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ABSTRACT

Ant Colony Optimization (ACO) algorithm is a stochastic algorithm. It is used for solving
combinational optimization problem. The ant colony walks along pheromone density from nest of ant
to feeding sources. It leads to create shortest path from nest of ant to feeding sources. Ordinarily, ACO
encounters the problem of trapping in local optimum. To solve this problem, the mutation technique is
applied with ACO. However, the mutation technique cannot improve searching performance of ACO.
This paper proposed improving ACO by the result from mutation technique is applied with pheromone
of ants. In addition, when the problem of trapping in local optimum occurs, pheromone of ants is reset
to solve this problem. The proposed technique is tested on twenty maps from the Traveling Salesman
Problem Library (TSPLIB) and gives more satisfied search results in comparison with ACOs.
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1. INTRODUCTION opportunity to trap in the local optimum (8), (9),

Reference (1) proposed Ant Colony (23), (24).

Optimization algorithm (ACO) in 1991. It get

inspired from the foraging behavior of ant To solve problem of trapping in the local

colony (2), (3), (4). ACO has been well-known
used for solving optimization problems (5) such
as job scheduling problem, traveling salesman
problem (TSP), network routing and vehicle
routing problem etc. ACO endeavor to search for
shortest paths from ant's nest to feeding sources.
Each ant walks along the pheromone density and
releases pheromone among walking. This
behavior causes the pheromone density in short
path. It is very high. On the other hand, the
pheromone density in long path is very low (6),

).

The benefits of ACO, it can search for the
good solution rapidly. Moreover, it is efficient
for solving TSP and similar problems (8), (23),
(24), (25). For cons of ACO, it has the high

optimum, many algorithms such as Particle
Swarm Optimization (PSO) applied with the
mutation technique (15), (16). Many researchers
(8), (12), (13), (14) enhance diversity of ant
colony by adding the mutation technique to the
process of ACO. The experiment results of these
technique showed that mutation techniques can
enhance searching performance of the standard
ACO and obtain better solution than the standard
ACO.

Reference (8) proposed the mutation
technique is similar to mutation strategy of the
Genetic  Algorithms (GA). The mutation
technique can enhance diversity of ant colony.
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Reference (13) proposed the mutation
technique apply with ACO. The concept of this

algorithm can summarize as follows. The
mutation technique is applied with the best ant.
Then, if the result from mutation is better than
the result from the best ant, the best ant is
replaced by it. This algorithm is called that ant
colony optimization algorithm with mutation
mechanism (MACO).

Reference (14) proposed mutation
technique apply with ACO. The concept of this
algorithm can summarize as follows. The
mutation is applied with some ants. Then, if the
result from mutation is better than the mutated
ant, the mutated ant is replaced by it. This
algorithm is called that ant colony optimization
algorithm with uniform mutation using self-
adaptive approach (ACOMS).

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.

The cons of ACOMS and MACO, the
evaluation calls of these techniques are more
than that of the standard ACO per a generation.
It means the number of guessing solutions that
are more than the standard ACO per a
generation. So, it is not fair. If evaluation calls
are equal, these techniques may obtain solutions
worse than ACO.

In addition, the results from the mutation
cannot guide searching next generation. So, the
mutation technique which is added cannot
improve searching of ACO. But, these
techniques enhance number of guess solutions.
Surely, solutions of these techniques are better
than solutions of standard ant colony if the
number of generations is equal.

For process of ACO, the pheromone is
determinant for creating tours of a solution or
ant. Hence, this paper proposes the result from
mutation is better than the mutated ant. That uses
for improving pheromone. Next generation,
process of ACO has the high opportunity to
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create better solution than the result from
mutation. It can enhance searching performance
of ACO. However, this technique leads to trap in
local optimum. Therefore, the pheromone is
updated from the best result only. Ant colony is
rarely diversity of population. To handle
trapping local optimum problem, this paper
proposed a novel pheromone reset technique
apply with ACO when ant colony happens to
trapping in local optimum. The proposed
algorithm can get better solutions when it is
compared by standard ACO and other compared
ACO algorithms.

A set of maps in the TSPLIB (18), (19) is
used to compare the standard ACO (6) by source
code from (17), MACO (13), ACOMS (14), and
the proposed technique. The results show that
the solution quality of the proposed technique is
better than other compared ACO algorithms in
the TSPLIB.

The rest of this paper is organized as
follows. Section 2 explains TSP, the standard
ACO, and ACO with mutation. Section 3
explains Modified Ant Colony Optimization
with mutation and Reset Pheromone. 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.

