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ABSTRACT

Aiming at the RRT* algorithm in unmanned aerial vehicle (UAV) path planning, there are problems
such as poor target bias, slow convergence speed, and tortuous path. This paper introduces an
improved Bi-Informed-RRT* algorithm (BPD-APF-Informed-FARRT*), integrating a dual-path
balancing operation strategy, a partition-biased sampling strategy, an artificial potential field
guidance approach, and a fuzzy adaptive step-size strategy. To begin, the third point between the start
and target points is chosen as the middle point, allowing four random trees to be generated at the
same time at the start, target, and middle points, hence resolving the delayed convergence issue.
Second, the artificial potential field method and the partition-biased sampling strategies are employed
in both path generation and optimization phases to guide the placement of new nodes, tackling issues
with poor target bias. Then, to address the intricacies of global environments, a fuzzy adaptive step
size adjustment strategy is incorporated to boost the exploration efficiency of the growing tree in
complex obstacle scenarios. Finally, leveraging the principle of triangular inequality, redundant nodes
are removed, and the path is refined using the B-spline curve. Path planning simulation experiments
were performed using MATLAB software. The results show that BPD-APF-Informed-FARRT* has more
significant advantages in many ways compared with the Bi-RRT*, Informed-RRT*, and Bi-Informed-
RRT* algorithms. This improved algorithm is a practical and feasible method for solving similar
problems.

Keywords: UAV, path planning, RRT *, partition-biased sampling, artificial potential field method

1. Introduction

With the in-depth research in the fields of modern computer technology, automatic control theory,
new sensor technology, and artificial intelligence, the autonomous flight of UAVs has further
developed explosively. UAVs are widely used in many fields such as search and rescue, intelligent
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agriculture, and data collection [1-3]. In these applications, autonomous flight has become the future
development direction of UAVs, and the path planning and optimization problem of UAVs becomes
crucial.

UAVs have static and dynamic obstacles in different application environments, and due to the
unpredictability of external perturbations, UAVs face an exponential increase in complexity in sensing,
decision-making, and control systems [4-5]. On the one hand, UAVs fly in harsh and diverse
environments, and traditional sensing methods may not be able to correctly recognize obstacles in the
surrounding environment, and the ability to predict the trajectory of dynamic obstacles is insufficient,
which may lead to the inability of UAVs to correctly sense their surroundings and thus cause serious
accidents [6-10]. On the other hand, UAVs need to have the ability to avoid dynamic obstacles in a
stable, efficient and safe manner [11-12]. In addition to this, the operational safety and reliability of
UAVs should not only comply with the basic motion planning routes, but also introduce some
constraints and dynamics limitations to solve the problems of slow speed, stiff motion and limited
flight continuity in autonomous UAV flight [ 13-16]. Efficient obstacle avoidance is the key to successful
UAV mission execution in complex environments [17]. Obstacle avoidance relies on intelligent path
planning, i.e., planning a collision-free path from the starting point to the destination point that
satisfies certain constraints, which centers on path planning algorithms [18-19]. The rule-based
dynamic obstacle avoidance control process for complex UAS has been proven to be computationally
expensive, while the UAV obstacle avoidance algorithms themselves are less adaptive and self-
learning [20-22]. Therefore, the proposed improved RRT* algorithm UAV path planning strategy
based on multi-strategy fusion plays a key role in improving the operational capability of UAS in
complex environments [23-24].

Currently, commonly used path planning algorithms mainly include traditional algorithms and
swarm intelligence algorithms. The traditional algorithms include Dijkstra's algorithm, A* algorithm,
Probabilistic Roadmap (PRM), Rapidly Expanded Random Tree (RRT), and Artificial Potential Field
Method. Literature [25] uses matrix-aligned Dijkstra's algorithm to plan optimal routes for UAV
trajectories by modeling the dynamic grid environment and finding the safest path through high-
dimensional matrices for unexplored regions. Literature [26] combines UAVs and spatial regions to
establish a spatial model based on mixed integer linear programming, and generates the optimal flight
path for UAVs using the improved A* algorithm based on the improved evaluation function and node
selection strategy. However, the above two algorithms mainly address the time and partial accuracy
of route planning, but both are time consuming. Literature [27] designed a dynamic exploration
planner equipped with incremental sampling and probabilistic roadmap to plan the UAV's flight path,
gradually increasing the sampling nodes and distributing them uniformly in the exploration area,
which improves the UAV's dynamic obstacle avoidance capability. The sampling-based PRM algorithm,
however, has a high computational cost and is very dependent on the number and quality of sampling
points. Literature [28] proposed the artificial potential function to solve the UAV trajectory planning
and formation control problem under 3D constraints, which can effectively calculate the optimal path
of the UAV from the initial position to the target position and ensure the existence of the desired angle
and distance between the UAVs. Although the artificial potential field method is real-time and simple
to compute, it is prone to local minima and oscillations. For the RRT algorithm, literature [29] also
shows that the RRT algorithm is suitable for path planning of autonomous mobile robots, but the high
randomness of the sampling process, the low sampling efficiency, and the difficulty of finding the
optimal path solution are the significant drawbacks of the RRT path planning algorithm. And swarm
intelligence algorithms include ant colony algorithm, genetic algorithm, sparrow algorithm and so on.
Literature [30] proposed UAV obstacle avoidance path planning based on multiple swarm ant colony
algorithms for the problem of suboptimal solution convergence of a single ant colony optimization
algorithm, and cooperated to find the optimal solution through information exchange between ant
colonies to achieve the effectiveness of trajectory planning. Literature [31] explored the emergency
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landing path planning method for UAVs in different scenarios, compared with other algorithms,
genetic algorithm can quickly calculate the optimal path solution with better quality under the
premise of satisfying the problem constraints, and maximize the protection of personnel and property
safety. Literature [32] evaluates the performance of chaotic sparrow search algorithm for planning
UAV paths in three-dimensional complex environments, and the results show that the improved
chaotic sparrow search algorithm, which introduces a nonlinear dynamic weighting factor and a
dynamic boundary lens imaging inverse learning strategy, still has a high convergence efficiency in
complex environments. Although swarm intelligence algorithms are more widely used in solving path
planning problems, the above algorithms generally have the problems of slow convergence speed,
long time in planning, and easy to fall into local optimum.

