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Kinodynamic Modular Approach Local Trajectory Planner for
Straightforward Motions of Differential Wheeled Mobile Robots

Yong Jin Byeon'*, Mingyung Jang'* and Yunjeong Kim?*

Abstract— This paper introduces a Kinodynamic Modular
Approach(KMA) local planning algorithm designed to gener-
ate an obstacle avoidance trajectory that has both feasible
and straightforward motions for differential wheeled mobile
robots(DWMRs). To enhance the smoothness and feasibility of
the trajectory, the proposed planner incorporates a kinody-
namic system that considers non-holonomic constraints with
velocity and acceleration limits. Not only consistent but also
straightforward motion is obtained by defining basic motions
and selecting the appropriate one according to the given
situation. The simulation and real-world experiment results
demonstrate the intuitiveness and applicability of the proposed
algorithm compared to the time elastic band(TEB) algorithm.

I. INTRODUCTION

Over the past decade, the robotics industry market has
been rapidly expanding. This trend is noticeable not only in
traditional manufacturing robots but also in mobile robots
designed for logistics, such as Amazon’s Kiva. In mobile
robots, there are various valuable assets to consider including
motion planning, motion tracking, localization, traffic con-
trol, and more. Motion planning is a crucial and essential
element to generate safe and efficient motions, especially in
complex environments like logistics.

In motion planning, various research is conducted on path
planning. Path planning aims to obtain the path that guides
the robot from the initial pose to the desired pose. Graph
search algorithms, including Dijkstra [1], A* [2] and D*
[3], have been proposed for path planning. Probability-based
approaches have also been proposed such as the probabilistic
road map method (PRM) [4], the rapidly exploring random
tree (RRT) [5], and genetic algorithm [6].

However, the paths created using the above-mentioned
method have been problematic due to their jerky and erratic
nature, leading to significant discrepancies with the actual
movement of the robot. In confined spaces like warehouses,
feasibility is crucial because a lack of it can result in colliding
with obstacles or getting stuck. To solve this issue, research
has been conducted on path smoothing to make it easier for
the robot to follow the planned path. In [7] and [8], a path
smoothing method for car-like mobile robots was proposed
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because smoothness is crucial especially in car-like mobile
robots, due to the characteristic of being unable to perform
in-place rotation. Additionally, RRT-based approaches that
utilize splines has been explored in [9].

Furthermore, there are some studies that consider kinody-
namics (kinematics and dynamics constraints) to generate a
more feasible trajectory compared to path smoothing method.
Kinodynamic RRT* algorithm [10] based on the RRT algo-
rithm was proposed to generate a feasible trajectory by con-
sidering linear actuator dynamics. For differential wheeled
mobile robots (DWMRs), studies [11], [12] generate the
time-optimal feasible trajectory by considering the dynamics
of the actuator.

In addition, a local path planner is necessary to avoid
obstacles when navigating unknown environments. To react
immediately to a sudden appearance of obstacles, it is im-
portant to generate path with low computation time. In [13]
and [14], they utilize the concept of potential fields to ensure
rapid reactivity. A local path planning algorithm improving
the existing RRT to reduce computation time was proposed
in [15]. Reinforcement learning is utilized to generate a local
path in [16].

There are studies that consider kinodynamics when plan-
ning a local trajectory. The timed elastic band (TEB) al-
gorithm [17], [18] proposed a local planner derived from
elastic band (EB) algorithm [19] with consideration of time-
related information such as velocity and acceleration. Ad-
ditionally, other research [20], [21] utilizes the dynamic
window approach (DWA) to generate a local trajectory,
which identifies the available velocity space excluding re-
gions where collisions occur and choose the best one. Adding
time information, TEB and DWA achieved fast reactivity and
smoothness for the sudden appearance of obstacles.

In many types of research, there is a tendency to pri-
oritize mathematical completeness without consideration of
users’ experience [22]. In a shared space with both robots
and humans, it is crucial for a robot to exhibit consistent
movements in a similar environment, as it helps humans
predict the robot’s actions. If humans can recognize the
behavior patterns of robots, it becomes easier for them to
avoid collisions when they encounter robots. However, the
previous work about planning a local trajectory considering
kinodynamics only pursues the avoidance of obstacles and
smoothing of planned path. Therefore, there is a problem that
local detour is easy to occur due to the excessive steering
when turning on a curve. In addition, they tends not to
generate a similar movements even with slight environment
changes especially in TEB.
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Fig. 1: Navigation system architecture: the blue box repre-
sents the difference from the conventional ROS navigation
stack and the red box denotes the local planner we propose.