2. RELATED WORK

2.1 Travelling Salesman Problem

Traveling salesman problem (TSP) (20) is
popular combinational discrete optimization
problem and NP-hard problem. This problem has
been used for many engineering applications
such as computer networks and the design of
hardware devices (27). As amount of cities are
increased, searching the optimal tour becomes
very hard. The salesman attempts to travel all
cities only once and to create a closed tour of the
shortest path. 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
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connecting all cities. Each edge (dj) is the
distance between cities i and j. d;j is as follows:

di,j=\/(xi_xj)2+(yi_yj)2 M

V={l,.,n},A={(1,])):1,]j € V},
d(@,j)=d(, 1), Edge (i, j) € A

2.2 Ant colony optimization

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

n—1
fitness _of _ant = Z d,+d,,

i=1

2

ACO can be described briefly as follow.
Initially, each edge has an initial pheromone
7;i(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:

[z.,(O1[n,,1
a s
Pt — zea%v:vl:dr wOF 1, , ] € allowed 3)
Y 0 ,otherwise

Where B is a parameter which determines
the relative importance of pheromone versus
distance (B > 0), n;j= 1/d; is the inverse of the
distance, Tij is the pheromone, and P,kj is the
probability of ant k chooses to move from city i
to city j.

The result from formula Eq. (3) that
causes selecting edges which are shorter and
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have a greater amount of pheromone. After
selection cities of ant has completed, the fitness
of ant is calculated by Eq. (2). The fitness of
each ant is used to update pheromones according
to Eq. (4). This process continues until a
stopping criterion is met.

Az, (t+n)=p1,  +AT,; 4)
. k
At =1, (%)
k=1
AT{fj _ Lg Jf the k™ ant uses edge(i,j) in_its _tour (6)

k
0, _otherwise

Where is calculated by Eq. (6), ATjj is the
sum of new enhanced pheromones at this edge is
degree of dissipate for pheromones, p is a
coefficient such that (1 - p) represents the

evaporation of trail between time t and t+n, Ti/f ;

is the amount of pheromones of the k™ ant at its
edge between t and t+n, and Q is consistent
value, Ly is fitness of ant k.

2.3 Ant colony optimization with mutation
Reference (13) proposed MACO. This
paper uses concept of simple mutation operation
of Genetic Algorithm (GA) (21), (26). The
concept of MACO is can be concluded as
follows: After update pheromone step, randomly
choose one or more elements in the local best
solution (s, ), change them. The result from

mutation is called that (s, ).If (s, ) is better

than (s, ), replace (s,,,) by (S,,,,)-

Reference (14) proposed ACOMS. The
concept of ACOMS is can be concluded as
follows: The mutation operator is applied with
ant. The new ant is generated from mutation. If
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the fitness of the new ant is better than that of
ant, replace ant with the new ant.

From the experiment results show that the
quality solution of both ACOMS and MACO is

better than the previous modified ACO
algorithms in solving TSP.
However, the cons of ACOMS and

MACO are using over evaluation call because
both techniques in each generation are updated
by mutation technique and ACO technique.
Hence, they can guess solutions more than ACO
in each generation. As well as, they can obtain
better solutions than the standard ACO.

On the other hand, if the evaluation calls
of ACO, ACOMS and MACO are defined to
equal, ACOMS and MACO may obtain worse
solutions than ACO in some maps.

In ACO process, the pheromone creates
tours of an ant or a solution. If pheromone
occurs changing, it affects searching solution
next generation.

Both techniques can improve solution by
applying mutation technique. They can obtain
better solutions than the standard ACO. But, the
results from the mutation of both techniques are
not applied with pheromone. So, the mutations
of both techniques are not affects searching
solutions next generation. As well as, they
cannot improve searching of ACO. Ant colony
has still moved along previous path. It leads to
trap in local optimum.

3. MODIFIED ANT COLONY
OPTIMIZATION WITH MUTATION AND
RESET PHEROMONE

As previously mentioned, the mutation
operator can improve solution of ACO. The
result from improving pheromone affects to
search for solution of ACO next generation.
Surely, if the pheromone is updated from good
solution, it has the high opportunity to create
better solutions. In the same case, if the mutation
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is applied with good solution, it has the high
opportunity to create better solutions. Hence,
this research proposed the best ant is selected
after ACO step create tours each generation.
Then, the best ant is applied with the mutation
operation. The best result from the mutation, it is
used to update pheromone. The pheromone is
only updated by the best result from mutation.
The result from improving pheromone, it affects
to search for solution next generation. This
algorithm can improve searching for solution
and get better solution.

