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Abstract: Microscopic image segmentation of sand grains can assist geological assessment, but it poses
challenges to the accuracy of segmentation due to its variety and complex features. For such images, a seg-
mentation method with enhanced tuna swarm optimization exponential entropy (ETSO-EXP) was pro-
posed, which could effectively preserve the texture features of various sand grains. First of all, aiming at
some deficiencies of the tuna swarm optimization (TSO) algorithm in global search and local develop-
ment, a chaotic disturbance strategy, a dynamic weight strategy and a cosine disturbance strategy were
proposed to enhance it. The benchmark function experiment showed that the ETSO greatly improved the
convergence accuracy and slightly increased the convergence speed. Secondly, the ETSO algorithm was

used to determine the segmentation threshold of the EXP, and the feasibility of the scheme was verified by
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taking the information content of the segmented image as the standard. Finally, a segmentation experi-
ment was carried out on the Yarlung Zangbo River sand microscopic image dataset. Compared with the
TSO-EXP, the image of the ETSO-EXP segmentation has a better peak signal-to-noise ratio, structural
similarity, feature similarity and the optimization speed has been improved by 18.78%, 6.85%,
4.16% and 3.83%, respectively, and the performance is the best among the similar segmentation meth-
ods. The results show that the segmentation method with the ETSO-EXP has high segmentation accura-
cy and calculation speed for images with high contrast, rich texture or large differences in the size of sand
debris.

Key words: sand grain microscopic image; image segmentation; exponential entropy; tuna swarm opti-
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Fig.1 Segmentation results of sand microscopic images using several multi-class segmentation algorithms
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Tab.4 Segmentation results of microscopic images of sand grains (the abscissa is the gray value, and the ordinate is the

frequency)
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J5 B S AR o3 A 5 D R e 30, A ORG E dies

A b2 Al O % W il ETSO-EXP
f9 53 F R BE L LA IEIR BT DA 48 A 06 (B 15 1 1L
(Peak Signal to Noise Ratio, PSNR) . £ #4 4 {1
P (Structural Similarity, SSIM) | 4 fiE # &1 &
(Feature Similarity, FSIM) 45l % EHE 5915 B 5
W P B S IS PRB  S5 4G AR L BE FIRRAE AR
oL B8 HEAT 42 T PEAl , = b 2 BB R B 2 R
JEB R GE AT BOE W R 5~ 7, i TR
TEV R AL S R BERLYE X B — i B8 24 47 30
N I A TR @GN v e (N ¢ VA |
H I N 5 8 B B B RCR LA 30 TR SE IR 1 S AR
W CT/s)Fab5 , B g1t IR 8. RAMAKT X
ol 4 ) B3k 1) e B
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PSNR = 20 log,| 255+

2P M XN O JE G B R R R R b

o3 A A5

(2/!//1/+ C1 )X(ZG//+ C'_))

SSIM =

(#fz+ﬂf2+ (/‘1)><(0'f2+ (7/2+ (/‘Z)

elo,17]

(10)

Ky JE K A, o JE K AR 25, C W =,
ARICHUE C, = C,=6.45,
>1SpeS, X PC,
FSIMZTG[O,U, (11)
K S = (20,0, + T\) /(o7 + o5+ T,),« 045 PC
i G, PC MO — M, GREGHE, T2
B, ARSI T, = 0. 85, T, =160,
th #% 5~ 7 Al 41, ETSO-EXP W15 f% 1 i
MAEOR R Z 0. 78 B{EA 5 K BN ETSO-

