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Abstract:

In this paper, an elitist strategy is proposed for enhancing solution searching performance of Differential Evolution (DE). Also,
a new variant of mutation for DE is proposed to improved population’s exploration and prevent particles form fall into local
optimum. In the experiments, 10 hybrid composition functions of CEC 2005 test functions are selected for testing performance
of proposed method and compare it with 4 DE variants. From the results, it can be observed that the proposed method exhibits

better than related works.
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1 INTRODUCTION

In last four decades, more and more heuristic-based
algorithms  were proposed for solving numerical
optimization, such as genetic algorithm (GA) [1] and
particle swarm optimizer (PSO) [2], etc. In 1996, the
concept of original differential evolution (DE) was
proposed by Storn and Price [3]-[6]. The DE algorithm is a
powerful population-based optimizer with simply concept
to be implemented.

Due to there are many parameters in DE need to be
decide before apply it on solving optimization problems.
These parameters are very sensitive to different type of
problems. Thus, in order to increase robust of DE,
researchers are aiming to fine tune these parameters in last
decade [8]-[12]. Similar to PSO, particles in DE will be
moved according new moving vector, which is generated
by variety mutation and crossover strategies. The selection
will then be performed to preserve better particles for next
generations.

In 2006, Brest et al. proposed self-adaptive differential
evolution (jDE) [13], which is focus on adjust control
parameters, such as crossover rate and scale factor, etc. In
2009, Huang and Suganthan proposed a DE variant named
SaDE [14]. The trail vector generating strategies in SADE
will change according to current solution search status for
dealing with different kinds of problems. It is archived by
analyzing the better and worse vectors to provide useful
clue for selecting mutation strategy in next generation.
Furthermore, the related parameters such as scale factor,
crossover and population size, etc. will also self-adjust
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according current status. In the same year, Zhang and
Sanderson proposed adaptive differential evolution named
JADE [15]. The mutation strategy in JADE is refer to
DE/current to best/1. Due to the particles will toward to
around the global best particle due to the natural of current
to best/1 mutation. It will make particles’ convergence in
early stage. Thus, in JADE, DE/current to best/1 is
modified as DE/current to pbest. The pbest is selected form
several better target vectors randomly. It will keep particles’
diversity and improved DE’s robust. Besides, the selected
and unselected trail vector will also be recorded as a
reference for parameters adjustment in next generation.

Recently, Islam et al. proposed a new variant of DE
named MDE_pBX [16]. They proposed a new mutation
strategy named DE/current to gr_best/1 for solving early
convergence. The gr_gebest is a better target vector form g
randomly selected target vectors. It can also prevent
particles be clustered around the global best particle and
avoid particle fall into local optimal. On the other hand, the
crossover in MDE_Pbx is to random select two target
vectors from p better vectors for information exchange. The
p% value will decrease linearly by generations. It will
enhance DE’s convergence (deep search) in last stage of
solution search process. However, a smaller population will
decrease solution searching ability and diversity of
DE/current to gr_best/1.

In this paper, a new variant of DE is proposed for
solving numerical optimization problems. The proposed
elitist strategy is referred to the DE/current to best/1
mutation, and to replace the best particle with elitist
particles. It’s an efficient way to solving early convergence
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problem and can avoid particles from fall into local
optimum. Besides, the two of elitist particles will be
randomly selected for crossover to discover more potential
solution space. Finally, the scale factor is adjusted by
Gaussian distribution.

This paper is consisted of five sections. The basic
concept of differential evolution (DE) is described in
section 2. The detail of proposed method is introduced in
section 3. The experiments are presented in section 4.
Finally, the conclusions are described in section 5.

2 Differential Evolution

Differential Evolution (DE), in recent years, is one of the
popular optimizers. Its main advantages include have a few
parameters, simply structure and fast convergence, etc. The
DE is a population-based optimization algorithm. The
members of population in DE are called parameter vectors.
Particles” movement is according to trial vectors. The five
common mutation strategies are listed as follows.,

1. DE/rand/1
Vic = Xr1i6 + F(Xr26 — Xr36)
1)
2. DE/best/1
Vig = Xpestg + F (Xr1,6 — Xr26)
2
3. DE/current to best/1
Vig = Xig + F(Xpeste — Xig) + F(Xr16 — Xra6) (3)
4, DE/rand/2
Vig = Xr16 + F(Xro6 — Xr36) + F(Xrag — Xis6) (4)
5. DE/best/2
Vi = Xbestc + F(Xr1,6 — Xr26) + F(Xp36 — Xra6)(5)

where i, ry, Iy, I3, I, I's denote current selected particle and
five random selected particles of population, respectively.
And i#r #1r, #1371, #1rs.The G represent current
generation, Xpes: denote best particle of population and F
denote scale factor where F€(0,1).