However, the result from pheromone is
only updated by the best solution. It leads to trap
in local optimum. The pheromone is created
from only the best solution. It is rarely the
diversity of population. It occur the trapping in
local optimum problem over the standard ACO.

The trapping in local optimum problem
occur with ACO. It cause from pheromone
which is stagnation. The pheromone which is
stagnation creates the same solution over and
over again, that no better solutions can be found
anymore (6), (9). Therefore, the unchanged
number of consecutive solution can indicate
state of ant colony when ant colony traps in local
optimum. Generally, resetting should be used
when colony trap or trend to trap in local
optimum (15), (16) to distribute ant colony to
search for other areas.

To handle the trapping in local optimum
problem, this paper proposed reset pheromone
when all ants occur trapping in local optimum.
In order that pheromones occur changing, it
creates the new tours and can jump out local
optimum. 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 reset
period (RP) considered from the unchanged
number of consecutive solution.

The result from searching both ACO
algorithm and the mutation technique can
enhance searching performance concurrently.
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Moreover, the reset pheromone is applied when
ant happen trapping in local optimum to solve
trapping in local optimum problem. Hence, this
paper proposed the mutation technique and reset
technique apply with ACO. The proposed

technique is called Modified Ant Colony
Optimization with mutation Pheromone and
Reset Pheromone (ACOMR). Pseudo code of
ACOMR is shown below:

Initialize edges (i, j) and pheromone (i)
While termination condition # true do
For each number of ants
Random the start city
Reset the best solution of this generation (BG)
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 BG
BG = this ant
End If
If fitness of each ant is better than fitness of solution
Update fitness of solution = fitness of this ant
End If
End For

Apply the mutation operation with BG only as follow:
For city i begin 0 to the number of cities
Random the city j
Swap city i and city j (i#)
Evaluate fitness of the result from swap
If fitness of the result from swap is better than fitness of BG
BG = the result from swap
Else
Swap city i and city j
End If
End For

Update pheromone by BG only according to formula (4)
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Times of BG consecutive unchanged ++
If the times of BG consecutive unchanged >= reset period
All pheromones in table are initialized
Set the times of BG consecutive unchanged to 0
End If
End While

4. EXPERIMENTS AND RESULTS

4.1 Parameters Setting

Parameters are as follows for all experiments:
p=0.050Q=1,B=1,a=1,as suggested by (17), To
= (n X Lan)! where n is the number of cities, and Lnn
is the length of list of ant that is produced by the
nearest neighbor heuristic (22). The number of
experiments of each map is set as 20 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 1,000,000 evaluations. The number of ants is set as
50. 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, the reset period (RP) is set as
30.

All experimented algorithms are not used by
the well-known path improvement heuristics such as
2-opt (10), and Lin—Kernighan (11). This research is
conducted by a personal computer of AMD FX-8320
with 3.5 GHz CPU, 8 GB RAM and Visual C++ 2010
as the programming language. All maps are used in
experiment are from TSPLIB (18), (19).

