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Abstract. In recent years, path planning algorithms have played a cru-
cial role in addressing complex navigation problems in various domains,
including robotics, autonomous vehicles, and virtual simulations. This
abstract introduces a improved path planning algorithm called Informed
RRT*-connect based on APF, which combines the strengths of the fast
bidirectional rapidly-exploring random tree (RRT-connect) algorithm
and the informed RRT* algorithm. The proposed algorithm aims to
efficiently find collision-free paths with less iterations and time while
minimizing the path length.

Unlike traditional RRT-based algorithms, Informed RRT*-connect based
on Artificial Potential Fields (APF) incorporates a bidirectional connec-
tion and rewiring of a new sampling point to explore the search space.
This enables the algorithm to connect both the start and goal nodes more
effectively and quickly to find a initial solution, reducing the search time
and provide a better initial heuristics sapling for the next optimal steps.
Furthermore, Informed RRT*-connect introduces an informed sampling
strategy that biases the sampling towards areas of the configuration space
likely to yield better paths. This approach significantly reduces the explo-
ration time to find a path and enhances the ability to discover optimal
paths efficiently.

To evaluate the effectiveness of the Informed RRT*-connect algorithm,
we conducted the simulation experiments on two different experiment
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protocol. The results demonstrate that our approach outperforms exist-
ing state-of-the-art algorithms in terms of both planning efficiency and
solution optimality.

Keywords: Path planning -+ RRT-connect -+ RRT* - Artificial
Potential Fields (APF)

1 Introduction

The path planning problem [3] is a common and fundamental problem in the
navigation and motion control of robotics, vehicles, and other mobile devices.
Path planning aims to find a feasible and good path for agents in their complex
interaction environment. To date, many methods have been proposed to solve
the problem of path planning. Traditional approaches include potential field
methods such as Artificial Potential Fields (APF) [8], which generate the path
according to the attractive and repulsive forces that assumed to be generated
by the goal point and obstacles. These field based methods often suffer from
local optimal and lack guarantees for finding the global optimal path. Recently,
researchers have explored grid-based methods that discretize the environment
into a grid map and use graph-based search algorithms like A* [11] and D* [1]
to find the optimal path if the path exists. While grid-based methods provide
optimality guarantees, they often struggle with high-dimensional spaces, suffer
from the curse of dimension, and face challenges in handling complex obstacles
with irregular shapes.

Sampling-based path planning methods have emerged as a popular and effec-
tive approach to address the complexities of path planning in a wide range of
domains. These methods rely on randomly sampling the configuration space to
construct a graph representation of the environment, enabling the discovery of
feasible paths. One prominent family of sampling-based algorithms is the rapidly-
exploring random tree (RRT) algorithm and its variants, which have demon-
strated remarkable success in generating collision-free paths. However, existing
RRT-based algorithms often struggle to balance the trade-off between finding
optimal paths and maintaining computational efficiency. One famous variants
algorithm is called RRT-connect [4,7,12], which is the extension of the original
RRT, focuses on connecting the start node and the goal node at the same time
by two separated trees. RRT-connect can find a feasible path very quickly and
saving the memory, but the resulting paths are often not the shortest. An asymp-
totically optimal sampling-based path planning algorithm is RRT* [5,9], which
addresses the optimality drawback of RRT. RRT* refining the tree structure by
rechoose the parent node of the new sampling node and rewire the tree around
a distance to help reduce the redundant node. However, the drawback of RRT*
is that it may be slow to converge towards an optimal solution within a limited
number of iterations. In [2], Jonathan et al. proposed a method that utilizes
the current path length and the distance between the start and goal points to
generate ellipses as heuristic sampling regions to improve the performance of the
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RRT* algorithm. This method significantly enhances the quality of the gener-
ated paths. However, due to the characteristics of RRT*, the algorithm requires
a considerable amount of time to search for a feasible initial solution, resulting in
sub-optimal optimization efficiency. Therefore, finding an optimal path within a
short period of time is a prominent challenge in current path planning methods.

