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ABSTRACT. Several algorithms have been proposed that are based on the ant colony opti-
mization (ACO) meta-heuristic in literature. This paper proposes an extra data structure
that we called best tours graph feeding the pheromone trail information for ACO algo-
rithms. Best tours graph is a table that blends the information on the global best tours
encountered statistically during iterations and includes the strengths of edges. The table
is crossover of favorable edges, and the technique provides a simple crossover mechanism.
A powerful pheromone reinforcement mechanism is also developed based on the best tours
table to increase the performance of ACO algorithms in this study. Algorithms are tested
on Traveling Salesman Problem using TSPLIB. Our experiments and comparisons show
that the method improves the performance of almost all original ACO algorithms.
Keywords: Ant colony optimization algorithms, Pheromone updating, Meta-heuristic,
Crossover, Graph, Traveling salesman problem

1. Introduction. Several algorithms based on Ant Colony Optimization (ACO) meta-
heuristic have been proposed in literature. The swarm intelligence is defined by Bonabeau
et al. [1] as “any attempt to design algorithms or distributed problem-solving devices
inspired by the collective behavior of social insect colonies and other animal societies”.
Ant Colony Optimization (ACO) Algorithms, Artificial Bee Colony (ABC) Algorithms
[2,3], which mimic the food foraging behavior of swarms of honey bees, Particle Swarm
Optimization (PSO) Algorithms, which simulate the social behavior of bird flocking or
fish schooling, and Artificial Immune System (AIS) Algorithms inspired by the principles
and processes of the vertebrate are examples of swarm intelligence.

Ant Colony Optimization as a swarm intelligence method is a mathematical model and
a probabilistic technique for solving computational optimization problems. The model
is based on the foraging behavior of some ant species. Ants lay down pheromone trails
in finding the shortest path between the colony and the food. These trails represent the
quality of the ways that are used to find favorable paths by colony members.

Different ACO algorithms have been developed for solving combinatorial optimization
problems such as routing (traveling salesman, vehicle routing, sequential ordering) [4-
6], assignment (quadratic assignment, timetabling, graph coloring) [7-9] and scheduling
problems [10-13]. Recently, ACO algorithms have been applied to continuous optimiza-
tion [14-18]. Some published studies about using ACO algorithms to solve engineering
problems can be found in [19-23].
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One of the most important combinatorial optimization and global search heuristics
problems is the Traveling Salesman (Salesperson) Problem (TSP). Euclidean TSP, which
is a sub-case of metric TSP, is an NP-hard problem. All of the possible permutations of
cities can be listed, and the total distance for each permutation can be calculated to find
the shortest route [24]. In this case, the total number of permutations is (n — 1)! and
Big O time is O(n!). For example, a 50-city TSP has 6.08 x10E+62 and a 100-city TSP
has 9.33x10E+155 possible solutions. A brute-force (or exhaustive) search examines all
the possible solutions and search space rapidly increases with the problem size. Rather
than enumerating all possibilities, approximation algorithms are usually employed to find
near-optimal solutions quickly for large problem sizes.

The TSP has many applications in transportation systems [25]. Arranging efficient bus
routes that pick people up from specified locations can be modeled as a TSP. Development
of efficient TSP solvers is also important in path planning for airlines, delivery trucks,
postal carriers and computer networks. Since the 1950s, many researchers (computer sci-
entists, mathematicians, biologists and others) have attempted to develop TSP solving
methods, such as evolutionary methods, genetic algorithms, ACO algorithms, neural net-
works, tabu search, simulated annealing and greedy algorithms, to find the cheapest tour
or shortest route for a given collection of cities.

Evolutionary algorithms (EA), such as genetic algorithms (GA) and ACO, have been
applied to the TSP, since they allow an efficient evolution toward quality sub/optimal so-
lutions. Information concerning good solutions in the current iteration/cycle is forwarded
to the next exploring generation, to refine the search toward greater optimality. Traits
of genes obtained through the use of genetic operators, such as crossover and mutation,
are forwarded to the offspring of the new generation. In ACO, the positive feedback of
pheromone deposits on arcs comprising more optimal node-arc tours (paths) allows the
next cycle/iteration to progress toward a solution of greater optimality [26].

