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Abstract. The fast advancement of robot technology in recent years has drawn a
lot of attention to path planning algorithms in dynamic situations. The classic
A* path planning algorithm faces numerous hurdles because of its limited
adaptation in dynamic contexts. These challenges include poor real-time
performance, a high risk of planning failure, and problems with the heuristic
function's adaptability. This study proposes a method that combines the A*
algorithm with the Unscented Kalman Filter (UKF). This method uses UKF for
state estimation and obtaining dynamic obstacle predictions, providing prior
information for path planning, and ultimately enabling the A* algorithm to
reduce the expansion of unnecessary nodes. Simulation experiments show that
compared with the original A* algorithm, the improved UKF-A* performs better
in planning time and failure rate, reducing planning time by 10%-30% and
lowering the failure rate. Preliminary results show that this method has great
potential. The optimization approach put forth in this study, which combines path
planning algorithms with sensor filtering techniques (UKF), expands the field of
conventional path planning research by providing a fresh viewpoint on how to
handle path planning difficulties in complex dynamic environments.

Keywords: Path Planning, A* algorithm, UKF, Dynamic obstacles, Obstacle
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1 Introduction

The tremendous advancements in automation and artificial intelligence have drawn
more attention to the study of intelligent robot path planning in recent years.
Nonetheless, the primary objective of robot research is to identify the most precise
and efficient navigation technique in intricate dynamic situations. Finding the best
route from a starting point to a destination while avoiding dynamic obstacles
effectively and preserving path quality in dynamic situations is the main goal of path
planning.

Many path planning algorithms fall into one of three main categories: traditional
algorithms (like the A* algorithm [1], Dijkstra algorithm, D* algorithm [2], Rapidly-
exploring Random Tree (RRT) [3], etc.), intelligent algorithms (like the Particle
Swarm Optimization algorithm, Ant Colony algorithm, Reinforcement Learning,
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etc.), or a combination of traditional and intelligent algorithms. Traditional path
planning algorithms have the advantage of low computational complexity, but in
complex dynamic environments, they often fall into local optima and have poor
stability. In order to improve the performance of path planning in complex dynamic
environments, researchers have introduced state estimation and prediction methods to
enhance the stability and real-time performance of traditional algorithms in dynamic
environments. Kalman filter [4-7] and Model Predictive Control (MPC) [2, 8, 9] both
undertake the tasks of state estimation and prediction. Due to their superior estimation
performance in nonlinear systems, Unscented Kalman Filter (UKF) has received
considerable attention in recent years [10-12]. Currently, the research on directly
integrating UKF into path planning algorithms is relatively scarce, and it mainly
belongs to exploratory nature.

This paper proposes an improved A* path planning algorithm combined with UKF
(UKF-A¥*), in order to make up for the insufficient path planning performance of
traditional algorithms in complex dynamic environments. In order to provide the A*
algorithm with prior information about obstacles and improve the path planning
efficiency of the A* algorithm in dynamic environments, this algorithm chooses to
use UKF for the state estimation and prediction of dynamic obstacles.

2 Methodology

2.1  Principle of A* Algorithm

Dijkstra's algorithm and greedy search techniques were combined to create the A*
algorithm, a traditional heuristic search technique. It estimates the cost of traveling
from the current node to the target node using a heuristic function that is developed
from Dijkstra's algorithm. The heuristic function improves path seeking performance
by efficiently limiting the search area. The heuristic function typically uses either the
Manbhattan or Euclidean distances to determine the distance between two nodes.

Typically, the A* algorithm employs either a four-neighborhood or an eight-
neighborhood expansion method to constantly extend nodes from the initial point
towards the target position. To allow path backtracking after the target node is
located, the parent nodes of each node are recorded during expansion. The algorithm
backtracks from the destination to the starting point after arriving at the target node in
order to trace the best route.

Robotic path planning makes considerable use of the A* algorithm. because of its
simple logic and simplicity of implementation. It uses a cost estimating function to
choose and enlarge nodes. The cost estimating function's formula can be written as
follows:

f@) =gm) + h(n) (M

Where:
f(n): The total cost of node n
g(m): The lowest actual cost from the starting position to node n
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h(n): The approximate distance cost between node n and the target node

The following is a breakdown of the A* algorithm's specific steps:

@ Initialization: Determine the initial node's total cost f (1)) and add it to the open
list.

