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Abstract—In Ant Colony Optimization (ACO), it is important
to diversify the search so as not to fall into local optima. In
this paper, the edges that are not used in the global optimal
tour but used only in the local optima are defined as local
optima’s edges in the traveling salesman problems. We clarify the
difference between the local optima’s edges and the edges in the
global optimum from the viewpoint of the change of the amount
of the pheromone. In addition, multiple colonies are generated
to search for various solutions in our proposed method. Each
colony prohibits ants from using the local optima’s edges. We
compared the search performance between our proposed method
and the conventional method, and showed the effectiveness of our
proposed method.

I. INTRODUCTION

Solving problems using swarm intelligence has attracted
increasing attention in recent years. The swarm intelligence
is a system where the swarm as a whole does an advanced
and complex behavior, though each component of the swarm
performs simple action. Cooperative behaviors of ants in
the real world are typical examples of swarm intelligence.
Ants generate the volatile chemical substance that is called
pheromone in their body, and ants secrete the pheromone
in the route that they passed in foraging. Moreover, ants
trace the route with pheromone that other ants secreted. This
phenomenon is called pheromone communication. Though
ants just trace pheromone trail, a shorter route to food is
formed. Thus, they can realize the efficient foraging behavior,
though their actions are simple and there is no supervisor for
organizing the cooperative behavior.

The search method based on the pheromone communication
by ants is called Ant Colony Optimization (ACO)[1], [2]. The
main target problem of ACO is the combinatorial optimization
problem such as traveling salesman problem (TSP). In ACO,
respective ants build round tours and lay pheromone on their
tours. The shorter tour is generated, the more pheromone is
laid on the tour. In addition, ants tend to select the route
with more pheromone. By the positive feedback mechanism,
much pheromone will be laid on shorter tours. As a result, the
intensification of search around good solutions can be realized.

In ACO, however, once most ants concentrate on the search
around a local optimal solution, it may become difficult to

escape from the local optimum due to the excessive intensi-
fication of search. Therefore, it is important to diversify the
search so that ants can discover various tours. To keep a good
balance between the intensification and the diversification of
search is an important issue.

In order to solve the problem, we propose a new ACO
method where multiple colony are used for discovering the
various tours. In our proposed method, we find the local
optima’s edges, which are included only in the local optima.
Respective colonies block the different local optima’s edges
one another in order to generate various tours.

This paper is organized as follows: In section II, we explain
the conventional ACO algorithms. In section III, we describe
our proposed method. Then, in section IV, we apply the
method to TSPs, and verify its effectiveness. Finally, in section
V, we describe conclusions and future work.

II. ANT COLONY OPTIMIZATION (ACO)

A. Ant System (AS)

Ant System (AS)[3] is the most basic algorithm for TSP.
The TSP can be defined on a graph (N, E) where cities are the
node N = {1, 2, 3, . . . , n} and the connections between the
cities are the edges E. The distance dij between arbitrary two
cities i, j(i, j ∈ V, i �= j) can be calculated. The goal of TSP
is to find a closed round tour of minimal length connecting n
given cities.

In AS, m artificial ant agents are placed on their initial cities
in a TSP map. Each ant decides the next destination from
unvisited cities probabilistically based on both the closeness
of the distance to the city and the amount of pheromone on the
edge to the city. By repeating the action, the ant goes round all
cities and generates the round tour. When ant k(k = 1, . . . , m)
is in city i and N k is the set of cities that the ant still has to
visit, the probability for the ant to go from city i to city j is
given by:

pk
ij =

[τij ]α[ηij ]β∑
l∈Nk [τil]α[ηil]β

(1)

where τij represents the amount of pheromone on the edge
between city i and city j. ηij = 1/dij represents the closeness
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of the distance between city i and j. Two real positive values
α and β are adjustable parameters that control the relative
weights of pheromone intensity and inter-city distance.

After every ant completes its tour, each ant lays pheromone
on the respective edges included in its discovered tour. The
amount of pheromone τij on each edge is updated by the
following rules.

τij ← ρτij +
m∑

k=1

Δτk
ij (2)

Δτk
ij =

{
1/Lk if (i, j) ∈ T k

0 otherwise
(3)

where T k is the round tour done by ant k and Lk is its length.
(i, j) denotes the path from city i to city j. Δτ k

ij represents the
pheromone which is laid on edge (i, j) by ant k. ρ(0 < ρ < 1)
is a parameter on the evaporation of pheromone. As shown
in equation (3), the quantity of the pheromone which laid by
each ant varies inversely with the length of its tour. Therefore,
a large quantity of pheromone is laid on the edges which
compose a short tour, and vice versa. Pheromones based on the
search results by all ants are accumulated, and the information
of pheromone intensities is shared by all ants. Then each ant
starts the search for a new round tour based on the updated
pheromone information.

