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Maximum 2-D entropy image segmentation method based
on improved sparrow algorithm

LIU Chang’ an, FENG Xueling, SUN Changhao, ZHAO Lijuan
(School of Control and Computer Engineering, North China Electric Power University, Beijing 102206, China)

Abstract: In order to improve the performance of the maximum 2-D segmentation, an image segmentation method based on
improved sparrow algorithm (ITSSA) was proposed, which can decrease the amount of computation and shorten the time. Firstly,
the reverse learning strategy and adaptive ¢-distribution variation were combined, while elite particles were introduced to expand
the search range of the algorithm and to increase the local search ability of the algorithm in the later stage. Secondly, the firefly
mechanism was used to perturb and mutate the optimal solution for the further increasement of the population diversity. Finally,
the improved sparrow algorithm was used to find the maximum 2-D entropy of the image, and then the optimal threshold
segmentation image was obtained. The results show that, the average running time of the proposed algorithm in the four images is
0.3695s, which is much lower than 1. 7547s of the basic two-dimensional entropy algorithm and 5. 7936s of the basic two-
dimensional Otsu algorithm. The global search and local optimization ability of ITSSA, compared with the original sparrow
algorithm, improves a lot, and the proposed segmentation method in this paper greatly shortens the traditional maximum 2-D
entropy image segmentation method of running time. Apart from that, both the peak signal to noise ratio and the feature similarity
index of this method increase, which has a certain application value.
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Fig. 1 2-D histogram
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Table 1 ~ Algorithm parameter value

algorithm parameter
WOA b=1
SCA a, =2
GWO max(a,) =2,min(a,) =0
SSA D, =20% ,R, =0.6,D, =20%
ITSSA D, =20%,R,=0.6,D,=20% ,p=0.7
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Table 2 Benchmark functions

