstacles avoidance based on LiDAR sensor. Firstly,
we adopt a robust local perception module, which perceives
and parameterizes obstacles to MBEs, and predicts obstacles
trajectory considering uncertainty based on Kalman filter.
Then, we combine D-CBF and MPC framework to gener-
ate a safe collision-free trajectory Real-world experiments
avoiding different types of obstacles validate that our method
is robust, safe, and allows running on-board. Moreover, we
compare our method with four baseline approaches (MPC,
MPC-CBF, MPC-KF, and MPC-CBF-curvefit) in simulation.
The experimental results show that our method is more safe
and efficient than other methods in the process of obstacle
avoidance.
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