In this paper, we introduce a improved sampling-based path planning
algorithm called Informed RRT*-connect based on APF, which combines the
strengths of the RRT-connect algorithm and the optimal RRT* algorithm to
address this challenge effectively. Moreover, the APF method utilizes obsta-
cle information to guide the sampling function, allowing the sampled points to
selectively deviate from obstacles while getting closer to the target point, which
aims to further reduce the number of ineffective sampling attempts. Informed
RRT*-connect based on APF could accelerate the process of Informed RRT*
iteratively finding the optimal solution and can make up for the shortcomings
of RRT-connect that cannot guarantee asymptotic optimality. Specifically, the
proposed method first utilizes RRT-connect to quickly obtain a feasible path.
While conducting sampling in RRT-connect, the path is optimized through the
parent node re-selection and rewiring functions in RRT*. Subsequently, the ini-
tially obtained solution serves as the base solution for Informed RRT* optimiza-
tion, where heuristic sampling is employed to rapidly converge the optimal path
length. It is important to note that the APF method considers obstacle informa-
tion as a priori for sampling bias throughout the entire planning process, thereby
significantly enhancing the performance of the algorithm.

2 Preliminaries

2.1 Path Planning Problem Definition

The planning problem is defined similarly to [2,10]. Let x € R™ be the state
space, and the free space and the obstacle space are denoted as Xfree and Xops-
Let @gtart be the starting state and 4,4, be the goal state. The path planning
problem is to find a path [0, 7] from the starting state xgar¢ to the goal state
Tgoal in the given space ), denoted as

0(0,T] = Xtree; 0(0) = Tgtare and o(T) = 2g0ai- (1)

Assume « is the whole set of the feasible paths, then the optimal path o*
with the minimum path length can be defined as

o* = argmin||o||
oA ST’

s.t. 0'(0) = Tstart 9
O'(T) = xgoal ( )
o(t) € Xfee(t) YVt €[0,T].

where || -|| is the calculator of the path length using Euclidean distance, 7" is the
time taken for the entire path planning.
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2.2 Informed RRT*

Fig. 1. The heuristic sampling set of Informed RRT* [2]. The Zstart and xgoar are the
focal points. a represents the semi-major axis length of the ellipse, and b represents
the semi-minor axis length of the ellipse, and ¢ represents the half length of the focal,
respectively. cpest and cmin are the current path length and the theoretical shortest
path length, respectively.

The informed RRT* algorithm [2,6] follows the following steps to find a feasible
path and try to improve the path with the current solution. Informed RRT*
primarily improves the performance of RRT* by generating an elliptical region
based on the current feasible solution length and the theoretical shortest distance
between the start and goal points. This region is used as a heuristic for RRT*
sampling, aiming to enhance the efficiency and effectiveness of the algorithm.
The informed ellipse sampling set can be expressed as the standard equation

denoted by
2 2

x

S+ ?;—2 =1, (3)
where a represents the semi-major axis length of the ellipse, and b represents
the semi-minor axis length of the ellipse, as shown in Fig. 1. As the length of the
discovered path continues to decrease, the corresponding ellipse sampling region
becomes smaller. Consequently, the sampling region is further constrained to
areas that have the potential to improve the path length. Through iterative
iterations, Informed RRT™* can converge towards a path that is close to optimal
more rapidly than RRT™*.

However, the Informed RRT* algorithm is the same as RRT* because when
an initial path is not found, the elliptical sampling region can be considered
infinite. This drawback is a notable limitation of Informed RRT*. It entails a
significant time cost associated with searching for an initial path for optimiza-
tion. Furthermore, due to the inherent randomness of RRT*, there is a possibility
of obtaining a low-quality initial solution. Consequently, a substantial portion
of the algorithm’s execution time may be spent without achieving substantial
improvements in path optimization.
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3 Informed RRT*-Connect Based on APF

In this section, an accelerated Informed RRT* algorithm combined with RRT-
connect and APF method is proposed to improve the Informed RRT*. The
overall framework of the proposed algorithm is illustrated in Fig.2. Its main
idea is to utilize prior information about obstacles to generate a virtual potential
field as a sampling bias. Additionally, it leverages the characteristics of RRT-
connect, which uses bidirectional greedy connections, to rapidly find a high-
quality initial solution. This approach accelerates the path optimization process
of Informed RRT*. The algorithm is mainly divided into three parts: 1) APF
Biased Sampling, 2) RRT*-connect (Initial path finding), 3) Informed RRT*
with better initial solution (Informed heuristic sampling path optimization).

rewire Q
\\\

Xrechoose
Tree V1

Xnew Tree V;
Xrand

Obstacle start | Obstacle rechoose parent

xgoal

Tree V ’

\ Xstart Obstacle
Xstart Obstacle N

Xgoal N

r——m—_

© (d)

