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Abstract

*
Ant colony optimization (ACO) algorithm is a metaheuristic inspired by the b \pﬁf
real ants in their search for the shortest path to food sources. The ACO ?@ kes

on these characteristics of robust, positive feedback distributed computing, fusing
with other algorithms. But the basic ACO algorithm has, s deficiegCi remature
and stagnation phenomenon in the evolution process, easily t
optimal solution. And it is difficult to explore otherslttions in thexﬁiy :
improved ACO(DPSEMACO) algorithm based on v@ populal \it? egy, bi-directional
dynamic adjust evaporation factor strategy of the™p eromor:&m parallel strategy is
proposed to solve the traveling salesman prableém(TSP)s | DPSEMACO algorithm,
the ants are divided into the two subpopt@) s by borreying the mutual cooperation
mechanism of biological community, M olve, s tely and exchange information
timely. The bi-directional dynamjf\b%ustin * ation factor strategy of the
pheromone is used to cha ga corres g path pheromone of different
subpopulations in order to %& ap int ocal optimum. The parallel strategy can
avoid falling into a local opti . And_t MACO algorithm can expand the search
space and improve th erall s@ performance by repeated changing the
pheromone of the eac%@pulati n ahe adaptive adjusting evaporation factor. Finally,
r
S

d into local

formance of the proposed DPSEMACO algorithm,
from the TSPLIB in this paper. And some existing

in order to proveq%ﬁ timizatio
some classic TSP+ ces ar

cted to compdre the optimization performance with the proposed
gorith @ experimental results demonstrate that the proposed
DPSEMACO -algorith easible and effective in solving TSP, and takes on a good
global searching ab@and high convergence speed.

Keywords: Agpt*colony algorithm, dual population, evaporation factor, traveling
salesman lem, optimization

1.1 ction

@t colony optimization(ACO) algorithm is a new evolution algorithm, which is
inSpired by the real ant colony behavior in nature. It is proposed by Dorigo at the
beginning of 1990s[1]. It is applied to solve the complex combination optimization
problem[2]. At the same time, it is also used in the job shop scheduling problem
(JSP), quadratic assignment problem(QAP) and so on[3-5]. The ACO algorithm has
achieved a series of good results in solving these problems. It takes on better
robustness, parallel distributed computing and easy combining with other heuristic
methods. In the short term, it has been greatly developed, and its application fields
are also expanding. These show that the ACO algorithm has some advantages in
solving complex combinatorial optimization problems[6,7].
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However, the ACO algorithm exists long search time, easy falling into local
optimum, and low computational time and so on. In order to avoid stagnation or
premature phenomenon, many scholars proposed a lot of improved ACO algorithms.
Abadeh et al.[8] proposed an evolutionary algorithm to induct fuzzy classification
rules. The algorithm uses an ant colony optimization based local searcher to
improve the quality of final fuzzy classification system. Borkar and Das[9] proposed
the MAF-ACO algorithm, which emulates the foraging behavior of ants found in
nature. The components of the MAF-ACO algorithm as stochastic approximation
algorithms is viewed and the ordinary differential equation (o0.d.e.) method is used
to analyze their convergence. Zhang et al.[10] proposed a hybrid optimization
algorithm with particle swarm optimization(PSO) and ant colony optimization
(ACO). In the proposed algorithm, the PSO is used to optimise the parameters in the
ACO, which means that the selection of parameters does not depend on artificial
experiences or trial and error, but relies on the adaptive search of the particleW
PSO. Twomey et al.[11] proposed a study in which we analyze the im
different communication policies have on the solution quality reached araIIeI
homogeneous multi-colony ACO algorithm for the tra elmg sal roblem.
Manuel and Christian[12] proposed a Beam-ACO 4l a hybrid
method combining ant colony optimization with bge eral, Beam-
ACO algorithms heavily rely on accurate and copmputationall sive bounding
information for differentiating between partial &; ons. évt al.[13] proposed
a parallel ACO algorithm o select features, for ategorlm onger documents to
closely related categories. Heuristic valnbbr ead% d is computed by the
statistical dependency of the term to a»g do y and its pactness value. Zhang et

