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Segment Weighted Cuckoo Algorithm and Its Application
ZANG Rui and LIU Xiao-xiao

Department of Mathematics, Northeast Forestry University, Harbin 150040, China
Abstract In order to solve the coordination problem between cuckoo local search and global search, improve the convergence
speed in the later stage,and search the segmentation process of the algorithm,an improved cuckoo algorithm is proposed by intro-
ducing a dynamic adaptive step control variable and the corresponding segment weighted position update formula. The improved
algorithm is verified by selecting 12 classical constrained optimization problems and some structural optimization design prob-

lems. The research results show that,compared with other algorithms, this algorithm is more efficient for most of the above prob-

lems.
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Fig. 1 PNCS algorithm position update diagram
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if fobj(new_nest(j,:))<fmin
an=an~ 1
end
end
r=a,/25
b=bx N(k* (r—T))
2. if(N_iter<<15000)
s=s+ (m—x) ¥ ((1—lambda) /lambda) + stepsize. * randn(size(s))
else
s=s+ (x—s) ¥ lambda+ stepsize. * randn(size(s))
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Table 1  Statistical results comparison of 4 algorithms with
Problem1
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Fig. 2 Optimization iteration curve of Probleml
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Table 2 Statistical results comparison of 4 algorithms with

Problem2
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Fig. 3 Optimization iteration curve of Problem2
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Table 3 Statistical results comparison of 5 algorithms against design
problem of deceleration device
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Table 4 Results comparison of optimal solutions of three

algorithms against gear design problem
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Table 5 Results comparison of optimal solutions of other standard test functions
Bk Problem3 Problem4 Problem5 Problem6 Problem?7
HS 1.3770 - 13. 590845 — 680. 6413574
MBA 1.3934649 0.750000 13.590842 - 680. 632202
HM — — — —0.0958250 —
PNCS 1.393464981 0.750000 13.590841 0.9999999 680.6302155
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Table 6 Results comparison of optimal solutions for structural
optimization problems
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CPSO 6061.0777 0.0126747 1.728024
MBA 5889.3216 1.724853
PNCS 2684.089819 0.0126652 1.724 852543
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