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Abstract—Ant Colony Optimization (ACO) algorithm is a
stochastic algorithm that is used for solving combinational
optimization problem. It is inspired by the foraging behavior of
ant colony. The ant colony walks along density of pheromone
from ant's nest to feeding sources. It leads to create shortest path
from ant's nest to feeding sources. ACO is normally troubled
with the problems of trapping in local optimum. This paper
proposed an improved ACO algorithm by mutation is applied
with pheromone of ants when ant colony traps in local optimum.
The proposed technique is tested on twenty-two maps from the
Traveling Salesman Problem Library (TSPLIB) and gives more
satisfied search results in comparison with ACOs.
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1. INTRODUCTION

Dorigo M. [1] introduced Ant Colony Optimization
algorithm (ACO) in 1991. It is motivated by the foraging
behavior of ant colony [2], [3], [4]. ACO has been widely used
for solving optimization problems [5] such as job scheduling
problem, traveling salesman problem (TSP), network routing
and vehicle routing problem etc.

ACO attempts to search for shortest paths from ant's nest to
feeding sources. Each ant walks along density of pheromone
and releases pheromone among walking. This action causes the
pheromone that has much density in short paths. On the other
hand, pheromone has a little density in long paths [6], [7].

The advantages of ACO [5], [8], [9], [10], [11] are rapid
discovery of good solutions, efficient for Traveling Salesman
Problem (TSP) and similar problems. However, disadvantages
of ACO [5], [8], [9], [12] are long interval in operation and
easily chances on trapping in the local optimum.

To overcome disadvantages of ACO, many researchers
[13], [14], [9], [15] increased searching diversity in the ant
colony of ACO by adding the mutation technique in the
process of ACO. The experiment results of these researches
showed that mutation techniques can increase searching
performance of standard ACO and obtain better solutions than
standard ACO.

Many algorithms such as Particle Swarm Optimization
(PSO) [16], [17] add the mutation technique to improve
searching performance.
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The experiment results of these researches showed that
mutation techniques can increase searching performance and
obtain better solutions.

Reference [9] proposed mutation strategy is similar to
mutation operator of the Genetic Algorithms (GA). The
mutation strategy can enhance diversity of ant colony.
Reference [14] proposed mutation strategy apply to ACO. This
algorithm is called that ant colony optimization algorithm with
mutation mechanism (MACO). This algorithm, mutation
applied with the best ant. Then, if the result from mutation is
better than the best ant, the best ant is replaced by it. Reference
[13] proposed mutation strategy apply to ACO. This algorithm
is called that ant colony optimization algorithm with uniform
mutation using self-adaptive approach (ACOMS). This
algorithm, mutation applied with some ants. Then, if the result
from mutation is better than the mutated ant, the mutated ant is
replaced by it. From the experiment results show the
performance of MACO and ACOMS in solving combinatorial
optimization problems is better than that of the previous
modified ACO.

However, the weak point of ACOMS and MACO, number
of evaluation calls of them per an iteration are more than that
of ACO. If number of evaluation call is equal, ACOMS and
MACO may obtain solutions worse than ACO. Moreover, the
results from mutation cannot guide searching in next iteration.
Hence, mutation technique which is added seldom increase
diversity of ant colony.

To increase diversity of ant colony in next iteration and
constant number of evaluation call per an iteration. This paper
proposed a novel mutation technique apply with ACO to solve
TSP. The proposed technique, mutation are applied with
pheromone of ants when ant colony traps in local optimum.
This technique can increase diversity of ant colony but it does
not increase number of evaluation call when it is compared by
standard ACO.

A set of maps in the TSPLIB [18], [19] is used to compare
the standard ACO [6] by source code from [20], MACO [14],
ACOMS [13], and the proposed technique. The results show
that the quality of solutions of the proposed technique is better
than other compared algorithms in the TSPLIB.



The rest of this paper is organized as follows. Section 2
explains TSP, the basic ACO, the mutation operator, and ACO
with mutation. Section 3 explains modified ACO with
pheromone mutation (the proposed PSO algorithm). Section 4
explains the case studies of TSP, the experiment setup and
presents the experiment results. Section 5 concludes the paper
with a brief summary.

II.  RELATED WORK

A. Travelling Salesman Problem

Traveling salesman problem (TSP) [21] is well-known
combinational optimization problems and an NP-hard problem.
The TSP is the problem of finding a minimal cost closed path
that visits each city once.

