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Abstract

Firefly algorithm (FA) is a recently proposed optimisation technique, based on swarm intelligence,
which has shown good optimisation performance. However, FA suffers from slow convergence and
low accuracy of solutions. To improve this case, this paper presents a new firefly algorithm (AFA)
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by using three hybrid strategies to obtain a good optimisation performance. First, an adaptive pa-
rameter method is used to dynamically changing the step factor. Second, AFA uses a modified
search strategy and eliminates the concept of attractiveness. So, HFA does not include two para-
meters, absorption coefficient and initial attractiveness. Third, a concept of opposition-based learn-
ing is used for improving the accuracy of the global best solution. Experiments on some bench-
mark problems show that AFA is superior to mimetic FA (MFA) and probabilistic attraction-based
FA (PAFA).
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3) HELILE
Begin
Initialise the population;
while the stopping condition is satisfied do
Update the step factor according to equation (4);
fori=1toNdo
forj=1to Ndo
if f(Xj) < f(Xi) then
Conduct the movement according to equation (5);
Compute the fitness value of Xi;
end if
end for
Conduct the X5t according to equation (6);
if  Xpest DE better than Xpes
Kpest = xbest*
end if
end for
end while
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Table 1. Computational results of each algorithm for D = 10

F 1 HED=10 FEETMER

MFA PAFA AFA
Il eR 2 o o .
AR AR AR
F1 2.08e+02 2.59e+01 6.19e-05
F2 2.83e+00 8.46e—01 2.68e—03
F3 4.26e+02 1.56e+01 4.52¢-01
F4 8.65e+00 1.21e+00 1.32e-01
F5 2.04e—02 6.49¢—03 4.16e-03
F6 1.87e+03 1.42e+03 1.08e+03
F7 3.01e+01 1.84e+01 3.12e+01
Table 2. Computational results of each algorithm for D = 30
F2 HED=30 BEAEIMER
MFA PAFA AFA
IR 2 o = 1 = s
AL AL AL
F1 5.34e+02 8.82e—04 1.68e—09
F2 1.01e+01 1.42e-02 1.12e-05
F3 2.15e+03 8.08e—03 3.12e-01
F4 8.65e+00 1.29e-02 1.32e+01
F5 6.96e—02 1.62e-02 1.28e—02
F6 6.53e+03 6.12e+03 5.98e+03
F7 1.83e+02 2.78e+01 3.26e+01
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Figure 1. The search processes of AFA, MFA, and PAFA for D = 10, (a) function F1; (b) function F2
1.D=10, AFA. MFA K PAFA I3 12, (a) ThAE F1, (b) Thae F2
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Figure 2. The search processes of AFA, MFA, and PAFA for D = 30, (a) function F1; (b) function F2
B 2.D =30, AFA. MFA & PAFA HJI&IZ72, (a) THAEF1, (b) IhAE F2
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