@ Path search: Choose the node with the shortest f(n)value from the open list to
be the current node, then check to see if it is the target node. Path planning is finished
if it is. If not, add the current node's neighbors to the open list by expanding them and
updating their f(n), g(n) and h(n)values appropriately.

(3 Path generation: The path planning is finished when the node is expanded to the
target location, and the entire path is created by going back to its parent nodes.

The A* method evaluates the cost estimation function f(m)in order to find the
best course of action, however it is prone to local optimum and can also produce a
less-than-ideal route.

2.2 Principle of UKF

In nonlinear contexts, UKF, a nonlinear state estimation method, outperforms the
Extended Kalman Filter (EKF) and Particle Filter (PF) in terms of accuracy and
stability [13, 14]. The unscented transformation is the core idea of UKF. The
unscented transformation can be understood as not approximating the nonlinear
function itself, but instead approximating the probability distribution (mean p and
variance ¢?) of the nonlinear function directly using sigma points, which are a set of
deterministic samples used to approximate the posterior probability distribution of the
state.

UKEF selects sigma points from the Gaussian distribution of the current state and
then recalculates the covariance through nonlinear function mapping. This method
can obtain a distribution shape closer to the original one compared with EKF,
resulting in more accurate prediction and estimation.

The UKF forecasts the mean and covariance of the system state at the next time
step by using a process model, just like the linear Kalman Filter does.

Below is the main function introduction of UKF:

Consider a nonlinear system:

State equation:

X = f (X1, Wi1) + Wi1, Wi ~ N(0,Q) (2)
Observation equation:
z = h(x) + v, v ~N(O,R) (3)

Where:

Xj: system state vector

wy: input control vector

7). observation vector

Q: process noise covariance

Q: observation noise covariance
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The specific process of UKF can be divided into the following steps:

@ Initialization: Initialization is completed through the system ’ s initial state
estimation and covariance, and some hyperparameters are set to control the
distribution of sigma points;

@ Generation of sigma points: Assuming the state dimension is n, 2n + 1sigma
points will be generated, which are located in the positive and negative directions of
the mean;

®) Prediction: The sigma points are substituted into the system model to complete
the prediction, obtaining the predicted state value and covariance;

@ Observation: The predicted sigma points are then substituted into the prediction
model to obtain the predicted observation value and covariance;

® Update: The Kalman gain is calculated using the previously obtained predicted
values and observation values, and the state estimation and covariance are updated to
complete one calculation.

2.3  Optimization Method

The UKF-A* method's main idea is to combine state estimation utilizing sensor
filtering with the route planning algorithm in order to enhance the A* algorithm's path
planning capacity in complicated dynamic situations. Three parts comprise the unique
research process: simulation and comparison, state assessment of dynamic obstacles,
and filter selection.

@ Filter Selection

In the path planning process, the positions of dynamic obstacles are full of
uncertainty, which can seriously affect the path quality and planning efficiency. To
improve the algorithm’s perception and prediction capability of dynamic obstacles,
the method of incorporating sensor filtering algorithms is adopted for optimization.
First, a suitable sensor filtering algorithm is selected, and comparisons are made
among EKF, UKF, and PF. EKF estimates through first-order Taylor expansion,
which has low computational complexity, but large error and low accuracy in
nonlinear problems; PF estimates through a particle swarm approach, and the number
of particles greatly affects the prediction. If there are enough particles, very accurate
state estimation can be achieved, but the computational complexity increases and
efficiency decreases; UKF estimates the state through the unscented transformation
method. Sigma point sampling strikes a fair compromise between accuracy and
processing economy while avoiding the issue of computing the Jacobian matrix.
Following a thorough comparison, UKF exhibits superior estimating accuracy,
efficiency, and stability. Consequently, UKF is chosen as the model for state estimate
in this study.

(2 Dynamic Obstacle State Estimation

The objective of this study is to utilize UKF to provide prior information to the A*
algorithm, in order to predict the state of dynamic obstacles. By controlling the node
expansion of the A* algorithm and reducing unnecessary node expansions, these
methods help the algorithm avoid issues such as path correction and re-computation
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of node costs when encountering dynamic obstacles. This method can significantly
improve the stability and computational efficiency of the algorithm.

(3 Comparison and Simulation.

In order to assess the UKF-A* algorithm's performance, this study thoroughly
contrasted the A* and UKF-A* algorithms in MATLAB by varying the map size, the
number of static obstacles, and the number of dynamic obstacles. The average
journey length, planning time, and failure rate are among the comparison and
evaluation metrics.