Crossover in GA, which is a genetic operator used to vary chromosomes, selects genes
from parent chromosomes and produces new offspring over generations. The idea behind
crossover is that the new chromosome may be better than all of the parents if it takes
the good characteristics from each of the parents, as in natural phenomenon. The new
chromosome is then a better solution and has more performance; so selecting the best
chromosomes from the population to be parents affects the general performance of the
genetic algorithms. Over the years, numerous variants of crossover have been developed
in the GA literature.

We proposed an extra data structure, which we called best tours graph (table), for
feeding the pheromone trail information. The best tours graph blends the information
about the global best tours encountered statistically during iterations. Original ACO
algorithms have a weakness of crossover with respect to genetic algorithms. The method
we proposed provides a simple and effective crossover mechanism. We also developed
powerful pheromone reinforcement mechanism based on the best tours table to increase
the performance of TSP solving ACO algorithms.

The remainder of the paper is organized as follows. Section 2 reviews basic principles
of ACO algorithms and the related work on pheromone updating mechanisms. Section
3 describes the mechanism that we developed and the details of the data structure that
contributed to previous best tours. The experimental study is presented in Section 4.
Conclusions are given in Section 5.

2. ACO Algorithms. ACO algorithms take inspiration from the behavior of real ant
colonies to solve combinatorial optimization problems. They are based on a colony of arti-
ficial ants, that is, simple computational agents that work cooperatively and communicate
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through artificial pheromone trails [27,28]. All Ant Colony Optimization algorithms share
the same ideas. The basic ACO meta-heuristic is shown below [29]:

Algorithm 1 The Ant Colony Optimization Meta-heuristic

Set parameters, initialize pheromone trails

while termination condition is not met do
ConstructAntSolutions
ApplyLocalSearch (optional)
UpdatePheromones

end while

Ficure 1. The ant colony optimization meta-heuristic

ACO algorithms are essentially construction algorithms: In each algorithm iteration,
every ant constructs a solution to the problem by traveling on a construction graph. Each
edge of the graph, representing the possible steps the ant can make, is associated with
two kinds of information that guide the ant movement [1]:

e Heuristic information, which measures the heuristic preference of moving from node
i to node j, i.e., of traveling the edge a;;. It is denoted by 7;;. This information is
not modified by the ants during the algorithm run.

e (Artificial) pheromone trail information, which measures the “learned desirability”
of the movement and mimics the real pheromone that natural ants deposit. This
information is modified during the algorithm run depending on the solutions found
by the ants. It is denoted by ;.

All m ants complete their tours using the rule of selecting next city (state transition rule)
in the Construct AndSolutions step of ACO algorithm for TSP. The ApplyLocalSearch step
is optional, and solutions obtained by ants can be improved by local search algorithms.
The aim of the UpdatePheromones phase is to increase the pheromone values of promising
solutions and decrease the undesirable ones.

The ACO meta-heuristic can be easily applied to TSP, which is one of the most studied
NP-hard problems. This leads researchers developing techniques to use the TSP for
benchmarking. The ACO algorithms proposed for the TSP are Ant System (AS), Elitist
Ant System (ASe) [30], Ant Colony System (ACS) [31], Rank-based Ant System (RBAS)
[32], Best-Worst Ant System (BWAS) [33] and Max-Min Ant System (MMAS) [34].

2.1. Ant system. Ant System (AS) is the first ACO algorithm, and three versions of
it were proposed. Ants update the pheromone directly after a move from one city to an
adjacent one in ant-density and ant-quantity algorithms. In ant-cycle, the pheromone
update was done only after all the ants had constructed the tours and the amount of
pheromone deposited by each ant was set to be a function of the tour quality [35].

Preliminary experiments on a set of benchmark problems [30,36,37] have shown that the
ant-cycle’s performance was much better than those of the other two algorithms. Conse-
quently, research on AS was directed toward a better understanding of the characteristics
of the ant-cycle, which is now known as Ant System, while the other two algorithms were
abandoned [30].

Tour Construction: Initially, each ant is put into a randomly chosen city. The
algorithm executes t,.x iterations. m ants build a tour executing n steps, in which a
probabilistic decision (state transition) rule is applied for each iteration. In the con-
struction of a solution, each ant selects the next city to be visited through a stochastic
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mechanism. The choosing probability of ant £ to go from city ¢ to city j at the tth
iteration of the algorithm is calculated as shown in Equation (1).
(735135 T
pyy(t) = | Snealrnlia] ifjed
0 otherwise

(1)

where 7;; is the amount of pheromone trail between nodes ¢ and j, 7;; is the desirability
or visibility of edge (i, j) (m;; = 1/d;j), v is a parameter to control the influence of 75,
is a parameter to control the influence of 7;;, d;; is the distance between city ¢ and city 7,
Q) is the set of unvisited cities.