Fig. 2. The overall schematic diagram of the Informed RRT*-connect algorithm based
on APF. (a) Illustration of the sampling bias guided by APF. Orange node xanq is the
biased sampling point guided by the APF and ;and is the original sampling point. (b)
Ilustration of the parent node re-selection and node rewiring in RRT*-connect. The
blue circle is the optimized node ranges with the rewire radius. Zrechoose and Trewire
are the selected optimized nodes. (c) Illustration of the generation of the initial path
in RRT*-connect. The direction of the arrows inside the figure represents the parent-
child relationships, pointing from a node to its parent node. (d) Ilustration of the
integration of bidirectional trees and the elliptical heuristic sampling based on the
initial path. (Color figure online)

3.1 APF Biased Sampling

RRT-connect and Informed RRT* algorithm does not effectively utilize obstacle
information, which can lead to low efficiency in sampling and path planning.
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Therefore, it will consume a significant amount of time sampling on obstacles
or in infeasible areas, especially when there are a large number of obstacles. To
solve this problem, the APF method [13] is introduced into the whole sampling
process, and an adaptive attractive potential field is set up at the target point,
and an adaptive repulsive potential field is set up at the obstacle. Under the
influence of the attractive and repulsive potential fields, newly sampled points
will be biased, being pushed away from obstacles and towards the direction closer
to the goal point.

The principle of APF is shown in Fig.2(a). Assume the new sampling point
iS Tyand and Tpear 18 the nearest point of the x,.nq in the tree Vi. Fyyy is the
adaptive attractive force generate by Zgoal tO Znear, Which is proportional to the
distance from the nearest point to the goal point,

Fatt (xnear) - kp(xneara mgoal); (4)

where p(Znear, Tgoal is the Euclidean distance from @jear t0 Zgoal-

Fc; i is the adaptive repulsion force generate by the obstacle ¢ in the environ-
ment t0 Xpear, which is inversely proportional to the distance from the nearest
point to the contour of each the obstacles,

3 (l - L)2 d<p
Frep,i (xnear) - d Po ’ 0 (5)

where d = p(Zpear, Tobs) is the Euclidean distance from zp.,, to obstacle i. pg
is the threshold distance of the repulsion force, which means that the repulsion
force occurs only when the distance from x,., to the obstacle is less than the
threshold.

Therefore, the resultant force Fioia experienced at point Zpe.r can be
expressed as follows:

Ftotal (xrear ) - Fatt (:Enear) + Z Frep,i (xnear) (6)

where n is the total number of the obstacles in the environment.

Under the guidance of APF, the newly sampled point z..,nq will undergo
a certain displacement in the direction of the resultant force, resulting in a
new biased sampling point, denoted as ... Specifically, this is achieved by
synthesizing the unit vector between z,.,,q and xye,, with the unit vector of
the resultant force Fiota1. The point is then offset along this synthesized vector
along the synthesized vector direction by a distance equal to the magnitude of
the vector multiplied by a half of the step size €, which can be calculated by

9 ( Lrand — Lnear + -Flcotal (xnear) >

€T =T + =
new near 9 ’xrand _ xnear‘ ’Ftotal («rnear)’

(7)

where € is the step size that is a parameter of the algorithm; 2rend —Zuear g the

) |xrand —Znear |
Ftotal(xnear)

Frovar (Tmcar)| is the unit vector in the total

unit vector from x,eqr to the x,an,q and
force direction, respectively.
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The biased sampling guided by APF allows for better utilization of obstacle
information in the map, reducing the number of invalid samples and greatly
improving the efficiency of the sampling process. As shown in Fig.2(a), when a
new sampling point falls within an obstacle, the influence of APF enables the
point to be biased towards the area outside the obstacle. This makes the sampling
process effective and partially addresses the issue of low sampling efficiency in
sample-based path planning algorithms. The APF-biased sampling function is
shown in Algorithm 1.

Algorithm 1. APF _biased(Zrand; Tnears Tgoal, Lobs)

Fattract < Calculate_attract(Tnear, Tgoal);
for Obs in z.ps do
Frepuisiont+ = Calculate_repusion(zpear, Obs);
Fiotar = Fattract + Frepulsion;
Delta = 0.5 % € * Fiotar/norm(Fiotal);
Tnew = Trand + Delta;
return Tpew

3.2 RRT*-Connect Fast Solution Initialization

To address the issue of lengthy computation time in finding feasible paths using
the RRT algorithm and to allocate more time for improving path quality, we
have combined the optimization node approach of RRT* with the fast feasibility
searching capability of RRT-connect. This integration has resulted in the devel-
opment of the RRT*-connect method. This method enables the rapid finding of
feasible paths with higher quality, which can then serve as the starting point for
optimization in Informed RRT*.

