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Cicada Sing Optimization: A New Evolutionary Algorithm Based on Bionics
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Abstract Inspire of the synchronization of the cicada singing and the life habit of the cicada, this paper proposed a novel
optimization algorithm based on bionics; Cicada Sing Optimization (CSO). Then analyzed and presented that besides the
characters of the general evolutionary algorithms, it owns two more special characters, and proved its asymptotic con-
vergence based on the Markov-chain theory. Through the comparision of simulating calculation results of 9 high dimen-
sion Benchmark functions by using CSO,PSO and DE, we can see; CSO is a kind of evolutionary algorithm very suitable
to solve numerical optimization problems,
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.

EX 2 BB threshold KR LR, ## P(D
5 i MMER AR TN Sp: (0, IR Spi(0)=0,1<
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LS Xn DMV, TR AX I ZAX @), Sp: e+
D=Sp:(®+1,BM Sp. ¢t+1D=Sp: (),
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B, Q={Y1,Y2(®) -, Y, (O} 5 ¢ R la]FpEE, P+
D={X1¢+D, X, G+ 1, X, ¢+ D} N5 o+ 1 Kb
B, U GSO BB SLANF -
Y. (D,
X: @,

X 1= { if f(Yi.(t))<f(X.-(t))
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BURHEHRWT.

#|ix 1 CSO Algorithm
1. BEMLA BAT AR EE P(0) = {Xi(0) [ 1<Ci<Cn} 3 B t<—0;
2. (X () 8 Spi (0«0, 1 B Xoess (D5
3. While t<<MaxT Do v
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4. Fori=1tonDo
5. For j=1 to d Do
6 A<-r1and(0,1);
7 If rand(5)=1 then
Vi (D<A % Xpeg s (D (1 A) * x5 ()5

8. Else If rand(5)=2 then

¥ (DA 5 (DF+A—A) *» x1,; (D3
9. Else If rand(5)=3 then

Vi (DA% g i (D + Q=AY % (Xp1,i (D — X2, (D)5
10. Else If rand(5)=4 then

Vi (D<A % x5 (D + (1~ A) * (Kpegy,; () —Xp2,j (D) 5
11, Else y; (<A * x5;,; (D +(1—A) * (xp,; () —xp3,; (1)) 5
12, EndFor

13. If fOY ()<< f(Xi(t)) then
X+ D)<Y (), Spi(t+1)<Spi ()3

14, Else Xi (t+1)«=-X;(t), Spi(t+1)<Spi(t)+1;
15. If Spi (t+1)>threshold then EE AR Xi (t+1);
16. EndFor
17, BE PCA+D BB MK Xie (1415
18. tet+1;
19, EndWhile
20. Return(Xpest (MaxT) o {(Xpest (MaxT))
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22 100 Z& Benchmark Wi BEN TR &R L4

Rk Cso PSO DE

A% BEST MEAN WORST BEST MEAN WORST BEST MEAN WORST
f; 0.0/0. 036 0.0/0. 03758 0.0/0.04 5. 598E2/8 8. 304E2/8 1. 43E3/8 0.0/3.763 0.0/3. 9274 0.0/4.236
f, 0.0/0.11  0.0/0.1219  0.0/0.192  42.57/8 65.8/8 90.12/8  1.61E—10/8 1.91E—10/8 2.87E—10/8
fy 0.0/0.371  0.0/0.426  0.0/0.785  3.33E5/8  4.02E5/8  4.98E5/8  4.458E5/8  4.999E5/8  5.537E5/8
£y 0.0/0.217  0.0/0.2418  0.0/0.312  59.31/8  61.964/8  65.19/8 10.57/8  14.3479/8  16.11/8
£ 98.71/8  98.7893/8  98.853/8  3.17E6/8  4.47E6/8  6.13E6/8  70.29/8 87.2988/8  91.42/8
fs 0.0/0.01 0.0/0. 0135 0.0/0,07 27.0/8 41.25/8 52.0/8 0.0/1. 837 0.0/1. 9583 0.0/2. 468
fy 0.0/0.052  0.0/0.0628  0.0/0.060  2.214E3/8  2.355E3/8  3.74E3/8  578.92/8  587.176/8  626.06/8
is 3.99E—~15/8 3.99E—15/8 3,99E—15/8 10.45/8 13.5225/8 17.70/8 2.74E—9/8 2.85E—9/8 3.33E—9/8
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#3300 4k Benchmark MK ¥ AT 45 R H 4k

AR Cso PSO DE

B BEST MEAN WORST BEST MEAN WORST BEST MEAN WORST
f 0.0/0.12  0,0/0.1393  0.0/0.193  1.59F5/20  1.86E5/20  2.02E5/20  1.0488/20  1.44261/20  2.2235/20
f 0.0/0.349  0.0/0.3724  0.0/0.387  7.2E2/20  9.03E2/20  9.86E2/20  205.99/20  698.563/20  996.90/20
f 0.0/1.872  0.0/2.05388  0.0/2.659  3.15E6/20  3.84E6/20  4.25E6/20  4.72E6/20  5.53E6/20  6.98E6/20
f 0.0/0. 701 0.0/1. 9055 0.0/2.68 77.18/20 80. 47/20 81.87/20 98. 98/20 99. 4384/20 99.74/20
i5 298. 69/20 298, 75/20 298. 8/20 3. 08E8/20 4. 06E8/20 4. 49E8/20 1. 09E7/20 1. 39E7/20 2.88E7/20
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f; 0.0/0.167 0.0/0. 2015 0. 0/0. 321 1. 47E5/20 1. 65E5/20 2. 08E5/20 3. 28E3/20 3. 35E3/20 3. 53E3/20
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i 0.0/0.201  0.0/0.2176  0.0/0.247  4.87E5/35  4.99E5/35  5.23E5/35  4.57EA/35  5.0564/35  6.07E4/35
f 0.0/0.601  0.0/0.62341  0.0/0.687  1.88E3/35  1.95E3/35  2.27E3/5  2.26E3/35  2.38E3/35  2.42E3/35
fy 0.0/3.899  0.0/4.5284  0.0/7.451  147E7/35 1.59E7/35  1.98E7/35  1.48E7/35  1.53E7/35  1.87E1/35
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f; 0.0/0.301 0.0/0. 5512 0.0/0, 744 4. 65E5/35 5.13E5/35 5. 45E5/35 7.57E3/35 7.62E3/35 8. 15E3/35
fg 3.99E—15/35 6.72E—15/35 7.55E—15/35  19.94/35 20.0412/35  20.084/35 20, 459/35 20. 5812/35 20. 822/35
£y 0. 0/0. 356 0. 0/0. 5945 0.0/0, 773 4.72E3/35 4. 85E3/35 5. 17E3/35 7. 89E3/35 9. 76 E3/35 1. 03E4/35
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P H TR H AR I B N 43 1518 7T 6 R o R B 45
BR— AN 1, S5 m i — 23 MRt
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