The RRT* algorithm can make the UAV navigation path tend to be optimal by adding the
neighborhood search and rewiring process, and a large number of scholars have carried out further
research to address the shortcomings of the RRT* algorithm in the field of UAV path planning.
Literature [33] proposed a two-way APF-RRT* algorithm for UAV trajectory planning, based on the
two-way RRT* algorithm to generate random growth trees that can alternate with each other, and
combined with the improvement of the artificial potential field method to reduce the number of
iterations, in order to improve the search performance of the growth tree. Literature [34] based on
the UAV flight process of the complex three-dimensional environment to propose the relevant flight
constraints, and for this reason, the standard RRT * algorithm is extended, fast extended random tree
*algorithm (FC-RRT *) planning at the optimal flight path significantly improves the path security and
keep the distance is the shortest. Literature [35] proposes a data-driven feedback fast exploratory
random tree stellar algorithm (FRRT*), which utilizes extractable information from the situational
data to grow constraints on the random tree and performs biased adjustments, which greatly
improves the efficiency of path planning. Literature [36] examined the application of the fast random
tree (IRRT*) algorithm in UAV optimal path prediction, which combined with the triangular inequality
reconnection technique to plan UAV collision-free trajectories in complex 3D environments, and was
able to significantly improve the planning efficiency and reduce the costly distance. Literature [37]
further combines the bidirectional artificial potential field method with the bidirectional bias
sampling idea to construct the intelligent bidirectional RRT* (BPIB-RRT*) algorithm, which flexibly
adjusts the sampling space on the basis of spatial exploration, greatly improves the sampling efficiency
and convergence speed, and possesses a high superiority in path planning. Although the above
algorithm improves the RRT* algorithm in terms of sampling method and expansion method, the
improved algorithm still suffers from high search randomness, redundant paths and poor smoothing.
Based on this, the improved RRT* algorithm based on multi-strategy fusion is proposed, aiming to
achieve efficient optimization and planning of multi-UAV trajectories in complex nonlinear
environments.

Inspired by the above literature, to solve the problems of the slow convergence speed of the
algorithm, poor target orientation, and more redundant nodes. This paper introduces an improved Bi-
Informed-RRT* algorithm, which integrates a dual-path balancing operation strategy, a partition-
biased sampling strategy, an artificial potential field guidance strategy, and a fuzzy adaptive step-size
strategy. These enhancements are specifically aimed at advancing UAV path planning methodologies.
The main contributions of this paper are as follows:

1) The Bi-Informed-RRT* algorithm introduces a middle point, and four randomized trees are
expanded in parallel between the initial and middle points and between the middle and target points.
Four randomized trees are expanded simultaneously, significantly improving the algorithm's search
capability.

2) The partition-biased sampling strategy is introduced in the initial path generation and path
optimization process of the Bi-Informed-RRT* algorithm. The utilization of sampling points can be
improved to obtain higher quality samples.
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3) The improved artificial potential field method is fused with the Bi-Informed-RRT* algorithm to
introduce the gravitational effect of the target point and the repulsive effect of the obstacles during
the new node generation process to guide the location of the new node generation, increase the target
pointing of the randomly sampled points, and reduce the path planning time.

4) By designing the fuzzy controller to adaptively adjust the step size to accelerate the avoidance of
obstacle regions with different densities, the convergence speed of the algorithm is accelerated, and
the quality of path planning is improved.

5) Yaw angle and pitch angle constraints are added to ensure the feasibility of the generated paths,
the triangular inequality principle is adopted to remove the redundant nodes, and the paths are
smoothed by the B-spline curve. The problem that the UAV has too large a turning angle in flight is
solved.

2. Background knowledge

2.1. Problem definition

Give the relevant concepts and related definitions required in UAV path planning. In this paper,
Xie CR' is defined as the state space of the planning problem, X, c x is the collision space,
X = X\ X, is the free space, X, e X;,. is the initial state, and Xy € Xjiee is the desired final state.

o:[0,1] - X, is a feasible path and X is the set of all feasible paths.

The optimal path planning problem, on the other hand, is a search for a path &*. The optimal path
minimizes the cost function ¢:> — R" when planning from the initial point x__ to the target point

star

Xgoal in the free space x;,,, denoted as follows:

o =arg min{c(c)|o(0) = Xy,
oeX

(1)

ocl)=X VSE[Oal]sO-(S)EXfrcc}

goal»

With its probabilistic completeness, the RRT algorithm ensures that a feasible path from the start
to the target point can be found, but randomness leads to the fact that the obtained path may not be
optimal. The RRT* algorithm optimizes this problem by introducing the mechanisms of reselecting the
parent nodes and rewiring. Reselecting the parent nodes ensures that new nodes are added to the tree
at the lowest cost, while rewiring streamlines the paths after each new node is generated, eliminating
redundancy and reducing the path cost. These two processes work together to enable the RRT*
algorithm to progressively approximate the optimal path.

2.2. UAV path planning constraints

During the UAV path planning process, ensuring that each newly added node is executable is crucial.
Restrictions were implemented to maximize the steering angle and climb angle of the UAV. By setting
a maximum steering angle, we limited the movement of the UAV in the horizontal plane and ensured
that the yaw angle remained within safe limits when transitioning from one path point to the next. At
the same time, the maximum climb angle limit is a constraint on the vertical movement of the UAV to
ensure that the change in pitch angle is maintained within safe bounds as it ascends from one path
point to the next. The limitations of yaw and pitch angles guarantee the dynamic safety and
rationalization of the operation of the UAV when performing path planning.

Assume that the coordinates of the three neighboring path points during the UAV motion flight are
given in the following equation:
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Dict (K15 Vi Zy)
Pi (x5 ¥:,2;) (2)

Dist K15 Vists Ziv1)

The following discussion takes place:

1) Yaw Angle Constraint. In a three-dimensional coordinate system, the yaw angle ¥ of two adjacent
path segments usually refers to the angle between the projections of these two paths on the horizontal
plane. The yaw angle ¥ of two adjacent path segments is shown in Figure 1.

Pivi (xi+l’yi+l’zi+l)

Pict(Xi_1, Vi1 Zicy)

mmmp/+l

S (xi+1’yi+lﬂzi)

Pia(Xi1s Vi) Pi(%5 ;52
Fig. 1. Schematic of yaw angle.