4.2 The measures of algorithm performance
The measures of algorithm performance in
the experiments are as follows: the average best
fitness value (ABF) is the average of best fitness in
the final generation from all running. ABF
indicates the solution searching efficiency of an
algorithm. The closer the ABF to the optimum
point of a method, the better the method. SR is the
success round. SD is the standard deviation. SR
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i ; ; ohili burmal4 3323 3323.00 0.00 20
and SD %ndlcate the solution searching reliability of siyssesl6 prot S22000 000 "
an algorithm. orl7 2085 2085.00 0.00 20
a2l 2707 2707.00 0.00 20
4.3 Experiment of proposed algorithm ulysses22 7013 7031.05 9.15 4
fri26 937 937.00 0.00 20
bayg29 1610 1639.75 11.40 0
: bays29 2020 2045.60 10.93 0
Table 1. Comparative Results of ACO, MACO, o o 000 000 2
ACOMS, and ACOMR on TSP. dantzigd2 699 710.90 7.42 1
swissd2 1273 131135 10.00 0
i cil51 426 44045 6.13 0
Techniques ACO berlin52 7542 7856.05 106.11 0
Problem Optimum brazil58 25395 26614.30 228.03 0
name Point ABF SD SR St70 675 722.75 14.84 0
burmal4 3323 3323.00 0.00 20 pr76 108159 117107.00 1264.44 0
ulysses16 6859 6859.00 0.00 20 eil76 538 584.10 7.08 0
arl7 2085 2085.00 0.00 20 rat99 1211 1370.05 18.90 0
g2l 2707 2707.00 0.00 20 kroA100 21282 23169.60 202.73 0
ulysses22 7013 7023.35 11.44 11
fri26 937 937.00 0.00 20 .
bayg29 1610 1620.90 10.53 6 Table 1. (Continued).
bays29 2020 2041.60 1058 0
Oliver30 420 420.00 0.00 20 _
dantzig42 699 709.25 521 0 Techniques ACOMR
swiss42 1273 1308.70 10.86 0 Problem Optimum
il51 426 439.30 5.61 1 name Point ABF SD SR
ber]ip52 7542 7847.60 71.22 0 burmal4 3323 3323.00 0.00 20
braziss e W00 A 0 ulysses16 6859 6859.00 0.00 20
S . .
pr76 108159 116410.00  1000.80 0 grg ;035 2085.00 0.00 20
€il76 538 576.50 8.65 0 gr 707 2707.00 0.00 20
rat99 1211 1356.65 15.50 0 ulysses22 7013 7013.00 0.00 20
cil101 629 713.55 8.24 0 fri26 937 937.00 0.00 20
kroA 100 21282 23220.80 266.32 0 bayg29 1610 1610.00 0.00 20
bays29 2020 2020.00 0.00 20
. Oliver30 420 420.00 0.00 20
Table 1. (Continued). dantzigd?2 699 699.00 0.00 20
swiss42 1273 1273.00 0.00 20
Techniques MACO eil51 426 426.00 0.00 20
Problem Optimum berlin52 7542 7542.00 0.00 20
name Point ABF SD SR brazil58 25395 25421.10 4743 2
burmal4 3323 3323.00 0.00 20 st70 675 675.00 0.00 20
ulysses16 6859 6859.00 0.00 20 pri6 108159 109551.00  708.40 2
grl7 2085 2085.00 0.00 20 eil76 538 538.00 0.00 20
gr2l 2707 2707.00 0.00 20 rat99 1211 1216.55 8.21 10
ulysses22 7013 7014.50 2.60 15 kroA100 21282 21324.10 89.28 15
fri26 937 937.00 0.00 20
bayg29 1610 1636.65 11.03 1
bays29 2020 2030.75 8.62 2 .
o 0 000 000 5 From the gxpenmgntal results of Table 1
dantzigd2 699 704.35 5.18 3 show that the quality solution of ACOMR is better
swissd2 1273 1278.90 7.56 11
o 06 433,05 5 3 tha.n that of ACO, MACO, and ACOMS b;(?ause
berlin52 7542 7675.90 90.12 0 of'its lowest ABF all tested maps. The reliability of
brazils8 25395 26275.40 186.07 0 .
foin P 7015 1158 ) ACOMR is better than that of ACO, MACO, and
p'r1;2 108159 115574022-500 1589‘3‘101 ¢ ACOMS because of its lowest SD and its highest
€l B .
rat99 1211 1350.05 17.53 0 SR all tested maps. Hence, ACOMR outperforms
kroA100 21282 22607.90 31473 0 ACO, MACO, and ACOMS in case of reliability
and quality solution. The experiment can prove
' that the pheromone very affect to searching
Table 1. (Continued). performance of ACO. The proposed algorithm
only improves the pheromone. The quality solution
Techniques ACOMS T .
; and the reliability of proposed algorithm are better
Problem Optimum ABF SD SR .
name Point than that of other compared algorithms (MACO,
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and ACOMS) which directly improve ants or
solution. In some maps, ABF and SD of both
MACO and ACOMS are higher than that of ACO,
such as BAYG29, In this case show that if number
of evaluation call is equal, MACO and ACOMS
may obtain worse solutions than ACO in some
cases.

5. CONCLUSION

The mutation operator is applied with ACO
to solve trapping in local optimum. Generally, the
mutation operation is applied with ant. These
algorithms cause number of evaluation calls that
are increased. Moreover, they cannot improve
searching of ACO. From these cons, this paper
proposed the results from the mutation update
pheromone of ants to improve searching of ACO.
But, it suffers the trapping in local optimum
problem. To solve trapping in local optimum
problem, the resetting pheromone is applied with
ACO when ant colony trapped in local optimum.
The proposed technique is called that ACOMR.
ACOMR can solve trapping in local optimum
problem and improve searching of ACO. Hence, it
can get better solutions. From the experimental
results show that the proposed ACOMR
outperforms ACO, MACO, and ACOMS with
regard to the reliability and quality of solutions in
all maps.
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