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ABSTRACT

Optimal path planning refers to find the safe route to the destination at a low cost, is a
major problem with regard to autonomous navigation. Sampling Based Planning(SBP)
approaches, such as Rapidly-exploring Random Tree Star(RRT*), are the most influential
algorithm in path planning due to their relatively small calculations and scalability to
high-dimensional problems. RRT*-Smart introduced path optimization and biased sampling
techniques into RRT* to increase convergent rate. This paper presents an improvement plan
that has changed the biased sampling method to increase the initial convergent rate of the
RRT*-Smart, which is specified as mRRT*-Smart. With comparison among RRT*, RRT*-Smart
and mMRRT*Smart in 2 & 3-D environments, mRRT*-Smart showed similar or increased
initial convergent rate than RRT* and RRT*-Smart.
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Fig 1. RRT, RRT* Algorithm

Algorithm 1: RRT* pseudo code

Input : @ip, X_qaul

Output: Tree T' = (V, E)

1V <—‘r[,m,E<—({):

2 fori=1,..,N do

3 Zrand ¢ RandomSample (i);

4 Tnearest +— Nearest (T, Tyond);

5 Fveiy F—BEOST B rmarents Tranald;

6 if ObstacleFree (T cqrests Enew) then

7 V+— VU{Znew};

8 Xpear — Near (T, e, 1)

9 ChooseParent (X, cars Trearests Tnews B);
10 Rewiring (X, cars Tnew: £);
11 end

12 end

Fig 2. RRT* pseudo code
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Fig 3. Path Optimization

Algorithm 2: mRRT*- Smart pseudo code
Input : Tini, Xguu!
Output: Tree T'= (V, E)
1V & Zinit, B+ 0
2 fori=1,..,N do

3 ifi=n+bn~+2b,.. then
4 | Tyand < RandomSample (i, Tpeqcons);
5 else
6 | ZTrand — RandomSample (i);
- end
8 Tnearest +— Nearest (T, T qnd);
9 | Znew ¢ Steer(Tnearest,Trand);
10 if ObstacleFree (T, corest, Tnew) then
11 V VU {znew};
12 Xopear — Near (T, e, 7);
13 ChooseParent (X, cor; Tnearests Tnews £
14 Rewiring (X, cor Tnew, £);
15 if InitialPathFound then
16 ‘ n 4 i
17 end
18 (T, opteost) < PathOptimization (T, Zinit, Tgoal);
19 if optcost ey < optcostyyy then
20 | beacons < PathOptimization(T, Tinit, Tgoal);
21 end
22 end
23 end

Fig 4. mRRT*-Smart pseudo code
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Table 1. Simulation setting
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Table 2. Bias sampling setting

Biasing ratio | Biasing radius
RRT*-Smart 1~5 1~9

mRRT*-Smart 1~5 0.1~9
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(a) Case 1 (n=2000)

(b) Case 2 (n=2000)

(c) Case 3 (n=2000)

(d) Case 4 (n=3500)

(e) Case 1 (n=2000)

(f) Case 2 (n=2000)
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(h) Case 4 (n=3500)

(i) Case 1 (n=2000)
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Fig 6. A comparison of 2-D simulation results. RRT* is shown in (a)-(d), RRT*-Smart is
shown in (e)-(f) and mRRT*-Smart is shown in (i)-=(I)
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Fig 7. Costs against iterations(S=RRT*-Smart, M=mRRT*-Smart)
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Table 3. Path planning results at 1000, 1500, 2000 and 2500 iterations for 2-D case 1, 2, 3 &
3000, 3500, 4000, and 4500 iterations for 2-D case 4

s ona|E Biasing | Biasing d HE | o HE | E HE | HZ HE | FHFH

Ratio | Radius | (n=1000) | (n=1500) | (n=2000) | (n=2500) | HI&
RRT* x 89.94 86.75 86.7 86.36

2-D Casef RRT*-Smart 5 5 85.35 84.30 84.27 84.27 83.03
mMRRT*-Smart 84.12 83.99 83.95 83.95
RRT+ x 135.8 1239 1225 122.4

2-D Case2 RRT*-Smart 130.2 1238 1216 119.8 17.2
mRRT+*-Smart 2 ° 129.5 124.3 120.9 118.2
RRT* x 100.0 97.8 96.6 94.2

2-D CaseS RRT*-Smart 99.8 95.8 92.7 91.9 84.9
MRRT*-Smart 2 ° 99.7 924 88.4 86.6
RRT+ x 1439 132.5 130.1 128.7

2-D Case4 RRT*-Smart 136.4 129.5 128.9 123.2 118.8
mRRT+-Smart g ° 135.9 124.3 121.9 120.8
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Fig 8. A comparison of 3-D simulation results at n=2000
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lable 4. Path planning results at 1000, 1500, 2000 and 2500 iterations for 3-D Case

8z IS Biasi.ng Biasling Ha H & o H|& Ho H| & Hd H& E= B
Ratio | Radius | (n=1000) | (n=1500) | (n=2000) | (n=2500) | HI&
RRT+ x 2315 229.4 2054 2023
3-D Case RRT*-Smart ) 5 196.1 192.5 189.7 188.8 184.0
mRRT+*Smart 191.2 188.5 187.4 186.5
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