The yaw angle ¥ should satisfy the constraint:0 <y <y . . where y,  is the maximum yaw angle,
@ is the complementary angle of ¥ . Calculated according to the cosine theorem:

A+B+C
Cos@ = W (3)
w = —arccos(cos @) (4)

A, B and C in equation (3) are denoted as:
A= —x)" +(=y)
B= (X1 = %) + (01 =)’ (5)
C=(x =X )+ (Vin _yi—1)2

2) Pitch angle constraints. The pitch angle &should satisfy constraint: 0<#<¢g

) » Where u is the
maximum pitch angle, The pitch angle is shown as @in Figure 2.

pi+l(xi+1’yi+l>zi+l)

2y

Pis1(Xis15 Vi1521)

Fig. 2. Schematic of pitch angle.
Calculation gives:

| Zix1 —%i ‘

@ = arctan : S
\/(le =%)"Y =)

(6)
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3. Algorithm Introduction

3.1. RRT*

Before introducing the RRT* algorithm, the RRT algorithm is first described to set the stage for
introducing the RRT* algorithm. The classical RRT algorithm was first proposed by Lavalle in 1998.
The RRT search process is similar to the process of expanding a tree branch in all directions. It
generates a randomized search tree 7' in the workspace, with the starting point x_, denoting the
root node of the tree. Random sampling is used to generate the sampling point x

addressing in the tree to find the nearest node x in the tree to X, ,, and expanding the new
node x ., from x towards x . in a fixed step size. The algorithm detects collision based on
the generated node x,,, and node x

w nearest

after which

rand ’
nearest

nearest

. Suppose the line segments between x ., and x are

new nearest

as a child node to the tree T . Otherwise, the
.ew » the current iteration ends, and continues to the next iteration. The
schematic diagram of the RRT algorithm is shown in Figure 3.

collision-free. In that case, the algorithm adds x
algorithm discards x

w

star rand
X X

new
nearest

Fig. 3. Schematic diagram of RRT algorithm.

The RRT* algorithm improves on the basic RRT algorithm by introducing the cumulative cost
attribute, which records the sum of the lengths of all edges on the path from the start point. It involves
reselecting parent nodes and node reconnection to implement a new strategy. The schematic diagram
of the RRT* algorithm is shown in Figure 4.

R a(i?ti_s i

[ T ———

(e ———

Fig. 4. Schematic diagram of RRT* algorithm.
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as the parent node in the RRT* algorithm, its selection process evaluates all
nodes within a certain radius with x ., as the centre point and selects the node with the lowest path
cost as the optimal parent node of x . Once the optimal parent node is identified, the algorithm
traverses the remaining tree nodes and calculates the path cost from each node to x,., to X, .The
algorithm rebuilds the tree by selecting the path with the lowest cumulative cost.

Instead of using X ...

w

3.2. Bi-RRT*

When a single randomized tree is used to search the entire space, the search is inefficient. The RRT*
algorithm is used to generate two random trees at x__and X, goal , denoted as 7, and Tg .Two random

star
trees grow alternately based on the idea of the RRT* algorithm, and the search is completed when the
two trees are connected or are a certain distance away. Bi-RRT* can effectively improve the search
efficiency, converge to the optimal solution faster, and generate the feasible path faster.
In Figure 5 below, the Bi-RRT* search process is visualized:

.}'@\/\ o 7 \{)\)(i,al

Fig. 5. Schematic diagram of Bi-RRT* algorithm.

The start point X, is the red ball on the left, and the target point Xgoal is the yellow ball on the

star

right. The search is initiated from these two points at the same time, and each construct search trees
7, and Tg, which grow alternately until a clear path from the start to the end point is established

when the two trees are connected or when the two trees are a certain distance away from each other.

3.3.  Bi-Informed-RRT*

The Bi-Informed-RRT* algorithm is consistent with the Bi-RRT* algorithm in finding the initial path.
However, after finding the initial path, the Bi-Informed-RRT* algorithm constructs an ellipsoid

between x,, and Xyl .

star

sampling domain based on the initial path length c,., and the distance ¢

min

This ellipsoid sampling domain is shown in Figure 6 below.

Cgest - Criin- M/ = /\
o

A

Fig. 6. Ellipsoid sampling domain.

C

min

ellipsoid, and /C%, -CZ, is the length of the short and centre axes. The shape of this ellipsoid is

is the distance between the two foci of the ellipsoid, ¢, is the length of the long axis of the

uniform, and it is a rotating ellipsoid. The ellipsoid sampling domain eliminates sampling of invalid
regions (regions outside the ellipsoid region). C,,, is the shortest path when there are no obstacles

between the start and target points.
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Bi-Informed-RRT* first samples in a spatial coordinate system and transforms the sampled points
to ellipsoidal sampling regions by rotation and translation. Whenever a new node is generated, the
search is accelerated by re-selecting the parent node and reconnecting the tree within the
neighbourhood of the new node so that the path cost of certain nodes is lower, the path length is

reduced, the global path length is reduced to Gy, and the sampling space is further reduced. The
reconstructed ellipsoidal sampling domain is shown in Figure 7 below.

Fig. 7. Reconstructed ellipsoidal sampling domain.
4. Algorithmic improvements

4.1. Bi-Informed-RRT* algorithm for dual-path balancing operations strategy

To realize the expansion of four random trees at the same time, this paper proposes the fusion of the
dual-path balancing operations strategy with the Bi-Informed-RRT* algorithm (BD-Informed-RRT*).
The whole path is divided into two path segments by dual-path balancing operation. The dual-path

balancing operation means to add a middle rootnode X, between x_, and Xy . the initial middle

star

point is chosen to be the midpoint position of the line connecting the x

star

coordinates P . At the same time, it is necessary to consider whether the initial middle point is inside
the obstacle.

1) The initial middle point is not inside the obstacle. This initial middle point is the final middle root
node.

2) The initial middle point is inside the obstacle. The path is divided into two segments of equal
length using vertical bisection. Make a plane ywhich crosses the initial middle point and is

perpendicular to the line where x_, and Xgoal are located. The plane ¥ intersects the obstacle to

obtain the two-dimensional obstacle boundary equation. Calculate the shortest distance from point
0O on the obstacle boundary to the initial middle point. Use PQ+APQas the final middle point. The

middle point is determined as shown in Figure 8 below.

» Xmiddie
~0
hd ®p7 P+ aPQ| .
Xstar Initial Xmiddle Xgoal

Fig. 8. Determination of the middle point.
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The parallel expansion of four random trees ( 7, , the random tree expanding from x;

star

t0 Xoiae- T

ml’

the random tree expanding from X, .. t0 X, - 7., , the random tree expanding from X ;. to Xgoal.

star *

T, , the random tree expanding from Xoa to X, ) is realized by the dual-path balancing operation.

4.2. Bi-Informed-RRT* partition-biased sampling strategy

In applying the Bi-Informed-RRT* algorithm to generate initial paths in three-dimensional complex
environments, its sampling strategy usually adopts simple random sampling in the global range,
leading to greater randomness in the path search process. Path quality is positively correlated with

the proximity of the connecting line between X

star

and Xgoal . In particular, if there are no obstacles on

the path of the connecting line between x,, and Xy, then the path formed along that connecting

star

line will be the shortest. Based on this finding, this paper proposes a partition-biased sampling
strategy fused with the BD-Informed-RRT* algorithm (BPD-Informed-RRT*), aiming to optimize the
algorithm's performance and improve the efficiency and quality of path planning.