7;j, the intensity of the trail, can be interpreted as an adaptive memory and is regulated
by a constant parameter a. 7;; can be interpreted as a measure of desirability and is called
visibility; its influence is controlled by a constant parameter (. It is important to note
that the constant adjustable parameters, « and [, change the algorithm performance
dramatically.

Pheromone Updating: After all ants finish their tours the pheromone trails are
updated. The quantity of pheromone per tour is the same for all artificial ants as an
assumption, so more pheromone is laid per unit length on shorter tours. First, AS evapo-
rates some value of pheromone from all edges and deposits, as Equation (2) demonstrates:

Ti(t+1) = (1= p)my(t) + Y ATE() (2)

where p (0 < p < 1) is the evaporation rate or coefficient of decay and provides to forget
previous bad decisions, and A7fi(t) = 1/L*(t) if edge(i, j) is used by ant k.

So, each ant in the colony retraces the path it has followed and deposits 1/Ly (Ly is
the length of its tour) amount of pheromone independently.

2.2. Other ant colony optimization algorithms. Different ant colony optimization
algorithms that can be applied to the well-known TSP are proposed in the literature. This
subsection discusses these methods and briefly explains their differences with respect to
AS.

Elitist Ant System (ASe) is an extended version of Ant System proposed by the same
authors. It uses an elitist strategy that employs a number of elitist ants, which gives a
strong additional reinforcement to the edges belonging to the global best tour. Global
best tour is the best tour found since the start of the algorithm.

Ant Colony System (ACS) introduces three major modifications. First, ACS uses
pseudo-random proportional action choice rule, which is more aggressive. Second, it
allows pheromone addition only to the edges belonging to the global best solution. Third,
ants apply local pheromone trial update (online step-by-step pheromone trial update).
Both evaporation and deposit are applied to edges immediately after having crossed for
moving from city ¢ to city j. This ensures that not all ants follow the same path and
increases the exploration of not-yet visited edges.

Rank-based Ant System (RBAS) is similar to elitist strategy but employs a number of
best ants of each iteration to deposit pheromone. Ants are sorted by tour length for this
aim.

Best-Worst Ant System (BWAS) uses the transition rule of AS. Main modifications
with respect to AS are

e Global best and current worst solutions are used to update positively and negatively.
e Restarts the search process when stagnant.
e Each component of the pheromone matrix is mutated.
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Maz-Min Ant System (MMAS) includes three main modifications with respect to AS:

e Only global best or iteration best tour is allowed to add pheromone.
e Range [Tiin, Tmax) Of the pheromone trails is limited to avoid stagnation.
e All edges (about pheromone trails) are initialized to the upper trail limit.

3. The Proposed Method: A Crossover Mechanism for ACO Algorithms. The
method that we proposed is based on the Best Tours Graph (or best tours table) that we
introduced for ACO algorithms. A best tours graph includes all the edges encountered in
global best solutions. This is a framework for the pheromone table and also more stable
than it. Recent global best solutions are better than the previous ones, so we developed
an updating mechanism for adjusting weights by also considering this issue. Details and
the pheromone updating mechanism based on the best tours graph are explained in the
next subsections.

3.1. Best tours table: construction and updating. The best tours table that we
proposed is an extra graph supporting the pheromone information of ACO algorithms.
The weight of an edge of the graph represents the information about the strength of this
edge and shows how much the edge is a candidate for the solution. ¢ is the amount
of strength on edge (i,j). The strength of any edge (¢) is calculated by blending its
existing information in the global best tours during iterations. It is important to record
how many times and when this edge was a part of global best solutions. A best tours
table is composed from these values and is a function of the best tours encountered.

Initially all edges are set to 0. This table (graph) is updated when a new global best
solution is found. Updating the Best Tours table is a three-step process:

e Strength Decrease: This phase evaporates some value of strength by Equation (3):

Yij(t) = (1 — pBr)i; (1) (3)

where ppr (0 < ppr < 1) is the evaporation rate of best tours table from all edges.
Parameter is introduced with this method and controls the evaporations for updating
Best Tours Table. Evaporation must be applied, because the importance of previous
best solutions must be decreased when a better tour is found.

e Strength Increase: Weights of corresponding edges belonging to the new global best
tour are incremented by 1.

e Normalizing: All weights of the graph are normalized by dividing the maximum
value in the table. This limits the values in [0, 1] in the table and provides ease of
control for next phases.