As shown in Fig.2(b), RRT*-connect follows a similar approach to RRT-
connect, where two trees V; and V5, are grown outward from the start and goal
points, respectively, to quickly connect the two trees and obtain a feasible path.
Moreover, we have incorporated the optimization node technique from RRT*
by introducing parent node re-selection and rewiring. These steps are utilized
to optimize the parent node relationships between the sampled nodes and their
neighboring nodes. Specifically, once the sampling point zey is determined, a
search is conducted within a designated rewire radius to locate nearby nodes.
These nodes are then evaluated as potential parent nodes for .. The evalua-
tion involves comparing the path length from z,., to the start point, selecting
the node Z,cchoose that results in the shortest path be the parent node of xcy.
Subsequently, rewire process is to assigned the x,.y as the parent node for the
nodes found within the rewire radius, and their path length changes are exam-
ined. Among these nodes, the node Z,.wire With the shortest path length, after
rewiring its parent node to v, is selected.
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Algorithm 2. RRT star_connect (Tstart, Tgoal)

1: Vi — {xstart }; E1 < 0; G1 — (Vi, En)
2: Vo {xgoal};EZ — ®;G2 — (VZ,EZ);
3: 1+ 0;
4: while 7 < N do
5:  Zyand < Sample(i);i «— i+ 1;
6:  Znearest < Nearst(Gi,Trand));
7 Lrand < Steer(xnearesty xrand);
8:  Tnew «— APF_biased(Trand, Tnearest, Lgoal);
9:  if ObstacleFree(Tnearst, Tnew) then
10: Tneighbor < Neighbor(Vi, Tnew)
11: Vi— ViU Znew;
12: by — E1 U (xnearest, xnew);
13: Choose_parent(Tnew, Tneighbor )
14: Rewire(Tnew, Tneighbor)
15: x;zearest — NeaTSt(G27 xnew));
16: Tnew — Steer(Tnearests Tnew));
17: if ObstacleFree( ;earest,x;ew) then
18: ‘/2 — V2 @) .CL‘new,
19: Ey — Ey U (xnearesta xnew)
20: while NOT xnew = Tpew doO
21: ac;;ew — Steer(x;ew, Tnew));
22: if ObstacleFree( Tnews ;ww) then
23: Vo = Vo U xnew,
24: E2 — b U (xnearesh xnew)
25: xnew — xnew
26: else
27: break;
28: if x;ww = Znew then
29: return (Gq,Gb)
30:  if |Va| < |Vi| then
31: Swap(Ga, Gy)

After the optimization steps are performed, the node z, . in tree V5, which
is closest to Tpew, 1s extended towards z,.w. The extension continues until
the extended node a:new and x,.y coincide, indicating a successful connection
between the two trees. At this point, a better initial solution can be obtained by
combining the tree V5 and V3, as shown in Fig. 2(c). The proposed RRT*-connect
with APF-biased sampling can be shown in Algorithm 2. Line 8, 13, and 14 is
the improved part of the original RRT-connect algorithm.

3.3 Informed RRT* Optimization

After RRT*-connect completes the initial path finding, the nodes in the V; and
V5 trees have been connected together, but since the two trees are connected
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from the target point to the new sampling nodes. The parent relationship of
nodes in V5 needs to be reversed to match the V; to merge to a new tree V', as
shown in Fig.2(d).

Finally, an corresponding ellipse is generated according to the length of the
generated initial path and the distance between the start point and the end point
to guide the sampling range of RRT* in the path optimization process. Then
the size of the ellipse is further reduced according to the optimized path length
to further reduce the sampling range and converge to the optimal path.

The whole process of the algorithm is shown in Algorithm 3. Line 5, 6, 7, 8,
and 14 is the improved content of the Informed RRT*.

4 Simulation Results and Discussion

In this section, simulation was conducted to fully verify the effectiveness of the
proposed algorithm compared to different existing RRT path planning algo-
rithms. The simulation is divided into two parts: 1) Simulation with fixed iter-
ations. This part is to compare the average path length and the successful rate
of finding the path with a fixed number of iterations. 2) Simulation with fixed
path length. This part is to compare the average time and the average iterations
consumed to find a fixed length of path with the three different algorithm.

