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Abstract

The ant colony optimization (ACO) algorithm is a classical metaheuristic optimization algorithm. However,
the conventional ACO was liable to trap in the local minimum and has an inherent slow rate of convergence.
In this work, we propose a novel combinatorial ACO algorithm (CG-ACO) to alleviate these limitations. The
genetic algorithm and the cloud model were embedded into the ACO to find better initial solutions and the
optimal parameters. In the experiment section, we compared CG-ACO with the state-of-the-art methods and
discussed the parameter stability of CG-ACO. The experiment results showed that the CG-ACO achieved better
performance than ACOg, simple genetic algorithm (SGA), CQPSO and CAFSA and was more likely to reach
the global optimal solution.
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1. Introduction

Ant colony optimization (ACO) algorithm is a metaheuristic optimization algorithm that is inspired by
the foraging behavior of real ants. When ants walking from or to a food source it deposits the pheromone
on the ground. Other ants can smell the pheromone and follow the path with a greater concentration of
pheromone to find the food source. ACO algorithm borrows a similar idea, when the artificial ants find
better solutions they update the pheromone to increase the probability of the search by subsequent ants
in the promising regions of the search space. ACO algorithm was first introduced by Italian scholar
Dorigo [1] to solve the combinatorial optimization problems in his Ph.D. thesis and has been successfully
applied to many discrete optimization tasks [2,3].

In respect of updating the pheromone, Guntsch and Middendorf [4] proposed a population-based ACO
(PB-ACO). They keep track of all good solutions up to a certain age in a solution archive to update the
pheromone. Instead of using pheromone evaporation, the pheromone associated with the oldest solutions
is removed by performing a negative update on the pheromone table.

Based on PB-ACO and Gaussian probability density function (PDF), Socha and Dorigo [5] proposed
a new extension of ACO algorithm (ACOR) in 2008. They reported a mixed Gaussian PDF named
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Gaussian kernel PDF and a rank-based solution archive. ACOr obtains higher precision compared with
the existing metaheuristic algorithms and has been applied in many aspects such as the construction of
energy-efficient networks, design of high-rise building wiring, flood forecasting and so on [6-8].
However, ACOr also has some limitations, i.e., the random initial solutions may mislead the algorithms
into converging to a local optimal and the convergence speed is slow, moreover, the parameters in ACOr
are usually determined by experience.

In this work, to overcome these limitations we present a hybrid genetic ACO algorithm with an
embedded cloud model for continuous optimization. The genetic algorithm was employed to find better
initial solutions and the cloud model was employed to set these ACO parameters adaptively.

This paper is organized as follows: Section 2 discusses the recent improvements and applications of
the ant colony algorithm. Section 3 discusses the principle of ACOr and gives the limitation analysis. In
Section 4, we propose the genetic ACO with an embedded cloud model (CG-ACO). In Section 5, we

present experiments and analysis of the performance. Section 6 concludes this paper.

2. Related Work

The improvement on the ant colony algorithm can be divided in to two categories, i.e., method

improvement and method fusion.

2.1 Method Improvement

After ACO has been proposed a lot of enhanced versions have been reported, Gambardella and Dorigo
[9] introduced a local pheromone update rule to help ACO escape from local minimum. Taillard [10]
used a shared memory and a Queen to enable the ant to cooperate with each other and increase the
convergence speed. Stutzle and Hoos [11] used bounds to prevent a premature stagnation and proposed
a MAX-MIN ant system. Guntsch and Middendorf [4] proposed a PB-ACO which uses a solution archive
to track all good solutions instead of pheromone evaporation.

Among these improvements, extending the ACO’s capability to tackle multiobjective problems and
continuous problems are two major enhancements. For multiobjective optimization, if these objectives
can be ordered with importance weight, one can combine them into one objective using a weighted sum.
Doerner et al. [12,13] used two ant colonies of variable sizes with different priority rule over the
objectives. If these objectives conflict with each other, one has to find Pareto-optimal solutions. Iredi et
al. [14] used multiple ant colonies with multiple pheromone trail matrices for different objectives.
Guntsch and Middendorf [4,15] used an external population to extend the PB-ACO to a multiobjective
version.

