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Table 1 Eleven benchmark functions for single objective optimization
Function Function name Dimension n Search space nin
N Sphere 50 [-100,100]" —450.0
f Schwefel’s P2.22 50 [-10,10]" —-330.0
£ Schwefel’s P1.2 50 [-100,100]" —450.0
fa Step 50 [-100,100]" 330.0
fs Quadric noise 50 [-1.28,1.28]" —450.0
fs Rosenbrock 50 [-10,10]" -330.0
f Rastrigin 50 [-5.12,5.12]" 120.0
fs Noncontinuous Rastrigin 50 [-5.12,5.12]" 330.0
fo Ackley 50 [-32,32]" —-330.0
fro Griewank 50 [-600,600]" —450.0
n Generalized Penalized 50 [-50,507" 180.0
F2o g E AR R B AL S
Table 2 Result comparisons on five unimodal single objective optimization problems
Best Mean std. dev. Best Mean std. dev. Best Mean std. dev.
e 5 £ A
PIO —450  2553.6026 900.736 -330 -330 4.88E—14 2452.4958  19129.578  7906.689
PIOr —446.6151 9541.1378  2081.0016 —329.532 -302.384 4.89391 4257.812  29019.223  7776.601
PIOrs —450 —450 0 -330 -330 0 3129.324  28953.727  8762.280
GPIO —450  —449.9999 9.27E-14 -330 -330 3.21E-14 —450 8787.922 4572.892
GPIOr —450 —450 5.42E-13 -330 -330 1.39E-14 724.6366  12988.222  3220.161
GPIOrs —450 —450 0 —-330 -330 0 1595.000  11884.687  3130.817
Ja S5
PIO 330 3305.58 919.878 —449.9999 —449.9999 0.00010
PIOr 2053 22006.72 4148.972 —449.9999 —449.7388 0.10033
PIOrs 330 330 0 —449.9999 —449.9999  9.75E-05
GPIO 330 330.1 0.3 —449.9999 —449.9999 1.09E-05
GPIOr 330 330.26 0.6575 —449.9999 —449.9999 1.27E-05
GIPOrs 330 330 0 —449.9999 —449.9999 1.35E-05

EOE IR AR, RN, GPIOKLEAE S0 BRI, fif
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M E T ERRE AR HIRE S I

4.3 Rk mE

RAGIH T S50 B >R A 9 2 4535 5 KAl
BN BT BRIEARS00IR, SRIFHE =107, ASEFIL
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BOESRABIN, BRI B /NE FE. (a) Sphere f, IEL; (b) Schwefel’s P2.22 £ B3 (c) Schwefel’s P1.2 B4 %L (d) Step £,

B#; (e) Quadric noise fiBA%L; (f) Rosenbrock fiBRi#Y; (g) Rastrigin £ER%L; (h) dEiEZERastrigin fEAH (1) Ackley foER%L
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Figure 4 Error results of PIO variants in solving eleven single objective optimization problems. (a) Sphere f; (b) Schwefel’s P2.22 f5; (c) Schwefel’s

P1.2 f;; (d) Step fi; (e) Quadric noise f5; (f) Rosenbrock fg; (g) Rastrigin f7; (h) Noncontinuous Rastrigin fg; (i) Ackley fo; (j) Griewank fio;
(k) Generalized penalized f;;.
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Table 3 Result comparisons on six multimodal single objective optimization problems