(72]

al.[14] proposed a physical topology, del (Ant-Chord) based on ant
colony algorithm. The ideas of ord gard the storage nodes in the
whole Chord as a TSP probl olve the%problem quickly by using the ant
colony algorithm. Shuang%p prop a hybrid PS-ACO algorithm based on
ACO algorithm modified artigl m optimization(PSO) algorithm. The
pheromone updating rufe® of ACO&C mbined with the local and global search
mechanisms of PSO et al.[16] proposed an efficient solution to

a-R g
determine the b ence g %ommands of a set of holes for a printed circuit
board in order the ho ttihg sequence that shortens the cutting tool travel

path. Kot al.[17)}=c0n |buted to the theoretical analysis of ant colony
optimizati d stu is type of algorithm on one of the most prominent
combinatoria optl n problems, namely the traveling salesperson problem

property than efie“commonly used for constructing solutions of the TSP. Janaki
Meen et al,[1 rmulated the text feature selection problem as a combinatorial
problem \Q.proposed an enhanced ACO algorithm to find the nearly optimal
solutio he same. Ugur and Aydin[19] proposed an extra data structure that we
call tours graph feeding the pheromone trail information for ACO algorithms.
rs graph is a table that blends the information on the global best tours

ntered statistically during iterations and includes the strengths of edges. Guo

and Liu[20] analyzed and compared several typical Ant Colony Optimization
algorithms which employ different improving methods, and then conclude three
most widespread sorts of strategies(improvement on the construction of solutions,
the update of pheromone trails and the treatment of solutions) from them. Pintea et
al.[21] proposed a new parallel computing technique based on ant colony
optimization for a dynamic routing problem. The new technique uses a parallel
model for a problem variant that allows a slight movement of nodes within their
neighborhoods. Cheng and Xiao[22] proposed one kind of dynamic positive and
negative feedback ACO which differs from existing ACO in two important aspects:

(TSP). We prese:t w construction graph and show that it has a stronger local
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(i) positive feedback inner-colony and negative feedback inter-colony, and (ii)
parallel implementation on Haloop, a framework built with iterative Map Reduce
model. Positive and negative feedback coefficient will change the weights of
exclusive pheromone and attractive pheromone to lead the transition from
competition to cooperation occurring dynamically and gradually. Zhang et al.[23]
proposed a multiobjective EA, i.e., MOEA/D-ACO based on combining ant colony
optimization(ACO) and the multiobjective evolutionary algorithm (EA) with
decomposition(MOEA/D).  MOEA/D-ACO  decomposes a  multiobjective
optimization problem into a number of single-objective optimization problems.
Skinderowicz et al.[24] proposed Population-based ant colony optimization (PACO),
which is one of the most efficient ant colony optimization (ACO) algorithms. Its
strength results from a pheromone memory model in which pheromone values are
calculated based on a population of solutions. Elloumi et al.[25] proposed a new
hybrid method(PSO-ACO) based on particle swarm optimization(PSO) a%to
colony optimization (ACO) algorithms for solving the traveling salesman

(TSP). The new hybrid method(PSO-ACO) is validated using the TSP r%rks
and the empirical results considering the completion time and t e@ ength,
illustrate that the proposed method is efficient. de Sa nd Po oposed a
multiobjective evolutionary algorithm based on dece sition ant colony
optimization(MOEA/D-ACO) and a graphics preeessing uni (Mmplementation
of MOEA/D-ACO using NVIDIA CUDA (Co @ nifie vige Architecture) in
order to improve the execution time. Jiang[27] proposed ax | hybrid ant colony
genetic (NHACG) algorithm with recer@atents o@ on integrating multi-
population strategy and collaborativeasst for the plementary of ant colony
optimization(ACO) algorithm and ¢ \Q gorith A). Some traveling salesman
problems (TSP) are selected to testg‘ fectige f the NHACG algorithm.

In this paper, the dual pop am rategy, bi-girectional dynamic adjust evaporation
factor strategy of the phero% parall tegy are introduced into the basic ACO
algorithm in order to avoid t ematur, ﬂagnaﬂon phenomenon, to fall into local
optimal solution. And a proved @PSEMACO) algorithm based on combining
the dual populatiorl s& bi-directiohal dynamic adjust evaporation factor strategy of
the pheromone an% lel strate proposed. Some classic TSP instances are selected
the TSPLIB st library rove the optimization performance of the proposed
i

DPSEMA m.

The res is pape '@éanized as follows. Section 2 briefly introduces ant colony
optimization(ACO) m. Section 3 briefly introduces dual population strategy, bi-
directional dynami just evaporation factor strategy of the pheromone and parallel
strategy for im the basic ACO algorithm. Section 4 briefly introduces the flow
describing of MACO algorithm. Section 5 gives experiment for TSP and results

analysis. %Uy the conclusions are discussed in Section 6.