Firstly, the Bi-Informed-RRT* algorithm is used in the process of generating initial paths between

X, and X, and X, and X, goal - The partition-biased sampling strategy is added to each random

star
tree to optimize the sampling process. The planning between x_ and X, .. is used here as an
example to illustrate the methodology of the partition-biased sampling strategy. The partition-biased
sampling strategy between X, and Xyl is the same. The global map is divided into two parts, edge

region A, and centre region A,, and the partition-biased sampling strategy is shown in Figure 9.

v

Fig. 9. Partition-biased sampling strategy.

In three-dimensional space, a cylinder is created. With the start point x

star

as the centre and j as the
radius, the lower bottom surface of the cylinder is established, and with the x, . as the centre and j

as the radius, the upper bottom surface of the cylinder is established, and the height of the cylinder is
the distance c,,,,, betweenthe x, and Xx,,,..The centreregion A, isthe inner region of the cylinder,

star
and the region in the three-dimensional space excluding the centre region is the edge region A, .
The partition-biased sampling strategy is:

Xstar /Xmiddle ’rand(l) > PZ

A,,rand(1) > P,
pren ( ) ! {Xﬁ"eeedge ’rand(l) < P2

Xrand = (7)
Xstar /Xmiddle > rand(l) > P2

A,,rand(1) < P { rand(1) < P
’ =

free—centre
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In equation (7): x,,., is the sampling point. x

star

is the start point. X, . is the middle point.

Xiree—cdge 1S the random point within the edge free region. X;.. ... is the random point within the
centre free region. P1 and P2 are the bias probabilities.

When the first random number rand(1) > P, and the second random number rand(1) > P,, the sampling
point is taken as the X, / X, Of the two-way search random tree. When the first random number
rand(1) > P, and the second random tree rand(1) <P,, take the sampling point as a random point inside
the edge free region A, .

When the first random number rand(1) <P, and the second random number rand(1) > P,, the sampling
point is taken as the x_, / X, . Of the two-way search random tree. When the first random number
rand(1) <P, and the second random tree rand(1) <P,, take the sampling point as a random point inside
the centre free region A, .

The partition-biased strategy optimizes the path search process by increasing the sampling density
near the connecting line between X, and X,,,,.. Moreover, it enhances the target orientation and
improves the efficiency of the Bi-Informed-RRT* algorithm in initial path generation.

Secondly, The Bi-Informed-RRT* algorithm for path optimization also introduces the partition-
biased sampling strategy. The sampling ellipsoid is divided into edge region A1l and centre region A2,
and a cylinder is introduced in the sampling ellipsoid. The centre region A2 is the inner region of the
cylinder, and the region in the sampling ellipsoid space excluding the centre region is the edge region
A1l. The partition-biased sampling strategy is shown in Figure 10.

2 2
Cbestl -C

min1

Fig. 10. Partition-biased sampling strategy.

The sampling ellipsoid space will continue to decrease as the path quality continues to be optimized.
The design of the cylinder needs to consider the variation of the ellipsoid space, so this paper needs
to define the radius and height parameters of the upper bottom surface and lower bottom surface of
the cylinder. Here, the path optimization of the Bi-Informed-RRT* algorithm between X, and Xy

star

is an example. The cylinder parameters are defined as follows:
In a three-dimensional coordinate system, assume that the centre of the sampling ellipsoid is
located at (0, 0, 0), the length of the long axis of the ellipsoid is C,.,,,, and the lengths of the short and

intermediate axes are ,/c? -cg,,, - The equations of this ellipsoid can be expressed as:

2 2 2
X y z ~1

+ +
S~ G G €L, -G 8)
\/Cbcsll - Cminl Cbcsll \/Cbcm - Cminl

A plane perpendicular to the long axis through the starting point x.

star

intersects the ellipsoid to form
a circle ¢, and the equation of this plane is y =C,;,, /2. The equation of the circle ¢, formed by the

intersection of the ellipsoid and the plane by bringing y=c,, /2 into the ellipsoid equation solvable

minl

is:
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sck G
x2 +Zz = Cgestl - Zunl + rr;ml (9)
4Cbestl

5¢2 . CL
Let: Cgm _ Z>minl +% = r22
4 4Cbestl

Then: P+ =V22
The radius of ¢, can be obtained as r, .
Create a cylinder in the sampled ellipsoid space. With the x

star

as the centre of the circle, i, as the
radius (1 <(0,1), is the radius coefficient), the lower bottom surface of the cylinder is created. The upper
bottom surface of the cylinder is created with the x, . as the centre and 45 as the radius. The height
between the x_, andthe X, .-

star

of the cylinder is the distance ¢

minl

The partition-biased sampling strategy is the same as equation (7) above.

4.3. BPD-APF-Informed-RRT* algorithm

The BD-Informed-RRT* algorithm processed by the partition-biased sampling strategy significantly
improves the performance of the optimization algorithm. It improves the efficiency of path planning
compared with the traditional algorithm. However, the generation of sampling points still has
randomness. In order to further accelerate the search efficiency of random trees, this paper proposes
the fusion algorithm of the artificial potential field method and BPD-Informed-RRT* (BPD-APF-
Informed-RRT*) to adjust the generation direction of new nodes.

The core idea of APF is to abstract the environment around the UAV as a virtual potential field. The
principle of the artificial potential field method is shown in Figure 11.

Fig. 11. Schematic diagram of artificial potential field method.

In this potential field, the target point exerts a continuous attractive force on the UAV, while
obstacles exert a repulsive force within their sphere of influence.

4.3.1. APF and Bi-Informed-RRT* algorithm fusion. The improvement of APF fused with the Bi-
Informed-RRT* algorithm in this paper has the advantages of simple structure and fast information
processing. The details are as follows: Firstly, sampling point x , , is generated in the sampling space

by partition-biased sampling strategy, and the x,, coordinates information is determined. Then,
under the premise of Xpnd # Xgar / Xgoal , the target point Xyoq is set as the attraction point, which

generates continuous attraction to x, , . The obstacle produces a repulsive force on x ;. A guided
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point Xgigd is generated with the length of 5| F, | in the direction where x,,,, is subjected to the

combined force. This guided point Xgm(bd replaces the x to extend a new node. The principle of

rand

Xgm(bd generation is shown in Figure 12 below.

X

nearest

Fig. 12. Principle of ¥guided generation.

The coordinates of the final guided point Xgqd can be calculated using the following equation:

Xaided = Xrand Tl (10)

In equation (10): #is the guidance coefficient, which controls where the guidance points are
generated.
Specifically, the APF consists of two main components: the gravitational field function v,,(¢,)and

the repulsive field function Ump(qr). whose expressions are shown in equation (11)and equation(12).