Extending ACOs algorithm to continuous domain is another important enhancement. One way to
accomplish this goal is to discretize the search space. Hu et al. [16,17] sampled the search space into keys
and proposed the SamACO. The other way is shifting the discrete PDF to a continuous one (Gaussian
PDF in most cases). Pourtakdoust and Nobahari [18] designed a continuous pheromone model and a new
pheromone update mechanism. Socha and Dorigo [5] used a mixed Gaussian PDF and a ranked solution
archive and proposed an ACOr. De Franca et al. [19] used a multivariate Gaussian PDF instead of
Gaussian PDF to increase the independence of each dimension of the search space. Liao et al. [20] further

presented an ACOMYV which includes a continuous optimization mechanism, a continuous relaxation
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mechanism and a categorical optimization mechanism to extend ACO’s capability to tackle mixed-

variable.

2.2 Method Fusion

Method fusion is another important branch of ACO improvement. Ant-Q may be the first hybrid ant
colony algorithm to solve the Traveling Salesman Problem (TSP) problem proposed by Gambardella and
Dorigo [21]. They embedded the ant colony algorithm with Q-learning to describe if the move to some
city is useful. Mabhi et al. [22] combined the particle swarm optimization (PSO) and 3-opt algorithm with
ant colony algorithm to solve the TSP. They used PSO to optimize the parameters of ant colony algorithm
and used 3-opt algorithm to improve city selection operations. Nemati et al. [23] combined a genetic
algorithm with ant colony algorithms to search in parallel for a better solution. Alsacedan et al. [24]
combined a genetic algorithm with MAX-MIN ant system and used genetic algorithm to optimize the
parameters of ant colony algorithm. Goel and Maini [25] used a similar idea as [22] they combined firefly
algorithm with ant colony system, and used firefly algorithm to search for the unexplored solution space.
Karakonstantis and Vlachos [26] embedded the pattern search into ACOr and proposed a PSACO to
solve emission and economic dispatch problems.

To sum up, the improvements generally aim to alleviate the limitations of ACO algorithm, such as slow
convergence speed, the probability of falling into the local minimum, lack of support in multiobjective
optimization or continuous domain optimization. The improvements include modifying the searching
framework, introducing new rules to ACO and borrowing good properties from another algorithm.
However, except for the algorithm in [26], most of the hybrid ant colony algorithms were based on the
traditional discrete ant colony algorithm which aims at various combinatorial optimization problems like
the TSP. In this work, we proposed a novel hybrid ant colony algorithm based on the continuous ant

colony algorithm.

3. Ant Colony Algorithm for Continuous Optimization

3.1 The ACOr Algorithm

Typically, the optimization problem is to find the minimum value of function f{x) in a search space S
subject to the constraints Q. ACOr algorithm generates new solutions s; from S by sampling Gaussian
kernel PDF constantly and stores these solutions in a solution archive. It uses two strategies, which have
an effect similar to pheromone deposition and pheromone evaporation to find a better solution.

The solution archive is constructed as Table 1, where sy is the i-th variable of the /-th solution and K is

the size of the archive T.

Table 1. The archive of solutions kept by ACOr

S Sii Sia : Sy : Sip f(s) @,

Sy Sn Si2 Sy Sin f(s) @,

Sy Sk S2 Ski : Skn S(sy) Oy
G, G, G, G,
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The Gaussian kernel PDF used in ACOr is a weighted combination of Gaussian functions defined as
follows:

G—p)”
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where gi(x) is a Gaussian function, u is the vector of means, ¢ is the vector of standard deviations and w
is the vector of weights. Each solution si; have an associated Gaussian function gii(x), o can be calculated
by:
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where ¢ is a parameter of ACOr algorithm which needs to be set by experience, ¢ is a positive number,
the larger value of £ the lower the convergence speed of the algorithm. In the solution archive, the
solutions s; were sorted according to the value of f{s;). ACOr gives good solutions a relatively larger
weight to increase its pheromone and thus the next solutions are more likely to be generated near the
pervious good solution. Thus, the weight w; can be defined by the following equation:
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where ¢ is another parameter of weight and usually set by experience. When ¢ is small, the best-ranked
solutions are strongly preferred, and when it is large, the probability becomes more uniform. A more
detailed analysis of the parameters ¢ and ¢ are presented in Section 2.2.

In the initialization steps, the solution archive is filled with solutions generated by uniform random
sampling and sorted according to f{s:),  and g are set by experience, s in Eq. (1) are initialized to sii. In
the optimization steps, ACOr generates new solutions by sampling the Gaussian kernel PDF and adding
them to the archive. In the Gaussian kernel PDF good solutions have larger weights, thus the new
solutions are likely to follow around the good solutions. This strategy has similar effects on pheromone
deposition. When adding new solutions to the solution archive, the worst solutions were removed from
the archive. This strategy has similar effects to pheromone evaporation. In this way, the solution archive
can always get better solutions, and the optimization steps will run constantly until the termination
conditions are met.

