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Abstract

Image segmentation serves as a critical preprocessing step in computer vision, directly impacting
subsequent analysis and interpretation. While Otsu’s method is widely adopted for global threshold
segmentation due to its conceptual clarity and computational efficiency, it suffers from high com-
putational complexity and limited segmentation accuracy, often failing to achieve satisfactory re-
sults with a single global threshold. To overcome these limitations and enhance performance, this
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paper proposes an Otsu image segmentation algorithm based on an improved Sand Cat Swarm Op-
timization algorithm (SCSO-DOGA). Addressing the slow convergence and susceptibility to local op-
tima observed in the original Sand Cat Swarm Optimization (SCSO) algorithm for high-dimensional
optimization problems, this study introduces two key enhancements: a dynamic opposition-based
learning strategy and hybridization with the Duck Optimization Algorithm. These improvements
significantly boost algorithmic performance and convergence efficiency. The proposed Otsu algorithm
is experimentally compared against other segmentation methods using evaluation metrics such as
Accuracy and Jaccard index. Results demonstrate that the Otsu method based on the improved SCSO-
DOGA algorithm resolves image segmentation problems with superior accuracy.
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rnd
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3. BUHRI IR EE
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Figure 1. Improved SCSO algorithm flowchart
B 1. suftRIIEBE A EEREE
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Table 1. Test function
= 1. MK R

YK PR
F1 Shifted and rotated bent cigar function
F2 Shifted and rotated Zakharov function
F3 Shifted and rotated rosenbrock’s function
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Bk
F4 Shifted and rotated rastrigin’s function
F5 Shifted and rotated expanded scaffer’s F6 function
F6 Shifted and rotated lunacek Bi_rastrigin function
F7 Shifted and rotated non-continuous rastrigin’s function
F8 Shifted and rotated levy function
F9 Shifted and rotated schwefel’s function
F10 Hybrid Function 1 (N = 3)

HI3E 2 W, ASCHR HI) SCSO-DOGA S /e il it ok £ b 45 SRR T JR 4G SCSO LAt 5k, ot
JEFEREAT A T E S AR HE N T AR, Ut A I RETERESEINGT, A5 2 A AN B
BN, A7 R AR E 1 -

Table 2. Benchmarking results

2. BERBUMIAER

SRy izt SCSO-DOGA SCSO GWO ACO PSO
- FrifEZE 1.0597e-29 1.2791e-27 5.8257e+02 4.8585e+03 2.4724e-03
FiE 2.7033e-30 2.7227¢-28 3.5845e—03 6.8817e+04 2.9929¢+03
FrifE 2= 1.1498e-15 3.6393e-15 5.7435e—02 5.3692e+42 3.4119e+26
2 FE 1.1545¢-16 5.2307e-16 1.5995¢-01 3.1736e+42 1.7913e+26
bt 22 1.3540e—19 7.5766e—18 8.2883¢+01 1.4110e+04 4.7085¢+03
" FEIME 1.0931e—18 4.7917e-17 1.3297e+02 9.0644e+04 1.8025¢e+04
- bRt 22 1.4823¢-12 5.9830e—11 3.3361e-01 4.3237e+00 2.8934¢+00
FE 1.4450e—13 2.9601e-12 3.2449¢-01 3.3920e+00 2.6063e+00
Fs FrifEZ 3.3387e—01 5.1451e—01 9.0107e—01 4.1555e+07 3.8633e+05
FHIME 2.6426e+08 2.8164e+01 3.1319e+01 2.7616e+01 9.2815e+05
PrifEZ 1.8314e—03 4.4306e-01 7.2002e—01 7.4531e+03 7.6590e+02
o FHIME 1.1956¢+00 4.7923¢-03 2.4473¢+00 6.9541¢+04 3.0205e+03
- PRtk ZE 1.1771e-03 1.5079¢—03 8.8021e—01 2.2784e+01 8.8021e—01
“FI1E 1.1880e+02 1.4387¢—03 5.2257e—02 1.4306e—03 9.4626e—01
- PRz 1.1585e+03 9.4361e+02 5.2950e+02 4.4145e+02 7.1323e+02
“FIME —8.6915e+03 —5.6599e+03  —3.6867e+03  —4.8417e+03  —5.6836e+03
- PRz 0 0 5.1503¢+00 2.7431e+01 2.1481e+01
FE1E 0 0 1.6571e+0 4.2483e+02 2.3636e+02
Fl0 brifE 2 1.2283e-15 5.7253¢-13 4.5950e—03 1.5628e—0 7.8038e—01
FEIME 1.1284e+01 8.3785e—15 1.3300e—02 2.0583e+01 1.2731e—-15