The total potential field function v ,,, is shown in equation(13).

1
Uan(qr)=51<anp(qr,qg) (11)
2
1k [;*LJ P(@r+d0bs) < P
Usep @) =127 p(drgns) o ) 7000 (12)
0 ap(qr’qobs)>p0
Ui = 21Uy +2.Up, (13)

In equation (11), (12) and (13): K, and Kyyare the gravitational gain coefficient and repulsive gain

coefficient. ¢, is the position of the sampling point x s 1S the position of the obstacle. ¢, is the

rand *

position of the target point. P(qr,qg) is the Euclidean distance between the x , and the target point

Xooal , p(q;,q4,) is the Euclidean distance between the x,, and the obstacle. p, is the maximum

influence distance of the obstacle to the x

rand *

The negative gradient of the gravitational and repulsive field functions can express the magnitude
of the gravitational and repulsive forces. The vector sum of the gravitational and repulsive forces then
determines the magnitude of the combined force. The magnitudes of the gravitational force, the
repulsive force, and the combined force are shown in equations(14), (15) and (16).

Fy () =~ VU(6) = K G1-G) (14)
Frep (qr) = _VUrep(Qr) =
Krer)[ 1 *L] 1 PG Gons) < Po (15)

p(qwqobs) Po ,02 (qwqobs)
0 >p(qr5qobs)>p0
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Fyu =2E+2F,, (16)

In order to solve the problem of target unreachability in APF. This paper uses the improved
repulsive field function in literature. The improved repulsive field function Ump(qr) and the magnitude

of the repulsive force Frq)(qr) are shown in equation (17) and (18).

Up(d:) =
1 1Y
_Kre T pt(qrsq )ap(qrsqo S)Sp (17)
2 p(p(qr’qobs) pOJ ¢ > 0
0 5 P(4r>90bs) > Po
Frcp (qr) = _VUrcp (qr) =
{Frcpl(qr)+FrcpZ(qr)ap(qﬁqobs)SIDO (18)
0 5p(qr5qobs)>p0

In equation (18):

1 1) A (4q,)
Foyi(g) =K, [ ——] : 19
7l PG o) P20 ) PP (s o) (19)
2
Foo(g)=—LK {—1 —i] P Gr) (20)
rep2 M 2 P p(qr7q0bs) Po v

Where: 7 is the adjustment factor and is a positive integer.
The new repulsive force on the x , in the obstacle-influenced region is synthesized by the

repulsive force in two directions, where prl is the repulsive force of the obstacle pointing to the x

rand

and Fgp is the repulsive force of the x,,, pointing to the target point X g .

4.3.2. Repulsive potential field calculation based on different obstacle models. In the literature, the
obstacles in path planning are regular spherical obstacles, only modeled as spherical obstacles.
However, in the actual flight of a UAV, the obstacles encountered are mostly irregular three-
dimensional objects, such as buildings and trees. In this paper, spherical and cylindrical obstacles are
modeled to satisfy the path planning of UAVs in complex environments. A repulsive potential field
calculation method is designed based on the nearest point of different obstacle models.

The coordinate vector of the current position of the sampling point x , , is(x, i4>Zrana)» and the

ran rand > Vran

nearest point algorithm based on different obstacles is as follows:

1) Sphere obstacle. The sphere surface model can be expressed as:

=X ) +=1.) +Hez—z,) =17 (21)

In equation (21): 0.(x,,y,,z.)is the centre point coordinates of the sphere obstacle. ¢, (x,y,z) is the
edge point coordinates of the sphere obstacle. r, is the radius of the sphere obstacle.

The coordinates of the position of the nearest obstacle point on the surface of a spherical obstacle
are calculated as shown in Figure 13.
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O X goal

A

Fig. 13. Schematic diagram of the surface obstruction points of a sphere obstacle.

The formula can express the coordinates of the position of the nearest obstacle point:

r Xrand_oc +Oc (22)

Yobs =
o ‘ p(Xrandﬁoc)

2) Cylindrical obstacles. The side surfaces model of the cylinder can be expressed as:
2 2_2
(x—x,) +(y—y,) =1],z—2,<h, (23)
In equation (23): The coordinates of the centres of the upper and lower surfaces of the cylinder are
0, (x,,v,.z,+h,) and0,(x,,y,,z,) , respectively. ¢, (x,»,2) is the coordinate of a point on the side edge of

the cylinder. 7, is the height of the cylinder. r, is the radius of the base.

The coordinates of the position of the nearest obstacle point on the surface of a cylindrical obstacle
are calculated as shown in Figure 14.

i
F, rep X rand

Fig. 14. Schematic diagram of the surface obstruction points of a cylindrical obstacle.

When 0<z,, <h,, the problem of finding the nearest point of X, to the edge of the cylinder can be

downscaled by finding the nearest point ¢, on the circle in a planar coordinate system at the same

heightas x
When :z,, > 4,, take ¢,,=0,,.

The coordinates of the position of the nearest obstacle point can be expressed by the formula:

rand *
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Xna — 0
Qobs = Ta M+Oahl7o S Zpgng S ha
p(Xrand’Oahl) (24)
Dobs = Ouh >Zrand > hu

In equation (24): 0,,,is the coordinates of the location point on the centreline of the cylinder that
is equal in heightto x, ,.0,, is the coordinate of the centre of the circle on the upper surface of the
cylindrical obstacle.

4.4. BPD-APF-Informed-FARRT* algorithm

In the spatial exploration process of the BPD-APF-Informed-RRT* algorithm, a fixed step size can
adversely affect the algorithm's search efficiency. When facing an environment with dense obstacles,
a fixed step size may cause the search process to be challenging to find a suitable expansion step, which
in turn causes delays or interruptions in path construction. On the other hand, in scenarios with fewer
obstacles or obstacles farther away, a constant step size may lead to unnecessarily prolonging the
search time and increasing the complexity of the path.

In order to balance the problem of too large or too small step size in the path search process, this
paper introduces fuzzy control to adjust the step size adaptively. The step size value can be
dynamically adjusted according to the density of obstacles around the node x nearest to the

nearest

guided point Xg]j(hd (ObsDensity) and the distance from the node x to the target point Xgoal

nearest
(PointDist) .

The fuzzy control method, based on fuzzy set theory, fuzzy linguistic variables, and fuzzy logic
inference, realizes dynamic mapping between input and output by transforming engineering
experience and rules into fuzzy rules. The architecture of the fuzzy controller is divided into four core

components: fuzzification, knowledge base, fuzzy inference, and defuzzification. It is shown in Figure
15.