A complete weighted graph G = (V, A) can be used to
represent a TSP. Where V is the set of n cities and A is the set
of paths fully connecting all cities. Each edge (d;) is the
distance between cities i and j. dj; is as follows:

di; = J(xi — %)%+ (i —yp)?

V={L,..,n},A={@4]):1j € V},d(Gj)=d(,1), Edge (i,j) € A
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B. Ant colony optimization

This paper shows applying ACO with TSP. An ant (A) is
the set of paths fully connecting all cities. The fitness function
or the objective function of TSP is as follows:

n-1
fitness of ant = diiyr tdyy 2)
2

ACO can be described shortly as follow. Initially, each
edge has an initial pheromone t; (0) between two cities. The
next step is select city of ant. The first city of each ant is
randomly selected, and then each ant selects next city
according to probability function as follows:

[Tij(t)]u[nij]B ,
- - , j € allowed
P, = | Zecatovea T OF T 3)
' 0 , otherwise

Where Pl-’fj is the probability of ant k chooses to move from
city 1 to city j, T is the pheromone, n; = 1/d;; is the inverse of
the distance, B is a parameter which determines the relative
importance of pheromone versus distance ( > 0). The result
from formula (3) that causes selecting edges which are shorter
and have a greater amount of pheromone. After selection cities
of ant has completed, the fitness of ant is calculated by (2). The
fitness of each ant is used to update pheromones according to
(4). The next step, repeat this until the stop condition is
reached.

At (t+n) = ptyj + Aty 4
m

Aty = Z T (5)
k=1

Where At;; is the sum of new enhanced pheromones at this
edge is degree of dissipate for pheromones, T{‘j is the amount of
pheromones of the k™ ant at its edge between t and t+n, p is a

coefficient such that (1 - p) represents the evaporation of trail
between time t and t+n. Q is a const, L, is fitness of ant k. A‘r{‘j
is calculated by (6).
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C. Ant colony optimization with mutation

if the k' ant uses edge (i, j)in its tour (6)

otherwise

Reference [14] proposed MACO. This paper uses concept
of simple mutation operation of Genetic Algorithm (GA) [22],
[23]. The main concept of MACO is can be summarized as
follows: After update pheromone step, randomly choose one or
more elements in the local best solution (Spes), change them.
The result from mutation is called that S’ pe. If S’ pes 1S better
than Snbcst s replace Snbcst by S,nbcst-

Reference [13] proposed ACOMS. The main concept of
MACO is can be summarized as follows: The mutation
operator is applied with ant. The new ant is generated from
mutation. If the fitness of the new ant is better than that of ant,
replace ant with the new ant. From the experiment results show
that both ACOMS and MACO have better performance in
solving TSP than the previous modified ACO algorithms.

However, the weak point of ACOMS and MACO are using
over evaluation call because ants of these techniques are
updated by mutation technique and ACO technique in each
iteration. Each iteration, they can guess solutions more than
ACO. Hence, they can obtain better solutions than ACO. On
the other hand, if amount of evaluation calls of ACO, ACOMS
and MACO are the same amount, ACOMS and MACO may
obtain worse solutions than ACO in some maps. Moreover, the
mutation cannot change guessing of solution in next iteration.
Hence, Ant colony has still moved along previous path. They
are hardly distributing to search for new area. Hence, the
diversity of ant colony is hardly increased.

III.  MODIFIED ACO WITH THE PHEROMONE MUTATION

As previously mentioned the main problem of applying
mutation technique is using over evaluation call and hardly
increase diversity of ant colony. To avoid these problems, this
paper proposed applying mutation with pheromone because
pheromone causes distribution of ant colony. Moreover, the
proposed algorithm does not increase evaluation call.

The trapping in local optimum is possible for ACO, which
leads to the stagnation of the searching in which the solution
obtained at the point of trapping, is repeatedly produced
irrespective of the length of searching time. Therefore, the
unchanged number of consecutive solution can indicate state of
ant colony when ant colony traps in local optimum. Normally,
the mutation should be used when colony trap or trend to trap
in local optimum [16], [17] to distribute ant colony to search in
other areas. The easy techniques to indicate the trapping state
of the ant colony is to monitor the unchanged number of the
best consecutive solution. Thereby, this paper proposed the
mutation period considered from the unchanged number of
consecutive solution.



