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Abstract

Multi-objective optimization problem is a kind of common optimization problem in science
and engineering. This paper explores the improvement strategy of multi-objective ant colony
algorithm and proposes an Elitist Multi-objective Ant Colony Optimization (EMOACO).
This method proposes to improve ant colony fitness based on Pareto non-dominated set,
performs local search on every individual generated in the ant colony algorithm and
accelerates the parallel search of multiple objectives by adopting elite selection strategy in
order to increase its search rate. The experimental result shows that the algorithm of this
paper is effective and that it makes some improvements in global optimization capacity and
population diversity compared with the basic multi-objective ant colony algorithm, it can
quickly converge to Pareto optimal solution and provide a reliable basis for the decision

making.
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1. Introduction

At present, multi-objective optimization
problem has been applied in an increasing number of
fields. In daily life and engineering, not only one
index but multiple indexes are required to achieve
optimization at the same time[l]. Numerous
problems can be summarized into the multi-
objective optimization problem with multiple
objectives achieving optimization at the same time
under certain constraints. In the field of scientific
research, scientific experiment in particular, the
experimental goal is not merely a single goal but the
integration of multiple goals, therefore, the in-depth
research of multi-objective optimization problem

MULTI-OBJECTIVE, ANT COLONY OPTIMIZATION,

ELITIST

and its algorithms have significant influence on the
economic development and scientific progress[2].
Currently, importance has been attached to the
research of the algorithms for multi-objective
optimization problems, however, the search on
algorithm is to be further improved, therefore, how
to realize multi-objective optimization in the
combination of algorithm research and the actual
engineering problems is a topic worthy of
attention[3].

Multiple objectives are a branch of
mathematical programming. At the earliest, the
optimization problems which are incomparable are
investigated. Then some mathematicians have made
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some in-depth exploration, nevertheless, there isn’t a
satisfactory definition so far. The methods to seek
multi-objective programming are classified as
follows.The first is to covert multiple into few,
namely to convert multiple objectives into single or
dual objectives which are easy to resolve, including
main objective method, linear weighting method and
ideal point method. The second is called layered
sequencing method, which gives a sequence of the
objectives according to the importance. It seeks the
optimalsolution to the next objective from the
optimal solution set of the previous objective every
time until it finds the common optimal solution.
Revised simplex method can be used in multi-
objective linear programming apart from the above
methods[4]. The third is analytic hierarchy method,
which is a multi-objective decision and analytic
method combining qualitative analysis and
quantitative analysis and which is very practical in
complicated objective structure with lack of
necessary data. In recent years, intelligent algorithm
has demonstrated increasingly powerful vitality in
solving multi-objective optimization problem and
those intelligent optimization algorithms not only
search Pareto optimal solution from the deduction of
pure mathematics but from the derivation of the
crossover field formed by development of life
science and information science. Intelligent
optimization algorithms use iterative computations
to resolve multi-objective optimization problems by
simulating such life signs as biological evolution and
population activities[5].

At first, this paper describes multi-objective
optimization problem and the basic ant colony
algorithms. Then, on this basis, it improves Multi-
objective Ant Colony Optimization (MOACO)
through elistist strategy, helping this algorithm to
overcome the defects in global search and
termination criterion, so as to make the improved
algorithm can not only provide more extensive
search in the space of the multi-objective
optimization problem, but also converge to the
optimal solution in a reliable and rapid manner and
provide some assistance in the final decision making.
At last, it compares Elistist Multi-objective Ant
Colony Optimization (EMOACO) with Basic Multi-
objective Ant Colony Optimization (BMOACO)
under the same test functions.

2.  Description of
Optimization Problem

In words, multi-objective optimization
problem is such an optimization problem constituted
by D decision variable parameters, N objective
function(s) and M+ N constraints where the decision
variable has a functional relationship with objective
function and constraints. In the non-inferior solution
set, the decision-makers can only choose one

Multi-objective

satisfactory non-inferior solution as the final solution
according to the specific problems. The
mathematical form of multi-objective optimization
problem can be described as follows:

min? = TO0=[R00 L0 (0] n-12,.N
st 9 (x)<0,i=12,...,m

h (x)=0, j=1,2,..., kx =[X, X, Xy, Xp ]

X <Xy £X d=12,..., D )

d _min d _max?

Here, X is a D-dimensional decision vector,
Y is the objective vector and N is the number of all
objectives to be optimized. 9()=0 js the ith

h,(x)=0

inequality constraint, is the JIn equality

constraint and fa (%) is the nth objective function. X
is the decision space formed by the decision vectors
and Y is the objective space by the objective vectors.

9 () <0 gng N (x)=0 define the feasible region of

solution and *¢-mn and *¢_m are the upper and
lower limits of the wvector search in every
dimension[6].
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Figure 1. Pareto optimal solution set

There are significant differences between
multi-objective optimization problem and single-
objective optimization problem. Generally speaking,
there is more than one Pareto optimal solution to
multi-objective optimization problem but a set,
which is named Pareto optimal solution set. The
graphical representation of the corresponding
objective vectors is called Pareto optimal front-end.
When there are many objectives, the optimal
solution to all objectives may not exist since the
objectives may conflict with each other. Due to the
possible conflicts and competition among multiple
objectives, Multi-objective Optimization Problem
(MOP) has a Pareto optimal solution set instead of a
single optimal solution [7]. The Pareto optimal
solution set is indicated as Figure 1.