3.2 Limitations of ACOr

By shifting the discrete PDF to Gaussian kernel function, ACOr extends ACO algorithm to continuous
domain. However, initialize the solution archive by uniform random sampling may not be the best option,
because bad initialization may mislead the algorithms into converging to a local optimal and the
convergence speed is slow, moreover, the optimization result is influenced by the parameters. In this
section, we will use an example to show these limitations. The testing function fis defined as flows:

sin®y/x* +)* —0.5

— 2 = .y €[~100,100 4
(1+0.001(x* + )y el ] @

S6)=05-
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The extreme point of function fis (0,0) and f{0,0) = 1. Beyond the extreme point there is a ring-shaped
ridge with a height of 0.9903 (local maximum). Fig. 1 shows the optimization results of ACOr. We ran
ACORr 10 times and 400 generations each time, from the result we found ACOr only converged to global
optimal twice and in most of the time it was converged to 0.9903. The reason might be that uniform
random sampling contains less information about the optimal solution. When the search cycle reaches a
certain number, the pheromone concentrates around the local optimal and ACOr can hardly find a new

path.

1.000 T I —

0.995 ¢

0.990 1

Optimal values

0.985

0.980 1 1 1 1 1 1 1
0 50 100 150 200 250 300 350 400

Iteration times

Fig. 1. The adaptation curve of f{x,y) in Eq. (4).

The parameters ¢ and ¢ will influence the optimization result, and it is difficult to set these parameters
manually. ¢ is the weight of ¢, when ¢ is small the Gaussian function will have a small standard deviation,
and results in the newly generated solutions are close to . This will weaken the ability to explore new
feasible solutions and make the algorithm tend to converge to a local optimal. When ¢ is large, newly
generated solutions can be far from u and will enhance the ability to explore new feasible solutions but
also will slow down the convergence speed. Parameter ¢ is defined the weights of the Gaussian function.
When ¢ approaches 0, only the Gaussian function associated with the current best solution is used for
generating new solutions. For instance, the length of the solution archive is 50 and g=0.01 new solutions
have the nearly 90% probability to be generated using only the Gaussian function associated with the
current best solution. Thus, when ¢ is large, the algorithm samples the search space using a larger number
of good solutions in the archive. When ¢ is small the algorithm tends to sample the search space only
using the best solution in the archive.

To evaluate the influence of the parameters, we run a test on f with different parameters (¢ is in
{0.0001, 0.05, 0.5} and ¢ is in {0.5, 1, 1.4}). In each test, we ran ACOr 10 times and 400 generations
each time, we found the result was not stable. The experiment using parameter £ of 0.0001 and ¢ of 1 had

the best performance and the experiment using parameter & of 1.4 and g of 0.5 had the worst performance.

4. Genetic ACO with an Embedded Cloud Model

To overcome the limitations of ACOR, in this section we present a CG-ACO. In CG-ACO we use a
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genetic algorithm to generate the initial solutions, we also embedded a cloud model in the updating loop
to adaptively set the parameters ¢ and q.

4.1 Initialize the Solution Archives using Genetic Algorithm

Similar to ACO, genetic algorithm (GA) is also a metaheuristic optimization algorithm. GA was
inspired by the process of natural selection [27]. GA has the ability of rapid global convergence, recently,
some of the work attempting to combine GA and ACO has been presented [22,23,28-30]. Xiong et al.
[29] compared the convergence speed between ACO and GA and presented a convergence curve.
Generally, the convergence speed between GA and ACO is shown in Fig. 2.

From Fig. 2 we can see that at the beginning of GA the convergence speed was fast but it became
slower and slower over time. That is because GA doesn’t have a positive feedback mechanism. However,
ACO shows the opposite trend, the convergence speed was slow at first, but it grew faster and faster over
time. The reason is that the pheromone was not enough at the beginning, thus the convergence speed was
slow at first, with the positive feedback mechanism (the cumulate of the pheromone) the convergence
speed grows faster and faster.

Fig. 2 has a crucial point that is the junction point of the two convergence curves (point a). Before #
GA was more efficient and after . ACO was more efficient. Therefore, if we combine the two methods,
t. is the best time to shift the algorithm. In CG-ACO the iteration number ¢ of GA satisfied # < ¢ <t
where #» and 7. are the minimum and maximum iterations repetitively. To achieve this, after each iteration

we calculate the evolution rate R by:

R=f(s)- f.,(5) Q)

where Z(S) is the average of fitness function. If R is small enough (R < Rmin, Rmin is the shifting threshold)

for three successive iterations, we stop GA and use the result of GA as the initial solutions of ACO.

