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ABSTRACT Motion planning between dynamic obstacles is an essential capability to achieve real-
world navigation. In this study, we investigated the problem of avoiding dynamic obstacles in complex
environments for a car-like mobile robot with an incompletely constrained Ackerman front wheel steering.
To address the problems of weak dynamic obstacle avoidance and poor path smoothing in motion planning
with the traditional Timed Elastic Band (TEB) algorithm, We proposed a hybrid motion planning algorithm
(TEB-CA,Timed Elastic Band-Collision Avoidance) that combines an improved traditional TEB algorithm
and Optimal Reciprocal Collision Avoidance (ORCA) model to improve the ability of the robot to predict
dynamic obstacles in advance and avoid collisions safely. Moreover, We also add new constraints to the
traditional TEB algorithm, including: jerk constraints, smoothness constraints, and curvature constraints.
The algorithm is implemented in C + + and evaluated experimentally in the Gazebo and Rviz simulation
environments of the Robot Operating System (ROS), as well as in actual experimental tests on our car-like
autonomous mobile robot ‘‘Little Ant’’ which proves the effectiveness of the method, and that the motion
planning scheme is more effective in avoiding dynamic obstacles than the traditional TEB and DWA
algorithms.

INDEX TERMS Car-like autonomous mobile robot, motion planning, dynamic obstacle avoidance, timed
elastic band, optimal reciprocal collision avoidance.

I. INTRODUCTION
with the advancement in robotics, mobile robots are becom-
ing more frequently involved in tasks in complex environ-
ments. Examples of such tasks include Automated Guided
Vehicles (AGVs) moving materials with other workers [1]
or vehicles in factories and warehouses and service robots
moving in crowded and dynamic environments [2]. Motion
planning techniques ensure that mobile robots can safely
navigate from one location to a target location without
colliding with other obstacles in the work area. Global path
planning methods calculate the best path from the starting
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point to the endpoint in the map of a known environment,
which can avoid static obstacles. A real-time and efficient
local path planning method is required for dynamic obstacles,
particularly human obstacles.

Typical motion planning methods include the dynamic
window approach (DWA) [3], artificial potential field
(APF) [4], rapidly exploring random trees (RRT) [5], model
predictive control (MPC) [6], and ant colony optimization
(ACO) [7]. Real-world environments are partially or entirely
unknown, change dynamically, and are prone to the presence
of moving objects that block the path of the robot;
Autonomous mobile robots should be able to detect, identify,
and avoid static and moving obstacles. Rostami et al. [8]
proposed an APF approach by adding a conditioning
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factor to improve the problem of robots caught in local
minima; Rebai and Bouchama [9] used the extended Kalman
filter (EKF) to track each detected moving obstacle and
introduced collision risk information into the DWA objective
function to navigate the robot in dynamic environments.
Guo et al. [10] used B-spline curves to predict the motion
of dangerous dynamic objects combined with a nonlinear
model predictive control method to avoidmoving obstacles in
dynamic environments. When navigating dense and crowded
environments, these methods encounter problems, such as
poor real-time performance, abrupt trajectory changes, and
weak stability. These problems are usually the case with most
real robots.

Rösmann et al. [11] initially proposed the Timed Elastic
Band(TEB) algorithm to solve the problem of avoiding colli-
sions in real-time during robot motion planning. Compared to
other typical motion planning algorithms, the TEB algorithm
is more flexible and can adapt to different constraints
according to the design requirements and complexity of
the scenes. Rösmann et al. [12], [13] proposed extending
the TEB technique to use parallel trajectory planning in
a spatially unique topology. However, the original TEB
algorithm pays more attention to the position of the obstacles
and does not prevent or predict the potential collision of
dynamic obstacles. Sun et al. [14] introduced a hybrid motion
planning method based on the TEB algorithm and artificial
potential field (APF) to solve the problem that mobile
robots moving in unstructured scenes encounter unstable
motion states in obstacle avoidance planning. Additionally,
Liu et al. [15] proposed a method called trend-aware motion
planning (TAMP), which was combined with the TEB
algorithm to model the future position andmovement trend of
local dynamic obstacles to using them for dynamic obstacle
avoidance.

Existing local path planning algorithms cannot avoid
dynamic obstacles in complex environments, and robots tend
to behave conservatively in highly dynamic environments to
minimise risk, manifesting as stopping in place or oscillating
between two directions, known as the freezing robot problem
(FRP) [16]. The reason for FPR is that the robot cannot
predict the trajectory of dynamic obstacles. The velocity
obstacle (VO) model [17] is an advantageous method to
predict the future trajectory of dynamic obstacles. However,
existing research focused on improving and enhancing
the velocity obstacle (VO) model and rarely integrates
the model with path planning algorithms, which would
significantly improve the mobile robot’s ability to avoid
dynamic obstacles, thus applying mobile robots to more
complex real-world scenarios, e.g., hospitals, shoppingmalls,
campuses and other dynamic environments with high human
traffic.