In begin time of searching, pheromone occurs very
changing. When time passes, pheromone decreases changing.
Finally, pheromone hardly occurs changing. It causes to create
solutions which are similar to previous solutions. The obtained
solutions are not improved or Ant colony trapped in local
optimum. This event should take the previous pheromones,
which still have diversity of ant colony, replace the current
pheromones in some part to enhance diversity of ant colony
and chance of selection new paths. This technique is called that
mutation operation. The pheromones that are replaced should
cause to obtain the better solution because this pheromone can
find the better solution. The number of mutated pheromones or
the mutation rate depends on amount of cities. The mutation
rate is one-third of number of all cities. Therefore, this paper
proposed the novel mutation technique which can increase
performance searching solutions of ACO and get better
solutions. This technique is not increase evaluation calls but it
can increase diversity of population Moreover, the results from
mutation can affect to search of the next iteration. It is called
modified ACO with Pheromone Mutation (ACOPM). Pseudo
code of ACOPM is shown below:

Initialize edges (i, j) and pheromone (;;)
While termination condition # true do
For each number of ants
Random the start city
For until cites in list of an ant is full
Choose the next city with probability according to formula (3)
The chose city is not repeat city in list of this ant
Insert chose city into list of this ant

End For

Evaluate fitness of each ant

If fitness of each ant is better than fitness of solution

Update fitness of solution = fitness of this ant
Save pheromones (')
End If
If fitness of each ant is better than that of the best solution
Update fitness of the best solution = fitness of this ant
End If
End For
For every edges on the pheromone do
Update pheromone according to formula (4)
End For
Times of solution consecutive unchanged ++
If the times of solution consecutive unchanged >= mutation period (MP)
For number of mutation
Random edges (i, j) which is not repeat random previous edges.
pheromone (t;;) = pheromones (t'sj)
End for
Reset solution
Set the times of solution consecutive unchanged to 0
End If
End While

IV. EXPERIMENTS AND RESULTS

TABLE 1. COMPARATIVE RESULTS OF ACO, MACO, ACOMS,
AND ACOPM ON TSP.
Techniques ACO MACO
Problem optimum MBF SD SR MBF SD SR
name point
burmal4 3323 3323.00 0.00 50 3323.00 0.00 50
ulysses16 6859 6359.00 0.00 50 6359.00 0.00 50
orl7 2085 2085.00 0.00 50 2085.00 0.00 50
o2l 2707 2707.00 0.00 50 2707.00 0.00 50
ulysses22 7013 7038.48 6.34 0 7018.84 7.00 18
fri26 937 937.00 0.00 50 937.00 0.00 50
bayg29 1610 1657.48 11.18 0 1662.36 19.39 0
bays29 2020 2069.80 15.77 0 2045.92 14.64 0
Oliver30 420 420.83 134 34 420.20 0.49 41
dantzigd2 699 72452 1424 2 715.52 9.18 0
Swiss42 1273 1331.40 13.72 0 1294.60 21.42 9
or48 5046 5320.28 60.41 0 5355.16 78.66 0
att43 10628 11319.10 118.62 0 11429.20 139.82 0
cil51 426 455.08 7.09 0 443.56 7.79 0
berlin52 7542 7962.80 116.52 0 3001.80 143.08 0
brazil58 25395 26873.40 | 237.86 0 26509.10 31421 0
st70 675 745.20 10.94 0 731.20 9.50 0
pr76 108159 119483.00 | 169826 | 0 118282.00 | 1657.98 0
cil76 538 594.60 9.67 0 588.68 12.71 0
rat99 1211 1407.36 4278 0 1405.28 26.64 0
cill01 629 739.88 10.38 0 728.84 12.78 0
lin105 14379 15963.40 | 245.10 0 15750.90 277.74 0
TABLE L (CONTINUED).
Techniques ACOMS ACOPM
Problem optimum MBF SD SR MBF SD SR
name point
burmal4 3323 3323.00 0.00 50 3323.00 0.00 50
ulysses16 6859 6359.00 0.00 50 6359.00 0.00 50
gorl7 2085 2085.24 0.81 45 2085.00 0.00 50
o2l 2707 2707.00 0.00 50 2707.00 0.00 50
ulysses22 7013 7049.64 28.65 8 7013.00 0.00 50
fri26 937 937.00 0.00 50 937.00 0.00 50
bayg29 1610 1672.92 18.13 0 1622.60 9.12 11
bays29 2020 2071.60 27.18 0 2033.05 7.95 4
Oliver30 420 42224 1.94 11 420.00 0.00 50
dantzig42 699 734.04 10.15 0 705.80 4.67 5
Swiss42 1273 1336.68 20.09 0 1279.00 8.66 21
or48 5046 5399.20 72.21 0 5248.50 3833 0
att43 10628 11521.20 176.76 0 11192.00 37.83 0
eil51 426 456.00 9.07 0 439.20 5.60 3
berlin52 7542 3073.16 156.79 0 7817.20 6833 0
brazil58 25395 2716240 | 333.83 0 26401.80 187.75 0
st70 675 752.24 12.77 0 723.60 7.74 0
pr76 108159 120480.00 | 167355 | 0 115730.00 | 1106.49 0
cil76 538 596.48 11.90 0 572.60 4.22 0
rat99 1211 1434.40 29.98 0 1355.60 23.54 0
eill01 629 744.20 13.62 0 716.80 471 0
1in105 14379 16167.60 | 403.70 0 15407.80 14132 0