function dimension range optimal value
Fi(x)= Y «7 30 [ -100,100] 0
i=1
Fy(o) = Y o+ T 1| 30 [ -10,10] 0
=1 . i=1
Fy(x) = 3 (3 1) 30 [ -100,100] 0
i=1 j=1
Fy(x) =max{ |x; |, -1<i<n} 30 [ -100,100] 0
Fs(x) = ¥ [100(x,,, -x7)% + (x, = 1)7] 30 [ -30,30] 0
i=1
Fo(x) = Y, (%,+0.5)7 30 [ -100,100] 0
i=1
Fi(x) = Z ixl4 +random[0,1) 30 [ -1.28,1.28] 0
i=1
Fy(x) = Y —xsin( /T ]) 30 [ -500,500]  —418.9829 xd
i=1
Fy(x) = Y [x,% - 10cos(2mx) +10] 30 [ -5.12,5.12] 0
=1
n 1 "
F,O(x):—206xp(_0.2 /LZMZ) —cxp[TZcus(wa)] +20 +e 30 [ -32,32] 0
n =~ el
] pon o, X,
F = - os[ — | +1 -
7]“(50) 1000 Z x; Hcos(ﬁ)+ 30 [ -600,600 ] 0
Fpp(x) :%HOSin(wyl) + Yy = 1)7[1+10sin* (y, ) ]+ (y, - 1)} + u(x;,10,100,4) ,
i=1 i=1
{ x; +1
yi=1+ R
ag (%, —as)™, (%; > as)
30 -50,50 0
u(xi,a5,a6,m):{0,(—a5 <x; <as) [ ,50]
ag( =%, —as)",(x; < —as)
Fiy(x) =sin? (3, ) + (%, =1)2[1 +sin® (3ma,) ] + (2, = 1)2[ 1 +sin? (272, ) ] 2 [ -50,50] 0
11 2
% (@ +@%) 5
F = o 4 -5,5 0. 000307
14 (2) ;[da %2+(pix3+x4] [-5,5]
Fis(x) =4x,% -2. 14x14+%x16+x1x2—4x22+4x24 2 [-5,5] -1.0316
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Table 3 Comparison of test results of six algorithms
fun melric WOA SCA GWO ALO SSA ITSSA
Fi(0) M 3.7229 x 10~ 2.5801 x 10° 8.7660 x 10 ~* 2.8673 x 10° 8.3022 x 107 1.4325 x 10 =%
D 7.2761 x 10~ 1.8959 x 10° 7.9869 x 10 ~* 1.6247 x 10° 0. 0000 0. 0000
F,(0) M 5.3686 x 101 4. 6605 6.3202 x 10° 8.4910 1.6386 x 10 =% 2.2242 x 1012
D 7.8950 x 101 3.3023 1.8111 x10° 0.3625 8.9751 x 10 =% 1.2182 x 10~
F5(0) M 7.9408 x 10* 2.6357 x 10* 2.0940 x 10 2 1.2307 x10*  6.6853 x 10721 5.3945 x 10 =¥
D 1.7198 x 10* 9.8335 x 10° 0.7266 5.2828 x 10° 0. 0000 0.0000
F,(0) M 45.1157 68.7204 0.4079 19.3022 9.1524 x10° ™ 3.3763 x 102
D 26.5841 9.7879 0.2756 4.5386 8.4629 x 10 -4 1.5451 x 10 216
Fs(0) M 28. 6950 8.5918 x 10° 3.0882 x 10° 5.0038 x 10° 4.2950 x 10 3 2.6764 x10~*
D 0.1326 7.1854 x 10° 94.1347 6.0064 x 10° 7.6155 x10~* 1.5019 x 10 =3
Fg(0) M 1.3083 2.3660 x 10° 1.8070 2.6925 x 10° 2.0055 x 1073 1.9577 x10 %
D 0.4415 2.0276 x 10° 0. 6082 1.4079 x 10° 5.9475 x 10 ~° 2.9736 x 10 73
F;(0) M 1.0701 x 102 2.8404 9.9002 x 10 3 0. 8667 8.6484 x 10 ~* 7.9608 x 10 ~°
D 1.0610 x 10 2 2.2004 5.0401 x 10 73 0.4107 7.4407 x 10 ~* 3.5558 x 1073
Fg(-12569.487) M -5.7292x10°  -3.5251 x10°  -7.8122x10°  -5.7521 x10°  -4.3572 x10° -6.1813 x 10°
D 1.8329 x 10° 3.4344 x 10° 1.2021 x 103 8.0577 x 10° 2.1455 x10° 1.2825 x 10°
Fy(0) M 2.2737x10°1° 1.6034 x 10 26.4377 81.4825 0.0000 0. 0000
D 1.3614 x 10710 67.5549 10.9243 1.7776 x 10* 0. 0000 0. 0000
Fi5(0) M 3.0025 x 10 °® 20.2426 7.1491 x 1073 14.6720 8.8818 x10 !¢ 8.8818 x 1016
D 5.9871 x10°% 5.2773 1.7111 x10 73 1.3998 0. 0000 0. 0000
Fy, (0) M 1.8208 x 10~ 22.6283 2.9440 x 1073 24.1950 0. 0000 0. 0000
D 2.4690 x 10 ' 22.5083 3.1100 x 10 3 25.1536 0. 0000 0. 0000
Fi,(0) M 8.1223 x 1072 1.1808 x 107 0.1862 3.4652 x10° 4.7649 x10~° 1.2958 x 10 ~°
D 5.7852 x 1072 1.5199 x 107 0.2013 1.6216 x 10* 8.2424 x10 ¢ 3.4574 x10 ¢
Fi3(0) M 0.8077 3.5983 x 107 1.5182 1.9085 x 10° 1.8938 x10 % 1.3485 x10 77
D 0.2928 3.8608 x 107 0.4562 2.8017 x 10° 4.3646 x 10 ~° 2.2025 x 1077
F,,(0.000307) M 1.5533 x10 73 1.1000 x10°*  3.9820x10°*  8.2130x107%  3.2145x10°* 3.1795 x10*
D 6.0716 x10™*  3.6909 x10~*  6.8820 x 103 1.3840 x 10 2 1.7059 x 10 -3 2.3568 x 10 ¢
Fis( =1.0316) M -1.0316 -1.0316 -1.0316 -1.0316 -1.0316 -1.0316
D 1.4773 x10 77 1.5781 x10~* 1.8250 x1077  4.7753x10°8  5.9835x10° 1.5673 x10 1%
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Fig.3 Convergence graph of the benchmark functions

Fig.4 Segmentation results of image rice
a—original rice. png  b—2-D Otsu ¢—2-D Kapur d—ITSSA 2-D Kapur

Fig.5 Segmentation results of image pepper
a—original pepper. png b—2-D Otsu ¢—2-D Kapur d—ITSSA 2-D

Fig.7 Segmentation results of image 113016
a—original 113016. png b—2-D Otsu ¢—2-D Kapur d—ITSSA 2-D

Kapur
Kapur
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Table 4 Comparison of values obtained by different segmentation algorithms

image algorithm PSNR FSI lime/s
2-D Otsu 6.8312  0.5264  4.6541

rice 2-D Kapur 8.7715  0.4829  1.3865
ITSSA 2-D Kapur 8.9946  0.6336  0.3290

2-D Otsu 7.8835  0.5664  4.7752

pepper 2-D Kapur 7.4146  0.5709  1.5071
ITSSA 2-D Kapur ~ 9.3922  0.6063  0.3966

2-D Otsu 9.0520  0.2317  5.8942

86016 2-D Kapur 8.6222  0.1537  1.7556
ITSSA 2-D Kapur ~ 9.1398  0.4117  0.3455

2-D Otsu 8.6851  0.4304  7.8510

113016 2-D Kapur 6.5443  0.4117  2.369
ITSSA 2-D Kapur 8.9052  0.4496  0.4070
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