Assuming that the best tour found in the first iteration as shown in the graph of Figure
2 on the right, related weights of edges are updated, as in Figure 2 on the left, with our
algorithm according to the best tour. Since the matrix is symmetric for symmetric TSP,
only its upper half (upper triangle) is stored.

Assuming the second global best tour shown in the graph of Figure 3 is found after
some iterations, the best tour table in Figure 3 is obtained with pg; = 0.2.

This mechanism is provided by evaporating the previous table, adding the effect of new
best tour and normalizing. After these operations all weights are in the range of [0, 1].
Corresponding edge weights of a new global best tour are increased by 1 before normal-
ization, and this provides the edges of the new global best solution have the maximum
values for next iterations. Ants are forced to find solutions around the new global best
tour, but also previous global best tours are taken into account. This table is the version
after crossover of global best tours and the result of a kind of statistical blending.
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FIGURE 2. The best tour and best tours table after the first iteration
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FIGURE 3. Second best tour found and best tours table after updating.
Blue lines represent the new edges of the tour. Dashed lines represent the
previous edges that are not in the new best tour.

We designed the best tours table to be more stable as a backbone of the pheromone ta-
ble. Main roads are crystallized as finding new global best tours. Because its edges proved
themselves during previous iterations as parts of global best tours, these are candidates for
the solution. Feeding the pheromone information with this information obtained during
the algorithm improves the performance.

The best tours graph is more dynamic for the first iterations than the later iterations
generally, because best solutions are more distant from the ideal best solution for the first
iterations and ants can find better solutions easily. The best tours graph is sparser for
the first iterations than for the later iterations. As the number of global best solutions
encountered increases during iterations, the number of edges (which have values different
from 0) of the graph increases. The evolution of the best tours table for a random instance
having 20 cities is recorded by our environment [38] during the iterations, as shown in
Figure 4.

3.2. Pheromone updating mechanism. First of all, pheromone updating rules of the
related ACO algorithm are applied for all iterations. After that, the pheromone table is
also reinforced by the best tours table, in which one of the two conditions is met:
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FiGurE 4. Changes in the best tours table for a 20 city random sample.
Each figure shows the best tour table values after new best tour has found.
Red and gray lines indicate the best found tour and table values, respec-
tively. Thicknesses of gray lines represent the quantities of the table values.

e When new global best solution is found, the pheromone table is reinforced by the
best tours table. It is applied using Equation (4) for the next RL; iterations.

Tij(t + 1) = 7355(t) * ¥ij(t) * kp % (Inn/Toest) (4)
where £ is the coefficient to control the effect of the best tours table on the pheromone
table, Ty is the tour length of the TSP calculated by using nearest neighbor algo-
rithm, and T}y is the tour length of the new best tour found.

RL, controls the running length of best tours table reinforcement. For example,
after the new best tour is found, the best tours table reinforces the pheromone table
for RL1 iterations.

e After some stagnant iterations (Sy,) all pheromone trails on edges are reinitialized,
similar to the Max-Min Ant System, and after that, the best tours table reinforces
the pheromone table for RL, iterations. For example, after some iterations without
a new best tour encountered, the pheromone table is initialized. After initialization,
the pheromone table is reconstructed by combining the related ACO algorithm and
the effect of the best tours table using the equation ky * Ty /Tpest- In this way,
exploration of new best tours around previous best tours is increased.

Out of these two conditions, the original pheromone updating mechanism of the related
ACO algorithm is applied. The original ACO algorithm continues until one of these two
conditions is met. Figure 5 shows an example of the proposed updating mechanism during
iterations. After the new global best solution is found (at iteration 100 for this example),
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RL, period is started. The best tours table reinforces the pheromone table for RL,
(RL; = 30 for this example) iterations. After iteration 130, the original ACO algorithm
continues up to iteration 350 (= period starting point + period length). It is assumed that
a new best tour is not found in this period. After that point, all edges (about pheromone
trails) are initialized and RLy period is started; thus, the best tours table reinforces the
pheromone table for (for example) RLy = 40 iterations. Periods of first iterations are
not shown in Figure 5 for simplification and understandability. The probability of finding
new best tours is high during the first several iterations, and many RL; periods may be
restarted before the previous one is completed.