A. Parameters Setting

Parameters are as follows for all experiments: =1, Q =1,
a =1, p=0.05 as suggested by [20], To = (n x Ly,)" where Ly,
is the length of list of ant that is produced by the nearest
neighbor heuristic [24] and n is the number of cities. The
number of ants used is 20. The number of experiments of each
map is 50 runs. To guarantee fairness of performance
measurement, evaluation calls of all the algorithms are set
equation. The number of evaluation of each run in experiments
is 100,000 evaluations. The non-ACO parameters are as
follows: The compared algorithm parameters (MACO,
ACOMS) are set according to suggested by the original papers.
For proposal algorithm, mutation period = 50. This research is
conducted by a personal computer of Intel Core i5 2450 with a
2.5-GHz CPU and 8 GB RAM. All experimented algorithms
are not used by well known path improvement heuristics such
as 2-opt [25], and Lin—Kernighan [26]. All maps are used in
experiment are from TSPLIB [18], [19].




B. Experiment of proposed algorithm

The measures of algorithm performance in the experiments
are as follows: The mean best fitness value (MBF) is the mean
of best fitness in the final iteration from all running (50 runs).
MBF indicates the solution searching efficiency of an
algorithm. The closer the MBF to the optimum point of a
method, the better the method. SD is the standard deviation.
SR is the success round. SR is the number of running rounds
that yields the optimum solution. The higher the SR is, the
better the algorithm is. SR and SD indicate the solution
searching reliability of an algorithm.

From the experimental results of Table 1 show that the
quality solution of ACOPM is better than that of ACO,
MACO, and ACOMS because of its lowest MBF all tested
maps. The reliability of ACOPM is better than that of ACO,
MACO, and ACOMS because of its lowest SD in all tested
maps. Moreover, SR of ACOPM is better than that of ACO,
MACO, and ACOMS in all tested maps. For small-scale TSP
problems (less than 26 cities)) ACOPM can locate the
optimum points of all tested maps. For medium-scale and
large-scale TSP problems (more than 26 cities), ACOPM
cannot locate the optimum points but both quality solution and
reliability are better than compared other algorithms. Hence,
ACOPM outperforms ACO, MACO, and ACOMS in case of
reliability and quality solution. In some maps, MBF and SD of
MACO and ACOMS are higher than that of ACO, such as
BAYG29, GR48, and ATT48. In this case show that if number
of evaluation call is equal, MACO and ACOMS may obtain
worse solutions than ACO in some cases.

V. CONCLUSION

The mutation operator is applied with ACO to enhance
diversity of ant colony and solve trapping in local optimum.
Normally, the mutation operation is applied with ant. These
techniques cause number of evaluation calls that are increased.
Moreover, these techniques rarely increase diversity of ant
colony. This paper proposed mutation operation is applied with
pheromone. The pheromone affects distribution of ant colony
and improves solutions. Moreover, mutation is applied when
ant colony trapped in local optimum. The proposed technique
is called that ACOPM. ACOPM can improves solutions by
ACOPM can enhance diversity of ant colony. In addition,
ACOPM do not enhance evaluation calls. From the
experimental results show that the proposed ACOPM
outperforms ACO, MACO, and ACOMS with regard to the
reliability and quality of solutions in all maps.
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