In this paper, we propose a trajectory planning algo-
rithm based on kinodynamic modular approach (KMA) for
DWMRs to obtain a feasible and straightforward local tra-
jectory which makes it easy for humans to predict the robot’s
motion. By considering kinodynamic with acceleration and
velocity constraints, the proposed algorithm generate a accu-
rate and smooth trajectory. Furthermore, the resulting motion
exhibits simple and consistent movements without ineffi-
cient or oscillated movements by defining the movements
of the robot with basic motions and avoiding the use of
randomness. To verify the proposed algorithm, simulations
are conducted in Gazebo [23] environments, and experiments
in the real-world are also performed using the NarGo robot
from TWINNY Co.Ltd., comparing the results with the TEB
algorithm.

II. NAVIGATION SYSTEM

In this section, we introduce the navigation system and its
sub-modules, excluding the Local Planner module, which are
designed for our proposed local planner. Our system is built
upon the ROS navigation stack [24] with some modifications
as depicted in Fig. 1.

A. Localization

The localization module provides the current robot state z
to the modules in the ROS navigation stack. While various
methods can be employed for the localization module, we
have chosen to utilize the AMCL package [25] provided
by ROS, configured to align with DWMRs. Unlike the
original AMCL, we incorporate the robot’s current pose
provided by AMCL with wheel odometry w,, obtained from
motor encoders. This integration ensures that the system is
equipped with the most up-to-date information regarding the
robot’s current pose and velocity.

B. Costmap

To check for collisions and calculate the distance to
obstacles, our system employs two types of costmaps: a
global costmap M, and a local costmap M;. The global
costmap represents the obstacle cost of the entire map and
is used in the Global Planner. On the other hand, the local

costmap only reflects obstacles around the robot obtained by
map and LiDAR sensors and is used in the Local Planner.
By utilizing these costmaps and representing the robot as
a polygon, these modules provide information about the
collision occurrence and the distance to the nearest obstacle
at a specific robot pose.

C. Global Planner

The Global Planner generates a global path from the
starting pose to the destination pose on the global costmap
M;. We employed the Dijkstra planner [1] as our Global
Planner. The output from this planner, representing the
shortest path from a global perspective, serves as a reference
for the Local Planner. However, the global path cannot be
directly used because it lacks smoothness and is planned with
the assumption that the robot has a circular shape. Therefore,
we sampled specific points along the global path by the Path
Sampler in Fig.1 where a significant deviation in distance or
angle occurs—just enough to indicate the overall direction of
the path. These strategically selected points are presented as
waypoints W, for the Local Planner, reducing dependency
on the global path and enhancing navigation efficiency.

ITII. PROBLEM STATEMENT
A. Differential Wheeled Mobile Robot’s Kinodynamic

Under the pure rolling assumption, DWMRs have the non-
holonomic constraint and its kinematics is defined as

cos O
P=|sin6 O|v (1)
0 1

where P = [p” 0]” =[x y 6]” is the robot pose, v =[v w]”

is the velocity vector, p is the robot’s position, x, y, and 0
represent x-coordinate, y-coordinate, and heading angle and
v and w are the linear and angular velocity, respectively.

In this paper, we assume that the acceleration, a = [a, aW]T
, i1s constant such as

v=a )

where a, is the linear acceleration and a,, is the angular
acceleration. The velocities and accelerations are constrained
by the robot’s hardware limits, such as

‘V| S vmax

‘a| S amax (3)

where v = [y"e* ymax|T s the velocity limit and a”* =

[a"% @7 s the acceleration limit.

B. Problem Formulation

The objective of the proposed planner is to generate a
trajectory Q, that satisfies (1)-(3) at every planning period
AT),. This trajectory aims to guide the robot from its initial
state, z; = [xy,ys, 05, Vs, ws]T, to the destination state, z, =
[Xg, V¢, B¢,0,0]7, while avoiding obstacles.

The robot’s current state z; on the map is obtained through
the localization module described in Section II-A. To prevent
local minimums, the local trajectory planner collaborates
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with the global planner by using the sampled points W,
as waypoints, which are periodically updated. This implies
that our local planner plans a trajectory passing through W,
and reaching zg, satisfying a final angle 6.

