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Ant Colony System Considering the Iteration Search
Frequency that the Global Optimal Path does not
Improved
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Abstract

Ant Colony System is new meta heuristic for hard combinatorial optimization problem. The original ant
colony system accomplishes a pheromone updating about only the global optimal path using global updating
rule. But, If the global optimal path is not searched until the end condition is satisfied, only pheromone
evaporation happens to no matter how a lot of iteration accomplishment. In this paper, the length of the
global optimal path does not improved within the limited iterations, we evaluates this state that fall into the
local optimum and selects the next node using changed parameters in the state transition rule. This method
has effectiveness of the search for a path through diversifications is enhanced by decreasing the value of
parameter of the state transition rules for the select of next node, and escape from the local optima is

possible. Finally, the performance of Best and Average Best of proposed algorithm outperforms original ACS.
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Initialize
Loop /* at this level each loop is called an
iteration *

Each ant is positioned on a starting node

Loop/ at this level each loop is called a
step

Each ant applies a state transition rule to
incrementally build a solution and a Iocal
pheromone updating rule

Until all ants have built a complete solution
A global pheromone updating rule is applied
Until End_condition

T2 1. 7Ha| ek A
Fig 1. Ant Colony System
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/* Agents build their towns.
stored in Tour, */
For 2:=1 to n do
If i<n then
For k:=1 to s, do
for Cyce:=1 to C do
if(not find Z,, in limit cycle)

The tour of agent k is

Choose the next node s, according to

formula(1) and formula(2) using
changed parameten&0.6,3=1.1)

If i<n—1 Then
Ji(s) = (r) = s,

If i=n—1 Then
J(s,) = (r,)—

Tour,, (i) := (V‘k, Sk)

s, 1y

else
Choose the next node s, according to

formula(1) and foz‘mu]a(2) using
default parameten(=1 2)

If i<n—1 Then
J(s,) = (r,)—
If i=n—1 Then
J(sp) = (r,) =
Tour, (i) := (ry, s,.)
End-for
Else

s, T

For k:=1 to m do

/* all the agents go back to the initial node

Tr1

§i=Th

Tour,, (1) ==

End-for
End-for

(rp>s,)

T2 2. JHE Aeito] T
Fig 2. The Improved State Transition Rule
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Table 1. The experimental result which changes the parameter of state transition rule, when the global optimal path does not improve during 100
iterations(less than 1000 nodes)

ACS-3-opt ACS-72= JE ACS
Known
Best Average | Average Average | Average Average | Average
25 Best Iterations Eest Best Iterations 225 Best Iterations
eil51 426 426 426.0 34.1 426 426.0 103.6 426 426 22.6

d198 15780 15780 15780.0 1195.7 15780 15780.0 1878.4 15780 15780 2075.5

a280 2579 2579 2579.0 22.4 2579 2579.0 113.9 2579 2579.0 184.9

prd39 | 107217 | 107217 107234.6 1262.6 107217 107225.8 175.6 107217 107225.8 214.2

pcbd42 | 50778 50778 50876.0 21111 50778 50845 4360.8 50778 50860.1 2342.9

atts32 | 27686 27686 27701.4 1925.6 27686 27699.3 1900.0 27686 27702.5 1987.2

rat783 8806 8806 8826.6 3485.5 8806 8817.7 3141.9 8806 8813.2 2730.1

2. ¥ 25 Z27} 1008 ghe SOt SFUEX| gie ZF LElEo] ale| mRja[EE waltt A Zni(ie=a7} 10007H oY)

Table 2. The experimental result which changes the parameter of state transition rule, when the global optimal path does not improve during 100
iterations(more than 1000 nodes)

ACS-3-opt ACS-72= JIE ACS
Known
Best Bost Average Aver.age Best Average Aver.age Bost Average | Ave r.age
Best Iterations Best Iterations Best Iterations

vm1084 | 239297 | 239297 | 239417.7 920.1 239349 | 239484.4 1423.4 239297 | 239399.4 1236.6

pcb1173 | 56892 56893 56998.1 15689.5 56901 56991.1 1980.8 56893 56987.3 1508.3

d1291 50801 50801 50843.5 940.6 50801 50856.5 665.3 50801 50841.8 621.8

rl1323 | 270199 | 270547 | 270935.3 1280.5 270755 | 270882.9 1106.7 270254 | 270758.8 1116.1

nrw1379 | 56638 56697 56791.9 1671.6 56695 56754.6 1749.6 56688 56751.4 1413.4

u1432 | 152970 | 153284 | 153464.1 2336.7 153265 153599.2 2808.3 1563260 163457.7 2600.4

vm1748 | 336bb6 | 336834 | 337164.7 888.7 336925 | 337232.2 879.9 336834 | 337192.9 843.8

rl1889 | 316536 | 317693 | 318646.4 1030.8 317268 | 318458.1 995.6 317526 | 318416.1 720.6
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