The main contributions of this study are as follows.
(1) Aiming at the insufficient constraints existing in

the traditional time-elastic band algorithm, we newly add
acceleration constraints to reduce the velocity shock, smooth-
ness constraints to make the path smooth, and curvature

constraints to reduce the path curvature mutation problem on
top of the original constraints;

(2) Combining the local path planning algorithm TEBwith
the Optimal Reciprocal Collision Avoidance (ORCA), the
proposed new method, TEB-CA, can analyze and react to
the speed of dynamic obstacles in a more timely manner in
complex environments, effectively avoiding collisions with
dynamic obstacles;

(3) We apply the new approach to a car-like autonomous
mobile robot with an incompletely constrained Ackerman
front-wheel steering model and its kinematics and analyze
it in comparison with traditional TEB and DWA algorithms
by testing the interaction and obstacle avoidance capabilities
of the autonomous mobile robot with multiple pedestrians
in real application scenarios in both open fields and narrow
corridors.

• In Section II describes the traditional TEB algorithm in
detail, and new constraints are added.

• Section III briefly describes the fundamentals of the
ORCA.

• Section IV presents the overall framework of our
improved collision avoidance time-elastic band algori-
thm (TEB-CA) for robot navigation.

• Section V provides some simulations and Real experi-
ments and discusses them.

• Finally, Section VI summarizes our work and future
works.

II. TIMED ELASTIC BAND
A. ACKERMANN STEERING KINEMATIC MODEL

FIGURE 1. Kinematic model of ackerman steering vehicle.

The car-like mobile robot (excluding the four wheels) is
assumed to be a rigid body, i.e. the coupled dynamics of
the vehicle suspension is not considered.Additionally, the tire
sideslip problem was neglected. The kinematic model of the
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Ackermann front-wheel steering vehicle is expressed as:

ω =
v
R

ϕ = arc tan
(

ωL
v

)
dx (t)
dt

= v (t) · cos θ (t)
dy (t)
dt

= v (t) · sin θ (t)
dθ (t)
dt

=
v (t) · tanφ (t)

L

. (1)

where (x, y) is the midpoint of the rear axle, θ is the
directional angle, ϕ is the virtual steering angle, v is the
linear velocity, φ is the steering angle of the front wheels,
ω is the corresponding angular velocity, L is the wheelbase
(i.e., the distance between the front and rear axles). Other
parameters set concerning the vehicle geometry include the
front overhang length: a,rear overhang length: b, and vehicle
width: 2d .

B. BASIC PRINCIPLE OF TEB ALGORITHM
The motion planning method with dynamic obstacle predic-
tion and avoidance proposed in this paper is mainly based
on the TEB framework proposed by Rosmann et al. In the
study, Rosmann implemented and published the TEBmethod
as a core component of the robot operating system(ROS)
local path planning function package. This section briefly
describes the basic principles of the TEB algorithm.

The ‘‘elastic band’’ approach optimizes the robot trajec-
tory by modifying the initial trajectory generated by the
global path planner in real time to obtain a collision-free
path while maintaining the closest global path point and
continuously deforming it to maintain the distance from
the obstacle. The ‘‘time-elastic band’’ approach builds on
this by converting the initial path, consisting of a series
of path points, into a time-dependent trajectory, as shown
in equation (2), explicitly taking into account temporal
information about the motion, such as dynamic constraints
on robot speed and acceleration.{

Q = {Si}i=0...n , n ∈ N
τ = {∆Ti}i=0...n−1

, (2)

where Si is the pose of the vehicle at the time i,Q indicates the
sequence of poses in the world coordinate system XOY , τ is
the time interval between two consecutive poses Si and Si+1.
Therefore, the TEB trajectory is composed of two sets of pose
sequence and time interval sequence, which can be expressed
as:

B = (Q, τ )

= {s1, ∆T1, s2, ∆T2, . . . , sn−1, ∆Tn−1, sn} , (3)

The core idea of the TEB algorithm is to solve the
optimal pose sequence of vehicles with time intervals. The
optimization problem is defined as a nonlinear least-squares

FIGURE 2. Car-like mobile robot trajectory sequence diagram.

cost function that makes the weighted sum of B∗ aggregate:

f (B) =

∑
k

γkfk (B) , (4)

B∗ = argmin
B\{S1,Sn}

f (B) . (5)

where,fk (B) is a constraint function of many different
constraints, γk is the weight coefficient corresponding to the
different constraint functions, and B\{S1, Sn} includes the
starting pose S1 and the target pose Sn are fixed and are not
affected by optimization.

The objective function depends on a few successive local
poses. This locality of TEB leads to the sparse matrix of the
system that can be solved using the method of Levenberg-
Marquardt (LM). The G2O framework [18] can effectively
solve the LM problem.TEB was executed repeatedly with
a response frequency higher than the vehicle control cycle.
During trajectory correction, the TEB algorithm continually
adds new exposures to the vehicle and removes previous ones.
The G2O framework optimizes the TEB trajectory in batches.
It iteratively solves it several times in a vehicle control cycle
to solve the optimal trajectory, and each iteration generates
a new graph. The control input speed u(t) in each sampling
period is derived from the trajectory sequence.

