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Abstract—We propose Firefly Algorithm Distinguishing be-
tween Males and Females. This algorithm exists together with
males and females. In this study, we investigate the feature of
our proposed Firefly Algorithm by changing parameters and
the rate of females. Numerical experiments indicate that our
proposed Firefly Algorithm is superior to the conventional Firefly
Algorithm under some conditions.

I. INTRODUCTION

The optimization problems have been important more and
more, recently. Most optimization problems are nonlinear
with many constraints. Consequently, optimization algorithms
require efficiency in order to find optimal solution. Stochastic
algorithms, one category of optimization algorithms, are effi-
cient optimization problems. They have a deterministic com-
ponent and a random component. Algorithms having only the
deterministic component are almost all local search algorithms.
There is a risk to be trapped at local optima such algorithms.
However, stochastic algorithms are possible to jump out such
locality by having random component.

One of stochastic algorithms is the swarm intelligence
algorithms. The swarm intelligence algorithms are based on
the behavior of animals and insects. Representative examples
are Particle Swarm Optimization (PSO) [1], Ant Colony Op-
timization (ACO), and Firefly Algorithm (FA) [2]-[5].

On the conventional FA, all fireflies are unisex. However,
there are males and females in the real world. Therefore, we
distinguish sex of fireflies. This proposed method is called
Firefly Algorithm Distinguishing between Males and Females
(FA-DMF). On FA-DMF, the movements of males and females
are defined from the physical differences. Therefore, the
movements of males and females are different from each other.
We investigate the feature of FA-DMF by using famous two
test functions. ! Numerical experiments indicate that FA-DMF
tends to increase randomness as increasing the rate of females.

This study is organized as follows: first, we explain the
conventional Firefly Algorithm in Section II. Next, we describe
in detail of FA-DMF in Section III. Followed by, we show
numerical experiments. Finally, we conclude this study.

IThe extended version of this study is being reviewed for ISCAS’16 [6].

II. THE CONVENTIONAL FIREFLY ALGORITHM (FA) [2]

Firefly Algorithm (FA) has been developed by Yang, and
it was based on the idealized behavior of the flashing charac-
teristics of fireflies. It is suitable for multi-peak optimization
problems. The conventional FA is idealized these flashing
characteristics as the following three rules

« all fireflies are unisex so that one firefly is attracted to

other fireflies regardless of their sex;

« Attractiveness is proportional to their brightness, thus
for any two flashing fireflies, the less brighter one will
move towards the brighter one. The attractiveness is
proportional to the brightness and they both decrease
as their distance increases. If no one is brighter than a
particular firefly, it moves randomly;

o The brightness or light intensity of a firefly is affected or
determined by the landscape of the objective function to
be optimized.

Attractiveness of firefly 5 is defined by
B = Boe " (1

where ~y is the light absorption coefficient, 5y is the attrac-
tiveness at 7;; = 0, and r;; is the distance between any two
fireflies ¢ and j at x; and x;. The movement of the firefly 7 is
attracted to another more attractive firefly j, and is determined
by

x; = T; + Az, 2
Ax = ﬁ(:lij — 2127;) + wE;, 3)
where x; is the position vector of firefly ¢, €; is the vector

of random variable, and «/(t) is the randomization parameter.
The parameter «(¢) is defined by

10—4 t/tmax
0.9 ) ’

a(t) = a(0) ( )

where t is the number of iteration.
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TABLE II
NUMERICAL EXPERIMENT RESULTS OF FA-DMF