The trajectory comprises the robot’s states at discrete
timestamps AT,, equivalent to the control time period,
represented as Q = {z;|i = 0,..., Loy — 1} where z; =
[xi,vi, 0;,vi,wi]T denotes the state at time i-AT,, and L, - AT,
is the maximum planning time.

IV. LOCAL PLANNER

In this section, we explain our proposed KMA local plan-
ner. To generate a feasible and straightforward trajectory, we
define three types of basic trajectories outlined in Section I'V-
A that satisfy (1)-(3). In Section IV-B, the overall algorithm
is explained how to select a suitable trajectory among the
basic trajectories. Especially when the trajectory towards the
current target point (waypoints or destination) is expected to
collide with obstacles, a finite number of local waypoints are
generated. Among these waypoints, the local waypoint that
minimizes some costs is selected to avoid obstacles through
Section IV-C.

The local planner is executed at every planning period AT,
and it outputs the velocity associated with these trajectories
as control inputs at each control time AT,.

A. Basic trajectory

Three types of basic trajectories are defined as follow:
Driving Trajectory, Focusing Trajectory, and Stopping Tra-
Jjectory. The driving trajectory refers to a trajectory connect-
ing the current state of the robot to the target point. The
focusing trajectory represents a trajectory which makes the
robot rotate to reach a desired angle while decreasing the
linear velocity. The stopping trajectory indicates a trajectory
with a consistent deceleration to come to a complete stop or
a trajectory decelerating to reach a specific position.

These basic trajectories are planned in the same way. First,
the next velocity, v;y, is determined to have a trapezoidal
velocity profile within (3). Subsequently, the next robot pose,
P;. 1, is calculated through (1) using these velocities at every
control time step.

1) Driving trajectory: drivingTrajectory(zs,p;) generates
the driving trajectory Qg with the given the current robot
state z; and the current target position p, = (x;,y;) which
connects z; to p; satisfying (1)-(3) with the driving acceler-
ation ag, = [a!, a!]". The Algorithm 1 represents how the
driving trajectory is generated.

At each control time step AT, the next linear velocity v;; |
and the angular velocity w;y; are determined by increasing
or decreasing the current linear v; or angular velocity wj,
respectively. The velocity, v = [v, w]T, is decreased by its
acceleration ay, described as decrease(v, ag,) in Algorithm
1 if the remaining x distance of the robot to p; referred as dj,
is less than or equal to dy,, which is the required distance
for the robot to stop as shown in Fig. 2a. In case of d, >
dgop, it determines whether to increase or decrease v; and
w; depending on the rotational angle ¢« needed for the robot
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Fig. 2: (a) The path with green is a part of the driving
trajectory which is planned up to i-th step with the target
point p;. (b) The example of the driving trajectories obtained
by incrementally increasing 6, from 0.8 to 1.2 when z; =
[0,0,0,0,0]7 and p, = [0, 1]7.

to face p;. v; is decreased if « is bigger than the 6, which
is an adjustable parameter; otherwise it is increased by a,
or saturated by V7™ described as increase(v;, aZ,r, VY w;
is increased with sign(o)-a!;. or saturated by sign(c) - wj™
until o becomes less than or equal to the stopping angle
Os10p Which is the required rotating angle for the robot to
stop with the current angular velocity w;.

The robot’s pose at the next time step P;; is then calcu-
lated using the obtained velocities by (1). This procedure is
repeated until the distance error d,,, is within the thresholds
of &,.

6, is an adjustable parameter which determines the in-
crease or decrease of linear velocity. The driving trajectory
algorithm tends to generate more detour trajectories as 6,
increases, as the robot rotates at a higher linear velocity.
Fig.2b shows an example of the driving trajectories obtained
by incrementally increasing 6, from 0.8 to 1.2 when z; =
[0,0,0,0,0]” and p, = [0,1]7. Typically, it is not guaranteed
that, given other constraints such as the acceleration limits,
maximum velocity, and 6,,, we can reach the goal precisely.
But it is acceptable because the driving trajectory will guide
the robot towards the goal, making its best efforts at each
planning iteration within the constraints.

The driving trajectory is employed to generate a trajectory
from the current state to the next waypoint in Algorithm 2 or
to generate obstacle avoidance trajectories in Section IV-C.