4.1 Simulation with Fixed Iterations

In the first simulation, two maps with rectangular and circle obstacles is used
to test the performance of four different algorithms, include Informed RRT*-
connect based on APF, Informed RRT*, RRT*, RRT, and RRT-connect, under
a fixed number of iterations. Specifically, we will compare the success rate of
finding paths (for RRT-connect and RRT) and the path lengths obtained by the
other three optimization algorithms.

The start point and end point are located in the lower left corner and upper
right corner of the map, as shown in the Fig. 3. In the tow maps, the maximum
number of iterations N of the five algorithms is set to 1000 and 2000, and the step
size is set to 1. By running the algorithms 500 times in a loop, the corresponding
evaluation metric are calculated for comparison. The specific results are shown
in Table 1 and Table 2.

We can see from both Table 1 and Table 2 that Informed RRT*-connect based
on APF has successfully found the path in all the iterations, which is the highest
among the other algorithms. The length of the path found by Informed RRT*-
connect is shortest, compared with the same asymptotically optimal RRT* and
Informed RRT*. Specifically, compared to Informed RRT*, although it can even-
tually find a nearly optimal path, due to the acceleration of RRT*-connect in
finding the initial solution, the overall planning time is around 4% shorter than
Informed RRT*. It is worth noting that due to the introduction of rewire and
APF sampling methods, Informed RRT*-Connect based on APF outperforms
RRT-connect in finding the initial path, with an average reduction of about 18%
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in iteration count. In the two maps, the average initial path length found by
RRT*-Connect based on APF is 67.696 and 70.754, respectively, which is also
shorter than the average path length 69.076 and 76.162 found by RRT-connect.

Informed RRT*-connect-APF, N = 1000

Informed rrt*, N = 1000

rmed RRT*-connect-APF, N = 2000

Informed rrt*, N = 2000

RRT_CONNECT N=1000

‘@

.
"
@ @ = @

Fig. 3. Comparative illustration of the algorithm results from the first set of simulation
experiments. The four images, from left to right and top to bottom, depict the path
planning results of Informed RRT*-connect based on APF, Informed RRT*, RRT-
connect, and RRT algorithms, respectively. The blue point is the starting point Zstart
and the red point is the goal point xg.a1, respectively. In the first plot of each simulation,
the blue line is the initial solution found by RRT*-connect, and the red line is the final
optimal path. (a) The results in Map A. Map A is a 50%30 two-dimensional map,
consisting of four rectangles and four circles evenly distributed. (b) The results in Map
B. Map B is a 50%30 two-dimensional map, consisting of three rectangles and three
circles. (Color figure online)

Table 1. The Performance Comparison in Map A (N =1000)

Ave time | Ave path length | Iter for finding path | Success rate
RRT 0.1119 70.534 619.11 0.702
RRT* 0.3996 69.135 - 0.674
RRT-connect 0.0483 69.076 354.18 0.978
IRRT* 3.800 57.051 - 0.682
IRRT*-connect-APF | 3.951 56.260 291.60 1.000
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Table 2. The Performance Comparison in Map B (N =2000)

Ave time | Ave path length | Iter for finding path | Success rate
RRT 0.1274 77.124 1039.98 0.911
RRT* 1.1225 73.940 - 0.932
RRT-connect 0.0592 76.162 773.42 0.992
IRRT* 8.6232 58.102 - 0.960
IRRT*-connect-APF | 7.9003 55.930 638.90 1.000

4.2 Simulation with Fixed Path Length

The second simulation was conducted on five randomly generated 30 * 50 maps
with circle obstacles. The criteria for generating these maps included the presence
of 25 circular obstacles, ensuring that the distance between any two obstacles
was not less than 1 unit. The radius of the obstacles ranged from 1 to 5 units.
The size of each map was set to 50 units in width and 30 units in height. To
prevent any overlap between the randomly generated obstacles and the starting
and ending points, the coordinates of the obstacles were constrained within the
range ([4,46], [4,26]). The coordinates of the starting point were (2,2), and the
coordinates of the ending point were (48, 28). The five random maps can be seen
in Fig. 4.