name conventional FA FA-DMF

female percentage 10 20 30 40 50 60 70 80 90
ave 2.63 x 10! 2.22 x 10! 207 x 100 | 1.83x 10 | 1.93x10" | 1.90x10' | 1.88x10' | 1.97x10' | 210x 10" | 2.34 x 101
Rastrigin | min 1.21 x 10! 9.95 x 10° 1.09x 101 | 7.96 x 100 | 1.09x 10! | 7.96 x 10° | 1.09 x 10 | 1.09x 10* | 1.19x 10! | 1.39 x 10"
max 4.66 x 10! 4.28 x 10! 3.68x 101 | 279 x 10 | 348 x 10! | 3.18x 101 | 2.98x 10" | 3.28x10' | 3.48x 10! | 4.08 x 10
ave | 3.71x107% | 2.83x107% | 523x107* | 7.39x10™* | 1.00x 1073 | 1.02x 1073 | 1.97x 1073 | 2.82x 1072 | 5.13 x 1073 | 1.04 x 10°
Griewank | min | 1.29x 1074 123%x107% | 1.21x107% | 141x 1074 | 1.50x 1073 | 1.58 x 10™* | 2.07 x 10™* | 1.77x 107* | 3.75x 10~ | 1.03 x 109
max | 859x1073 | 7.68x1073 | 7.65x 1073 | 1.02x 1072 | 7.75x 1073 | 151 x 1072 | 1.27x 1072 | 2.00 x 102 | 2.55 x 102 | 1.06 x 10°
III. FA-DMF Numerical experiment results are shown in Table II. Each

One of the rules of the conventional FA is that all fireflies are
unisex. However, males and females exist in the real world.
Therefore, we distinguish sex of fireflies, that is, there are
two swarms in our proposed method. We call our proposed
method Firefly Algorithm Distinguishing between Males and
Females (FA-DMF). The movement of female is modeled from
the physical differences. In the real world, females are bigger
than males and female eyes are smaller than male. Thus, in
our proposed method, females move slower than males, and
females have difficulty finding the flashes of other distant
fireflies. In addition, we change the randomization parameter
of female.

The female parameters «(¢) and 3, and the female move-
ment x are determined with parameters V' and W by

1 4 t/thmE
o) =a0(g5) - )
B = foe” /W, 6)
x=x+ Azx/V. @)

In the proposed method, males are attracted to all fireflies,
while females are attracted to only males. Males move the
same as fireflies of the conventional FA.

IV. NUMERICAL EXPERIMENTS OF FA-DMF

We compare FA-DMF to the conventional FA with two test
functions (see Table I). These optimal solutions are f(z) =0
at z = 0.

TABLE 1
THE TEST FUNCTIONS

name Formula range

n
. _ 2

Rastrigin | f(z) = E (xj — 10cos (2mx;) + 10) [-5.12,5.12]

i=1
: ) — 2 _ adch -
Griewank | f(z) = oo E P Hcos( JF)+1 | 1600600
i=1 i=1

In case of solving minimum problem, Rastrigin and Grei-
wank functions are multi-peak optimization problem. There
are a lot of local minimum and local maximum in Rastrigin
and Greiwank functions. The graph of Greiwank function has
gentler gradient than Rastrigin function.

numerical experiment is run 100 times. In each test function,
we define the number of dimensions N = 30, t,,4, = 1000,
V =3 and W = 4. In this study, we change female percentage
from 10 to 90 every 10 percentage.

As increasing female percentage, average of Greiwank func-
tion is continuously increasing. On the other hands, average of
Rastirigin function decrease slowly from 10 to 30, and increase
slightly from 30.

In case of numerical experiment of Rastrigin function, FA-
DMF is almost superior to the conventional FA. In case
of numerical experiment of Greiwank function, FA-DMF is
superior to the conventional FA when female percentage is
ten. In addition, FA-DMF is superior to the conventional FA
about minimum and maximum when females percentage is
twenty. Therefore, when the graph has gentle gradient, FA-
DMF is inferior to the conventional FA.

V. CONCLUSION

In this study, we investigated the feature of Firefly Algo-
rithm Distinguishing between Males and Females (FA-DMF).
We apply our proposed Firefly Algorithm to two test functions.
Numerical experiments indicate that FA-DMF is superior to
the conventional FA under some conditions.

In the future work, we improve our proposed Firefly Al-
gorithm, compare to other improved Firefly Algorithms, and
apply to actual optimization problems.
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