2) Focusing trajectory: We define the focusing trajectory
Q. as a trajectory ensuring that the last angle of the
trajectory becomes the target angle 6;, which is described as
focusingTrajectory(zs, 6;), by only adjusting the angular ve-
locity with an acceleration of a’, and a angular velocity limit
of wjf’c“" while reducing the linear velocity with a deceleration
of a;-c. The angular velocity is decreased if 6. < Og0p,
where 6, = 6; — 6; and 0y, represents the required angle
to be stopped at the current angular velocity;otherwise, it is
increased.
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Algorithm 1: Driving Trajectory

Algorithm 2: KMA Overall Algorithm

Input: z,p;, 5, 64, V)™, a4,
Qutput: Q,
Initialization: i < 0
Calculate deyr, Oerr, O, dy, dysop
while d,,, > 6, do
if d, < dg,p then
Vip1 < decrease(v;,al;,)
Wiyl < decrease(w;,al;,)
else
if a > 6;, then
Vip1 ¢ decrease(v;,a)),)
else
Viy| < increase(vi,al,,vii*)
end if
if a < 6y,, then
wit1 < decrease(w;,adl;.)

else
Wit 1 < increase(w;,sign(a)al;, , sign(o)wii™)
end if
end if
P =P, +1£(6,) viy1 - AT,
i+i+1
Update derr, Oerr, €, dx, dsiop
end while

The focusing trajectory is utilized in Algorithm 2 when
the angle 65 required for the robot to face the target point
exceeds a certain threshold 6., or when the robot needs to
rotate at the destination to match the final angle.

3) Stopping trajectory: There are two types of the stop-
ping trajectories. stoppingTrajectory(zs) generates a trajec-
tory that decelerates at a constant deceleration to come
to a stop, and stoppingTrajectory(z,,p;) generates a tra-
jectory that adjusts deceleration to come to a stop at a
specific point p;. When encountering obstacles, a stopping
trajectory with a constant deceleration ay = [a’,,a%]” gen-
erated by stoppingTrajectory(z,) is employed in Algorithm
2. In order to reach the destination, a stopping trajectory
is generated by stoppzingTrajectmy(zs,pt) with deceleration

v Vi

Ay = [mm Ayt 2min(derr,0g)
between the current robot position and the target position
and 9, is the arriving margin of the goal.

a*]T where d,,, is the distance

B. Overall algorithm

The overall algorithm is presented in Algorithm 2. The
KMA local planner generates a local trajectory at each
planning period AT, that avoids obstacles reflected in M;
from z; to z, through W, = {w)[k][k=0,...,N,,, — 1}, where
Nyyp is the number of waypoints.

The first waypoint, w,[0], is selected as the current target
point p;. Initially, the KMA planner checks whether a focus-
ing trajectory is required or not by comparing the angle error,
63", needed to face p, from the current angle, with a certain

err>

threshold 6., determined by the user during the initial stages
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Input: z,,z,,M;, W, 0,0, 6p
Output: Q,
Initialization: k < 0

Calculate dg,d;, Oy,
if dyq > O, then
if dsg < dg,p then
Q, = stoppingTrajectory(zs,pg) return
else if dy; < J,,, then
k< k+1
end if
pr = wplk]
if 6., > 6, then
Q¢ < focusingTrajectory(zs, 0y )
if no collision in Q. then
Q, = Q. return
end if
end if
Qg < drivingTrajectory(zs,p;)
if no collision in Qg then
Q, = Qg return
end if
Qy. < obstacleAvoidanceTrajectory(zs,p;)
if Q. exists then

9 st

err:

Qr = Qlc
else

Q, = stoppingTrajectory(zy)
end if

else
Q. = focusingTrajectory(zs, 0,)
if no collision in Q. then

Qr = ch
else

Q; = stoppingTrajectory(zs)
end if

end if

of the algorithm. If the focusing trajectory is necessary,
Q. is generated by focusingTrajectory(z,6y) where O is
the angle formed by the line connecting the center of the
robot to p;. If no collision occurs in Qy,, it becomes the
resulting trajectory Q,; otherwise, the planner resorts to the
driving trajectory Qg generated by drivingTrajectory(zs,p;),
provided it is collision-free.

