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Abstract. In the process of autonomous motion, the mobile robot needs
real-time local trajectory planning based on the global smooth path and
nominal local trajectory tracking. In this paper, the local trajectory
planning problem of mobile robot is studied, and the local path represented
by quintic polynomial is optimized in Frenet coordinate system with the
global smooth path as reference path, then, according to the information of
the robot's pose, velocity and angular velocity, the robot's velocity is
planned according to all kinds of constraints. A LQR closed loop control
law is designed to realize the precise tracking of local optimal trajectory,
which makes the robot move safely and stably in the dynamic environment.
In the "maze" simulation environment, using the Stageros simulator the
local trajectory planning algorithm is tested, and the validity and
correctness of the algorithm are verified.
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1 Introduction
Mobile robots use the sensors to sense the surrounding environment and its own motion
state, having the abilities to locate, plan and control independently in environments with
static and dynamic obstacles. In order to move to the target safely and complete the
navigation task, mobile robots should obtain the obstacles accurately and make the local
trajectory plan in real-time. Therefore, the local trajectory planning of mobile robot is a
research topic of great significance [1-3].
In recent years, many scholars have studied the global path planning and local trajectory
planning of mobile robots [4-8]. Robots that move in the dynamic environment use the
environmental information obtained by the sensor to adjust the local trajectory in real-time.
Traditional local trajectory planning methods are easy to fall into local optimization and the
trajectory may not smooth enough[1]. Trajectory optimization algorithms usually try to
minimize the control cost, control error or the running time from the starting point to the
target point of the robot. However, obtaining the optimal trajectory requires high
computational cost, which limits the use of online real-time trajectory planning. Therefore,
many scholars have focused on how to efficiently plan the suboptimal trajectory. Taking
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the kinematic constraints of the robot into account, Lau and Sprunk adopt the RPROP
algorithm which is not required to compute the gradient to optimize the motion trajectory
represented by the spline curves [9-11]. Ratliff et al. proposed an online planning algorithm
and conjugate gradient method is used[12]. Rolling window method (DWA) is a widely used
robot navigation method[13]. Firstly, multiple groups of speeds are sampled in the speed
space, the corresponding motion trajectory is predicted, and then all speeds are exhausted to
find the optimal control command according to the cost function. The cost function
includes the distance from the target point, the forward speed and the distance from the
obstacle. In order to reduce computation time, DWA limits the search space to a subset of
all candidate solutions, so it cannot be guaranteed to obtain the optimal solution.
Furthermore, due to direct sampling in the speed space, it is easy to lead to unsmooth
motion. Roesmann et al. proposed a timed elastic band algorithm (TEB) based on the basic
elastic band method. TEB considers the non-holonomic kinematics and dynamics
constraints and adds the time information to the path [14-15]. In order to improve efficiency,
TEB converts hard constraints into soft constraints. As a result, it may fall into local
optimization when dynamic obstacles appear.
Compared to the path planning problem, Trajectory planning adds time information into
the path. The existing research on robot navigation shows that it has significant advantages
to divide the motion control into two modules: real-time trajectory planning and trajectory
tracking control. In this paper the global smooth path is taken as a reference path, the local
path represented by quintic polynomial is optimized in the Frenet coordinate system. Based
on the current pose, speed and angular velocity information of the robot and considering
various constraints, the speed planning aims to generate longitudinal speed profile along the
path generated.

2 Formatting the title, authors and affiliations
In order to deal with the complex and dynamic environment and ensure the safety and
smoothness, the local trajectory planning algorithm which based on the global smooth path
must generative a collision-free and smooth trajectory in real-time. The designed robot
motion mode includes three steps: rotation at the start position first, then move forward to
the goal, finally rotate at the goal. The flow chart of local trajectory planning is shown in
Fig. 1. The input information is the global smooth path, robot state and distance map, and
the output information is the optimal local trajectory (the desired pose and speed of the
robot at each time). The distance map contains the distance information between each grid
and the nearest obstacle. If there exists a global smooth reference path and the robot has not
arrived at the goal pose, the local trajectory planning is carried out in real-time. At the
beginning of planning, we should judge whether to enter the rotation process. If yes, do
rotate speed planning, otherwise do local path planning and speeding planning on the path.
2.1 Path planning
In order to establish the Frenet coordinate, firstly find the nearest point on the global
smooth path according to the robot position, and then obtain the local reference path. As
shown in Figure 2, the S-axis is the tangent of the reference path, and the L-axis is
perpendicular to the S-axis. The longitudinal offset S is the path length from the starting
point of the reference line to the projection point, and the horizontal offset L is the distance
from the projection point to the robot. The robot's pose, velocity, acceleration and other
motion state information in the Cartesian coordinate system can be converted into the
lateral offset and the first-order and second-order derivatives of the lateral offset to the arc
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length in the Frenet coordinate system. It should be pointed out that the angle between the
orientation of the robot and the S-axis cannot be greater than 90 degrees.