From the discussion above we can see that combine GA with ACO can generate several better initial
solutions and increase the convergence speed. The global convergence ability of GA is also helpful in
avoiding the local optimal solution.

d ACO

Fig. 2. The convergence curve of ACO and GA.
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4.2 Embedding Cloud Model for Adaptive Parameter Selection

Cloud model is a cognitive model proposed by Li et al [31]. It can synthetically describe the
randomness and fuzziness of concepts and implement the uncertain transformation between a qualitative
concept and its quantitative instantiations. Cloud model has been successfully applied in artificial
intelligent control system, data miming and other fields [32-38]. Qi and Yang [32] embedded the cloud
model into particle swarm optimization algorithm by introducing the two conditional cloud generators to
the hybrid operation and a basic cloud generator to the mutation operation. Wei et al. [33] embedded the
cloud model into artificial fish swarm algorithm by using the stable tendency of a basic cloud generator
to modify the behavior of the fishes. In this section, we will briefly introduce the cloud model and use it
for adaptive parameter selection.

X={x} is a universe of discourse defined by a qualitative concept 4, xeX is a random instantiation of
concept X, wi(x) is the certainty degree of x belonging to X, which corresponds to a random number with
a steady tendency. Then, the distribution of x in the universe X can be defined as a cloud and x can be
called a cloud drop.

The cloud model can effectively integrate the randomness and fuzziness of concepts and describe the
overall quantitative property of a concept using its expectation (Ex), entropy (£»), and hyper entropy (He).
There are two kinds of cloud generators, i.e., the forward generator and the backward generator. The
forward generator generates cloud drops according to its numerical characteristics and the backward
generator calculates the numerical characteristics from the existing cloud drops.

The most commonly used cloud model is the normal cloud model. In a normal cloud model x~N(Ex,0°),
0~N(En,H.?), and pi(x) can be calculated as:

_(-E)

ui(x)=e 207 (6)

Fig. 3 illustrates a typical normal cloud model. From Fig. 3, we can see that the entropy represents the
uncertainty measurement of a qualitative concept and reflects the dispersing extent of the cloud drops.
99.7% of cloud drops are in the range of [Ex-3E», Ex+3E,] and the hyper entropy represents the uncertain
degree of entropy.

0.8
0.6 He

0.4

0.2
o

0L
Ex-3En Ex Ex+3En

Fig. 3. A typical normal cloud model.

In this work, the solutions in the solution archive are regarded as cloud drops and the solution archive
is regarded as a cloud. If the cloud is random and fuzzy, it means we still lack the pheromone thus, we
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should increase ¢ and ¢ to search more solutions on a wider scale; and if the cloud is no longer fuzzy, we
should decrease & and ¢ to narrow the searching scale and increase the convergence speed.

We used the backward cloud generator to calculate the numerical characteristics of the cloud (the
solution archive) and used the entropy to measure its randomness and fuzziness. The entropy E of the
initial solution archive was used as the standard. We compared the entropy of the i-th iteration E,; with

Eyand defined a fuzzy ratio r as follows:
r=—t— (7

In the i+1-th iteration ¢ and ¢ were set by the following equation adaptively.

& r>0.6
&.=26, 02<r<0.06 ®)
5&, r<0.2
9 r,>0.6
¢, =410, 02<r<0.6 ©

100g, r<02

4.3 The Steps of CG-ACO

Algorithm 1. CG-ACO metaheuristic

GAlnitialization()
while shifting conditions not met do
GA Optimization
end while
ACOInitialization()
while termination conditions not met do
ACO Optimization
SolutionConstruction()
PheromoneUpdate()
10. ACOParameterUpdate()
11. End ACO Optimization
12. end while

X NN E WD =

0

The metaheuristic framework is presented in Algorithm 1 and in the following we will explain these
steps in detail.

GAlnitialization(): generate M initial population randomly and initialize the crossover rate P,
mutation rate Py, maximum iterations /nax, minimum iterations Ini» and minimum evolution rate Rpuin.

After the parameter initialization, GA was used to generate initial solutions until the shifting conditions
were met. The shifting conditions are: the number of iterations is greater than Ii» and the evolution rate
is smaller than Rui» for three successive iterations, or the number of iteration reaches Inax.