The outline of AS algorithm is as follows:

1) t := 0. The initial amount of pheromone on each edge
is set to a small positive constant τ0.

2) Each ant is placed on its initial city.
3) Each ant builds a tour by moving on the problem graph

from one city to another based on transition rule until it
completes a tour.

4) Each ant lays pheromone on its discovered tour, and the
information of pheromone intensities is updated.

5) t := t + 1. Return 2 unless t is equal to the maximum
iteration step tmax.

6) Output the best solution discovered so far.

B. Max-Min Ant System (MMAS)

Max-Min Ant System (MMAS)[4], [5], [6] is an improve-
ment over the original Ant System. Its characterizing elements
are that only the best ant updates the pheromone trails and that
the value of the pheromone is bound. To avoid stagnation of
the search, the range of possible amount of pheromone on
each edge is limited to an interval [τmin, τmax]. Additionally,
the amount of pheromone is initialized to τmax for achieving
a higher exploration of tours at the start of the algorithm.

The maximum pheromone trail τmax is defined as shown in
equation (4).

τmax =
1

1− ρ
· 1
Lbest

(4)

where Lbest is the length of the best tour which has been
discovered so far. In the initial time step, the length of a
tour generated by the nearest-neighbor heuristic, Cnn, is used

instead of Lbest. Each time a new best solution is found, τmax

is updated based on the equation (4).
Let us suppose that the amount of pheromone on the edges

included in the global optimum is τmax, and the amount of
pheromone on the other edges is τmin. If we assume that the
global optimal tour is constructed with probability p best, the
reasonable value for τmin is given by the following equations.

τmin =
τmax(1 − pdec)

avg · pdec
(5)

pdec = n−1
√

pbest (6)

where avg is the average number of different choices available
to an ant at each step while constructing a solution. If an ant
does not use the candidate list for the next move, the avg is
approximately equal to n/2.

In MMAS, only one single ant is used to update the
pheromone after each iteration. This ant is the one which found
the best solution Tbest in the current iteration. Consequently,
the modified pheromone trail update rule is given by:

τij ← ρτij + Δτbest
ij (7)

Δτbest
ij =

{
1/Lbest if (i, j) ∈ Tbest

0 otherwise
(8)

After each iteration one has to ensure that the amount of
pheromone respects the lower and upper limits. Therefore, the
amount of pheromone is modified by equation (9).

τij ←
⎧⎨
⎩

τmin if τij < τmin

τij if τmin ≤ τij ≤ τmax

τmax otherwise
(9)

The upper limit of pheromone prevents ants from concen-
trating on a single route excessively. In addition, by using the
lower limit, the probability of choosing a specific edge is never
0. That is, the diversification of search is realized.

MMAS is one of the most studied ACO algorithms. Our
proposed method also employs the MMAS algorithm for the
search in respective colonies.

III. PROPOSED METHOD

In this section, we propose multi-colony max-min ant
system blocking edges in local optima. There are two main
characteristics in our proposed method. One is to find the
edges included only in the local optima. By blocking the
passages through the local optima’s edges, different tours from
the local optima can be generated. The other characteristic
is the search by multiple colonies. Respective colonies block
the different local optima’s edges one another. Various tours
can be acquired by the diversification of search. As a result,
the probability of the acquisition of the global optimum may
improve due to escaping from local optima. We will explain
the details of the method in the following sections.
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Fig. 1. Global optimum (length = 426) and local optima (length = 427) in
eil51.
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Fig. 2. Global optimal tour (Solid line) and local optimal tours (Broken line)
in eil51.

A. Definition of Local Optima’s Edges

In TSP, there exists local optimal tours, which have different
shapes from the global optimal tour and whose lengths are
slight longer than the global optimal tour. Fig.1(a) shows the
global optimal tour in the eil51 problem. The tour’s length is
426. Moreover, Fig. 1(b),. . . ,(f) show multiple local optima,
whose lengths are 427.