Unlike GA, the mutation process is executed before
crossover. Due to the mutation in DE is main approach to
explore better solutions in solution space. Thus, either
mutation is adopted for generating new trail vector; the
crossover will be performed by following equation.

S {Vj,i,G ,if (rand;;[0,1) < CRorj = jranq)
3G Xjic ,otherwise

(6)

where CR € (0,1) denotes crossover rate, j denotes

©ISAROB 2013

610

dimension. While the random number is smaller than or
equal to CR, the trial vector (u;;g) will inherit mutated
vector (V;g). Otherwise, the trial vector (uj;g) will
duplicate current particle’s moving vector (X;g). Finally,
the selection in DE is performed by following equation.

Ui, if f(ue) < Xig

Yo =] .
1G+1 X, ,otherwise

3 PROPOSED METHOD
3.1 DE/current to elitist/1

(")

In this paper, a new mutation structure is proposed,
named DE/current to elitist/1. The vector update equation is
listed as follows.

Vig = Xic + F(Xgiitiste — Xic) + F(Xroc — Xr2c) (8)

where X;g denotes target vector, Vg represents donor
vector, scale factor must be a positive integer between 0
and 1. The X, and X, are two random selected
particles, and Xgjiistg 1S the first E% better particles of
population. Note that the X;; must not be the same as
Xenitistg. 1hus, the selected elitist particle will be different
for current selected particles. It can avoid particles are
guided to the same position (global best particle) and can
prevent particles fall into local optimum or early
convergence.

3.2. Current to real-random

In this paper, there are two mutation strategies are
proposed for deal with complex problems, especially the
problems contain many local optimum solutions in solution
space. In previous sub-section, the elitist mutation is
introduced. In order to prove particles higher ability to
jump out from local optimum, the DE/current to real-rand/1
is then proposed.

In traditional DE/current to rand/1, the random selected
particle is belonging to current population. It seems a
reasonable way to generate random vector. In fact, after
several generations, particles will get closer to search
specific area. The random selected particles may not be
able to provide useful information to help other particles,
which could trap in local optimum, to jump out to
unsearched solution space. The proposed DE/current to
real-rand/1 is listed as follows.

Vie = Xic + F(Xrc — Xeuvise) + F(Xrie — Xr26)  (9)

where Xt is a random generated particle, which is not
belonging to current. If particles can find one or more
solutions to update the global best solution in k consecutive
generations, the DE/current to real-rand/1 will be activated
to generate potential moving vectors. It will allow more
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potential solutions to be found during the solution
exploration, and find unsearched solution space. In this
paper, the k is set as 50.
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Fig. 1. Flowchart of this paper
3.3. Elitist crossover

In original DE, crossover is to combine mutated particle
and random selected particle to produce new particles. In
fact, the random selected particle could contain poor
information and may not be able to generate better particle.
In this paper, one of the C% better particles will be selected
for join crossover with the mutated particle. It will increase
particles’ deep searching ability and speed up convergence.

3.4 Parameter adjustment

In this paper, the scale factor will be adjusted in each
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generation and will be generated by following equation.

F = Gaussian(F,, 0.1) (10)

where the F, issetas 0.5 in initial stage. After that, the F,
will be generated according to following equation.

F, = (1 —up) *F, + F, *mean; (R)  (11)

where ug is a random generated number between 0.5 and 1.
And the mean;(R) [17] is used to adjust F value, where R
is survival rate in current generation.

3.5 Flowchart of proposed method

The flowchart of proposed is presented in figure 1 and
the procedure of proposed method is listed as follows.
Step 1 : Initialization and set the generation number G=0.
Step 2 : If k >= 50 then execute step 3.1, else execute step

3.2

Step 3.1 : DE/current to elitist/1, to generate mutated
vector by (8)

Step 3.2 : DE/current to real-rand/1, to generate mutated
vector by (9)

Step 4 : Elitist Crossover

Step 5 : Selection by (7)

Step 6: Fitness Evaluations.

Step 7 : Repeat step 2 to step 6, until meet the stop criteria.

4 EXPERIMANTS RESULTS
4.1. Test functions

In order to test the performance of proposed method and
compare it with other variants of DE, ten hybrid
composition functions, which are f;¢ ~ f,5 of CEC 2005 [18],
are selected for experiments. All the test functions are set as
30 dimensions. The global optimum, initialization range
and search range of ten test functions are listed in table 1.