ACOInitialization(): Initialize the size of solution archive K, the initial values of & and g, fill half of
the solution archive with K/2 best solutions found by GA and fill the other half with K/2 solutions
generated by uniform sampling.

The ACO optimization contains three parts, solution construction, pheromone update and the updating
of £and ¢.
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SolutionConstruction(): similar as the ACOR, a solution with » variables needs to be constructed with
n steps. In each step we constructed one variable, e.g., for su, i was initialized to si, o, and w; was
calculated according to Egs. (2) and (3). Then choose one of the Gaussian functions consisting the
Gaussian kernel by the probability pi, and pr is calculated by:

p= k@

>0,

r=l

(10)

Generate the solution variable si by sampling the Gaussian function gi(x) in Eq. (1) and use the same
way to generate other solution variables.

PheromoneUpdate(): since the pheromone is stored as a solution archive, the pheromone update is
accomplished by adding the set of newly generated solutions to the archive, sorting the solution archive,
and removing the same number of worst solutions.

ACOParameterUpdate(): the fuzzy ratio r is calculated according to Eq. (7) and parameters ¢ and ¢
are updated according to Egs. (8) and (9).

5. Experiments and Results

5.1 Comparison with ACOr and SGA

In this experiment the CG-ACO was compared with its parents, i.e. ACOr and simple genetic algorithm

(SGA). To facilitate the comparison, the testing functions in [5] were used in this experiment:

fi= 3000 —x, )" + (5, - 1], x,€[-10,10] (11

5 5
fy=sinQYJx, =) / Dx, -5
i=1 i=1

, x, €[1,10] (12)

The global minimum point of fi is x=0, and the minimum value is 0. Since it is a recursive function, in
the experiment, the algorithm has successfully found the global minimum of fi which means that the
output is smaller than 0.0001. The global maximum point of £ is x/=5, and the maximum value is 1, in
the experiment, the algorithm has successfully found the global maximum of /> which means that the
output is greater than 0.999 [5].

The parameter configuration of ACOr is the same with the best parameters used in [5], where the ant
number m=70, the size of the solution archive K=45, the parameters {=1 and ¢g=0.0001. The parameters
configuration of SGA is that: the size of the population M=50, one-point crossover, one-point mutation
and the roulette wheel selection strategies were used, the crossover rate P.=0.9, the mutation rate P»=0.1.
The parameter configuration of CG-ACO shares most of the values in the ACOr and SGA, i.e., m=70,
K=45, the initial value of =1, the initial value of g=0.0001, the crossover rate P.=0.9, the mutation rate
P»=0.1. Other configurations of CG-ACQO’s parameters are maximum iterations lnu=400, minimum
iterations /m»=100, and minimum evolution rate R.»=10. Each optimization algorithm was tested ten
times, and the results are presented in Table 2. From Table 2, we can see that the CG-ACO can achieve
better performance than ACOr and SGA, the average output of CG-ACO is closest to the global optimal.
Moreover, we found the hybrid of GA and ACO is also helpful in avoiding the local optimal solution.

J Inf Process Syst, Vol.16, No.5, pp.1169~1182, October 2020 | 1177



A Hybrid Genetic Ant Colony Optimization Algorithm with an Embedded Cloud Model for Continuous Optimization

The CG-ACO reaches the global optimal value for 19 of 20 times, which are much more than other
methods. In the experiment, the CG-ACO usually shifts to ACO part after around 100 GA iterations, and
for most of the time the ACO part can reach the global optimal within 50 iterations due to the adaptive
parameter configuration strategy. In the experiment, CG-ACO used no more than 150 iterations (total
iterations in GA part and ACO part) on average to reach the global optimal, which is faster than the ACOr

(more than 200 iterations).

Table 2. Optimization result of /i and f>

Average iterations to reach

Test function Algorithm Best output  Average output Successful rate

the global optimal
fi SGA 0.002 0.0895 - 0/10
ACOr 0 0.0267 267 3/10
CG-ACO 0 0.0051 131 9/10
ye SGA 1 0.9621 354 2/10
ACOr 1 0.9865 211 6/10
CG-ACO 1 1 147 10/10

5.2 Comparison with Other Fusion Methods

In the second experiment, we did some comparison between CG-ACO and some optimization
algorithms also embedded with cloud model, i.e., the CQPSO [32] and the CAFSA [33]. The function

reported in [20] was tested in this section:

sin®y/x* +3* —0.5

m, x,y €[-100,100] (13)

£(x,)=05+

The global minimum point of £ is at (0,0) and the minimum value is 0. /5 has an infinite number of
local minimums. In the experiment the algorithm has successfully found the global minimum of f; only
if the output is 0.

