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Abstract: A multilevel threshold image segmentation method based on hybrid Particle Swarm
Optimization(PSO) and Gravitation Search Algorithm(GSA) was proposed to solve the weakness that
a single algorithm in image segmentation has a lower local searching ability. A strategy of generalized
opposition-based learning in image segmentation was proposed to improve the population diversity and
to strengthen the global searching ability in optimizing processing. The normal mutation strategy on
the best particle was conducted to extend the searching space and to avoid the premature convergence
of the algorithm. Then. the multilevel threshold image segmentation method of hybrid PSOGSA with
generalized opposition-based learning was implemented. Finally, complex image segmentation
experiments were processed by proposed method and the results were compared with those of

multilevel threshold segmentation methods of GSA and Firefly Algorithm (FA). Experimental results
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show the proposed method possesses a higher accuracy in multilevel threshold segmentation and the

standard deviation of best objective values in continuous operation has decreased by up to 90%.

Therefore, the image segmentation method of multilevel threshold using the hybrid PSOGSA with

generalized opposition-based learning can be accurately and stably used in multilevel threshold image

segmentation.

Key words: image segmentation; multilevel threshold segmentation; particle swarm optimization;

gravitational search algorithm; generalized opposition-based learning; normal mutation
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Tab.1 Segmentation thresholds of Otsu function from three methods
19 fE Otsu B {H /10
Fg m
GSA FA ATk GSA FA LS RS
Lena 2 92,151 92,150 92,150 1.961 488 1.961 524 1.961 524
3 77,124,177 79,125,170 79,125,170 2.120600 2.128 127 2.128 127
4 71,94,131,174 74,112,144,179 74,113,144,179 2.168 711 2.191 407 2.191 442
5 65,101,122,163,209 68,98,123,148,181 64,93,120,148,181 2.175100 2.215 313 2.215 930
Gold hill 2 93,160 93,160 93,160 2.069 510 2.069 510 2.069 510
3 82,124,180 82,125,178 82,125,178 2.219 851 2.220 372 2.220 372
4 62,100,139,180 68,102,137,185 68,101,137,185 2.289 443 2.295 361 2.295 380
5 65,92,125,173,215 65,96,126,160,200 62,90,116,145,189 2.316 757 2.328 917 2.331 057
Couple 2 88,143 87,146 87,146 1. 626645 1.626 645 1. 626 645
3 73,122,161 76,123,163 75,123,162 1. 757 474 1. 758 852 1. 758 852
4 55,104,144,183 59,100,134,170 56,98,132,168 1. 812 351 1. 826 906 1. 827 459
5 47,86,123,148,184 49,88,120,146,180 49,88,120,145,178 1.867 779 1. 870 539 1. 870 577
QFN 2 83,156 83,156 83,156 4.186042 4,186 042 4.186 042
HAR
66,122,171 68,126,173 68,126,173 4.293315 4,293 726 4.293 726
B R
4 57,106,150,183 62,109,149,183 61,110,150,183 4.334 726 4,335 706 4.335 772
5 50,73,121,157,198 56,96,134,164,190 51,88,128,161,189 4.349 971 4,359 417 4. 360 320
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Tab. 2 Comparison of PSNRs, computing time, standard deviation of Otsu function from three methods
PSNR/dB RS TEVE Otsu bR BB A HE 2

A T P kxrm GsA FA AXE oS FA A
Lena 2 15.314 6 15.343 3 15.343 3 1.5124 1.5699 1.867 1 0.850 2 9.2504E-13 9. 2504E-13
3 17.3384 17.3823 17.382 3 1.7450 1.807 9 2.014 3 7.084 2  4.6252E-13 4.6252E-13

4 18.3752 18.653 0 18.654 3 1.950 1 2.017 2 2.300 5 12.120 7 0.237 6 0.014 0

5 19.007 6 19.746 4 20.025 1 2.2015 2.2758 2.5021 11.046 2 1.309 3 0.630 9

Gold hill 2 14.052 3 14.052 3 14.052 3 1.4931 1.5867 1.7759 0.058 7 0.000 0 0. 000 O
3 16.040 7 16.011 2 16.011 2 1.7446 1.850 2 1.9597 3.950 6 0.003 3 1.3876E-12
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5 19.3923 19.5896 20.0218 2.1230 2.1723 2.3016 5.830 5 1.181 8 0.045 2
Couple 2 16.136 9 15.941 8 15.9418 1.517 3 1.5298 1.794 1 0.423 5 4.6252E-13 4.6252E-13
3 18.292 1 18.104 0 18.160 3 1.7302 1.784 8 2.041 9 5.2556  4.6252E-13 4.6252E-13

4 20.068 6 20.604 2 20.7381 1.9656 2.0811 2.219 2 6.527 2 0.226 8 0.003 5

5 21.941 4 22.0500 22.1091 2.209 8 2.326 5 2.472 4 8.068 0 0.728 7 0.027 9
QFN 2 15.9655 15.9655 15.965 5 1.3158 1.357 8 1.514 7 0.206 6  1.8501E-12 1.8501E-12
Het 3 17.506 0 17.508 3 17.508 3 1.447 4 1.486 6 1.679 1 4.841 4  3.7002E-12 3.7002E-12

R 4 18.392 8 18.297 6 18.3057 1.6450 1.716 1 1.869 8 4.745 8 0.084 9 0.004 3

5 18.866 5 18.924 8 19.137 3 1.808 3 1.924 0 2.026 3 3.344 6 0.544 7 0.0511
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