Al Best Best std. dev. Best Mean std. dev. Best Mean std. dev.
= f 5 A
PIO -330  11370.900 6787.271 120.0029  390.7320 46.9230 330.1820 555.3179 50.8865
PIOr 4531.2676 90826.058 28165.454 227.2797  502.3923 45.2793 418.9130 666.2776 42.9942
PIOrs —330  85447.988 34071.193 120 120 0 330 330 0
GPIO -330 -330 3.11E-14 120.0000  120.0000 4.06E-07 330.0000 330.1076 0.55530
GPIOr —330  37637.890 15072.542 120.0004  417.1970 63.7461 331.7031 579.9657 41.0225
GPIOrs 2873.698 38306.134 13855.809 120 120 0 330 330 0
Jo Jio Ju
PIO -330 -330 3.59E-14 —450 —450 6.17E—14 181.0571 847.8306 1595.752
PIOr —329.7144 —320.7820 1.3832 —449.1828 —428.3960 5.4950 182.6996 643507.58  598373.08
PIOrs -330 -330 0 —450 —450 0 180.8938 181.0990 0.08449
GPIO -330 -330 4.01E-14 —450 —450 5.33E-14 180.3791 180.7795 0.19001
GPIOr -330 -330 4.01E-14 —450 —450 5.02E-14 180.4114 129872910  123638.67
GPIOrs -330 -330 0 —450 —450 0 180.8485 181.0556 0.08037

£ 4 ZHESMACIR R

Table 4 Benchmark functions of multimodal optimization

Number of known

Function Function name Optima (global/local) Niche radius r» Maximum optima (NKP)
f1 (1D) Five-uneven-peak trap 2/3 0.01 200.0 2
£ (1D) Equal maxima 5/0 0.01 1.0 5
f; (1D) Uneven decreasing maxima 1/4 0.01 1.0 1
£+ (2D) Himmelblau 4/0 0.01 200.0 4
f; (2D) Six-hump camel back 2/4 0.5 4.126513 2
fs 2D) b 0.5 186.73090 18
Shubert D-3"/many
/s 3D) 0.5 2709.09350 81
/> 2D) b 0.2 1.0 36
Vincent 6°/0
f7 3D) 0.2 1.0 216
s (2D) Modified Rastrigin - All global T« /0 0.01 —2.0 12
f: (8D) optima =1 0.01 -8.0 12

S EE T IEARR BN S = 450, N =500; |~ SLAYHE
B, N, =90, N, =100, n = 5.
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Table 5 The results of the optima ratio (PR) on eight maximum problems (=107

Function PIO PIOr PIOrs GPIO GPIOr GPIOrs
NKP*NR NPF PR NPF PR NPF PR NPF PR NPF PR NPF PR
£ (ID) 100 73 0.73 99 0.99 100 1.0 66 0.66 100 1.0 100 1.0
£ (ID) 250 54 0.216 248 0.992 249 0.996 53 0.212 244 0.976 245 0.98
£ (D) 50 50 1.0 50 1.0 50 1.0 50 1.0 50 1.0 50 1.0
fi(2D) 200 50 0.25 55 0.275 58 0.29 50 0.25 105 0.525 122 0.61
fs(2D) 100 50 0.5 83 0.83 83 0.83 50 0.5 94 0.94 95 0.95
fs(2D) 900 100  0.1111 10 0.0111 6 0.0067 100 0.1111 46 0.0511 59 0.0656
fs 3D) 4050 76  0.0188 0 0 0 0 80 0.0198 0 0 0 0
£, (2D) 1800 50  0.0278 273 0.1517 269 0.1494 50 0.0278 382 02122 377 0.2094
£, (3D) 10800 49  0.0045 47 0.0044 52 0.0048 50 0.0046 208 0.0193 226 0.0209
f(2D) 600 50  0.0833 119 0.1983 101 0.1683 50 0.0833 253 0.4217 252 0.42
f: (8D) 600 0 0 0 0 0 0 2 0.0033 0 0 0 0