C. CONSTRAINTS OF THE TEB ALGORITHM
1) NONHOLONOMIC KINEMATIC CONSTRAINTS
As shown in Fig. 4,when the car-like robot travels along
the curve on the planned path. Two consecutive motion
postures Si and Si+1 are located in a typical arc with the
constant curvature. vi is the angle between posture Si and
direction di =

[
xi+1 − xi, yi+1 − yi, 0

]
at the time i, which

must be equal to the corresponding angle vi+1 in continuous
posture Si+1.

vi = vi+1, (6)
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FIGURE 3. Simplified schematic diagram of G2O.

FIGURE 4. Schematic diagram of nonholonomic kinematic constraints
between adjacent poses.

Nonholonomic kinematic constraints are expressed as:

fnh(xi, xi+1) =

∥∥∥∥∥∥
 cosβi

sinβi
0

+

 cosβi+1
sinβi+1

0

× di,i+1

∥∥∥∥∥∥
2

,

(7)

2) TIME OPTIMAL CONSTRAINT
TEB considers time information. Minimizing the time
interval between all the poses is necessary to ensure that the
robot obtains the fastest path. The time-optimal constraint
function is given by

ftime =

(
n∑
i=0

∆Ti

)2

, i ∈ N , (8)

3) VELOCITY AND ACCELERATION CONSTRAINTS
The robot speed planned by the TEB algorithm is limited by
the maximum speed and acceleration of the robot itself. The
constraints of the robot’s speed and acceleration are realized
by a geometric constraint penalty function. Themoving linear
velocity and angular velocity can be calculated according
to the Euclidean distance or angular distance between two
consecutive poses Si and Si+1, and the time interval ∆Ti

between two poses:

vi = ∆T−1
i

∥∥∥[xi+1 − xi, yi+1 − yi]T
∥∥∥ γ (si, si+1), (9)

ωi = ∆T−1
i (βi+1, βi), (10)

where γ (si, si+1) is the function for extracting the translation
velocity sign. For the nonholonomic robot γ (si, si+1) =

sign(< di, di,i+1 >), the acceleration constraint is calculated
based on two consecutive average velocities, and three
consecutive postures are considered simultaneously with
their corresponding time intervals.

ai =
2(vi+1 − vi)
∆Ti + ∆Ti+1

, (11)

4) PATH AND OBSTACLE CONSTRAINTS
The objective function of the TEB algorithm depends only
on adjacent pose information. This locality results in the
generation of a sparse system matrix. The sparse-constrained
optimization algorithm is not available in robot frame-
works (ROS). These constraints are formulated as piecewise
continuous and differentiable cost functions, which penalize
the violation of a constraint.

eτ (x, xr , ε, S, n) ≈

{(
x−(xr−ε)

S

)n
, x > xr − ε

0, x ⩽ xr − ε
, (12)

xr is the bound, S is the deformation factor, n is the
polynomial coefficient,and ε is a small translation of the
approximation.

A path point is a trajectory constraint generated by several
waypoints nearby when the vehicle is driving. Which can be
expressed as:

fpath = eτ (dmin,j, rPmax, ε, S, n), (13)

The distance between the robot and the obstacle is dmin, and
the safe distance between the robot and the obstacle is d . The
obstacle constraint can be expressed as:

fob = eτ (−dmin,j, −rOmin, ε, S, n). (14)

D. ADDITION OF NEW CONSTRAINTS
1) JERK CONSTRAINT
The jerk indicates how fast the acceleration changes. If the
acceleration change rate is too high, the torque output of
the robot driving motor will suddenly change, which will
shock the robot. The jerk constraint can limit the acceleration
change rate within a reasonable range to obtain a more
accurate and stable speed control.

fjerk =
s̈i+1 − s̈i

∆Ti
, (15)

2) SMOOTHNESS CONSTRAINT
This constraint improves the smoothness of the planned path
and moves the robot more in line with the actual situation.
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It also reduces the energy loss caused by sudden stops and
sharp turns when the robot walks along a planned path.

fsm = wsm
N−1∑
i=1

(∆θi+1 − ∆θi)2, (16)

wsm is the smoothness weight, which indicates the degree
of influence of the change in the path points.

3) CURVATURE CONSTRAINT
This constraint considers the curvature continuity of the entire
path, reduces the path curvaturemutation, and ensures that the
robot smoothly tracks the planned path.

fcurv = lim
∆l

∥∥∥∥∆θ

∆l

∥∥∥∥ =

∣∣∣∣dθ

dl

∣∣∣∣ =
|ÿ|√

(1 + ẏ2)3
, (17)

The curvature is the limit of the angle differentiation and
arc length differentiation, where l is the arc length of the path.

In summary, the total cost function of the improved TEB
algorithm is

f (B)

=

∑
k

γk fk (B) = γnh · fnh (B) + γtime · ftime (B)

+ γv · fv (B) + γa · fa (B) + γpath · fpath (B) + γob · fob (B)

+ γjerk · fjerk (B) + γsm · fsm (B) + γcurv · fcurv (B) .