I N\
Fuzzy Controller
Knowledge Base
Rule Base
- ) Fuzzy variable A FuZZ Fuzzy variable B, Out ut
Inputl | pyzzification = | 1o el}; ce | === | Defuzzification P
A y/

Fig. 15. Fuzzy controller structure diagram

4.4.1. Determination of fuzzy controller variables. First, ObsDensity is used as an essential input
variable to evaluate the complexity of the environment. In regions with dense obstacles, the fuzzy
controller decreases the step size to achieve an accurate search in a limited space. This adjustment
facilitates detailed path exploration in narrow or crowded environments. On the contrary, in regions
with fewer obstacles, the fuzzy controller increases the step length to improve the speed and efficiency
of the search. Second, PointDistis another control parameter, and the step size is adjusted according to
the distance size. Finally, the adaptive step size coefficient # is used as the output of the fuzzy

controller. IuX'ﬂirest)%uided determines the position of the expanded new node x _, .

The schematic diagram of adaptive step size adjustment is shown in Figure 16 below.
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Fig. 16. Adaptive step size adjustment.

From Figure 16, it can be seen that when there are fewer obstacles and far away from the target
point, the output £ value of the fuzzy controller is larger, and the expansion step of the new node is
larger. So, only a few times of sampling are needed to reach the target point.

4.4.2. Determination of the membership function. The membership function is a critical component
in fuzzy logic. In designing the membership function of a fuzzy controller, the key lies in determining
the number of fuzzy sets and the shape of its membership function. This paper chooses to use the
gaussmf and trimf membership functions, which can simplify the design process and improve the
system performance due to their high computational efficiency and fast response time.

After normalizing ObsDensity and PointDist, and 4 , their ranges of values are [0,5] and [0,10], and
[0,1], respectively.

The input/output linguistic variables are defined as:

ObsDensity ={NBNM,NS,0,PS,PM,PB}
PointDist = {NB,NM,NS,0,PS,PM,PB} (25)
={NBNM,NS,0,PS,PM,PB}

Note:

Negative=N  Positive =P Zero=0
Big=B Medium=M  Small=S

Figure 17 shows the membership function of the input and output variables.

INBNM NS O "Ps PM PB /N NM Ns O "Ps PwW PB
= E=3
208 208
2 2
E 06T E 0.6
Q L
= £
T 04r S04
oh L on
& 0.2 2 02
0 0
0 1 2 3 4 5 0 2 4 6 8 10

ObsDensit PointDist
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Fig. 17. Membership function of the input and output variables.

[NB

Degree of membership

NM

0.2 04

0.6 0.8

4.4.3. Establishing fuzzy control rules and fuzzy inference. Fuzzy inference using Mamdani method,
if ObsDensity is A and PointDistis B, then u is C . The step size is fine-tuned according to the density

of obstacles around x

nearest

and the distance from x

nearest

to the target point to reduce unnecessary

search time and path complexity. Moreover, fuzzy rules are formulated as shown in Table 1 below.

Table 1. Fuzzy rule table.

Obs - Density PointDist

NB NM NS 0 PS PM PB

NB 0 PS PS PM PM PB PB

NM NS 0 PS PS PM PM PB
NS NS NS 0 PS PS PM PM
0 NM NS NS 0 PS PS PM

PS NM NM NS NS 0 PS PS

PM NB NM NM NS NS 0 PS

PB NB NB NM NM NS NS 0

In defuzzification, the centre of gravity method obtains the weighted average of the output fuzzy
sets. The fuzzy inference surface is obtained according to the above fuzzy rules, as shown in Figure 18.

0.9

0.8

0.7

0.6

0.5

0.4

0.3

0.2

0.1 +

2
ObsDensit

4
PointDist

6

Fig. 18. Fuzzy inference surface.
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4.5. Path pruning and optimization

With the partition-biased sampling and artificial potential field, the search tree reduces the search for
redundant space, and the redundant nodes are reduced accordingly. However, there are still more
redundant nodes in the path. Firstly, the triangular inequality principle removes the redundant nodes
and generates the shortest path. Secondly, considering the kinematic characteristics of the UAV, it is
necessary to constrain the smoothness of the path after redundancy. B-spline curve smoothing
constraint is a common method that can generate smooth paths with continuous curvature by using
the path points as the control points of the base function of the B-spline curve.

Then, the mathematical expression for the k-order B-spline curve containing n+1 control points
P(i=0,1,2,..,n) and node vectors N =[ty,t,,...t,,;.,] iS:

P(t)=) PB4 (1) (26)
i=0

In equation (26): P(s) is the B-spline curve function, and 3, ,(:) denotes the ith-order B-spline curve
basis function. The B-spline curve basis function can be derived from the De Boor-Cox recursive
equation as follows:

Lt <t<t

i+1 ,k =0
0, other

B, (1) = {
t—t; t.,—1t (27)
B (t)=——"—B8B;; () + LBHI,I{—I ®),k=0

k-1 Tl ik "l
In order to satisfy the constraint that the curve passes through the start endpoint and the target
endpoint, the node vectors of the two end nodes have a repetition degree k+1 as follows:

{to =h=h="=

bt =l = =lign

(28)

A B-spline curve can be constructed given parameters such as control points, node vectors, and
number of curves.

Figure 19 shows the smoothing of the path by a 3rd-order B-spline curve with selected control
points [000; 12 2;235;356;5 88; 88 8]. In order to satisfy the constraint that the curve passes
through the start endpoint and the target endpoint, the node vectors of the two end nodes have a
repetition degree 4. The node vectors of the two end nodes are selected as [0,0,0,0,0,0.3,0.7,1,1,1,1].
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Before smoothing
After smoothing
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Fig. 19. Smoothing of the path.

4.6. Improved algorithm flowchart

The planning between x_, and x,

star m

.. 1S used here as an example to illustrate the flow principle of the

algorithm. The flow between the x,,,,, and Xgi is the same.
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Initialize variables such as start point Xgtar, Xgoal
,step size, obstacles, etc.
v
Dual-path balancing operation generates X yiqdie
and four random trees T, i1, iz, and Tg
v
Xstar> Xmiddles Ts’and Ting

]

Dual-path balancing operation to generate Xiiqqle

Partition-biased sampling

Find an initial path Cpest;?
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strategy to optimize the
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y
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Xuiddle as foci and Cpegr; as the long axis determined in the three-dimensional
space 7Y
| Reselect parent node and rewire I
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y Calculate yaw anglei),
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to generate guided points Xoyided ) )
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e
Y. Determine whether Y
Lyl Find the nearest node X, carest 10 Xrang in the constraints are satisfied | Add Xy to random tree T/ T, |
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v
. — - . Update the T/ Ty
The step size for expanding new nodes is
adjusted using a fuz‘zy controller Fuzzy control adaptive step-size expansion
Maximum number of

iterations reached

Generate new node Xe

End

5. Simulation verification and analysis

This paper used a computing platform with an AMD R7-5800H processor and a Windows 11 operating
system. It also conducted simulation experiments using MATLAB R2020a software.