This technology is commonly used in unmanned aerial vehicles [4], autonomous
vehicles [2, 9], and robot navigation, among others.

2.4 Simulation Environment

This study uses a two-dimensional grid map for simulation in MATLAB. The map
size is adjustable, initially set to 100x100 cells, with each cell representing either a
passable area or an obstacle. Two types of obstacles are set on the map: static
obstacles and dynamic obstacles. The positions of static obstacles are randomly
distributed, and their quantity can be adjusted, such as 500, 2000, 8000, etc., to
simulate static building environments of different complexity levels. Dynamic
obstacles have initial positions and velocities, and are set to follow a constant velocity
linear motion model. Dynamic obstacles are designed to move in both horizontal and
vertical directions, and will bounce when encountering the map boundaries, thereby
keeping them within the map size. The number of dynamic obstacles can also be
adjusted, such as 50, 200, 2000, etc. Fixed starting and target points are set on the
map. Simulations are conducted based on the above settings. Figure 1 shows an
example of path planning using the A* and UKF-A* algorithms on a two-dimensional
grid map.

A* step:10

UKF-A* step:i()

L L ' L . . 4
20 40 60 80 100 20 40 60 80 100

Fig. 1. Example of path planning using A* and UKF-A* algorithms on a two-dimensional grid
map
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3 Research on the Combination of UKF and A* Algorithm

Papers [10-12] all use Kalman filtering for state prediction of dynamic obstacles,
thereby improving the path planning algorithm’s responsiveness to dynamic
obstacles. In addition, simulations show that the UKF-A* algorithm is significantly
better than the original A* algorithm in terms of planning time and success rate. Table
1 and Table 2 show the comparison of average planning time and failure rate,
respectively, proving the advantage of UKF in improving path planning efficiency.

This study compares the A* and UKF-A* algorithms in six aspects: map size (grid
map resolution), number of static/dynamic obstacles, average path length (the shorter
the better), average planning time (ms/time, the lower the better), failure rate (%), and
planning time improvement rate (%).

In terms of average path length, Table 1 presents the average path lengths of A*
and UKF-A* under different parameters. The results show that UKF-A* performs
similarly to the A* algorithm on most two-dimensional grid maps, and even shows
slight advantages. For example, in a 200200 map with 8000 static obstacles and
1000 dynamic obstacles, the average path length planned by UKF-A* is 398.4,
slightly shorter than A*’s 399.6. In medium and small-scale maps such as 100x100
and 50%50, the average path lengths of the two algorithms remain almost the same.
This indicates that UKF-A* can maintain a path accuracy close to that of A* while
achieving more effective dynamic obstacle avoidance, without compromising path
quality.

Table 1. The average path length of A* and UKF-A* under different parameters.

Map Size Representa.tive A* Avg Path UKF-A* Avg Comparison
Configuration Length Path Length

200000 | B 1600 | 3% 984 ightly shorter

100100 | D e a0 | 2196 219 ighyshorter

50%50 ]S)t;::rﬁgoéo 94 94 Same

In terms of planning time, Table 2 presents the planning time of A* and UKF-A*
under different parameters. The results show that UKF-A* shows higher planning
efficiency. By introducing UKF to predict the state distribution of dynamic obstacles,
UKF-A* significantly reduces unnecessary node expansion in multiple scenarios,
thereby accelerating node search speed and reducing planning time. For example, in a
100x100 map with 3000 static obstacles and 200 dynamic obstacles, the planning
time of UKF-A* is reduced from A*’s 14.82ms to 11.35ms, an improvement of 23%;
in a 50x50 map with 700 static obstacles and 50 dynamic obstacles, the planning
speed of UKF-A* is even improved by 31%. Even in larger-scale and more obstacle-
dense scenarios (such as a 200200 map with 8000 static obstacles and 2000 dynamic
obstacles), UKF-A* can still achieve a slight optimization in planning time. These
results reflect the stability and efficiency of UKF-A* in complex environments.
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Table 2. The planning time of A* and UKF-A* under different parameters.