%5 PSNRE
Tab.5 PSNR values

E 1% K ETSO-Grey ETSO-MinCross ETSO-Tsallis TSO-EXP ETSO-EXP
3 1. 26X 10" 1.17X 10 1.34 %10 1. 56X 10 1. 85X 10"
No. 1 5 1.38% 10" 1. 23X 10" 1.54X 10! 1.87X 10" 1.96 X 10
7 1. 44X 10! 1. 28X 10! 1.73X 10 1.94 X 10 2.08X 10"
3 1. 27X 10! 1. 38X 10" 1.29X 10! 1.44X 10 1.45% 10!
No. 2 5 1.41X 10! 1.48x 10! 1. 56X 10 2.04X 10" 2.18X% 10"
7 1.48% 10" 1.55% 10" 1.68X 10! 2.11x 10" 2.37% 10"
3 1. 26X 10! 1.12X 10! 1. 3810 1. 60X 10" 1.61x 10"
No. 3 5 1. 39X 10" 1. 14X 10" 1. 53X 10" 1.71X 10 1. 82 10!
7 1. 45X 10! 1. 24X 10! 1.61x 10 1.81X 10" 2.15X 10"
3 1.29x10' 1. 27X 10" 1.27X 10! 1.16X 10" 1.18% 10!
No. 4 5 1.55X 10! 1. 32X 10! 1.59x 10 1.98X 10" 2.13X 10"
7 1. 60X 10" 1.35% 10" 1. 74X 10" 2.03x 10" 2.33x10'
X6 SSIME
Tab.6 SSIM values
E 1% K ETSO-Grey ETSO-MinCross  ETSO-Tsallis TSO-EXP ETSO-EXP
3 4.43%X10°" 5.34% 10" 4.32%X10°" 5.41X10°" 5.44X 10"
No. 1 5 5.26X10"" 6.45x 10" 5.50X 10" 6.92X10 " 6.99x 107"
7 5.76X10 " 6.99% 10" 5.60X10 " 7.41X10°" 7.79%X 107"
3 4.46X10"" 5.52X10 " 4.52%x10°" 5.58% 10" 5.59% 10"
No. 2 5 5.37X10 " 6.76X 10" 5.78X10 " 6.96X 10 7.20X 10"
7 5.86X 10" 7.30%X10°" 5.77X10°" 7.45X 10" 7.96x10""
3 3.97X 10! 4.90x10°" 4.00% 10" 4.78X10 " 4.79%10° !
No. 3 5 4.83x10 " 5.92x10 " 5.17X10 ! 6.24x10 " 6.37x10""
7 5.32X 10" 6.51Xx10 " 5.20X 10" 6.79X10 7.11X10°"
3 4.72X10 " 5.19x 10" 3.75X10 " 5.17x10 " 5.18x 10"
No. 4 5 5.70X10 ! 6.60X10 5.25%X 10" 6.71X10 6.89X 10"
7 6.13x10 " 7.14x10" 5.41X10 " 7.35%X10 " 7.58%107"
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*x7 FSIME
Tab.7 FSIM values

SRS K ETSO-Grey ETSO-MinCross ~ ETSO-Tsallis TSO-EXP ETSO-EXP
3 6.88%10"" 7.97%x10"" 7.06%x10"" 8.26X10"" 8.44 <107
No. 1 5 7.42X10°" 8.49X107" 7.75%X10" 9.03x10"" 9.15%x10"
7 7.76X10"" 8.76X10"" 8.31x10"" 9.10x10" 9.33x107"
3 6.97x10"" 8.27X10" 6.99%x10" 8.34X10" 8.35X107"
No. 2 5 7.53x107" 8.80x 10" 7.94Xx107" 9.10x 10" 9.29x107"
7 7.86%10"" 9.01x10"" 8.32%10" 9.14x10"" 9.52%107"
3 6.69x10 " 7.90%x10 " 6.95%10 " 8.19%X10 ! 8.20X 107"
No. 3 5 7.23%x107" 8.39%x 10" 7.65X10"" 8.87X10"" 8.98<107"
7 7.56%10"" 8.66X10"" 8.22X10"" 8.98X 107" 9.28%10"
3 7.42x107" 8.07x107" 6.67x10"" 8.02x107" 8.04x 107"
No. 4 5 8.03%10 ! 8.75X10 ! 7.79%10 " 9.03%10 " 9.15%x10"
7 8.22x107" 8.95%107" 8.18%x 10" 9.08x 107" 9.45x10™"

EXP 1 TSO-EXP 22 %A K, 1 H. ETSO-Grey £ ETSO-EXP 7 PSNR, SSIM .FSIM I % Bl fir %
ETSO-MinCross 7E 4 26 435 2 Fh 2 19 A% T ) 75 . 3£ A M, ETSO-EXP B A &
KRR T, A E R, BEHE KAagRm, B

=8 TMHE
Tab.8 T values
(R K ETSO-Grey  ETSO-MinCross  ETSO-Tsallis TSO-EXP ETSO-EXP
3 26.337 26.953 34. 254 26.219 26. 045
No. 1 5 27.133 27. 845 35. 688 26. 631 26.673
7 27.654 28. 411 37. 566 26. 68 26.788
3 26. 565 26.812 33. 359 26.613 26. 263
No. 2 5 27.154 27.527 35. 658 26. 679 26. 501
7 28.103 28. 542 37.123 26. 969 26. 203
3 26. 490 27.072 34.237 26. 869 25. 839
No. 3 5 26. 489 27.694 35. 360 26.519 26.627
7 28. 362 28. 432 36.513 26. 846 26. 833
3 27.046 27.455 33.722 26.076 25.713
No. 4 5 27.289 27.881 35.457 26. 685 26.419
7 28.028 28. 493 37.223 27.513 27.092

gf b RT i bR i B B AR 4 E) Oy v ETSO- R EEEE K 1245 1 T ETSO-EXP 43 %] No. 4
EXP AR B #5808, 30 3 B A e, 3 i TRE R . By )2, S5 R R B ETSO S48 2 Y 19 14 %5
R B8 IE ETSO 14k 48 #0043 50 bk . 13k 1A HAHE
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Fig.12 Threshold segmentation line and segmentation map of ETSO-EXP segmentation No. 4
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