The comparative analysis of the BPD-APF-Informed-FARRT* with Bi-RRT*, Informed-RRT*, and Bi-
Informed-RRT* algorithms (we abbreviate them as 'BAIFR’, 'BR’, 'IR" and 'BIR’, respectively, in the
subsequent figures and tables.), the improved BPD-APF-Informed-FARRT* algorithm is proved to have
the advantages of fast convergence and short paths, and the superior performance and feasibility of
the proposed algorithm are verified. The simulation environment is a three-dimensional space of 10
m x 10 m x 10 m. The UAV starts from point (0,0,2) and ends at point (10,10,5). The algorithm in this
paper is simulated in three environments, as shown in Figure 20.
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(a) Environment A (b) Environment B

(c) Environment C
Fig. 20. Simulation environment.

The approximate parameter settings for the experiments in this paper are as follows: yaw and pitch
angle constraints range from: 0<y <z/2,0<60<7z/2.r =2m in the partition-biased sampling strategy.

bias probability P, =0.7 , P, =03 . the basic step size of the comparison algorithm is 1 m. The

gravitational gain coefficient &, is 0.2, the repulsive gain coefficient K, is 0.06, and the guidance
coefficient 7is 0.7.

In the figure below, brown spheres and cylinders are obstacles, translucent blue and red cylinders
are cylinder sampling domains for the partition-biased sampling strategy, translucent blue and red
ellipsoids are ellipsoid sampling domains, cyan and green dots represent start and target points,
respectively, black dots are nodes in the tree, red dots are rerouted parent nodes, blue line is a branch
of the randomized tree, green line is a rerouted branch, dark red line is the final path.

5.1. Environment A

The results of the BPD-APF-Informed-FARRT* algorithm with the Bi-RRT*, Informed-RRT*, and Bi-
Informed-RRT* algorithms for generating the initial paths are compared in environment A, with each
algorithm being run 30 times in the environment A. There are seven brown sphere obstacles with
different radius and two cylindrical obstacles in environment A. The initial path planning results of
the four algorithms are shown in Figure 21.

(a) Front and top views of the initial path of the BAIFR algorithm
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(d) Front and top views of the initial path of the BIR algorithm

Fig. 21. Initial path planning effect in environment A.

Comparative experimental results are shown in Figure 22 and Table 2.
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Table 2. Simulation date in environment A.

Algorith Path length (m) Running time (ms) Number of sampling points
orithm
& Max Average Min Max Average Min Max Average Min
BAIFR 15.426 14.968 14.592 15.6 9.4 5.4 66 43 39
BR 18.525 16.896 16.138 48.2 32.6 19.3 96 75 64
IR 17.823 16.431 15.667 356.1 221.8 142.6 526 342 246
BIR 18.176 17.041 16.356 51.4 35.1 16.8 104 81 62
18.525 111 S
18.176 k1] )] ST, S
) I R 1732377 |
= g
g’ | 16396}~~~ T~ ~>" Laoey------- g
B 16.431 &
i I R & J—I' _____________ 16356 ______ g
= 16138 E
& 15.426 15.667 2
15 ----- 14,968 |- == === === == === === oo ooooooooooo-
@ Maximum initial path length
14.592 R
14 E====---- SEeonCC oo e e =-—=----_
BAIFR BR IR BIR
(a) Path length(m)
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(c) Number of sampling points

Fig. 22. Simulation data comparison graph in environment A.

In Figure 21(c), the Informed-RRT* algorithm is the most difficult to find the initial paths, and the
number of iterations is the highest because its sampling range covers the whole three-dimensional
space, and the algorithm is a unidirectional random tree. This results in the generated trajectories
containing more folds but shorter path lengths. In contrast, the Bi-RRT* and Bi-Informed-RRT*
algorithms are shown in Figure 21(b) and (d) have a faster expansion of the random tree when
planning paths, but generates longer and less smooth paths.

In Figure 21(a), the BPD-APF-Informed-FARRT* algorithm expands in parallel through four
randomized trees. Instead of randomly sampling in the entire three-dimensional space, the algorithm
employs a partition-biased sampling strategy to limit the sampling range, improving random tree
growth's efficiency. APF is introduced in the generation process of new nodes; on the one hand,
through repulsive force, the new nodes can effectively avoid obstacles to maintain a safe distance
between the UAV and the obstacles. On the other hand, the gravitational force, makes the generation
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of new nodes more oriented and reduces the blindness of path exploration. In environment A, the
environment consists of seven spheres and two cylinders, forming a scene full of obstacles. In this
environment, the BPD-APF-Informed-FARRT* algorithm can utilize the adaptive step coefficients u
output from the fuzzy control system for fine tuning. In the dense obstacle region, due to the small
adaptive step size coefficient output from the fuzzy control system, the movement step size of the new
node is reduced accordingly, which allows the algorithm to perform a detailed search near the dense
obstacles. On the contrary, in the open area away from the obstacles, the fuzzy control system outputs
larger adaptive step coefficients, increasing the new node's step size and significantly improving the
search efficiency. As shown in Figure 21(a), the distribution of nodes in regions with dense obstacles
is denser, while nodes in open spaces are relatively sparse. In addition, the generated paths are
smoother, and the yaw and pitch angles are controlled within the safe range, which ensures the flight
safety of the UAV.

As can be seen from Figure 22 and Table 2, the BPD-APF-Informed-FARRT* algorithm plans
outperform the other three algorithms in terms of average initial path length, average planning time,
and average number of sampling points.

Compared with the Bi-RRT* algorithm, the improved algorithm reduced the average initial path
length by 11.4%, the average planning time by 71.1%, and the average number of sampling points by
42.7%. Compared with the Informed-RRT* algorithm, the improved algorithm reduced the average
initial path length by 8.9%, the average planning time by 95.8%, and the average number of sampling
points by 87.4%. Compared to the Bi-Informed-RRT* algorithm, the improved algorithm has a 12.2%
reduction in average initial path length, a 73.2% reduction in average planning time, and a 46.9%
reduction in average number of sampling points. The improved algorithm can plan a better path with
less iterations and planning time. The superiority of the BPD-APF-Informed-FARRT* algorithm is fully
demonstrated.