Single-objective  decision obtains the
optimal solution by comparing different solutions
while multi-objective decision needs to use the
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weighting method to seek the satisfactory solution in
addition to determining the inferior and non-inferior
solutions.

3. Analysis of Mechanism of Basic Ant
Colony Optimization

Artificial ant colony optimization is a
simulated evolutionary algorithm based on
population which is inspired by the research
achievements of the collective behaviors of the real
ants in the natural world and it is a random search
algorithm.

Ants live together in colonies and they use
chemical cues called pheromones to provide a
sophisticated communication system, when an ant
finds a source of food, it walks back to the colony
leaving pheromones that show the path has food.
When other ants come across the pheromones, they
are likely to follow the path with a certain
probability. If they do, they then populate the path
with their own pheromones as they bring the food

es}

E

back. As more ants find the path, it gets stronger until
there are a couple streams of ants traveling to various
and different food sources. The repetition of the
above mechanism represents the collective
behaviour of a real ant colony which is a form of
autocatalytic behaviour where the more the ants
follow a trail, the more attractive that trail becomes.
Because the ants drop pheromones every time they
bring food, shorter paths are more likely to be
stronger, hence optimizing the solution that solve the
shortest path of multi-objective problem. This
algorithm has drawn much attention and it has been
incorporated in many optimization problems.
Because of the correlation and difference between
the artificial ant colony and the real ant colony, to
solve the problems with artificial ant colony
simulating the real ant colony has made it possible
and the practice has proven that this bionic method
is effective[8]. Ant colony finding a path from nest
to food is shown as following Fig.2.
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Figure 2. The ant colony can always find a path from its nest to the food

In real life, the capacity and intelligent of a
single ant is very simple, however, through
collaboration, division of work and cooperation,
both the worker ant and the queen ant are fully
capable to instruct and complete such complicated
behaviors as nesting, foraging, migration and nest
cleaning. Additionally, the ant can also get adapted
to the environment changes. For example, in the
event of sudden obstacles in the motion path of the
ant, every ant is uniformly distributed in the first
place and then the ants will select different paths at
the same probability whether the path is short or not.
The information exchange and mutual collaboration
among the individuals play an important role in the
complicated but orderly behaviors, a similar
approach can be used find near-optimal solution to
the traveling salesman problem. Assume that there
are n cities and mants and make d, (i, j=12,---,n)

as the distance between the cities i, j and z;(t) as

the pheromone concentration left in the paths
between the cities i, j at the time of t. When ant k

moves forward, its next step is determined by the

pheromone concentration left in every path. Take
p; (t) as the probability for the ant k to move from

city i tocity jatthe time of t and then:
7 (O (©)
i (D) =1 2 catones, 7 (D72 (1)
0, otherwise
allowed, is the city set that ant k can move and table
tabu, is the tabu table of ant k. 7, is the heuristic

factor, meaning the expectation of ant k to move
from city i to city j, which is usually the reciprocal
of d; and «,8 are the relatively important
procedures of pheromone and heuristic factor in the
formula respective. After all the ants finish one

traversal, update the pheromone of every path
according to formula (3):

, j € allowed,

(2)

7;(t+1) =1-p)*7; (1) + Ay

m 3
ATUZZ;AT; ( )
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Here, p(0< p=<1) is the evaporation coefficient,
1-p is the persistence coefficient, At is the

pheromone increment after this iteration and Az is

the pheromone left by the kth ant in this iteration[9].

4. The Procedures of Multi-objective Ant
Colony Optimization Based on Elistist Selection
Strategy

The idea of elistist selection originates in the
elistist strategy of genetic algorithm.This strategy
preserves the excellent potential solutions from the
current generation to the next generation in the
iterations of the algorithm. One common method is
simply copy the corresponding solution from the
current generation to the next generation. From the
perspective of the entire selection strategy of genetic
algorithm, elistist selection is a basic guarantee for
the population to converge to the optimal solution of
the optimization problem. If the fitness of the
optimal individual in the population of the next
generation is smaller than that of the current optimal
individual, then directly copy the current optimal
individual or those individuals with bigger fitness
than the next optimal individual to the next
generation and randomly replace the worst
individual or the same number of individuals in the
next generation[10].

Different from single-objective
optimization, multi-objective optimization has no
absolute optimal solution but relatively superior or
inferior solutions, therefore, the amount of
pheromone released by the ants in the paper is
determined by the solutions and the non-inferior
solutions found in every generation are preserved in
the elistist set. The individual set generated by every
single-objective problem is referred as sub-
population and the combination of all sub-
populations is called multi-objective population.
Every single-objective sub-population is the same.
After a new generation of multi-objective population
is generated, the individuals in the elistist population
will be updated according to the following definition
to make sure that the solutions in the elistist
population are the Pareto optimal solutions in current
meaning. If ant i is a feasible solution and it is non-
dominated by Set FL or different from any solution
in FL, then ant i can be added to the non-inferior set
FL. Besides, when the algorithm fulfills a round of
iterations, conduct a neighborhood search to the ants
in the elistist set and search the more optimal
solution in the Neighborhood & . If found, replace

and update the elistist set, otherwise, keep the set
unchanged[11].