Informed RRT*-Connect-APF Informed RRT*-Connect-APF Informed RRT*-Connect-APF
351 — RRT*-connect-APF £

— RR

~connect-APF
—— Informed RRT*-Connect-APF

Informed RRT*-Connect-APF

351 — RRT*connect- APF 351 — RRT*-connect-APF
— Informed RRT*-Connect-APF _ — informed RRT+-Connect-APF

0 10 20 30 40 50 0 10 20 30 40 50

Map 4 Map 5

Fig. 4. Path planning results of Informed RRT*-connect based on APF on five ran-
domly generated test maps, with the blue dots representing the start points xstars and
the red dots representing the goal points Zgea1. (Color figure online)

In the random maps, the start and target points are fixed, thus the theoretical
shortest distance of the path can be calculated as 52.839. Due to the presence
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Fig. 5. Comparison of the time and iteration count required by the three algorithms
to find the optimal path on five different test maps.

of obstacles, the feasible path length will increase. The path is considered to
be optimal when its length is less than 110% of the theoretical shortest length,
i.e. 55.480. Once an optimal path is found, the algorithm terminates, and the
running time and number of iterations required are recorded. In Simulation 2,
all three algorithms will be iterated 100 times on each random map.

The average runtime and iteration count of the three algorithms on each map
are compared in Fig. 5. From the results, it can be observed that across all five
random maps, the proposed Informed RRT*-Connect based on APF algorithm
can find the optimal path in less than 1s, while RRT* and Informed RRT*
require at least 3 to 4 times more time to find the same optimal path. Regarding
the iteration count, on four out of the five maps, Informed RRT*-Connect based
on APF has fewer iterations compared to the other two algorithms, approxi-
mately 50% of the iteration count of the other algorithms.

The experimental results demonstrate that the proposed algorithm, utilizing
the acceleration of RRT-Connect and the bias sampling of APF, can quickly find
a better quality initial path, enabling rapid convergence in subsequent optimiza-
tion steps. Compared to RRT* and Informed RRT*, we speculate that the main
reason for the improvement is that the proposed algorithm reduces the sam-
pling time spent in obstacle regions and globally invalid areas, thus significantly
enhancing the algorithm’s performance.
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Algorithm 3. Informed RRT star_connect based on APF

1: V20
2: E«— 10
3: Xsoln — 0
4: T — (V,E)
5: (Ga,Gy) = RRT star_connect(Tstart, Tgoal)
6: V «— Vi U Reverse(Vz)
7: Cpest = Cost(V[—1])
8: Tsoln < Tsoln U {V[—-1]}
9: for iteration = 1 to N do
10:  Chest <+ minges,,,, (Cost)
11: Lrand < Sample(xstart, Tgoal, Cbest)
12:  Znearest < Nearest(V, Zrand)
13: Lrand < Steer(mnearest; xrand)
14:  Znew «— APF_biased(Trand, Tnearest, Tgoal);
15:  if CollisionFree(Znearest, Tnew) then
16: V — VU {Znew}
17: Znear < Near(V, Tnew, "/RRT*)
18: Lmin < TLnearest
19: Cmin < Cost(Zmin) + ¢ - Line(Znearest, Tnew)
20: for Viear € Tnear dO
21: Chew < Cost(Znear) + ¢ - Line(Znear, Tnew)
22: if Chew < Cmin then
23: if CollisionFree(Tnear, Tnew) then
24: Lmin < Tnear
25: Cmin — Cnew
26: E — E U {(Zmin, Tnew) }
27: for Vnear € Near(V, Tnew, TRRT*) do
28: Chear <+ Cost(Znear)
29: Chew < Cost(Znew) + ¢ - Line(ZTnew, Tnear)
30: if Chew < Chear then
31: if CollisionFree(Tnew, Tnear) then
32: Tparent <— Parent(Tnear)
33: E — E U {(Zparent; Tnear) }
34: EF—FEU {(xnew, xnear)}
35: if InGoalRegion(znew) then
36: Tsoln ¢ Tsoln U {xnew}
37: return T

5 Conclusion and Future Work

In this paper, we proposed a accelerated Informed RRT* algorithm to find the
optimal path in a fast way. The proposed algorithm, through the utilization
of bidirectional connection and sampling bias, achieves rapid identification of
the optimal path. The results from two distinct sets of simulation experiments
demonstrate a significant improvement of the proposed method compared to
RRT* and Informed RRT* under fixed iteration count and fixed path length
conditions. This underscores the importance of effectively utilizing obstacle infor-
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mation and minimizing unnecessary sampling in sampling-based path planning
algorithms, as it leads to substantial enhancements in both time optimality and
length optimality of the generated paths.

The future work includes evaluating the algorithm’s performance in the pres-
ence of dynamic obstacles and deploying the algorithm on physical robot hard-
ware systems and testing its effectiveness.
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