6 ZHERAMN R EIIMACK L

Table 6 Search accuracy comparisons on eight multimodal optimization problems

Al Best Best std. dev. Best Mean std. dev. Best Mean std. dev.
g°' /i (1D) £ (D) £ (1D)
PIO 200 199.1075 3.3121 1 1 2.82E-16 0.99999 0.99999 2.76E—06
PIOr 200 197.7171 6.0551 1 0.99999 3.70E-12 0.99999 0.99999 1.87E-06
PIOrs 200 198.5327 5.2644 1 0.99999 7.47E-12 0.99999 0.99999 3.17E-07
GPIO 200 197.9158 5.1987 1 1 2.10E-16 0.99999 0.99999 3.98E-05
GPIOr 200 198.7412 3.7440 1 0.99999 2.94E-15 0.99999 0.99999 1.74E-10
GPIOrs 200 198.2589 6.3267 1 0.99999 9.59E—-14 0.99999 0.99999 4.94E—-12
Ja (2D) /5 (2D) Js (2D)
PIO 200 199.9999  5.55E—12 4.1265  4.12651 2.30E-15 186.73090  186.73090  2.57E—07
PIOr 199.9999  199.9989 0.00165 4.1265  4.12638 0.00029 186.73088 186.40628 1.08541
PIOrs 199.9999  199.9984 0.00310 4.1265  4.12635 0.00046 186.73081 186.59201 0.23135
GPIO 200 199.9999 1.24E-10 4.1265  4.12651 2.09E-15 186.73090  186.73090 1.12E-08
GPIOr 199.9999  199.9999 0.00016 4.1265  4.12649 9.85E-05 186.73090 186.71634 0.02847
GPIOrs 199.9999  199.9999 0.00020 4.1265  4.12649 9.00E-05 186.73090  186.72486 0.01077
Js (3D) /7 (2D) /1 (3D)
PIO 2709.0935 2657.5709 179.599 1 0.99999 4.45E—-05 1 0.99996 0.00017
PIOr 2708.1524 2450.2618 275.754 0.99999  0.99998 2.68E-05 0.99998 0.99892 0.00123
PIOrs 2706.9301 2491.9856  248.4029 0.99999  0.99998 6.88E—05 0.99999 0.99865 0.00169
GPIO 2709.0935 2683.5454  133.2934 1 0.99999 3.52E-08 1 0.99999 3.80E-06
GPIOr 2709.0618 2667.2709 57.7885 0.99999  0.99999 6.11E-07 0.99999 0.99999 4.00E-06
GPIOrs 2709.0232 2653.5038 85.0034 0.99999  0.99999 1.86E-07 0.99999 0.99999 1.52E-06
Js (2D) Js (8D)
PIO -2 —2.00000  2.43E—06 —8.00369 —8.30233 0.29963
PIOr —2.0000 —2.00025 0.00040 —8.88167 —10.34639 0.83598
PIOrs —2.0000 —2.00025 0.00043 —8.46401 —10.41010 0.99101
GPIO -2 -2 6.72E-15 —8.00012 —8.19927 0.35208
GPIOr —2.0000 —2.00000  2.61E-05 —8.08811 —8.77948 0.34530
GPIOrs —2.0000 -2.00000  1.48E—-05 —8.06431 —8.79702 0.54160
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A generalized pigeon-inspired optimization (GPIO) algorithm for balancing the exploration and exploitation abilities is proposed
herein. The traditional pigeon-inspired optimization algorithm includes two operators, namely the map and compass operator and the
landmark operator. These two operators are implemented only for one round at a single run. In the GPIO algorithm, the search process
is divided into multiple stages, and two operators are implemented in each stage. These two operators are implemented for multiple
rounds at one single run. The map and compass operator focuses on the exploration ability, while the landmark operator focuses on
the exploitation ability. The GPIO algorithm changes the execution order of the two operators without additional objective function
evaluation. Moreover, the structure of the solutions and the parameter settings are extended in the GPIO algorithm, which is beneficial
to search quality improvement. The simulation results show that the GPIO algorithm improves the search efficiency and the search
results of the algorithm.

swarm intelligence, pigeon-inspired algorithm, exploration and exploitation, multimodal optimization

doi: 10.1360/SST-2021-0371

279