Fig. 1. Local trajectory planning flow chart.
l (s) =
a0 + a1s + a2 s 2 + a3 s 3 + a4 s 4 + a5 s 5

(1)

The local path planning process is as follows: in order to improve the calculation
efficiency, first cut the global smooth curve according to the current position of the robot as
the local reference path, then establish the Frenet coordinate system on the local reference
path, optimize the quintic polynomial path under the coordinate system, and finally
transform the optimal local path to the Cartesian coordinate system.
The optimization process of local quintic polynomial path planning is as follows: firstly,
a series of candidate paths are generated according to the current state of the robot and the
state of the sampling end, then the safety of the path is detected quickly according to the
distance graph, and finally the optimal path is found from the feasible path according to the
optimization index. The optimization objective is designed
J =+
w1l1 w2 J smooth + w3 J obs

(2)

Where l1 is horizontal offse, J smooth represents the smoothness, J obs is related to the
obstacles, w1, w2, w3 are the weight coefficients.

Fig.2. Frenet frame.

3

ITM Web of Conferences 47, 02029 (2022)
CCCAR2022

https://doi.org/10.1051/itmconf/20224702029

2.2 Speed planning
The schematic diagram of speed planning is shown in Figure 3. The speed planning is
divided into three steps: First, determine the maximum allowable (angular) speed of each
point of the local path; then, starting from the starting point of the local path, adjust the
(angular) velocity of the next point according to the (angular) velocity and maximum
(angular) acceleration constraints of the current point; at last, similar to step 2, adjust the
(angular) speed from the end point of the local path.

Fig. 3. Velocity planning with constant acceleration.

3 Simulation result
In order to verify the effectiveness of local trajectory planning method, we use Stageros
simulator to simulate the "maze" scene. Stageros is a 2D robot simulator which can define
robots, lidar, obstacles and so on. The applied "maze" scene is shown in Figure 4, and the
arrow represents the target point and the circle represents the mobile robot. The mobile
robot carries a 2D lidar sensor. The robot will generate a global smooth path when a target
point is given, and then the local trajectory planning algorithm is running in real-time to
realize obstacle avoidance safely and smoothly. When the robot moves forward, a series of
candidate paths are generated according to the current state and the sampling end state. As
shown in Figure 4, it can be seen that these candidate paths start from the current position
of the robot, and the end is parallel to the global path. These paths meet the smoothness
requirements as they are quintic polynomial paths. Then, according to the obstacles sensed
by lidar, the safeties of the paths are checked. As shown in Figure 5, infeasible paths are
deleted from the figure. Finally, according to the designed optimization objective, the
optimal path is chosen from the feasible paths, as shown by the blue arrow in Figure 5,
obviously this is a smooth and obstacle-free path. Figure 6 shows the change curve of the
robot state x, y and yaw with time. From the figure, it can be seen that the robot motion is
relatively stable.

4 Conclusion
In order to handle the dynamic obstacles, a local smooth trajectory optimization method
based on Frenet coordinate system with the global smooth path as the reference path is
proposed. Firstly, a series of candidate quintic polynomial paths are sampled according to
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the robot state, and then check the safety of these paths according to the obstacle
information, at last the optimal collision-free path will be chosen. After obtaining the
optimal local path, the speed planning with constant acceleration is adopted to obtain a safe
and stable local trajectory, so as to realize dynamic obstacle avoidance. Finally, the robot
and dynamic environment are simulated in Stageros. The simulation results show that the
proposed local trajectory planning algorithm is able to plan a smooth and safe local optimal
trajectory in the environment with dynamic obstacles. Therefore, the effectiveness and
correctness of the algorithm have been verified.

Fig. 4. Local paths generation.

Fig. 5. Choose the optimal path in obstacle-free paths.

Fig. 6. Time-dependent curve of robot position and orientation.
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