if new global best solution is found,
reinforce RL; iterations

B
»

Best Tours Pheromone

Table Table
ey

A/

after stagnation,
mitialize pheromone table and reinforce RL; iterations

RL, RL;

0

I I .
100 130 350 390 Iterations
— _

A period without encountered new best solution

FIGURE 5. Periods of pheromone updating mechanism during iterations
(assuming a new best tour was found at iteration 100) show the difference
of proposed mechanism from the original ACO algorithms

4. Experimental Results.

4.1. Parameter setting. ACO algorithms have a number of parameters that influence
algorithm search behavior, making the performance of ACO algorithms strongly depen-
dent on the particular values of the parameters. Another important fact is that one
algorithm can outperform another because of optimizing its parameters successfully. Fa-
cilitating more meaningful comparative studies and avoiding unfair comparisons, auto-
matic parameter tuning algorithms are very useful and have been highly recommended
in recent years. We used one of the well-known parameter tuning algorithms, Iterative
F-race [39,40], for configuring the ACO parameters in this study.

F-race is based on racing algorithms in machine learning. It starts with finite sets of
parameter configurations and iteratively runs target algorithms with all existing parameter
configurations on a different problem instance. Some bad configurations are eliminated
using a series of pair-wise testing after each iteration if a significant difference exists among
the configurations after using a non-parametric Friedman test. This process continues
until some good candidates are alive or the maximum budget is reached. In Iterative
F-race, F-race is performed at each iteration but the new candidate configuration set of a
new F-race is generated around the best parameter configurations obtained from previous
F-race executions. More information about Iterative F-race can be found in [39,40].
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We have found the best possible parameter configuration for ACO algorithms as follows:
We have generated small TSP instances randomly and used each original ACO algorithm
in the Iterative F-race as sample instances and target algorithms, respectively. After ob-
taining the parameter configuration of original ACO algorithms, we optimized additional
parameters coming from our proposed approach for each ACO variant. Iterative F-race
also has some parameters to be set. We have set the values of those parameters, maximum
budget (M) and constant parameter u, as 5000 and 6 respectively. Under these condi-
tions, the best parameter configuration sets obtained with Iterative F-race are shown in
Table 1.

TABLE 1. Parameters and their corresponding values obtained with itera-

tive F-race
Parameters AS| ASe|RBAS| ACS
m 100 32 75 21
« 0.661 | 0.5399 | 0.4135| 0.925
6] 3.862 | 6.218 5.314 | 8.293
P 0.9292 | 0.4615 | 0.4607 | 0.3831
r (rank limit for RBAS) — — 8 —
e (number of elitist ants for ASe) — 10 — —
Sitr (Stagnant iterations) 292 163 280 226
PBT 0.71 0.78 0.69 0.74
RL, 64 18 63 25
RL, a7 66 37 78
ks, 5) 7 6 5)

4.2. Comparison results. The best tours table and mechanism that we proposed are
tested on numerous benchmark problems from TSPLIB with satisfactory results, and
comparisons with the original ACO algorithms are presented in this section.

We set parameter values as indicated in Table 1 for all the experiments in this section.
All the investigated algorithms were run 10 times, each of which terminates after n.10000
tour constructions on each TSPLIB instance. Our analyses are based on average values
or errors (Errorge = ((Resultyy. — Optimum)/Optimum) x 100).

In the first stage, we compared the original ACO algorithms with improved versions that
we proposed (AS+BT, ASe+BT, RBAS+BT, ACS+BT; +BT indicates “the algorithm
with best tour tables”). It is important to note that we did not adapt our mechanism to
MMAS and BWAS, which have pheromone smoothing or/and specific restart mechanisms
themselves. Therefore, our mechanism is not necessary or useful for MMAS and BWAS.

Table 2 shows the comparison results. In Table 2, it is clearly seen that the proposed
mechanism is valuable and increases performances of original ACO algorithms in almost
all instances.