5.2. Environment B

In Environment B, a simple obstacle environment is set up. The path optimization results of the BPD-
APF-Informed-FARRT* algorithm are compared with the Bi-RRT*, Informed-RRT*, and Bi-Informed-
RRT* algorithms. Path planning experiments were conducted for 100, 200, 300, and 400 iterations for
each algorithm (The Informed-RRT* algorithm in Environment B is not included in the comparison
because the Informed-RRT* algorithm has a minimal probability of finding a path for the algorithm at
several iterations less than 300.). Each set of iterations is run under environment B for 30 times
respectively. The path planning results of the four algorithms at 100 iterations are shown in Figure
23.

Zim

J ‘/T
0 10
I s

0 2 4 6 8 10 q Yim

(a) Front and top views of the BAIFR algorithm path planning
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(c) Front and top views of the BIR algorithm path planning

Fig. 23. Path planning effect at 100 iterations in environment B.

Each algorithm was run independently for 30 times for 100, 200, 300, and 400 iterations of path
planning experiments under the same conditions. Comparative experimental results are shown in

Figure 24 and Table 3.

Table 3. Simulation date in environment B.

Number of Algorithm Average path length Average running time Average number of sampling
iterations (m) (ms) points
BAIFR 14.861 18.7 52
100 BR 16.291 53.8 98
BIR 15.885 62.9 90
BAIFR 14.736 49.1 119
200 BR 15.934 109.6 190
BIR 15.677 139.2 175
BAIFR 14.707 76.3 162
300 BR 15.552 154.8 284
BIR 15.223 188.3 255
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Fig. 24. Simulation data comparison graph in environment B.

The trajectories planned by the three algorithms in Environment B are shown in Figure 23. The
trajectory of the new algorithm in this paper is shown in Figure 23(a). The BPD-APF-Informed-
FARRT* path planning algorithm can be rapidly restricted to smaller ellipsoidal domains due to the
short initial paths planned, and the fusion of multiple strategies for improvement, which results in the
improved algorithms generating fewer redundancy points, and the trajectories are shorter, straighter,
and smoother, which better meets the requirements of the flight of UAVs.
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By analyzing the data in Figure 24 and Table 3, the BPD-APF-Informed-FARRT* algorithm
outperforms the other three algorithms in terms of average path length, average planning time, and
average number of sampling points planned for different numbers of iterations.

The number of iterations is 400 as an example. Compared with the Bi-RRT* algorithm, the improved
algorithm has a 6.2% shorter average path length, 54.4% shorter average planning time, and a 40.9%
fewer average number of sampling points. Compared with the Bi-Informed-RRT* algorithm, the
improved algorithm has a 2.6% reduction in average path length, a 59.2% reduction in average
planning time, and a 37.7% reduction in average number of sampling points.

5.3.  Environment C

In Environment C, a complex obstacle environment is set up. The path optimization results of the BPD-
APF-Informed-FARRT* algorithm are compared with the Bi-RRT*, Informed-RRT*, and Bi-Informed-
RRT* algorithms. Path planning experiments were conducted for 400, 500, 600, and 700 iterations for
each algorithm. Each set of iterations is run under environment C 30 times. The path planning results
of the four algorithms at 400 iterations are shown in Figure 25.

(b) Front and top views of the BR algorithm path planning
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(d) Front and top views of the BIR algorithm path planning

Fig. 25. Path planning effect at 400 iterations in environment C.

Each algorithm was run independently for 30 times for 400, 500, 600, and 700 iterations of path
planning experiments under the same conditions. Comparative experimental results are shown in
Figure 26 and Table 4.
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Table 4. Simulation date in environment C.

Number of Algorith Average path length Average running time Average number of sampling
orithm
iterations & (m) (ms) points
BAIFR 14.682 110.6 231
BR 15.917 281.9 373
400
IR 16.132 273.7 368
BIR 15.794 453.1 300
BAIFR 14.602 206.4 285
500 BR 15.874 355.3 457
IR 15.748 326.8 434
BIR 15.037 635.1 372
BAIFR 14.541 320.8 312
BR 15.721 500.6 561
600
IR 15.295 384.7 557
BIR 14.992 851.5 433
BAIFR 14.522 416.3 398
200 BR 15.426 612.1 654
IR 15.096 439.1 626
BIR 14916 945.6 493
17 1000 :
BAIFR BAIFR;
‘[l BR B BrR |
i [ 1R . R
Bl BiR 800 - BIR
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Fig. 26. Simulation data comparison graph in environment C.

The advantages of the BPD-APF-Informed-FARRT* algorithm are more evident in complex obstacle
environments. As can be seen in Figure 25(a), in the area with fewer obstacles in the lower left and
upper right corners, the improved BPD-APF-Informed-FARRT* algorithm uses larger step sizes for
expansion. The number of sample points in this area is significantly lower. In contrast, in the densely
obstacle-filled area in the center of the map, the step size is relatively small, so the complex
environment can be searched carefully to reduce the length of the planned path. Compared to the
other three algorithms in Figure 25, the BPD-APF-Informed-FARRT* algorithm focuses on optimizing
the sampling in the area around the optimal path, resulting in a smoother final path and a lower path
cost. This algorithm implements a simultaneous search of the four trees. The search time is
significantly reduced, and many redundant points are reduced.

Data in Table 4 are analyzed, taking 400 iterations as an example. Regarding average path length,
the improved algorithm is 7.1% shorter than the suboptimal BIR algorithm. Regarding average
running time, the improved algorithm is 59.6% shorter than the suboptimal IR algorithm. Regarding
the average number of sampling points, the improved algorithm is 23% shorter than the suboptimal
BIR algorithm.

Compared with the simple obstacle data, it can be found that the improved algorithm has more
advantages regarding path length and running time in the complex obstacle environment.

6. Conclusions

An improved BPD-APF-Informed-FARRT* algorithm is proposed in this paper to overcome the
limitations of RRT*, such as poor target bias, slow convergence, and tortuous paths exist. This
improved algorithm enhances performance by introducing multiple strategies.

In order to verify the effectiveness of the improved algorithm, simulation experiments of initial path
generation and path optimization were carried out for the four algorithms in three map environments.
The results show that the BPD-APF-Informed-FARRT* algorithm significantly reduces the time
required for path planning while constraining the yaw and pitch angles and generating a shorter and
smoother path. The path planned by this algorithm is more suitable for the UAV to fly in real-world
environments.

This improved algorithm has yet to be applied in real-world environments, and its effectiveness will
be verified in subsequent path planning scenarios for real drones. In addition, for complex
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environments, we need to combine global path planning with local path planning strategies, which is
also the focus of subsequent research in this paper.
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