K 2 /R T SCSO-DOGA 5y 5 HA Sy 7e 2 vk pR £ i Sl 28, JEH T FI (PRI %0), F3 A
F6 LA K FO (4R %) . 78 FEE R B L2 b, SCSO-DOGA U SGHE FE B, 1 H. A 0% 58 4 Hh 3k 5]
A
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Figure 2. Convergence curves of benchmark functions
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5.1. SCIEgt

H—25, A BSDS 500 FdE4E B B A ER A TR b, Bk A ISIC #s AR ot 5 A
1£(SCSO-DOGA)H T Otsu E& 3 EIRUR, SLIGH 5 SCSO-Otsu, PSO-Otsu, GWO-Otsu, ACO-Otsu,

&4t Otsu BEATXF L. SHERIMEE Y 30, 1247 KN 20,
5.2. WAGIERR

S RFHHEM 2R . Jaccard. Dice. PSNR. SSIM 1E NiFALTE#FR.

PSNR & — ik TR (B 22 R 2 W PP Fia b, Sl v 5740 BE 5 R & Z A1 975 4 22(MSE)
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Dice RHUE M Z N T BB B2 EUEFSKIVFOfaR, H T =7 o $145R 5 1SR 2 15
MESHEE. A RWNARCHEEE), BREIHRE. HEAXIT:

(15)

Jaccard R¥, AR I H(Intersection over Union, IoU), &7 —Fhi &M NMESHLE KTeER, T
AT EG S EUES . HEARWT:

|ANB|
Jaccard =
|A U B|

HET F 2 00 AT 55 e AR AR 2 —, 2 R 0 &1 b A T i B R 0 (45 3R 200 5 FOSEAn a8 1
UNUYEH: S /A I

(16)

Accuracy = TP+ TN (17)
TP+ TN +FP+FN

TP (True Positive): 1Eff NN IEZRHME R EE
TN (True Negative): 1ERf TN 7RG R EE .
FP (False Positive): %51 il A IER 15 = 5E
FN (False Negative): i Ty 77 2K (G 2= HE .

5.3. BSDS 500 ¥R HEILER

SBG % A BSDS 500 [ 141808845 7 B9 B A #EAT AR, %A 7 PSNR F1 SSIM 1E N #EFR, AR
FERIGLE R,

Table 3. Experimental evaluation metrics across algorithms

% 3. BREENIREER

KR Ei=van SCSO-DOGA-Otsu ~ SCSO-Otsu ~ PSO-Otsu ~ GWO-Otsu  ACO-Otsu Otsu
PSNR 23.85 18.43 19.10 1031 19.90 7.77
! SSIM 0.8301 0.8160 0.7912 0.6817 0.8235 0.4407
) PSNR 24.86 8.30 13.14 7.54 11.75 7.53
SSIM 0.8403 0.6653 0.7056 0.7063 0.7300 0.5974
PSNR 22.39 20.99 21.47 19.98 22.20 9.95
; SSIM 0.9014 0.8743 0.8857 0.8097 0.8885 0.3739

M 3 TR, Bt a5 (SCSO-DOGA)E BSDS 500 A4 (1 o #lvh, S5 HA B M
PSNR F1 SSIM FE#R 8 N F5. MK 3 F1fi%, SCSO-DOGA HikfEsr &, HorE 4 RAAMTREE S
LSRG B S T ERT, R R B RE N S ROt ER R M T (], AT SR I 1 o6 4 i R0 N R
IREEHTAS A > E] . BHES IR 5 ) HENE () BN A& SRR R 1 BRI SR T = BE (RN, A2 R 2
AR TR BN R, 3T 7 B SR FIE . B DAgs SR oldt 5 (I BVE7E Otsu BHR 73k
T T 3 FIBER .

5.4. ISIC BUESR D EIGR
ISIC #i#&4E (International Skin Imaging Collaboration) [ B Bz kA% W' 2H 2R 435 10 5z s 22 UG B
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Figure 3. Comparison of segmentation results across algorithms
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Table 4. Quantitative evaluation metrics on the ISIC dataset

%< 4. ISIC #iEE L HISDIEIR+R

=S Dice Jaccard HER R SSIM
SCSO-DOGA 0.7860 0.6808 0.8760 0.8410
SCSO 0.7550 0.6525 0.8298 0.7953
GWO 0.5717 0.4654 0.6594 0.6273
PSO 0.7310 0.6141 0.7891 0.7668
ACO 0.7700 0.6649 0.8480 0.8297
f£45 Otsu 0.1768 0.1167 0.1491 0.1237
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(e) ACO (f) 144 Otsu

Figure 4. Segmentation results of various algorithms on the ISIC dataset
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