. . A* Time UKF-A*

Map Size Configuration (ms) Time (ms) Improvement
Static: 8000, :

200%200 Dynamic: 2000 16.45 16.06 Slightly faster
Static: 3000, o

100x100 Dynamic: 200 14.82 11.35 23% faster

50%50 Static: 700, 5.79 3.99 31.07% faster

Dynamic: 50

In addition, Table 3 presents the failure rate of A* and UKF-A* under different
parameters. The results show that UKF-A* also shows significant advantages in
robustness (failure rate). When facing a large number of dynamic obstacles, the A*
algorithm is prone to planning failures, especially in high-density obstacle
environments where the failure rate can reach 100%; while UKF-A*, with the help of
state estimation and trajectory prediction, greatly improves the planning success rate.
In a 200x200 map with 2000 dynamic obstacles, the failure rate of UKF-A* can be
reduced to 70%; in medium-scale scenarios such as a 100x100 map with 200 dynamic
obstacles, UKF-A* even achieves 100% successful planning. This high success rate in
complex dynamic environments indicates that UKF-A* possesses stronger
environmental adaptability and stability.

Table 3. The failure rate of A* and UKF-A* under different parameters.

Configuration A* Failure Rate UKF-A* Failure Rate
200%200 , Dynamic: 2000 100% 70%
100x100 , Dynamic: 200 10% 0%
50x50 , Dynamic: 50 20% 20%

Overall, compared with the A* algorithm, the overall performance of the UKF-A*
algorithm is more outstanding. Firstly, these two algorithms perform equally well in
terms of path accuracy; in different scenarios, the length of the paths generated by
UKF-A* is similar to that of the A* algorithm, and in some cases even shorter. This
indicates that adding a prediction mechanism for dynamic obstacles does not reduce
the quality of the path. Secondly, UKF-A* clearly has a speed advantage in planning.
By using UKF for state prediction and dynamic obstacle assessment to reduce the
expansion of invalid nodes, the planning efficiency has increased by 10% to 30%.
More importantly, when dealing with dynamic obstacles, UKF-A* shows stronger
adaptability and flexibility. The A* algorithm usually fails in path planning in high-
density obstacle situations, while UKF-A* uses state prediction to ensure system
stability and significantly reduces the failure rate.

In summary, UKF-A* is suitable for real-world application scenarios that have
high requirements for obstacle avoidance capabilities and system stability, as it not
only achieves comparable path accuracy to the A* algorithm, but also demonstrates
significant advantages in real-time performance and reliability in dynamic
environments.
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4 Limitations

Even while the UKF-based optimization approach for the A* path planning algorithm
works well in intricate dynamic situations, it still has a lot of problems. First off, the
UKF-A* technique necessitates that UKF forecast the condition of dynamic
impediments, which will raise the program's processing complexity and unavoidably
cause major delays in situations requiring fast motion. Second, the accuracy of UKF's
prediction outputs is greatly influenced by the values of the model parameters
(process noise covariance, measurement noise covariance, etc.). But because sensor
noise in real-world settings is unpredictable, employing the wrong parameters may
result in poorer prediction accuracy, which will ultimately have a big effect on the
algorithm's planning efficiency. This study also performed simulations utilizing a
two-dimensional grid map for this technology to confirm its viability. Since this
method hasn't been evaluated in a real-world setting yet, more research is necessary to
determine its true performance and impact.

To overcome these constraints, future studies will concentrate on the following
topics. First, an adaptable dynamic UKF [11] can be included to address the issue of
UKEF parameter setting and adapt to additional scenarios, or lightweight UKF can be
taken into consideration to lower the algorithm's computing complexity. Second, to
improve the algorithm's planning capabilities in intricate dynamic circumstances, the
UKF model can be combined with other real-time path planning methods (such
artificial potential field method, dynamic window technology, etc.). Lastly, to further
assess the application performance of our method in real-world scenarios, tests can be
carried out in real-world settings with real sensor data and robots.

5 Conclusion

This study investigated the combination of UKF and A* algorithms to improve the A*
algorithm's path planning ability in dynamic situations. Adopting the suggested UKF-
A* algorithm can greatly increase path planning's resilience and efficiency. By
anticipating the state (location and speed) of dynamic obstacles, this approach can
gather information beforehand, modify the path's search direction beforehand, and
minimize needless node growth. Additionally, simulation findings show that the
UKF-A* method outperforms the original A* algorithm in terms of planning time and
success rate, with improved stability, especially when obstacles are widely spaced.

This study has practical application value. It has enhanced the efficiency and
stability of the robot's path planning in complex dynamic environments. In complex
scenarios with high-density obstacles, such as large-scale warehouse storage,
intelligent vehicle navigation, autonomous delivery robots, and forest ground patrol,
the application prospect of UKF-A* is enormous.
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