If neither Q. nor Qg, is collision-free, we utilize the
trajectory passing through the local waypoint to reach p,
as the resulting trajectory. We refer to it as Q;. or the ob-
stacle avoidance trajectory, which can be generated through
obstacleAvoidanceTrajectory(zs,p;) to avoid obstacles, as
described in the following Section IV-C.

Depending on the current state of the robot or the location
of obstacles, there might be no collision-free trajectory
passing through the generated local waypoints. In such cases,
stoppingTrajectory(zs) is generated and employed as the
resulting trajectory.
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Fig. 3: (a) Generation of candidate local waypoints. (b)
Selection of the obstacle avoidance trajectory.

This procedure continues until the robot reaches the des-
tination p, within the distance of 8,, while updating the p;
as the next waypoint when the robot is close to p; within
Owp, Where O, and &, represent the arrival margin of the
goal and a waypoint, respectively. Especially, stoppingTra-
Jectory(zs,pg) is employed to precisely reach the destination
p. after the distance to the destination dy, becomes less than
the stop distance dy,p.

After arriving at p, the focusing trajectory is generated us-
ing focusingTrajectory(z,, 0¢) to match the final angle 6, or
the stop trajectory is generated using stoppingTrajectory(zs)
in case a collision occurs in the focusing trajectory.

C. Generation of the obstacle avoidance trajectory

When a collision occurs in the driving trajectory in Al-
gorithm 2, a trajectory for avoiding obstacles Q;. must be
created by obstacleAvoidanceTrajectory(zs,p,). To generate
this trajectory, candidate local waypoints are created around
the robot, and candidate trajectories that connect the current
robot state to the destination passing these waypoints are
generated. The costs of the generated candidate trajectories
are calculated, and the trajectory with the lowest cost is
selected.

1) Generation of candidate local waypoints: Given a
base angle 6, the candidate local waypoints, E. = {e5,|m =
0,...,M.— 1}, are generated by sampling an arc of a circle
with a radius dj, centered at the robot position py with an
angle step AO,, where M, is the total number of the candidate
local waypoints. The central angle 6, is based on 6, as
illustrated in Fig. 3a. d,, is determined by

I min max
dy = min(dy"" 4+ ry - vg, dy™)

“4)

where d™" and d"* are the minimum distance and the
maximum distance of dg., r, is the ratio considering the
robot’s speed and v, is the current robot’s linear velocity.
By increasing dy, in accordance with vy, it becomes possible
to generate an avoidance trajectory that considers obstacles
that are further away as the speed increases. 6, is set as o
which is the heading angle to the current target point.

2) Selection of the obstacle avoidance trajectory : Fig.3b
shows an example of how the obstacle avoidance trajectory is
selected using the candidate local waypoints e, generated at
Section I'V-C. First, the trajectories from z, to ¢S, denoted as
Qﬁ;_l are created using the driving trajectory. The candidate
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waypoints belonging to trajectories that collide with obsta-
cles, are excluded. The remaining candidate waypoints are
then connected to the target point using the driving trajectory,
and we refer to these trajectories as Q' ,.

These survived trajectories are evaluated using a cost func-
tion that takes into account curvature and safety considera-
tions. Low curvature results in reduced execution time and
minimized redundant movement. The curvature cost C;, of
the trajectory passing through ey, is calculated as

1 Vit

Nl & max(|vi|,va:)

ce — ‘Wi|
=

®)
where v, is a dead-zone velocity of the robot and N is the
number of states consisting of Qi,," with time stamp AT.. The
cost about safety is determined based on whether a collision
has occurred and the distance values from obstacles. Since
we have already excluded e, where collisions occur, the
collision cost C<”! is only computed about Qﬁ,iz such as

0 if obstacle-free in Qﬁ,‘,‘lz

Ccol —
" 1

. (6)
otherwise
The obstacle cost about Qf,in where n € {1,2}, is calculated
as the average cost of the robot’s footprint on the trajectory
such as
1 e
obs __ Nm 1
Cm,n - W i=0 e
m
where ay is the cost scaling factor and d; is the minimum
distance from i-th footprint to obstacles. To differentiate the
weights of Q/°, and QI the final obstacle cost CO* is
calculated as

—Otf~d,'

)

b bs . ob. bs . ob
Gt =it ot + i - Cols ®)
where w¢”S and w5? are the weighting coefficients of C%%

and C°%, respectively. As the costs units of C5 and C5> are
different, we use the normalization technique to make them
dimensionless using € = —S—"C)_ Einally, the trajector

) g ~_max(C)—min(C) " ¥ J y
is selected as the one minimizing the total cost C,, such as

9

where we, w! and w are the weighting coefficients of
curvature, collision and distance to obstacles, respectively.