The parameters of CG-ACO are the same as the previous experiment and the parameters of CQPSO
and CAFSA are configured as [32] and [33], with the maximum iterations of 400. Each optimization
algorithm was tested 10 times and the results are presented in Table 3. From Table 3, we can see that the
CG-ACO also has the advantages in reaching the global optimal than CQPSO and CAFSA.

Table 3. Optimization result of /3

Test function Algorithm Best output Average output
5 CQPSO [32] 8.1531x10°® 3.9251x107
CAFSA [33] 8.1531x10°® 3.9254x107
CG-ACO 0 0

5.3 Parameter Stability

5.3.1 ACO parameters

In this section, the parameter stability was evaluated by testing the proposed method with different

parameters. To evaluate the influence of the parameters effectively, we designed the experiment
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according to the uniform design method [39]. In the experiment the ant number m and size of the solution
archive K varied from 40 to 60, the parameters & varied from 0.4 to 1.5 and ¢ varied from 0.0001 to 0.5.
These parameters were mixed according to uniform design table U*(6*) and listed in Table 4. From Table

4, we can see the parameters are almost randomly distributed.

Table 4. Experiment design according to uniform design table

Parameter set m k é q
1 40 40 0.8 0.5
2 40 50 1.5 0.2
3 50 60 0.6 0.1
4 50 40 1.2 0.01
5 60 50 0.4 0.001
6 60 60 1 0.0001

In this section we also used function f; since it is more complicated than fi and f>. Each parameter set
was tested 10 times and the maximum iteration number is 400. The experiment results are listed in Table
5. From Table 5, we can see that the algorithm not only has good performance but also is robust to ACO

parameter variations.

Table 5. Result of parameter stability experiment

Test Best output Average output Successful rate
1 0 0.0044 8/10
2 0 0.0077 8/10
3 0 0 10/10
4 0 0 10/10
5 0 0 10/10
6 0 0 10/10

5.3.2 GA parameters

Combining GA with ACO can increase the convergence speed and the possibility to reach the global
optimal solution; however, it also makes the algorithm have more parameters to optimize, i.c., the
population size M, the crossover rate Pcand the mutation rate Pu. In this work to facilitate the comparison
the population size M was set to 50, the crossover rate P. was set to 0.9 and the mutation rate P, was set
to 0.1 which are the same as the optimal GA parameters in the compared literature. To evaluate the
parameter stability, we did experiments to evaluate the sensitivity of GA parameters in the hybrid
algorithm.

In the experiments the M was set between 40 to 60 with the step of 1, P. was set between 0.8 to 0.9
with the step of 0.01 and P» was set between 0.05 to 0.15 with the step of 0.01, thus, we got 1,000 sets
of GA parameters. We reran each pervious test with 1,000 different parameter sets, from the experiment
we found the results were the same as that in Table 5. One reason for this may be that introducing GA is
to get some better initial solutions for ACO but not the best solution, thus the performance of GA doesn’t
need to be tuned very high, some typical parameters would be sufficient and the ACO algorithm with
Cloud model will further improve these solutions.

From the parameter stability experiment we can see the performance of CG-ACO is relatively stable
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to some changes in both ACO and GA parameters. First, by introducing the cloud model the parameters
of ant colony can be set adaptively. Second, after we used a genetic algorithm to initialize the solution
archive with some good solutions, these solutions would be updated to better solutions by the ant colony
algorithm. Thus, we can get good performance without taking too much effort to tune these parameters.

6. Conclusion

In this paper, we proposed a new scheme of ACOR, the genetic algorithm and cloud model were
introduced to the ACOr scheme. Generally, GA converges to the global optimal faster than ACOr thus
for the initialization of the solution archive, half of the solutions were filled using the best solutions
founded by genetic algorithm and half were filled using uniform sampling. This strategy is helpful to
increase the convergence speed and decrease the probability of falling into the local minimums. We also
embedded a cloud model to configure the parameters of ACO according to the fuzziness of the current
solution archive adaptively.

The experiments show that CG-ACO can achieve better performance than ACOr, SGA, CQPSA and
CAFSA. Moreover, CG-ACO reached the global optimal more often than other algorithms. The
parameter stability test showed that the CG-ACO was also robust to the parameter variations.
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