The local optimum 1 and 2 in Fig.1(b) and (c) are similar to
the global optimal tour in shape. On the other hand, the local
optimum 3, 4 and 5 in Fig.1(d), (e) and (f) have the quite
different shapes from the global optimum. When we compare
the tours carefully, however, a lot of edges are commonly used
in the global and local optimal tours. Only a small part of
edges is different each other. In this paper, we define the local
optima’s edges as the edges which are not used in the global
optimum but only used in the local optima. Fig.2 shows the
local optima’s edges in Fig.1(b)∼(f) in the eil51 problem. In
this figure, the edges in the global optimum are denoted by
the solid lines and the local optima’s edges are denoted by the
broken lines.

In AS, the shorter tour is generated, the more pheromone
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Fig. 3. Local optimal routes (thick line) in Fig.1(f).

is laid on the routes. Therefore, if ants have discovered a
local optimal tour in the beginning of search, it is difficult to
escape from the local optimum. If we can prevent ants from
passing through the local optima’s edges, however, the search
will be biased toward different tours from the local optima. In
next section, we will propose a technique for judging whether
the respective edges can be regarded as the local optima’s
edges, and explain how to block the passages through the local
optima’s edges.

B. Judgment of Local Optima’s Edges

In MMAS, pheromone is laid only on the edges included
in the best tour in the current time step (iteration-best tour).
Therefore, more pheromone is accumulated on the promising
routes, and the pheromone on the bad routes decreases. If an
edge come not to be passed by ants by the update of the best
tour, the amount of pheromone on the edge decreases sharply.
On the other hand, if an edge come to be included in the best
tour, the amount of pheromone on the edge increases.

Here, we observe the change of the amount of pheromone
in the tour, which is shown in Fig.1(f). In Fig.3, the local
optima’s edges in Fig.1(f) are denoted by the thick lines. The
figures in Fig.3 represent the city numbers.

Fig.4 shows the changes of the amount of pheromones on
the 13 local optima’s edges, in case that the local optimal tour
as shown in Fig.1(f) has been acquired by MMAS. Moreover,
Fig.5 shows the changes of the amount of pheromones on
the other 38 edges included in the global optimal tour. The
horizontal axis represents the number of iterations (the max
iteration is 2,000) , and the vertical axis represents the amount
of pheromone, whose interval is [0, 0.06]. In this trial, the local
optimal tour was discovered at 896-th iteration. The upper and
lower bounds of pheromone at the step are τmax = 0.0585 and
τmin = 0.000145. The initial amount of pheromone was set
to τ0 = 0.0449 due to the approximation Cnn = 557.

As shown in these graphs, the amounts of pheromones
on the edges included in the local optimal tour reaches to
the τmax by the last step. In the process, the amount of
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Fig. 4. Change of pheromone on the local optimal routes (thick lines) in
Fig.3. The horizontal axis represents the iteration [0, 2000], and the vertical
axis represents the amount of pheromone [0, 0.06].

pheromone sharply decreases to less than a half of τmax and
then increases to τmax in a part of edges. On the seven edges,
(a), (b), (c), (j), (k), (l) and (m) in the 13 edges in Fig.4,
the amount of pheromone temporarily decreases to less than
0.01. In contrast, only on the three edges, (j), (x) and (K) in
the 38 edges in Fig.5, the amount of pheromone temporarily
decreases to less than 0.01. The pheromone of the edges
except for the global optimal routes should decrease. In case of
the local optima’s edges, however, the amount of pheromone
may increase again to τmax even if the amount of pheromone
decreases temporarily. This is because the quasi-optimal tours
can be acquired by using the local optima’s edges.

The pheromone on the local optima’s edges tends to de-
crease greatly and to increase to τmax again. On the other
hand, the pheromone on the edges in the global optimum
tends to increase to τmax without decreasing temporarily. The
judgment whether each edge is the local optima’s edge or not
is performed based on this fact. That is, an edge in the best

tour (the amount of pheromone reaches τmax) is regarded as
the local optima’s edge, if the pheromone on the edge had
decreased to less than a threshold value in the past step.

In our experiments, the threshold value is set to b ×
τmax (0 < b < 1). In other words, if the amount of
pheromone decreases to less than b× τmax and then increases
to τmax again, the edge is judged as the local optima’s edge.
If the value of b is small, the judgment is performed strictly so
that the number of the local optima’s edges will be estimated
to be small. Conversely, if the value of b is large, a lot of
edges are apt to be regarded as the local optima’s edges.

C. Block of Local Optima’s Edges

We introduce the block of the passages on the local optima’s
edges so that ants can not pass through the edges. By the
operation, ants come to search for different tours from the
acquired local optimal tour.

