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Improved Heterogeneous—Ants—Based Path Planner using RRT*
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Abstract: Path planning is an important problem to solve in robotics and there has been many related
studies so far. In the previous research, we proposed the Heterogeneous-Ants-Based Path Planner
(HAB-PP) for the global path planning of mobile robots. The conventional path planners using grid
map had discrete state transitions that constrain the only movement of an agent to multiples of 45
degrees. The HAB-PP provided the smoother path using the heterogeneous ants unlike the
conventional path planners based on Ant Colony Optimization (ACO) algorithm. The planner,
however, has the problem that the optimization of the path once found is fast but it takes a lot of time
to find the first path to the goal point. Also, the HAB-PP often falls into a local optimum solution. To
solve these problems, this paper proposes an improved ant-inspired path planner using the
Rapidly-exploring Random Tree-star (RRT*). The key ideas are to use RRT* as the characteristic of
another heterogeneous ant and to share the information for the found path through the pheromone field.
The comparative simulations with several scenarios verify the performance of the improved HAB-PP.
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[Fig. 1] Example of movement constrained to multiples of 45
degrees (black cell is obstacle)



[Table 1] Characteristics of HAB-PP!"!
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Characteristic Scheme Expected Effect
MOdiﬁ_ed Factor Normalization Instinctive parameter value selection
Transition
Probability Modified Visibility Field (MVF) Reduce computation time, Consideration of robot size
Function
(MTPF) Added Angle Change Factor Straight-line path
Modified Change of Timing for Pheromone Update Fast convergence
Pheromone Limit of Cumulative Pheromone Quantity Path diversity and exploration
Update Rule Path Crossover (PC) Fast convergence, Additional path obtained without search
(MPUR) Normalized Pheromone Trail Value Instinctive parameter value selection
Various Species of Ants Reduce computation time, Straight-line path
Heterogeneous o . .. . .
Ants (HA) Dynamic Sight Expansion Principle Straight-line path, Support path crossover scheme
Pheromone Interpolation between Points Support path crossover scheme

Shortsighted Ant (SA) (for CACO)
¥ Sight range : 1 cell

v Speed: 1 or+/2 /unit time

v Exploration

General Ant (GA)
v Various sight
v Various speed
v Making smooth path

Far-sighted Ant (FA)
v’ Far-sight

v' High speed

v Reducing computation time

/\ E\

™

¥ Various sight

v’ Various speed

v' Highest probability value point selection
v Making smooth path at the end

v" Exploitation

Super Far-sighted Ant (SFA)
Far-sight

High speed

Highest probability value point selection
Reducing computation time

Making smooth path

A N NS

[Table 2] Pseudocode of HAB-PP['”)

Algorithm 1 HAB-PP for Global Path Planning
1: Gerlnformation(Map):

2: SerParamerers(Ns_.\. NGA; Nra, Nsca, Nsga, Np, NR):
3: SetParameters(ct, B, ¥, P, kmix, do, Wi, Wa, Wp):
4: mitialize(%, 7, Ty, Lg);
5 om0 > ny: Iteration Number
6: while Termination condition doesn’t meet do
7: np—n+1;
8: np «0; > ng: Rank List Number
9: fork=1to N, do > Ny: # of Total Ants
10: M Ant k’s travel start.
11: J ¢ RouletreSelect(p%);
12: Lig < Js
13: PathPruning(j):
14: if j = g then > g: Goal Point
15: ng —np+1;
16: Lg(Ng +ng) < Tyx:
17: Initialize(Taz);
18: end if
19: end for
20: if Arrived ant(s) exist then big >0
21: PathCrossover(Lg(1),--+, Lg(Np), Lg(Ng+1),--+, Lg(Ng +ng)):
22: end if

23: // Sort and Cut L by Ng.

24 Sort(Lg(1), -, Lg(Ng +ng), ---, Lg(Ng +ng+Np)):
25: Lg + Cut (Lg(1), ---, Lg(Ng)):

26: // Update pheromone.

27: U pdatePheromone(T);

28: end while

29: return Lg(1);

[Fig. 2] Heterogeneous Ants for HAB-PP
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[Table 3] Pseudocode of RRT**!!

Algorithm 2 RRT* for Global Path Planning

11 Ve {Xpan b

2: E+0;

3: SetParameters(N):;
4: fori=1toN do

> Na: # of Iterations

5: Xrand < Sampling(i);
0: Xnearese < Nearest(Xrana, V);
T Xew < Steer(Xncarest» Xrand);
8: if CollisionFree(Xnearesr» Xrand) then
9: Ximin 4= Xncarest’
10: Cmin 4= Cost(Xnearest s V) + Cost (Xneares: . Xnew):
11: Xear + Near(Xyew. V):
12: for all Xpear € Xpear do > Choose parent
13: if CollisionFree(Xyear; Xnew) then
14: Cnew < Cost (Xnear. V) + Cost (Xnear- Xnew):
15: if Cpeyy < Cprin then
16: Xmin < Xnear:
17: Cmiin <= Cnew?
18: end if
19: end if
20: end for
21: V4 VU {Xpe 1
22: E < EU{(Xmin. Xnew)}:
23: for all Xyeqr € Xpear\{Xmin } d0 & Rewire near nodes
24: if CollisionFree(Xpew. Xnear) then
25: Cnear 4 COSt(Xnew, V) + Cost (Xpew s Xnear):
26: if Cpear < COSt(Xpeqr. V) then
27: Xparem 4 Parent (Xyeqr ):
28: E « ]E\{(Xpnrem» Xumr)}'-
29: E < EU{(Xnew: Xnear) }:
30: end if
31: end if
32: end for
33: end if
34: end for

35: returnV, E;
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