(18)

III. OPTIMAL RECIPROCAL COLLISION AVOIDANCE
Trajectory planning tasks in dynamic obstacle environments
require the robot to predict obstacle avoidance in advance.
To meet this requirement, we introduce ORCA model based
on the TEB.

The VO (Velocity Obstacle) model has been widely
developed and innovated. In the early years, research focused
on improving the shortcomings of the traditional VO model,
such as the RVO (Reciprocal Velocity Obstacle) [19], the
HRVO (Hybrid Reciprocal Velocity Obstacle) [20], and
the ORCA (Optimal Reciprocal Collision Avoidance) [21].
Wilkie et al. proposed the GVO (Generalized Velocity
Obstacle) [22] method to solve the navigation problem of
car-like mobile robots in dynamic environments.

In this section, we briefly review the original concept of
the VO model and then focus on the improvement method of
the model, which is the basic principle of the ORCA.

A. CONVENTIONAL VELOCITY OBSTACLE MODEL
Assume that A is a moving robot(agent), and its position on
the plane is recorded as PA, B is a moving obstacle and its
position is recorded as PB. The Velocity Obstacle model is
represented as VOAB (vB), which represents the speed setting
of robot A that will cause A and B to collide in the future when
dynamic obstacle B moves at speed VB.
Fig. 5 demonstrates a geometric representation of the

velocity obstacle model, where A ⊕ B is the Minkowski sum

FIGURE 5. Conventional velocity obstacle model.

of A and B. The geometric operation increases the shape
of obstacle B so that robot A can be considered a prime
point. -A denotes the robot A point set taken inversely and
defined as:

A⊕ B = {a+ b|a ∈ A, b ∈ B} , −A = {−a|a ∈ A} , (19)

λ (p, v) is assumed to be a ray starting at position p and
pointing in the direction of velocity v.

λ(p, v) = {p+ tv|t ⩾ 0} , (20)

velocity obstacle(VO)can be defined as:

VOAB (vB) = {vA|λ(pA, vA − vB) ∩ B⊕ −A ̸= ∅} . (21)

Eq. (21) indicates that if vA ∈ VOAB (vB) occurs, then the
robot A with speed vA and moving obstacle B with speed vB
will collide in the future time. If vA /∈ VOAB (vB) occurs, then
robots A and B will not collide.

B. BASIC PRINCIPLES OF THE ORCA MODEL
The ORCA model proposed by van den Berg et al. [21]was
developed based on the VO and the RVO models, which can
ensure that robots can avoid collisions with other moving
objects in a cluttered workspace. The ORCA model was
successfully applied to multi-robot collision avoidance and
crowd evacuation simulations. The basic idea is calculating
an optional collision-free velocity plane (in the velocity
space) for each moving obstacle.Then, the robot will select
its optimal velocity from the intersection of all collision-free
velocity planes.

The ‘‘optimality’’ of Optimal Reciprocal Collision Avoid-
ance (ORCA) is relative to the collision avoidance problem.
It refers to the fact that under a collision avoidance strategy,
the mobile robot seeks to minimise the risk of collision,
emphasising that the system maintains the superiority of
the mission objectives while avoiding collisions. ORCA
ensures that the mobile robot maintains its original goals as
much as possible while avoiding collisions through mutual
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respect and calculating the set of collision-free velocities
of multiple mobile obstacles to achieve the overall system
optimality under the given constraints. Collision-free velocity
sets for multiple moving obstacles to achieve overall system
optimality under given constraints. The overall framework
of the ORCA collision prediction model is shown in Fig. 6,
where the shape of the moving obstacle is represented as
an expanding circle in order to be more conservative in
avoiding collisions, with an expanding radius that needs to
ensure that it encircles the entire obstacle and the use of
multiple expanding circles that can more closely approximate
the original shape of the obstacle.

FIGURE 6. General framework diagram of the collision prediction model.

Assuming that VA and VB are the current moving velocities
of robotsA andB, respectively, the velocity obstacle setVOtA|B
indicates that A collides with B at time t when it chooses this
velocity in this set. According to the theory of the VO model,
if vB ∈ VB and vA /∈ VOtA|B ⊕ VB, then the robots A and B
will not collide at t time at the current velocity. The collision
avoidance interval of A is defined when Bmoves at a velocity
of VB, which can be expressed as

CAtA|B (VB) =

{
v|v /∈ VOtA|B ⊕ VB

}
, (22)

For velocity sets VA and VB of the robots A and B,
if Eq. (22) is satisfied, A and B are said to be reciprocal
collision avoidance:

VA ⊆ CAtA|B (VB) and VB ⊆ CAtB|A (VA) , (23)

Furthermore, if Eq. (24) is satisfied, the velocity sets VA
and VB are reciprocally maximal, which is given by

VA = CAtA|B (VB) and VB = CAtB|A (VA) , (24)

If the requirement is added to choose a pair of near-optimal
velocities among a reciprocally maximal set of optional col-
lision avoidance velocities (e.g., the velocity of A is voptA and
the velocity ofB is voptB ), then defineORCAtA|B for robot A and
ORCAtB|A for robot B. As shown in Fig. 7, One of the yellow
areas indicates the permissible velocity set of the optimal
interaction collision avoidance model of A with respect to B

is ORCAtA|B, where u is the vector starting from voptA − voptB
to the closest VOtA|B boundary point; n is the normal vector
extending outward from VOtA|B, the VO

t
A|B boundary point;

The second yellow area indicates the permissible velocity
set of the ORCA model of autonomous mobile robot B with
respect to A is defined as ORCAtB|A, and it is required that
the optimal set of optional velocities maximizes each other,
as shown in Eq. (25).