TABLE 1. GLOBAL OPTIMUM AND SEARCH RANGE OF TEST FUNCTIONS

Functions Glpbal Initialization Search Range
Optimum Range
fi~ 0 [-5,5]° [-5,5]°
fo~ f5 0 [-5,5]° [-5,5]°
fo~ fg 0 [-5,5]° [-5,5]°
fo 0 [-5,5]° [-5,5]°
f1o 0 [2,5]° No Boundary

4.2. Parameters Settings

In the experiments, the population size for all DE variants
are set as 100, each approaches are executed for 25
independent runs, and the maximum fitness evaluations
(FEs) are set as 300,000. For fair comparison, the original
parameters setting of jDE variants are adopted. For the
basic DEs, which include DE/Rand/l, DE/best/1, and
DE/Current to best/1, both the mutation and crossover rate



The Eighteenth International Symposium on Artificial Life and Robotics 2013 (AROB 18th *13),

Daejeon Convention Center, Daejeon, Korea, January 30-February 1, 2013

are set as 0.9. For the proposed method, the F, is set as 0.5,
CRissetas 0.9, E issetas 15 and C is set as 25.

4.3. Experimental Results

The experiment results are listed in table 2 which
presents the mean, standard deviation, and average
computation time of 25 runs of the five variants of DE
approaches on the 10 test functions with 30 dimensions.
The best results among the five methods are shown in bold.

From the results, the proposed method performed with
better results on most test functions can be observed. The
JDE [13] performed best result on function 1 and 2.

TABLE 2. EXPERIMENT RESULTS

Methods |Results fi f, fa fs fs
Mean | 2.8143E+02 | 3.4813E+02 | 8.3249E+02 | 8.3518E+02 | 8.3087E+02
Fandt | s 3.1917E+01 | 5.6843E+01 | 5.2431E+00 | 7.4596E+00 | 4.GO88E+00
Mean | 0. 17856402 | 9.6942E+02 | 1.3100E+03 | 1.3252E+03 | 1.3051E+03
B | s 4.0104E+01 | 5.7750B401 | 2.8452E+01 | 1.9686E+01 | 3.0350E+01
Current | Mean | 1-4392B+02 | 1.8311E402 | 8.1645£+02 | 8.1639E+02 | 8.1642E+02
tobestl| s | 4 go75E01 | 4.8953E401 | 2.5121E-01 | 4.3215E-01 | 3.5078E-01
) Mean | L0541E+02 | 2.0837E+02 | 8.1738E+02 | 8.1738E+02 | 8.1740E+02
e ) 2.4564E+01 | 4.8086E+01 | 5.9315E-01 | 5.2053E-01 | 5.2154E-01
Proposed| Mean | 18257E+02 | 25625E+02 | B.1600E+02 | 8.1605E+02 | 8.1606E+02
Method | std. | 19297E+01 | 3.6249E+01 | 2.9187E-02 | 7.4758E-02 | 5.6439E-02
Methods |Results fs f; fs fy f1o
Mean | 8.6260E+02 | 7.8090E+02 | 8.6636E+02 | 2.1275E+02 | 2.1236E+02
Rand/1
Std |1 0110E+00 | 1.7051E+02 | 1.3069E+00 | 1.6850E+00 | 1.2230E+00
Mean | 1.4328E+03 | 1.5227E+03 | 1.4392E+03 | 1.4446E+03 | 1.4577E+03
) 2.6894E+01 | 1.0783E+02 | 2.9659E+01 | 1.7320E+01 | 1.4929E+01
Current | Mean | 8-6570E+02 | 5.0009E+02 | 8.7I50E+02 | 2.1098E+02 | 2.1086E+02
tobestl| st | 4 7043800 | 2.6955E-01 | 2.7118E400 | 7.7643E-01 | 5.4458E-01
) Mean | 8.5873E+02 | 5.0109E+02 | 8.6621E+02 | 2.1080E+02 | 2.1118E+02
TOF 1 s, [, 7320801 | 155048400 | 144596700 | 6. 6982801 | 7. 4161601
Proposed| Mean | 82198E+02 | 5.0001E+02 | 83194E+02 | 20925E+02 | 20904E+02
Method | Std. | ;g666E+01 | 1.2824E-02 | 1.4056E+01 | 1.7458E-01 | 3.4315E-01

5 CONCLUSION

In this paper, two mutation strategies are proposed,
which are DE/current to elitist/1 and DE/current to real-
rand/1, to replace DE’s mutation process. The DE/current to
elitist/1 can produce more potential particles for improving
particles’ searching abilities, and can easier to find the
global optimal solution. The DE/current to real-rand/1 can
prevent particles from fall into the local optimum.