Cp=w"- C;;} + Wcol . Ctiz()l + Wobs . C;;,bs

V. EXPERIMENTS

To evaluate our proposed KMA local planner, we con-
ducted a comprehensive set of experiments, comparing its
performance against that of the TEB local planner. To ensure
fair comparisons, both local planners were tested within the
identical navigation system described in Section II and used
the same hardware limits, such as v"*=[1.0 m/s, 1.0 rad /s]*
and a"*=[0.5 m/s?, 1.0 rad/s*1T. Specific details regarding
the parameter settings of KMA are outlined in Table. I.
Experiments in the Gazebo simulator and the real-world were
conducted with the NarGo60! (refer to Fig. 4).

Thttps://twinny.ai/amr
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Fig. 4: The NarGo60 is a DWMR model developed by
TWINNY Co. Ltd., specifically designed for autonomous
logistics operations. It features obstacle detection capabilities
with a 3D LiDAR and two 2D LiDARs.

Parameters Values|| Parameters | Values || Parameters | Values

Vit Ve (m/s) 1.0 AT, (s) 0.01 of 1.0
Wi Wi (rad [s) | 1.0 AT,(s) | 02 wibs 0.97
Ay Ay Ay (m/s*) | 0.5 O (m) 0.1 wgbs 0.03
ay,.df,ay(rad/s*)| 1.0 8 (m) 1.4 w 0.1
d™mn (m) 0.6 O4r(rad) | 0.9 wobs 1.0
d (m) 3.0 Osc(rad) | 0.57 weel 100

ry 1.0 6, (rad) 1.7

vaz(m/s) 0.05 || Ab(rad) | %

TABLE I: KMA parameters for the experiments.

Method| Travel Time (s) | Linear Dist. (m) |Angular Dist. (rad)
Mean Std. Mean Std. Mean Std.
KMA | 20.5 0.44 8.2 0.16 11.0 0.21
TEB 25.1 4.02 9.5 0.69 13.7 2.0

TABLE II: Comparison of the mean and standard deviation
of the travel time, linear and angular moving distance results
over 100 repetitions in simulations conducted by KMA and
TEB.

A. Experiments in Gazebo simulator

The simulation was conducted 100 times repeatedly in an
environment with two static obstacles not represented on
the map, using the Gazebo simulator as shown in Fig. 5a
with z; = [-3,-2,—%,0,0]" and z, = [2,0,—%,0,0]”. The
Fig. 6 illustrates the results for one of the 100 repetitions,
displaying RViz snapshots captured at particular moments
that highlight features of the local planner, as well as the
velocity and acceleration profiles of both KMA and TEB.
The first and third snapshots in Fig. 6a and Fig. 6d show
the different characteristics of KMA and TEB movements
when a significant change of direction is required. In such
cases, while KMA adjusts its angle through in-place rotation,
TEB performs erratic movements, such as rotating while
moving backward due to simultaneously aligning the angle,
and reaching the destination. Moreover, in cases where the
robot needs to avoid obstacles, KMA generates smooth
and intuitive trajectories for obstacle avoidance using al-
gorithms described in Section IV-C, while TEB hesitates
to find solutions that satisfy both obstacle avoidance and
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(a) The simulation environment.

(b) The real-world environment.

Fig. 5: Scenarios for the experiments.

following the global planner. Such features can also be
observed in Fig. 7, which displays the result trajectories of
KMA and TEB obtained through 100 repeated experiments.
It is evident that KMA generates more consistent driving
paths than TEB, thereby enabling humans to predict the
movement of the robot. These observations are consistent
with the quantitative analysis presented in Table. II. KMA’s
simple movements and smooth obstacle avoidance behaviors
resulted in an average travel time reduction of approximately
4.6 seconds compared to TEB. Furthermore, the shorter
standard deviations of travel time (0.44 s), linear distance
(0.16 m), and angular distance (0.21 rad) of KMA compared
to TEB (4.02 s, 0.69 m, 2.0 rad) reaffirm KMA’s consistency
in movement relative to TEB. Comparing the velocity and
acceleration profiles depicted as black and red lines in Fig.
6, both planners adhere well to the velocity limits v"*=[1.0
m/s, 1.0 rad /s]T. However, regarding acceleration limits
a">=[0.5 m/s?, 1.0 rad /s*]T, KMA consistently adheres to
acceleration limits demonstrating its feasibility, while TEB
exceeds its limits by up to 24% and 83% over the linear and
angular acceleration limits, respectively, due to the use of
soft constraints with a penalty function for acceleration.

