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Abstract The study of bionics bridges the functions, biological structures and organizational principles found in nature
with our modern technologies, and numerous mathematical and meta-heuristic algorithms have been developed along
with the knowledge transferring process from the life forms to the human technologies. Recently,a new global optimiza-
tion algorithm, called Bat-inspired Algorithm(BA) ,has been developed by Yang. The presented algorithm is inspired by
fundamentals of echolocation of micro bats,and intends to combine the advantages of existing algorithms into the new
bat algorithm. The first part of the paper was devoted to the detailed description of the existing algorithm. Subsequent
sections concentrated on the performed experimental parameter studies and a comparison with efficient particle swarm

optimizer based on existing benchmark functions. Finally the implication of the results and potential topics for further

research was discussed.
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Initialize the bat population x,(i=1,2,"",n Jand v,
Initialize frequencies f;, pulse rates r,and the loudness A;
While(t<maximum number of iterations)
For i=1:n
Generate new solutions using(2),(3) and(4)
If rand>>riew
Select one among the best solutions and generate a local so-
lution around this one, using(5)
Else
Select randomly a solution and generate a local solution around
this one, using(5)
End if
Evaluate the bats
If (rand<<A; Yand () <f(x*))
F(x)=1{(x*)
Increase r;and reduce A;,using(6)
End if
End for
Rank bats to find the current best solutions
End while
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