2. A@glony Optimization (ACO) Algorithm

@e ACO algorithm is a metaheuristic inspired by the behavior of real ants in their
search for the shortest path to food[1]. The ACO algorithm consists of a number of cycles
(iterations) of solution construction. In each iteration, a number of ants construct complete
solutions by using heuristic information and the collected experiences of previous groups
of ants. These collected experiences are represented by the pheromone trail which is
deposited on the constituent elements of a solution. Small quantities are deposited during
the construction phase while larger amounts are deposited at the end of each iteration in
proportion to solution quality. Pheromone can be deposited on the components and/or the
connections used in a solution depending on the problem.
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In the ACO algorithm, the ACO algorithm simulates the optimization of ant foraging
behavior. The procedure of the ACO algorithm is described in Figure 1.

Initialize parameters

v

Construct solutions

>+

Compute transition probality

VQ
Updatetheromon(? . Ov
IR

A\ N
A utpu\l@)ptlmal solution

@1 The of the ACO Algorithm

The procedur \e mong@% rule is shown as follows:
(1) The rule
To vb i th the probability p,(r,s),

T(r () i gk
:

Zr(r u)*-n(r,u)”?
p, (r, & uedf

%@o formula, p,(r,s) is the transition probability, z(r,u) is the intensity of

mone between city r and city u in the i" population, 77(r,u) is the length of the path

otherwise ifd> q,(BiasExploitation) 1)

from city r to city u, Jr is the set of unvisited cities of the k™ ant in thei" population,
the parameter ¢ and S are the control parameters, q is a uniform probability [0, 1].

(2) The pheromone update rule
In order to improve the solution, the pheromone trails must be updated. Trail updating
includes local updating and global updating. The local trail updating formula is given by:

r(r,u) = 1-p)z(r,s) +iAfk (r,s) (2)
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In here, p (0< p <1) is the pheromone trial evaporating rate. Az, (r,s) is the

amount of pheromone trail added to the edge(r,s) by ant k between time t and t+ At in the
tour. It is given by:

Lg (r,s)enxy
Az (r,s) =4 (3)
0 otherwise

where Q is a constant parameter, L, is the distance of the sequence », toured by ant
inAt.

3. An Improved ACO Algorithm

The basic ACO algorithm is easy to fall into local optimal solution in the si tlon
results of solving TSP. After the search is executed a certain extent, the found t
of all individuals are completely consistent, which will cause the stagnatio h@t
Because this can not further search for solution space, it will not be able to @ obal
optimal solution. The main cause of this phenomenon \is g£xces mulation
pheromone of local path. When a lot of ants select the s %th the one on this
path will suddenly be increased to cause the larger || hefdmone between

the path and the other path, so that subsequent ant Qg th. It will cause
the blockage and stagnation. These conditions i -4 n that CO algorithm will

occur the premature convergence and local ergencg efore how to control the
pheromone concentration is key metho nd out Iance point between the
convergence speed and the convergence for the O algorithm. Some strategies of
improvements for ACO algorithm ar er.
3.1. Dual Population Strateg%O

In order to avoid the influenCe®f th ection of ants in the same population, that
is more and more ants e path under the positive feedback, so that
single population wyil nation phenomenon in the late evolution. The

dual populatlon S into the basic ACO algorithm. The basic idea of the
dual populatio in here. The ants in the basic ACO algorithm is
divided |nt bpo ul order to independently search and regularly exchange
the excelle tion a matlon Because the path selection of the ants in the same
population is affecte e selection of other ants, more and more ants will choose the
same path under tion of the same path. Thus, a single population is prone to the
stagnation phe n in the later stage of evolution. The ACO algorithm based on the
dual population ffectlvely restrain the stagnation phenomenon. Each subpopulation
searches h%gﬂutlon path according to the respective probability and regularly exchanges

dilent*solution and information in order to guarantee the diversity of the solutions
O algorithm. The ACO algorithm based on the dual population can realize two
.@ g’basic problems: how to determine the conditions of information exchange, and the
cnt and form of information exchange. In general, the information is exchanged by
the interval of a number of iterations. The periodical exchange is more intuitive and easy
to implement. But too frequent exchanges can be close to the single population, and too
less exchanges can not reflect the superiority of dual population algorithm. So the
exchange time may take m/5~m/10, and the exchange content is mainly reflected in the
pheromone distribution. Because the pheromone distribution in the single population will
tend to be consistent in the evolution, the most of pheromone are distributed on the small
number of paths. The pheromone distribution is different in different population. So the
pheromone in the excellent solution path can be dispersed in another population, so that
the ants in the other population can break the stagnation state by the larger probability.
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The ACO algorithm based on the dual population is shown in Figure 2. It can make the
ants in the two subpopulations can break their stagnation state, greatly improve the search
performance, and enhance the global optimization ability.

