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Improved Path Planning Algorithm based on Informed
RRT+* using Gridmap Skeletonization

el Fl.fa At
Younghoon Park!, Hyejeong Ryu'

Abstract: RRT* (Rapidly exploring Random Tree*) based algorithms are widely used for path
planning. Informed RRT* uses RRT* for generating an initial path and optimizes the path by limiting
sampling regions to the area around the initial path. RRT* algorithms have several limitations such as
slow convergence speed, large memory requirements, and difficulties in finding paths when narrow
aisles or doors exist. In this paper, we propose an algorithm to deal with these problems. The proposed
algorithm applies the image skeletonization to the gridmap image for generating an initial path.
Because this initial path is close to the optimal cost path even in the complex environments, the cost
can converge to the optimum more quickly in the proposed algorithm than in the conventional
Informed RRT*. Also, we can reduce the number of nodes and memory requirement. The performance
of the proposed algorithm is verified by comparison with the conventional Informed RRT* and

Informed RRT* using initial path generated by A*.

Keuwords: Path Planning, Skeletonization, Rapidly-exploring Random Tree, Informed RRT*
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[Table 1] Computational time of Morphological skeletonization
and Zhang-Suen skeletonization for Intel Lab. grid map

Skeletonization method | Morphological Zhang-Suen
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[Fig. 2] Procedure of the proposed path planning algorithm
using a gridmap image skeletonization: (a) Skeletonization of
the gridmap (b) Node extraction (c) the initial path calculation
(d) Sampling using Informed RRT* (e) the final optimized path
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[Fig. 3] Proposed algorithm using gridmap skeletionization
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[Table 2] Pseudocode of the proposed algorithm using gridmap
skeletonization

Algorithm 1. Proposed Algorithm(Znage;,, 1> Potare> Pyoas> )
1 TZree.init();

2 Image 0y, < Skeletonization(Zinage;,,,,);

3 NodePoint Array < detectNode(Zmage,;,;,10n> 7);

4 Tree « generatelnitPath(Node Point Array, p
5 for i=0 to =N do

6 p,,.q — informedSample(i);

T Dpearess < nearest(Zree, p,...);

8 Duew  SWCI(D, curest> Prana)s

9 if obstacleFree(p,,, ) then

10 p,,,, < nearp,,,, Tree);

11 if noCollision(p,,,,, »,.,,) then
12 p.in < chooseParent(p,,, .., Poow )
13 Tree « addNode(p,,,, Pmin);

14 Tree.rewire();

15 retun 7ec;
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[Fig. 4] Path planning results -
(538, 511), goal position (323, 273), termination threshold < 460
pixels (a) Informed RRT*, (b) Informed RRT* with initial path
generated by A*, (¢) the proposed method

Simulation 1, starting position
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[Table 3] Path planning results - Simulation 1

Initial path| . . Total
. |Initial path .
computati computati [Number of

. cost .
onal time onal time | nodes

ixel
@ | D
Average | 7.2471 | 761.4732 | 16.4680 |2577.9800
Informed
Standard

RRT* .| 11.8878 | 3954210 | 13.5441 |1034.7982
deviation

A*+ | Average | 35.3767 | 470.5630 | 35.6633 | 543.3500

Informe | Standard

GRRT* | govingion | 00229 0 0.1320 | 49.7808
Average | 0.8077 | 507.8640 | 6.6512 |1654.8900

Proposed

algorithm| Standard | -, ¢4 0 34142 | 445.1050
deviation

[Table 4] Path planning results - Simulation 2

Initial path| . . Total
(© . |Initial path .
. . . . . . computati computati [Number of
[Fig. 5] Path planning results - Simulation 2, starting position . cost .
. o onal time . onal time | nodes
(63, 66), goal position (143, 274), termination threshold < 290 © (pixel) ©
pixels (a) Informed RRT*, (b) Informed RRT* with initial path X 609561 | 326.1167 | 68.9911 |a402.7200
generated by A*, (c) the proposed method nformed | — 2 2 : : :
RRT* Star.ld?rd 150.4129 | 88.5575 | 152.3045 |3886.9932
deviation

A*+ | Average | 15.9459 | 299.1370 | 16.0721 | 376.9200

Informe | Standard

ARRT* | govintion | 0166 0 0.0834 | 57.9189
Average | 2.1016 | 378.0440 | 6.7332 |1604.8900

Proposed Standard

algorithm| > 0046 0 27762 | 450.8043
deviation

[Table 5] Path planning results - Simulation 3

Initial path Total

. |Initial path .
computati P computati [Number of
. cost .
onal time onal time | nodes

ixel
@ |
Average | 8.8070 | 753.0917 | 17.2770 |2568.1100
Informed
Standard

RRT* .. 11.3597 | 232.8743 | 14.8896 |1269.6308
deviation

A*+ | Average | 7.5843 | 541.8060 | 8.6303 | 837.9300

Informe | Standard

d RRT* | deviation 0.0070 0 0.3937 | 99.7845
[Fig. 6] Path planning results - Simulation 3, starting position Proposed Average | 2.0958 | 6253470 | 5.0808 |1257.6800
(63, 66), goal position (176, 561), termination threshold < 520 o (f)r(;[ | Standard
pixels (a) Informed RRT#*, (b) Informed RRT* with initial path g deviation 0.0037 0 1.1468 | 218.2435
generated by A*, (c) the proposed method
29ul A ATk 7, ZASFE o] &3 darelFe] 271 4
e g Bol, 271 4

Aol el 2 G &S 7] wfZolch Informed RRT* Ml =2 A4 AIRY 355 A= 0.04 o] 3h2
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