Based on the above idea, to improve the ant
colony algorithm with elistist selection can
accelerate its search speed and effectively find the
accurate solution. Its basic steps include the
following[12]:

(1) Initialize the population: give the number
N of the initial population POP, evaluate the initial
population, select the initial position (solution),
which is Rand (start(i),end (i)) . Here,

(start(i),end(i)) is the scope of the parameters to be

optimized. Compute the objective function value
f.(x) and constraint of every ant in POP.

(2) Initialize the elistist set FL, which
include all the feasible and non-dominated solutions
in POP, namely X, ={xePOP| x is feasible} and

FL={XEXf|Z{x'eXf,x’>x}.

(3) Randomly generate a random number s
within [0,1] and compare it with parameter, p,

which is a parameter within the range of [0,1]. If
s< p,, use elistist search method on the current ant

i while s> p,, adopt mobile search method within

the population onant i .

(4) After deciding the movement direction,
move according to different movement rules. Re-
evaluate ant i and compute its objective function
value and constraint function value. Search a new
position and compute its fitness. If the new position
is superior to the previous position, replace the
previous position with the new one, otherwise,
preserve the previous position.

(5) If ant i meets the update rules of elistist
set, add ant i to set FL and delete the solutions
dominated by i in FL. Select loop+1 (number of

loop circulations) positions from the population

according to the sequencing fitness and evaluate
whether this position is superior to the current
selected position with the idea of elistist selection. If
so, replace the selected position.

(6) Memorize the optimal position (solution)
of the ant search process in the elistist set.

(7) Judge whether it meets the termination
conditions. If so, turn to Step (3); otherwise, stop
computation.

The following is the basic flowchart of
Elistist Multi-objective Ant Colony Optimization
(EMOACO)[13,14]:
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Figure 3. Flowchart of EMOACO

5. Experiment Simulation and Analysis

Basically, the Pareto solution set to multi-
objective optimization problem is a continuous
curve, therefore, the adoption of EMOACO can
select the adjacent two Pareto points as the father to
generate new Pareto points in the neighborhoods. In
this way, most of the excellent features of the fathers
can be passed to the descendants so as to make the
entire algorithm converged to Pareto solution set.
Termination criterion can greatly reduce the
computation amount of the function value. More
importantly, it evaluates Pareto set. We have
compared EMOACO, the algorithm of this paper
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with BMOACO (Basic Multi-objective Ant Colony
Optimization) under the same test functions, which
are as follows:

f,(x) :l—exp[—izsl:(xi —%n

3

f,(x)=1- exp[—z

i=1

(4)

{Xi +%TJ “4<x%,%,% <4 (5)

It can be seen from the Pareto optimal front
obtained from the test functions that the algorithm of
this paper obtains better and clearer distribution, as
shown in Figure 4.
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Figure 4. The comparison of Pareto optimal front between by EMOACO and BMOACO

It can been seen from the above comparison
that the Pareto optimal solution set obtained by the
algorithm of this paper has better diversity as well as

smooth and uniformly-distributed Pareto optimal
solution plane, suggesting that the elistist strategy
works and that it can avoid the algorithm from being
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trapped in local optimum and avoid pre-maturity.

Production Economics, 145(1), p.p.371-386.

Besides, this algorithm can also do a great job in 7. AA. Mousa, .M. EIl_Desoky (2013)
increased complexity. Therefore, when resolving Stability of Pareto Optimal Allocation of
complicated multi-dimensional problem, EMOACO Land Reclamation by Multistage Decision-
is better than the BMOACO in the global based  Multipheromone Ant  Colony
optimization capacity and population diversity, Optimization. Swarm and Evolutionary
indicating that it is effective in solving multi- Computatio, 13(12), p.p.13-21.
objective problems. 8. Chengming Qi (2013) Vehicle Routing

6. Conclusion Optimization in Logistics Distribution

This paper has proposed an Elistist Multi- Using Hybrid Ant Colony Algorithm.
objective Ant Colony Optimization (EMOACO), TELKOMNIKA Indonesian Journal of
which integrates elistist selection into the iterations Electrical Engineering, 11(9), p.p.5308-
and ensures that the solutions of the elistist 5315.
population are the Pareto optimal solutions. In the 9. Haijiang Wang, Shanlin Yang (2013)
final part, this paper verifies this algorithm through Electricity Consumption Prediction Based
basic test functions and the result shows that it is on SVR with Ant Colony Optimization.
obviously better than the basic multi-objective ant TELKOMNIKA Indonesian Journal of
colony optimization in resolving complicated and Electrical Engineering, 11(11), p.p.6928-
multi-dimensional optimization problems. 6934.
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