CAtA|B(ORCA
t
B|A) = ORCAtA|BandCA

t
B|A(ORCA

t
A|B)

= ORCAtB|A, (25)

FIGURE 7. Schematic of the optimal reciprocal collision avoidance model.

FIGURE 8. Schematic diagram of the optimal reciprocal collision
avoidance model for multiple obstacles.

When the number of moving obstacles is more than one,
as shown in Fig. 8(a), a schematic diagram of the moving
obstacles around autonomous mobile robot A is shown.
Autonomous mobile robot A performs continuous perception
detection according to the time step∆t and acquires the shape
and size, current position, and velocity information of other
mobile objects and itself, based on which robot A deduces its
collision-free velocity set ORCAtA|B,ORCA

t
A|C ,ORCA

t
A|D and

ORCAtA|E within the time τ concerning mobile obstacle A.
At the same time, robot A generates the velocity set with the
other mobile obstacles, which are constantly influencing each
other. The allowable speed set of robot A is the intersection of
collision-free speed sets with respect to all moving obstacles.
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Define the set of collision-free velocities in time τ of A with
respect to all other moving obstacles as ORCAτ

A:

ORCAτ
A = D(0, vmax

A ) ∩
B̸=A

ORCAτ
A|B ∩

C ̸=A

ORCAτ
A|C ∩

D̸=A
ORCAτ

A|D ∩
E ̸=A

ORCAτ
A|E , (26)

The blue region in Fig. 8(b) is ORCAτ
A, which contains

the set of permissible velocities of the autonomous mobile
robotAwith respect to all moving obstacles, whereD(0, vmax

A )
is a circle with the radius of A’s maximum velocity,
which represents the maximum velocity constraint of A. vA
denotes the current velocity of A, and vnewA denotes a new
velocity chosen by A after the collision prediction model
calculations, which is closest to the direct target (without
moving obstacles) within the set of permissible velocity
regions with the preferred velocity vprefA .

vnewA = argmin
v∈ORCAτ

A

∥∥∥v− vprefA

∥∥∥ , (27)

Autonomous mobile robot Amoves to a new position with
speed vnewA :

pnewA = pA + vnewA ∆t. (28)

IV. PROPOSED COLLISION AVOIDANCE TIME ELASTIC
BAND ALGORITHM
In order to make full use of the advantages of TEB
trajectory planning and ORCA collision-speed-prediction
model. We proposed a collision avoidance–time elastic
band algorithm(TEB-CA)in dynamic social environments.
Our proposed algorithm considers the dynamic constraints
of mobile robots and incorporates ORCA to predict
non-collision velocity regions and generates safe and smooth
motion trajectories.

FIGURE 9. Overall framework of the proposed TEB-CA motion planning
method.

The core idea of a conventional TEB algorithm is to solve
the optimal sequence of robot poses with time intervals.
We incorporated the obstacle avoidance velocity vORCAA
predicted by the ORCA model into the total cost function of
the TEB algorithm to obtain the optimal collision avoidance
trajectory. The nonlinear least-squares optimization problem

can be re-expressed as:

B∗ = argmin
B\{S1,SN}

∑
k

γk fk (B) = argmin
B\{S1,SN}

{γnh · fnh (B)

+ γtime · ftime (B) + γv · fv (B) + γa · fa (B)

+ γpath · fpath (B) + γob · fob (B) + γjerk · fjerk (B)

+ γsm · fsm (B) + γcurv · fcurv (B) + γORCA · fORCA (B)}.

(29)

Among them, fnh (B) is the constraint function of non-
holonomic kinematic constraint, γnh is the weight coefficient
of nonholonomic kinematic constraint function; ftime (B)

is the constraint function of time optimal constraint, and
γtime is the weight coefficient of time optimal constraint
function; fv (B) and fa (B) are the constraint functions of
velocity and acceleration constraints, and γv and γa are the
weight coefficients of the constraint functions of velocity
and acceleration; fpath (B) and fob (B) are the constraint
functions of path points and obstacles, and γpath and γob are
the weight coefficients of the constraint functions of path
points and obstacles. fjerk (B) is the constraint function of the
acceleration constraint, and γjerk is the weight coefficient of
the acceleration constraint function; fsm (B) is the constraint
function of smoothness constraint, and γsm is the weight
coefficient of smoothness constraint function; fcurv (B) is the
constraint function of curvature constraint, and γcurv is the
weight coefficient of curvature constraint function. fORCA (B)

is the constraint function of the optimal interactive collision
avoidance model, and γORCA is the weight coefficient of
the constraint function of the optimal interactive collision
avoidance model.