In order to block the local optima’s edges, the amount of
pheromone on the edges is set to 0. Ants cannot select the edge
because the transition probability through the edge becomes 0
by equation (1).

D. Search for Various Tours by Multiple Colonies

As shown in Fig.5(j), (x) and (K), the amount of pheromone
on the edges in the global optimum may decreases as well as
the local optima’s edges. Therefore, by using the judgment
technique for the local optima’s edges as described in section
III-B, even if an edge is included in the global optimum, the
edge may be blocked. If the edge in the global optimum are
blocked, the global optimal tour cannot be acquired.

In order to keep a chance of acquiring global optimal
tour regardless of the occurrences of such wrong judgments,
multiple colonies are used for the search. In the colonies,
different local optima’s edges are blocked one another, and the
search is performed independently. That is, even if an edge in
the global optimum is judged as the local optima’s edge by
mistake and the edge is blocked in the colony 1, another colony
2 can generate the global optimal tour because the edge is not
blocked in the colony 2.

In each colony, the conventional MMAS algorithm is per-
formed independently. At the initial step of search, a single
colony is used. As the search proceeds, new colonies are
created according to the situation of the search. In each colony,
all edges are checked whether they are corresponding to the
local optima’s edges every time the pheromone information
is updated. If an edge of a colony is regarded as a local
optima’s edge, a new colony is generated as a child of the
original colony, and the edge is blocked in the child colony.
Moreover, the child colony inherits the pheromone information
and blocked edges from its parent colony. Fig.6 shows an
example of the relationship of multiple colonies. The initial
colony 0 has no blocked edges, and ants in the colony searches
for solutions based on the MMAS algorithm. If the edges a, b
and c are regarded as the local optima’s edges in the process of
search by the colony 0, new colonies 1, 2 and 3 are generated
as the children of the colony 0. The edge a is blocked in the
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Fig. 5. Change of pheromone on the global optimal routes (thin lines) in Fig.3. The horizontal axis represents the iteration [0, 2000], and the vertical axis
represents the amount of pheromone [0, 0.06].

colony 1 and the edge b is blocked in the colony 2. Thus,
four colonies search for solutions under different constraints
independently. Then, if the colony 1 found the local optima’s
edges d and e, new colonies 4 and 5 are generated as the
children of the colony 1. In the colony 4, both the newly
found local optima’s edge d and parent’s blocking edge a are
blocked. Similarly, edges a and e are blocked in the colony
5. Thus, the number of colonies is equal to the number of
discovered local optima’s edges.

Fig.7 shows the algorithm of our proposed method. In step
1), the number of colony is set to one, and the amount of
pheromone in the colony is initialized. In the initial colony,

there is no blocked edges. In step 2.1) and 2.2), respective
colonies search for solutions and the pheromone informations
in the colonies are updated. In step 2.3), the judgment of
local optima’s edges is performed in each colony. If the local
optima’s edges were found in a colony, new child-colonies are
generated.

IV. EXPERIMENTS

A. Problems and Parameter Settings

In our experiments, we used five kinds of problems which
are opened in TSPLIB[7], eil51 (the optimal tour’s length is
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block : -
find : a, b, c

block : a
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block : c
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block : a, e
find : j

block : c, f
find : k, l

Fig. 6. An example of the relationship of multiple colonies.

426), st70 (675), eil76 (538), kroA100 (21,282), and eil101
(629).

The parameters for MMAS are set to (α, β, ρ, pbest) =
(1.0, 0.5, 0.96, 0.05) based on the research[4] and preliminary
experiments. The candidate list for next move and pheromone
trail reinitialization mechanism are not used in our proposed
method.

The parameter on the threshold for judgment of the local
optima’s edges is b = 0.5. That is, if the amount of pheromone
on an edge decreases to less than 0.5×τmax and then increases
to τmax again, the edge is regarded as the local optima’s edge.
The newly generated colony has to block the edge by setting
the amount of pheromone to 0.

The maximum iteration of search tmax is set according to
the scales of maps, tmax = 2, 000 in eil51, 3, 000 in st70 and
eil76, and 5, 000 in kroA100 and eil101.

B. Experimental Results

In this section, we compare the search performance between
our proposed method and the conventional MMAS using a
single colony. The parameter values described in section IV-A
are used. The experimental results are averaged over 20 trials.
Table I shows the results of the conventional MMAS, and
Table II shows the results of our proposed method. #Success
represents the number of trials where the global optimal tour
was acquired successfully. #Colonies represents the number of
colonies at the last iteration.