The oscillations that stand out in KMA’s angular accel-
eration are attributed to the temporary fluctuations in 6 at
each planning iteration. Nevertheless, these oscillations are
so fleeting that they do not have a significant impact on
velocity profiles, making them hardly noticeable in the actual
movement of the robot.

B. Experiments in the real-world

We also conducted experiments in the real environment
with both static and dynamic obstacles, as illustrated in
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Fig. 6: The results of KMA(a-c) and TEB(d-f) from simulation experiments: (a,d) RViz snapshots illustrating trajectories with
M;, (b,e) linear velocity and acceleration and, (c,f) angular velocity and acceleration. Each snapshot displays global paths as
light green lines, the robot’s footprint as a light green rectangle, local paths as pink arrows, and the robot’s trajectory as red
arrows. In KMA snapshots, W, is depicted in light green circular markers, candidate local waypoints in yellow circles and
their corresponding trajectories in blue lines same as in Fig. 3. Additionally, for better understanding, each snapshot includes
an approximate timestamp at the upper left and an inset image showing a magnified view of the robot’s surroundings at the

bottom right.
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(b) Trajectories of TEB

Fig. 7: Trajectory results from the simulation : Each trajec-
tory is depicted in a different color across 100 repetitions.
Initial and destination poses are marked with green and
red arrows, and blue boxes represent static obstacles not
represented on the map.

Fig. 5b, where specific scenarios are numbered from 1 to
4. Scene 1 and 4 depicts the initial and destination pose
near static obstacles marked by blue boxes, while scene 2
illustrates a scenario where a dynamic obstacle suddenly
appears from a corner. In scene 3, a person blocks the robot’s
path, approaching so closely that the robot cannot avoid.
Fig. 8a shows RViz snapshots in accordance with each
scenarios and Fig. 8b demonstrates its velocity and angular

profiles. Obstacle avoidance trajectories were used in the
snapshots around 2 and 22 seconds to navigate around the
static obstacles, and also in the snapshot around 5 seconds
to avoid a dynamic obstacle emerging from a blind spot.
At around 10 seconds, a stop trajectory was generated as
intended when no feasible trajectory could be made. Finally,
at around 27 seconds, a focusing trajectory was generated to
align with the destination orientation.

From the repeatedly conducted simulation results, we can
validate the features of the KMA local planner compared to
TEB local planner and demonstrate its applicability through
the real-world experiment. Further exploration of the ex-
periment’s results can be found in the attached video?,
which includes comparative results with TEB in real-world
experiments, along with additional experiments conducted in
environments similar to simulation conditions.

VI. CONCLUSIONS

In this paper, we presented a local trajectory planning
method that is smooth and easy to predict the robot’s
movement by defining three types of basic trajectories
considering the kinodynamic constraints of DWMRs and
using them appropriately according to the situation. The
suggested approach involves a obstacle avoidance trajectory
generation by creating local waypoints around the robot.
The proposed local planner algorithm can generate consistent
trajectories without unnecessary movements compared to the
TEB local planner. Additionally, it has been demonstrated
through both simulation and real-world experiments that the
proposed local planner produces straightforward and smooth
movements while generating an obstacle avoidance trajectory
in both unknown static and dynamic obstacle environment.

2Video Link: https://www.youtube.com/watch?v=03Vw4ZqFMeQ
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Fig. 8: The results of the KMA experiment in the real-world
scenario. See the caption in Fig. 6 for further details of the
results.

In the current algorithm, there is no consideration for
cases where obstacles occur during in-place rotation at the
destination to align with the destination angle, or when
obstacles are too close and there exist no obstacle avoidance
trajectories. For future work, we plan to incorporate an
supplementary basic trajectory for parking scenarios and
implement backward local trajectory generation to evade
obstacles that are too close in front.
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