The traditional rule-based autonomous driving navigation
scheme consists of sensing, localization, decision planning,
and motion control modules. We incorporated the improved
TEB-CA model into a conventional autopilot navigation
scheme, as illustrated in Figure 8. The multi-objective
detection and tracking module detects the position and
velocity information of the surrounding moving obstacles in
real-time. The ORCA model is used to predict the potential
collision velocity range between the robot and obstacles
based on the obtained obstacle information, which will then
feed this velocity range into the proposed TEB-CA algorithm
to generate an optimal collision-free trajectory by considering
all constraints. Finally, it calculates control commands based
on the planned trajectory sent to the robot chassis to achieve
motion control of the robot.

V. EXPERIMENT AND DISCUSSIONS
To validate the effectiveness of the proposed Time Elas-
tic Band for Collision Avoidance (TEB-CA) algorithm,
we implemented and tested the system in both a simulation
environment and a real experimental platform. The entire
navigation framework was developed based on the Robot
Operating System (ROS). The software part of the algorithm
was implemented using the C++ programming language,
and the overall framework inherited and modified the
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standard TEB local path planning package [23]. The simu-
lation platform was tested using Gazebo [24] and Stage [25]
on Ubuntu 20.04, simulating two different experimental
scenarios. The real-life test was conducted using our car-like
mobile robot ‘‘Little Ant’’.

A. SIMULATION EXPERIMENTS IN THE GAZEBO
ENVIRONMENT
Simulation tests were carried out on the Gazebo visualization
platform using the unified robot description format(URDF)
to build the Ackermann front-wheel steering car-like robot
system, including the chassis, LIDAR, camera, and other
parts of the structure. Table 1 lists the critical parameters of
the simulation experiments.

TABLE 1. Parameter Settings of Robot Part.

In this test, we chose a cluttered warehouse scene to
bridge the gap between the simulation and real-world exper-
iments.We chose a cluttered warehouse scene, as displayed
in the Fig. 10 in which many shelves and cardboard
boxes are randomly placed as static obstacles. Additionally,
we used an Actor Plugin to create a dynamic model of
nine walking or running people, wrote motion trajectory
coordinates, and added collision attributes to pedestrians,
which constitute dynamic obstacles. We presented a robot
sensing system [26], [27] to obtain information about the
position and speed of the moving obstacles.

FIGURE 10. Gazebo simulation experiment scenario.

We designed an experimental simulation approach,
as demonstrated in Fig. 11. The mobile robot moves forward
from the initial position to the target position and meets three

obstacles in turn, with dynamic obstacles 01 and 02 crossing
the robot’s path vertically and dynamic obstacle 03 traveling
opposite to the robot.

FIGURE 11. Schematic diagram of the simulation experiment method.

The experiment process is shown in Fig. 12. In Fig. 12(a),
when the mobile robot is driving to the target position, the
global path planned by theA* algorithm [28], [29] is a straight
line connecting the starting and ending points. In Fig. 12(b),
pedestrian 01 walks from right to left. When the robot
detects a dynamic obstacle, the speed decreases to avoid the
obstacle’s movement route. In Fig. 12(c), after the obstacle
enters the non-collision speed zone, the robot accelerates
from 0.1m/s to 0.6m/s. Going forward, pedestrian 02 walks
from left to right; the mobile robot maintains a speed of about
0.4m/s to avoid pedestrian obstacles. In Fig. 12(d), when
walking opposite pedestrian 03, the robot drives to the left
to avoid and keep a safe distance from pedestrians.

Testing the improved TEB-CA algorithm against the con-
ventional TEB and DWA algorithms, as shown in Fig. 13,14;
When a car-like mobile robot using the traditional TEB
algorithm encounters a dynamic obstacle, the robot’s steering
jumps and the planned path constantly shifts, resulting
in the robot being unable to move in place or colliding
with the obstacle. After the improved TEB-CA algorithm,
when the perception module detects obstacles, the optimal
interactive collision avoidance model calculates the speed
area for avoiding collisions and then uses the time. The elastic
band algorithm combines other constraints to calculate the
optimal trajectory, executes a new planned trajectory, and
avoids moving people. In addition, the planned trajectory
does not change significantly while meeting the collision
avoidance requirements, so the path length And the time
consumed are also optimal.

B. SIMULATION EXPERIMENTS IN A STAGE
ENVIRONMENT
We created a rectangular closed scene in the Stage simulation
platform. In this scene, thirteen moving obstacles were
distributed and moved back and forth between the two walls
to test the avoidance of the robot in a denser and disordered
dynamic obstacle scene. The car-like mobile robot navigates

137394 VOLUME 11, 2023



Z. Wang et al.: Motion Planning Method for Car-Like Autonomous Mobile Robots

FIGURE 12. Experimental performance of the car-like robot simulation in
the Gazebo environment, with the Gazebo dynamic obstacle simulation
environment on the left and the Rviz visual graphical interface on the
right.