Our proposed method showed better performance than the
conventional MMAS. The number of colonies is corresponding
to the discovered local optimal routes, and it became about a
third of the number of cities. It seems that the diversification
of search was realized by using multiple colonies with blocked
different edges.

C. Consideration of Colony Extinction Mechanism

In our proposed method, a few edges in the global optimum
may be judged as the local optima’s edges in mistakes. If the
edges are blocked in a colony, the colony never can acquire

1) t := 0, Initialization of a colony
2) Repeat the following operations until t = tmax

for all colonies
2.1) for all ants

Tour construction based on the transition rule
2.2) Evaluation of tours’ lengths and pheromone update
2.3) Judgment of local optimal routes

If the local optimal routes were found
Generation of new child-colonies

2.4) t := t + 1
3) Output of the best tour discovered so far

Fig. 7. Algorithm of our proposed method.

the optimal tour, and the search in the colony may be useless.
Therefore, the search by useless colony is terminated so that
the promising colony can use more computational resources
instead of the colony.

We have to determine a criterion for colony extinction.
In [8], the judgment for extinction is performed based on
the overlapping rate between the best tours in the respective
colonies. In our proposed method, the necessity of each colony
is judged by whether the acquired best tour in the colony
is superior to the parental colony’s best tour or not. After
the search for a certain iterations from the generation of the
colony, if the best tour in the colony is not better than that in
parental colony, the colony is extinguished.

Table III shows the results averaged over 20 trials in case
the search period for judgment of extinction is set to 100
iterations. By comparison with the method without colony
extinction in Table II, the number of colonies became smaller
in all the maps. In smaller scale map problems such as eil51
and eil76, the proposed method with colony extinction shows
better tour’s length than the proposed method without colony
extinction. On the other hand, in larger scale map problems
such as kroA100 and eil101, the colony extinction method
shows worse performance. The decline in search performance
may be due to the extinction of the necessary colony. In this
experiment, the search period for the judgment of extinction
is set to 100 iterations. This period may be short for updating
the best tour in larger scale map problems. In contrast, in
smaller scale maps, the necessity of child-colonies is judged
appropriately by the search period. By the extinction of the
unnecessary colonies, the computational resources could be
allotted to promising colonies. Therefore, the search perfor-
mance improved.

Fig.8 shows the change of the number of colonies when our
proposed method with colony extinction is applied to eil101
problem. At the beginning of search, the number of colonies
increases sharply, and at the latter stage of search, the number
of colonies decreases gradually.

V. CONCLUSIONS

In this paper, we proposed a new ACO algorithm for pro-
moting the diversification of search. In our proposed method,
multiple colonies are generated based on the judgment of
local optima’s edges. The block of the local optima’s edges
enables ants to search different tours from the local optima.

1327



TABLE I
EXPERIMENTAL RESULTS IN MMAS.

Map Best Length S.D. #Success

eil51 427.85 0.91 2
st70 677.50 1.77 1
eil76 540.10 1.89 3

kroA100 21337.25 42.90 5
eil101 637.40 4.92 0

TABLE II
EXPERIMENTAL RESULTS IN OUR PROPOSED METHOD.

Map Best Length S.D. #Success #Colonies

eil51 427.35 0.57 1 19.25
st70 676.30 1.00 6 27.90
eil76 538.80 1.03 9 24.75

kroA100 21286.85 37.45 19 37.45
eil101 633.40 3.73 0 37.35

TABLE III
EXPERIMENTAL RESULTS IN OUR PROPOSED METHOD WITH COLONY

EXTINCTION MECHANISM.

Map Best Length S.D. #Success #Colonies

eil51 427.30 0.56 1 18.30
st70 676.30 1.00 6 27.10
eil76 538.65 1.06 12 17.90

kroA100 21291.70 29.10 18 24.85
eil101 634.05 3.75 0 28.35

Our proposed method showed better performance than the
conventional MMAS due to the diversification of search. In
addition, by introducing the colony extinction method into
our proposed method, the search performance improved in
some problems. From now on, we have to consider the
condition of the colony extinction. Moreover, the judgment
rule was designed by hand based on the observation of the
changes of pheromones. We want to extract the judgment rule
automatically from the data on the changes of pheromones by
means of data mining method.
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Fig. 8. Change of the number of colonies in eil101.
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