We also used box-plots that indicate the distribution of the ACO algorithms’ errors
on different TSP instance size ranges. These box-plots are shown in Figure 6. For all
instances, the overall performance of ACO algorithms with best tour tables performance
are better than original ones, but ACS+BT improvement on ACS algorithms seems very
small. To see that clearly, correlation plots that illustrate relative performance between
ACO algorithms with and without the proposed approach are shown in Figure 7. The
coordinates of each point are the results obtained with the original ACO algorithm (on
x-axis) and results obtained with ACO algorithms using the proposed method (on y-axis)
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TABLE 2. Effects of best tours (BT) table and updating mechanism on
original ACO algorithms for selected TSPLIB instances. Improved results
with the best tours table mechanism on original ACO versions or optimum
results are shown in boldface.
Instance AS | AS+BT ASe| ASe+BT ACS|ACS+BT | RBAS | RBAS+BT | Optimum
Eil51 439.3 428.1 432 427 427 426.9| 429.8 427.3 426
Berlin52 7569.8 7542.3 7542 7542 7542 7542 7542 7542 7542
Eil76 556.7 539.1 549.5 538.7 539.7 538.2 542.7 538 538
Rat99 1278.1| 1228.8| 1248.3 1218.9 | 1213.5 1211 1228.1 1215.8 1211
KroA100 |22552.8 | 21417.1|22153.8| 21434.2 | 21424.5 21394.7 | 21779.4 21340.1 21282
Linl05 |14753.9 | 14565.9 |14521.7 | 14464.2 | 14379 14379 | 14443.8 14439.7 14379
D198 17033 16908.7 | 16639.6 16540.8 | 16149.1 16292.2 | 16430.3 16297.4 15780
Tsp225 4399.2 | 4244.1| 4210.1 4094.5 | 3959.6 3954 | 4215.3 4083.3 3916
Lin318 46844.9 45827 45908 44763.2 | 43790.8 42760.6 | 45890.4 44417 42029
124 T
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FIGURE 6. The distribution of the errors obtained on TSPLIB instances

TABLE 3. Pair-wise tests of ACO with BT algorithms with original ACO
algorithms. The p-value (< 0.05) is highlighted in boldface.

Wilcoxon p|Bonferroni-Dunn p| Holm p|Hochberg p| Unadjusted p
AS+BT vs AS 0.001953 0.0006215|0.0006215 0.0006215 0.0006215
ASe+BT vs ASe 0.007133 0.00138| 0.00138 0.002761 0.00138
RBAS+BT vs RBAS 0.007133 0.007359| 0.007359 0.01472 0.007359
ACS+BT vs ACS 0.1024 0.2044 0.2044 0.2044 0.2044

on a TSPLIB instance. Thus, results obtained by the best tours table better than original
algorithms in a particular instance appear on the right portions of correlation plots.

To understand clearly the significant difference between an ACO algorithm with BT
and without BT, we need to perform a statistical analysis [41]. We conducted a pair-wise
Wilcoxon’s test [41], which was adjusted to testing by a method of Holm and post-hoc
analysis of Friedman’s tests with Bonferroni-Dunn’s [42], Holm’s [43] and Hochberg’s
procedures [44]. Table 3 lists the pair-wise testing of ACO with BT algorithms with
original ACO algorithms at %5 level. Table 3 indicates that almost all ACO algorithms
with BT significantly outperform for all statistical tests except ACS algorithms.

Finally, we have plotted the relative improvements between the algorithms (Figure 8).
For small-size instances (n < 100), the influence of the proposed approach on algorithm
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search behavior can be seen clearly; thus, it improves the algorithm performance signif-
icantly. But on large-size or hard instances (n > 100), the effect of BT on the ACO
algorithm disappears gradually.

5. Conclusions. The main contribution of this paper is to propose the first method
using extra graphs, which is called best tours table, for feeding pheromone trails for
ACO algorithms. The mechanism developed for construction and updating of the best
tours table and the powerful pheromone updating mechanism that can be applied to all
ACO algorithms based on the best tours table are the second and third contributions. The
space complexity of this graph is very low and O(n?), which equals the space complexity of
graphs for trial information. We designed the algorithm so that additional time complexity
is also very low. The best tours graph is updated only when a new global best solution
is found and the pheromone table is reinforced by the best tours graph for only a small
number of iterations. The best tours table gathering statistical information about global
best tours encountered provides valuable edges or roads for ants. A bit more statistics
brings new capabilities to problem-solving techniques.

Crossover is a powerful operator of Genetic Algorithms. We designed and developed an
efficient crossover mechanism for ACO algorithms in this study. Significant improvements
are obtained for TSP instances. But the effect of the proposed approach decreases on
large-size TSP instances or ACS algorithms. In the future, we will attempt to improve
the proposed approach robustness on all varieties of TSP instances and ACO variants.
We will also adapt the crossover mechanism that we designed in this study for solving
TSP to other combinatorial optimization problems.
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