FIGURE 13. Linear velocity during robot motion.

FIGURE 14. Angular velocity during robot motion.

from left to right and must pass through these dynamic
obstacles moving back and forth.

In Fig. 15(a), the shortest path of global path planning
for an autonomous mobile robot perception system when
no moving obstacle is detected ahead is a straight line
connecting the start and end points, i.e., the green line seg-
ment in Fig. 15(a-2). In Fig. 15(b), the sensing module
acquires dynamic obstacle position and velocity information
when the car-like robot continues to move and detects a

FIGURE 15. Experimental performance of the Car-like robot simulation in
the Stage environment.

dynamic obstacle. The robot will only consider themovement
of dynamic obstacles nearby. It will not perform velocity
obstacle model prediction for obstacles that are too far
away to reduce the amount of CPU computation. Generally,
the robot has two choices when avoiding an approaching
obstacle: accelerate through or stop andwait. The choicemust
be based on the position of the dynamic obstacle, its velocity
information, and the robot’s dynamic constraints to calculate
the final motion speed. When encountering obstacles far
away, as shown in Fig. 15(c), the optimal way for the robot
is to change the speed and direction of motion at the same
time, that is, the trajectory will be re-planned to bypass the
obstacle without staying in place Waiting, this approach will
reduce the time of the movement process and improve the
efficiency of the robot. When an obstacle is approaching
quickly, as shown in Fig. 15(b), the robot must collide with it.
At this time, the robot’s speed rapidly drops to close to 0,
and it waits for the obstacle to pass first before continuing to
move.

C. EXPERIMENTS IN REAL ENVIRONMENTS
In order to test the proposed hybrid motion planning
algorithm TEB-CA, a car-like mobile robot was built. This
section describes its hardware configuration and the various
functional modules.For the motion planning algorithm in
dynamic obstacle scenarios proposed in this paper, experi-
mental analyses are carried out in several scenarios

1) EXPERIMENTAL PLATFORM
‘‘Little Ant’’ is a rear-wheel drive, Ackerman front-wheel
steering structure with the dimensions and dynamic con-
straints shown in Table 2. It has a Robosense RS-
Helios-16P LiDAR, two RICHBEAM single-line LiDARs,
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FIGURE 16. The Little Ant Car-like robot.

TABLE 2. Dimensions and Dynamic Parameters of ‘‘Little Ant’’.

Inter RealSense D435i depth camera, and 9-axis IMU for
localization, obstacle detection, and state estimation. The
‘‘Little Ant’’ Robot processor consists of two modules, all
software modules for perception, map building, and motion
planning, running on a six-core 2.90 GHz IPC with 256 GB
and 8 GB RAM, and a vehicle chassis motion controller,
Cortex 32, which receives control commands from the
upper-level autonomous driving system and controls actuator
actions such as acceleration and braking.

2) EXPERIMENTAL SCENARIOS
A typical zigzag experimental test scenario was defined, con-
taining two right-angle bends and a 5 × 20m open field with
static obstacles such as display cabinets, tables and chairs,

and walking students as dynamic obstacles to test the robot’s
performance in avoiding dynamic obstacles.

We use the method proposed in [30] and [31] to construct
a point cloud map and locate it online, open a 3D point cloud
map of the current scene in Rviz, use the 2D Pose Estimate
tool to select the approximate location and orientation of
the current vehicle in the map, remotely move the vehicle
by 1 2m, and simultaneously observe the change of the
vehicle coordinate system in the visualization area to judge
whether the initialized vehicle This is used to determine
whether the vehicle’s initial position is accurate. The 2D Nav
Goal tool selects a target point on the map, and the A*Global
Path Planner will plan a global path from the starting point to
the target point.

FIGURE 17. Map of the experimental test scenario and the 3D point cloud
map created.

For the site conditions, two working conditions were
designed to test the practical effects of the hybrid motion
planning algorithm TEB-CA proposed in this thesis and
to compare and analyze the performance of the traditional
TEB and DWA algorithms on actual vehicles, where
the experimental procedure and detailed data are shown
below.

3) MULTIPLE DYNAMIC OBSTACLE CONDITIONS IN AN
OPEN FIELD
The test method was modeled on that shown in Fig. 11,
with one person walking opposite the robot and two
people walking vertically crosswise with the robot in a
5×20m rectangular field, both at a speed of around 0.6m/s.
The TEB-CA and traditional TEB and DWA algorithms
were used to replace the local path planner module in
the program, respectively, and ten experimental obstacle
avoidance tests were carried out. Experimental parameter
data could be obtained using the rqt and rosbag tools
in ROS, and the data were analyzed according to the
evaluation metrics we developed. The results are shown
in Table 3.

In order to evaluate the effectiveness and safety of
navigation and obstacle avoidance for mobile robots, sev-
eral evaluation metrics were developed to measure the
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FIGURE 18. Mobile robot performing dynamic obstacle avoidance tests in
an open field.

performance of different obstacle avoidance strategies, which
are defined as follows.