The experimental results proved that the proposed method
can find better solutions than four DE variants. Ten hybrid
composition functions were adopted for testing through a

reasonable average. Form the results; it can be observed that
the proposed has high ability to solve complex numerical
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ACKNOWLEDGEMENT

This work was supported in part by National Science
Council of Taiwan, Taiwan, R.O.C. under Grant NSC 101-
2221-E-161-011.

REFERENCES

[1] J. H. Holland, “Adaptation in Natural and Artificial Systems,
University of Michigan Press,” Ann Arbor, Ml, 1975.

[2] J. Kennedy and R. C. Eberhart, “in: Particle Swarm Optimization,” in
Proc. of 1995 IEEE International Conference on Neural Networks,

vol. 4, pp. 1942-1948, 1995.

[3] R. Storn and K. V. Price, Differential evolution—A simple and
efficient adaptive scheme for global optimization over continuous
spaces, ICSI, Berkeley, CA, Tech. Rep. TR-95-012. [Online].
Auvailable:http://http.icsi.berkeley.edu/~storn/litera.html

[4] R. Storn and K. Price, “Differential evolution—A simple and
efficient heuristic for global optimization over continuous spaces,”
J. Global Optim.,vol. 11, no. 4, pp. 341-359, Dec. 1997.

[5] K. Price, R. Storn, and J. Lampinen, Differential Evolution—A
Practical Approach to Global Optimization. Berlin, Germany:
Springer-Verlag,2005.

[6] R. Storn and K. V. Price, “Minimizing the real functions of the
ICEC 1996 contest by differential evolution,” in Proc. IEEE Int.
Conf. Evol. Comput.,Nagoya, Japan, 1996, pp. 842-844.

[7]1 J. Liu and J. Lampinen, “On setting the control parameters of the
differential evolution method,” in Proc. 8th MENDEL, R. MatouSek
and P. O3mera, Ed.s, 2002, pp. 11-18.

[8] J. Liu and J. Lampinen, “A fuzzy adaptive differential evolution
algorithm,”Soft Comput., Fusion Found. Methodologies Appl., vol. 9,
no. 6,pp. 448-462, Jun. 2005.

[9] J. Liu and J. Lampinen, “Adaptive parameter control of differential
evolution,”in Proc. 8th MENDEL, R. Matousek and P. OSmera, Eds.,
2002,pp 19-26.

[10] J. Ronkkdnen and J. Lampinen, “On using normally distributed
mutation step length for the differential evolution algorithm,” in Proc.
9th MENDEL, Brno, Czech Republic, 2003, pp. 11-18.

[11] M. M. Ali and A. Torn, “Population set based global optimization
algorithms: Some modifications and numerical studies,” Computers
and Operations Research, Elsevier,vol. 31, no. 10, pp. 1703-
1725,Sep. 2004.

[12] W. Gong, Z. Cai, C. X. Ling, and H. Li, “Enhanced differential
evolution with adaptive strategies for numerical optimization,” IEEE
Trans. Syst.,Man, Cybern. B, Cybern., vol. 41, no. 2, pp. 397-413,
Apr. 2011.

[13] J. Brest, S. Greiner, B. Boskovi ~c, M. Mernik, and V. Zumer,
“ Selfadapting control parameters in differential evolution: A
comparative study on numerical benchmark problems,” IEEE
Trans. Evol. Comput., vol. 10,no. 6, pp. 646-657, Dec. 2006.

[14] A. K. Qin, V. L. Huang, and P. N. Suganthan, “Differential evolution
algorithm  with strategy adaptation for global numerical
optimization,”IEEE Trans. Evol. Comput., vol. 13, no. 2, pp. 398-
417, Apr. 2009.

[15] J. Zhang and A. C. Sanderson, “JADE: Adaptive differential
evolution with optional external archive,” 1EEE Trans. Evol.
Comput., vol. 13, no. 5,pp. 945-958, Oct. 2009.

[16] S.M. Islam, S. Das, S. Ghosh, S. Roy, P.N. Suganthan, “An Adaptive
Differential Evolution Algorithm With Novel Mutation and
Crossover Strategies for Global Numerical Optimization,” IEEE
Trans. Syst., Man, Cybern. B, Cybern., vol. 42, no. 2, pp. 482-500,
Apr. 2012.

[17] Evans, M., N. Hastings, and B. Peacock. Statistical Distributions. 2nd
ed., Hoboken, NJ: John Wiley & Sons, Inc., 1993, pp. 147-148

[18] http://www.ntu.edu.sg/home/EPNSuga