3.2. Bi-Directional Dynamic Adjustment Evaporation Factor Strategy

The size of pheromone evaporation factor o directly affect the pheromone

distribution size of each path, which directly affect the global searching ability and
convergence speed of the ACO algorithm. In the basic ACO algorithm, the o value is

fixed value. If the o value is larger, the pheromone in these unvisited paths will reduce

to be close to zero in dealing with the large scale problem, which is not conducive to find
a better solution and easy to fall into local optimum. Based on the dual population
strategy for improving the ACO algorithm, a bi-directional dynamic adjust evaporation

factor strategy is proposed to further improve the ACO algorithm. For the phe?o?e
evaporation factor o of two independent subpopulation, the value range of iS¥Set
between zero and one. In the initial stage of the algorithm, the smaller va@ epis
set for one subpopulation( o = 0.1), the larger value of\the o is/Se he other
subpopulation( o = 0.9). In the iterative process, w, olvmg(apped into a
local optimum, the o values of two subpopul adjusted The
adjusting method is that the smaller o value m'ﬂtlal s&x gradually increased
and the larger o value in the initia@w grad duced. The different
subpopulations can expand their search sp avoid e Ive concentration on some
search optimal paths by using the cha %\ o) vaI order to find a better path. For
different subpopulation, due to the ence value in the initial stage, the
pheromone on the path of di e@ ubpopul&v exists the larger difference in the
iterative process. So whength %a rithm into a local optimum, the pheromone
exchange of the corresponding path of opulations can take place the larger shock

changes, so as to further nd the ace of the algorithm, and the search results
converge to the glop I solution

Therefore, wh ving i ed into a local optimum in the iterative process, the
bi-directional d adjust vaporation factor strategy is used to adaptively adjust

the p vaI@w eva or@w factors of two subpopulations are p, and p,, and the
initial value iss nd the initial value of p, is larger.

® { @1 ,thesolving is trappedinto thelocal optimumin the titeration

,otherwise
(4)

, X p,(t—1),thesolving is trappedinto thelocal optimumin the titeration

A p,(t—1),otherwise

Q ? (®)

here tis iterative time, 4, and x, are dynamic adjustment evaporation factors for
two subpopulations. According to the results of the experiment, s €(3,1.5) and
U, € (0.5,1) are better for the algorithm.

3.3. Parallel Strategy

According to the experimental results, the population is divided into two
subpopulations( P, and P,) according to the appropriate proportion. The ants in the
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subpopulation P, start from the same point to solve the shortest path between two points

according to the objective function F(t), and the ants in the subpopulation P, start from

the same point to solve the shortest path between two points according to the objective
function F (t) . The two subpopulations need to independently complete their tasks until

one of two subpopulations finds the shortest path. In the process of solving the problem,
this will guarantee even if the algorithm is trapped in a local optimum, it can also increase

the diversity of the algorithm for meeting the requirements by using the subpopulation P, .

In order to ensure the relative independence between two subpopulations(P, and P,), the

multi thread parallel processing techniques are used in the multi core systems. At the
same time, it also reflects the parallelism characteristics of the algorithm. In multi core
system, there is a multi thread parallel mode, namely OpenMP mode, which uses the
shared memory to save the memory space without installing additional system for,
ensuring the parallel processing. Therefore, this model is used to put the subp u%%
into the parallel region, and allocate multiple threads for the ant colony. These t
responsible for solving the shortest path among the subpopulations until{th
reaches the end condition, leaves the parallel region amwput t

are
orithm
optimal

solution at this time.

4. The Flow Describing of DPSEMACO ‘rlthnx\b/
ly

The proposed DPSEMACO algorlthm is to effec Ive the shortest route
problem, it is described as follow:
Step 1. Initialize

The parameters in the DPSEM r|th |n|t|aI|zed These parameters
are the maximum iteration time it e S \ ants(m,and m, ),the pheromone
factor(«) and heuristic f to '[heol pheromone evaporation factor( p,, and
Py, initial uniform propability (g one amount (Q, and Q,), and so on.