• Total time spent: The total time taken by the mobile
robot to successfully reach the target point from the
starting point in a dynamic obstacle scenario.

• Average velocity: The average value of the linear
velocity of the mobile robot during its movement.

• Extra time: The difference between the average time
taken by the average time taken to reach the target
point in the presence of dynamic obstacles minus
the mobile robot to successfully reach the target
point in the absence of dynamic obstacles, which can
measure the efficiency of the robot in avoiding dynamic
obstacles.

• Extra distance: The difference between the average
distance required for the mobile robot to successfully
reach the target point in the absence of dynamic
obstacles minus the average distance to the target point
in the presence of dynamic obstacles.

• Obstacle distance: The minimum distance between
the mobile robot and the obstacle during obstacle
avoidance.

From the index data in Table 3 and Fig. 19, it can be seen
that the DWA algorithm has poor obstacle avoidance effect,
and there are many collisions with dynamic obstacles, which
is not applicable to the Ackermann steering four-wheeled
vehicle model, and the motion planner of this paper’s
algorithm, TEB-CA, has an average total time increase of
13.28% compared with the traditional TEB algorithm, the
extra time used for obstacle avoidance has an increase

TABLE 3. Results of dynamic obstacle avoidance experiments.

FIGURE 19. Dynamic obstacle avoidance test results in an open field.

of 20.6% compared with the traditional TEB algorithm,
and the speed and angle of the fluctuation is normal and
control is stable, which can ensure that no contact collision
with obstacles occurs in the obstacle avoidance process, the
planned travelling path meets the requirements of mobile
robot dynamics constraints, and the robot’s various state
quantities change smoothly, which guarantees the stability of
manipulation.

4) DYNAMIC OBSTACLE CONDITIONS IN NARROW
CORRIDORS
The mobile robot plays a confrontational game with pedes-
trians in the corridor as it walks straight ahead in the
opposite direction, testing its precise obstacle avoidance and
behavioral decision-making capabilities.

Unlike avoiding dynamic obstacles in an open space, in a
narrow passage, subject to walls and pedestrians, the robot
can move within a small range. When it walks opposite to
pedestrians, it can be seen from Fig. 20,21,22 that the mobile
robot is in the 7th second. At a standstill, when a pedestrian
moves to the side, the mobile robot immediately drives to
the left to avoid, and the minimum contact distance with the
pedestrian is about 0.23m.
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FIGURE 20. Actual photograph of the dynamic obstacle avoidance test in
a narrow corridor.

FIGURE 21. Left diagram of the whole obstacle avoidance process, right
diagram is a partial enlargement of the minimum distance between the
mobile robot and the dynamic obstacle.

D. DISCUSSION
The problem of motion planning for car-like mobile
robots in dynamic obstacle environments has long received
research attention. Researchers such as [3], [5], and [11]
solutions prefer the perception module to detect the position
information of obstacles promptly and feed it back to
the motion planning module in the form of a cost map.

FIGURE 22. Graph of the speed and steering angle changes of the mobile
robot during the obstacle avoidance process.

Our innovative way is to add the Optimal Reciprocal
Collision Avoidance model to the traditional motion planning
algorithm TEB, and obtain the speed information of obsta-
cles, to strengthen the TEB algorithm’s ability to predict the
future motion trajectory of dynamic blocks and make timely
decisions. In addition, the algorithm in this paper focuses
on solving the problem of dynamic obstacle avoidance by
optimization and modeling, which is more friendly and saves
hardware costs for transplanting to actual vehicles for mass
production.

It should be noted that this study only examined
a car-like mobile robot with incomplete constrained
Ackerman front wheel steering, and no verification was
made for two-wheeled or other forms of robots. In addi-
tion, the dynamic obstacle pedestrian movement patterns
and speeds in the experimental section were relatively
homogeneous, and further experiments and tests are
needed for more complex and diverse dynamic obstacle
environments.

VI. CONCLUSION
We verified the effectiveness and safety of the method
through real experiments. In order to verify the motion
planning algorithm of autonomous mobile robot under
dynamic obstacle scene proposed in this paper, two dynamic
scenes are built in Gazebo and Stage simulation tools
for experiments, comparing with traditional TEB and
DWA algorithms, it performs better in the success rate
of obstacle avoidance and efficiency, and meanwhile, test
and analyse the algorithms in the real scene. In addi-
tion, the autonomous mobile robot can effectively avoid
any collision contact with dynamic obstacles during the
movement process, which effectively solves the ‘‘freezing’’
problem of the mobile robot in the dynamic obstacle
environment.

137398 VOLUME 11, 2023



Z. Wang et al.: Motion Planning Method for Car-Like Autonomous Mobile Robots

Future work and plans include experimental tests on more
complex and diverse dynamic obstacle environments, as well
as exploring the integration of dynamic obstacle trajectory
prediction from the sensing system and an intelligent
decision-making system based on deep reinforcement learn-
ing. Since the programme is applicable to car-like mobile
robots, further extension of the programme to self-driving
cars is promising and important..
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