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Abstract

To address the shortcomings of the Jellyfish Search Optimizer (JSO), including slow convergence and
a tendency to become trapped in local optima when solving high-dimensional optimization prob-
lems, an Improved Jellyfish Search (IJS) algorithm is proposed. Based on the original JSO, an adap-
tive time control strategy is introduced to balance global exploration and local exploitation, an elite-
guidance mechanism is designed to improve convergence accuracy and optimization efficiency, and
a hard boundary constraint is adopted to ensure the validity of iterative solutions within the feasi-
ble domain. To verify the performance of the proposed IJS algorithm, six benchmark functions are
first employed to compare its optimization performance with that of JSO, Grey Wolf Optimizer, Par-
ticle Swarm Optimization, and Whale Optimization Algorithm. Furthermore, IJS is applied to multi-
threshold image segmentation, where the fitness function is constructed based on Otsu’s maximum
between-class variance criterion. FSIM, SSIM, and PSNR are selected as evaluation metrics, and the
segmentation performance is compared with that of JSO and the conventional Otsu method. Exper-
imental results show that the IJS algorithm achieves superior optimization accuracy, convergence
speed, and stability, and can be effectively applied to complex optimization scenarios such as func-
tion optimization and multilevel image thresholding.
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4.2.1. M R L EY
EHL 6 AR R K, B (R o BRGS0 SRR IR SN R, AT 1S HA
frFoerERe. MR B (G Bk 1R,

Table 1. Benchmark functions
= 1. AR R

R A R 45 Y &RV R RAE
Stepint B % F1 5 [-5.12,5.12] 0
Step B%L F2 30 [-100, 100] 0
Sphere Fi%L F3 30 [-100, 100] 0
SumSquares B % F4 30 [-10, 10] 0
Quartic B %Y F5 30 [-1.28, 1.28] 0
Beale pF % F6 2 [4.5, 4.5] 0

4.2.2. SEUHERR
HHL 4 MZCARFR VN Fk i FRERE, 22 5H109:
IR : 30 MSLIEAT FP A BN doe N E N FE AR, R PR SR L (R BT 5
{30 KAMSLIEAT B AR B P S MEL, IR SE R B AR KT, I B i I e
PRAEZE: 30 MSLISAT B B AR HE R, OREIRIOAREVE, BN
IFIRIT A B GBAT TR R (FRAz: ), SRIVEVE IR, BT

423 LWHERS5DH
T IRAIE 1S BUEE B, ASCKH 5 JSO, GWO [15], PSO [16], WOA [17], TR, &5
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Table 2. Optimization results of different algorithms on benchmark functions
= 2. fENR R E T ARE AN M USSR

HIURENEEE ¢ CRFS RAAE HME briEZE I [H) 4

S 0 0 0 0.1658

JSO 0 0 0 0.1184

F1 GWO 0 0 0 0.2935
PSO 0 0 0 0.1554

WOA 0 0 0 0.3101

S 0 0 0 0.6107

JSO 0 0 0 0.4329

F2 GWO 0 0 0 0.877
PSO 0 12.73333333 16.04355184 0.5128

WOA 0 0 0 0.6351

S 1.931E-71 2.01574E-66 6.76595E—66 0.6237

JSO 6.62007E—26 7.66199E-24 9.34378E-24 0.421

F3 GWO 2.65784E-32 1.02243E-30 2.48239E-30 0.9019
PSO 2.78096E—-09 333.3333341 1795.054936 0.5015

WOA 2.00093E-51 2.0164E-47 6.57711E-47 0.6309

S 3.21737E-72 8.13581E-68 2.2685E—-67 0.6699

JSO 5.95276E-26 2.20283E-24 4.89248E-24 0.4852

F4 GWO 3.42912E-33 1.46022E-31 5.15333E-31 0.9735
PSO 6.68913E-10 146.6666668 209.3375795 0.5534

WOA 5.0696E-54 3.90445E-49 1.43461E-48 0.6945

S 6.12502E—-05 0.000340224 0.000267215 0.6821

JSO 0.001185506 0.002529527 0.00095402 0.5022

F5 GWO 0.000980617 0.002424646 0.001090418 1.0138
PSO 0.020207312 0.141603436 0.479414065 0.6036

WOA 0.002274575 0.010177088 0.005988558 0.7173

S 0 1.13326E-06 4.14105E-06 0.4841

JSO 0 5.41919E-26 2.56673E-25 0.294

F6 GWO 5.6062E—-09 0.025402511 0.136795657 0.7844
PSO 0 0.025402322 0.136795689 0.3708

WOA 0 0 0 0.4906

MR PSR, 72 6 MR AL, FEIETERZEREOVWIR . X T FL A F2 XA 5
AR, Vi SRR R 1) B A
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Figure 1. Convergence curves of different benchmark functions

1. EIEE iR B U

o4

B2 RAREOA feiE I i X 38 GWO M WOA TE#I 7 B E A — €585 1, HERGRIA I 1IS;
PSO NI{EZ /S eR 8 I 1 S 5 L R, R ek e P 7 A A St v

5. #F 1JS BE&R % H{E 555518

KK IS BT 2 REEG ), % H 77284 Otsu F1JSO, BIME4EE W E A 2. 4. 6. 8. 10 4.
VRN 48 AR B FERFAE AR A (Feature Similarity, FSIM). &5 R AR (Structural Similarity Index, SSIM)FilIg(F
{514 LE (Peak Signal-to-Noise Ratio, PSNR). 24 i3 — 2 R el 5k A Rk, 78 1 SEg vh f Rk AR
WEH 20 K. AFETFER SRR K 2 Fi5k 3.

HH# 3 & HER) FSIM. SSIM I PSNR =T A 48 An 45 R ] LUE AN A B AR BUE 2 I R AE
TREE . G5 — Uk DL R BT 75 R ) 07 T B 22 e RIS ECN R . SR E, 19S RAIEE(1IS-2 2 1JS-10)
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BARLF DL T 5 4G Otsu %A1 JSO R4 53%:(JSO-2 & JSO-10), H.BEHE B ZEEEM 2 #hinF 10, S &
PR S DR bR Bk 2 BT, UL SO SRS RE 8 6 8ae THEUE B & JSO RYNFIL S NS
B IS BVERBUMIL, BAETSSECNMET 1S Hik, BAESEI R T Otsu HIiLEAK IS R4
R . Otsu FIEMEREGIBME D FI 77, SUHRFR AL, Ui B FHAE S 2% UG 7 % bk DA
FHEIR B S 250 — 8, i AnRe

Table 3. Evaluation metrics of different image segmentation methods

& 3. NEIEGS R ETN BT

VALEEER

YaRrS FSIM SSIM PSNR
Otsu 0.2195 0.607 12.8581
1JS-2 0.2985 0.6912 17.1078
JSO-2 0.2985 0.6912 17.1078
1JS-3 0.3623 0.7316 20.0552
JSO-3 0.3567 0.73 20.6466
1JS-4 0.4111 0.7797 225192
JSO-4 0.4174 0.7784 224782
1JS-6 0.4928 0.8369 23.6011
JSO-6 0.4769 0.8303 23.7936
1JS-8 0.5427 0.8647 227772
JSO-8 0.5126 0.8502 21.1062
1JS-10 0.593 0.8866 27.5948
JSO-10 0.549 0.8701 24.036
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Figure 2. Segmentation results with different thresholds
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Figure 3. Convergence curves under different thresholds
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