éﬂe subpoputation P, and m, ants in the subpopulation P,

ies, and the selection probability for the next city is
inrder to complete their traveling.
e added into Tabu list.

of two subpopulations( P, and P,) are respectively

Step 2. The m, an i
are randomly pla@' the initi
computed accor: the for
Step 3. ted citi
Step 4 @ short

recorded in this ite

Step 5. Enter aranteed optimal function. The obtained optimal paths by two
subpopulation and P,) are compared in this iteration. And the shortest path is

taken as %Btimal path in this iteration.
Step e Tabu list is modified. And the selected cities are added into the Tabu

list.
%} 7. The pheromone on the optimal path is globally updated for two

pulations( P, and P, ). The pheromone maximum value and pheromone

minimum value are set at the same time.
Step 8. When the algorithm is trapped in local optimum, the communication
function of the population is used to exchange the pheromone of the corresponding

path of the subpopulations P, and subpopulations P,.
Step 9. When the algorithm is trapped into local optimum, the values of the
p,and p, are dynamically adjusted according to the equation(4) and equation(5).
Step 10. Set the iterative counter t=t+1. If t<T_, , return to Step 3.
Otherwise, the DPSEMACO algorithm is terminated.
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Step 11. Output the optimal path and the shortest distance.

5. Experiment and Analysis

In order to test the optimization ability of the proposed DPSEMACO algorithm
for solving complex problem, 6 TSP datasets are selected form TSPLIB standard
library in this paper. Under different parameter combination, the proposed
DPSEMACO algorithm and basic ACO algorithm are compared for the 6 TSP
datasets. The distance of each two cities is computed by using Euclidian distance. It
is a very complicated problem to obtain the parameters' values of two algorithms,
because the changes of parameters' values could seriously affect solving the
optimum value. So the most reasonable initial parameters' values are obtained by

testing and modifying. The obtained initial parameters' values are: ants m, = m, =30,
pheromone factor o, = &, =1.0, heuristic factor f,=2.0 and f,=4.0, evap0Osatio
factor p,=0.10 and p,=0.90, dynamic adjustment evaporation factors

M, =0.9. pheromone amount Q, = Q, =80, the maX|mum |terat|on tim =1000.

The experiment environments are: the Pentium CP B AM with
Windows 7 and Matlab2010. Two algorithms are indepen tIy un imes. In this
paper, two algorithms are independently run 8s. The, opt value, average
value and average number of iteration are se %; to deschibed the optimization

performance of two algorithms. The numetica

experimentsesults are shown in
Table 1. %

Table 1. The Nu gExp{l@nt Results

TSP Algorithm E(S@A Optlma%w Average value  Average iteration
ACO \\gm 343561 482
att48 @ 33522 ®
33723 385

33524

DPSEN@
\Q\ * 602 553 504
O%MASQQS 557 544 386

Al 6204 6153 483

ch130 6156
CO 6149 6116 352
ACO 2429 2384 604

ratl 2323
O DPSEMACO 2395 2349 496
ACO 9398 9153 853

rat783 8806
DPSEMACO 9204 9042 692
ACO 54482 52907 934

d1291 50801
DPSEMACO 53186 52379 817

As can be seen from Table 1, for 6 TSP datasets, the optimal value, average value and
average number of iteration of the proposed DPSEMACO algorithm are better than these
of the basic ACO algorithm. This shows that the DPSEMACO algorithm is very effective
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for solving the TSP problems. And TSP datasets of att48, eil76 and ch130 can find the
best value that is close to the known optimal solution by using proposed DPSEMACO
algorithm. This shows that the dual population strategy can greatly enhance the global
search ability. And for solving larger scale instance, the numerical experiment results that
the proposed DPSEMACO algorithm can obtain better optimization value. Therefore, the
experiment results show that the proposed DPSEMACO algorithm is feasible and
effective in solving TSP, and takes on a good global searching ability and high
convergence speed.

6. Conclusion

The ACO algorithm is a bio-inspired optimization algorithm, which simulates the
swarm intelligence behavior of ants. It takes on these characteristics of robust,
positive feedback, distributed computing, easy fusing with other algorithms. But it,
exists premature and stagnation phenomenon and easy falling into locako
solution, and it is also difficult to explore other solutions in the nelghbe

» SO
factor
ic ACO

the dual population strategy, bi-directional dynamic adjust evap
strategy of the pheromone and parallel strategy are intr;ﬁuged in

algorithm in order to evolve separately and exchange | ation tingely, change the
corresponding path pheromone of different subp S exp d search space
and improve the overall searching performance@ ate g the pheromone
of the each subpopulation and adaptive adju evap n factor. Then an

improved ACO(DPSEMACO) algorithmwosed Io ve the TSP in this paper.
The goal is to prove the optimization mance proposed DPSEMACO
algorithm in solving complex optim a\f rob e optimal value, average
value and average number of iter th d DPSEMACO algorithm are
better than these of the basic é gorith TSP datasets. The experiment
results show that the propos aI orithm is feasible and effective in
solving TSP, and takes o ood glo rching ability and high convergence

speed. @ ®
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