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Abstract

Multi-threshold image segmentation plays a vital role in medical image analysis, and metaheuristic
algorithms offer efficient threshold search pathways for this task. Although SHADE features parame-
ter self-adaptation through its success-history archive, it still suffers from a single-mode parameter
memory that treats all individuals identically, reliance on a sole mutation strategy, and the absence
of proactive diversity maintenance. This paper proposes the DSESHADE (Dual-Strategy Enhanced
SHADE with Adaptive Diversity Maintenance) algorithm, which introduces three targeted improve-
ments: (1) a dual-mode adaptive parameter control that partitions the population into exploration
and exploitation groups based on fitness ranking and samples from two independent parameter
centres updated via EWMA; (2) a Softmax adaptive dual-strategy mutation pool that probabilisti-
cally switches between DE/current-to-pbest/1 and DE/rand/1, combined with sigmoid-scheduled
elite ratio and adaptive block crossover; and (3) a three-level progressive diversity maintenance
system that applies covariance-guided perturbation, periodic diversity injection, and adaptive par-
tial restart with escalating intensity. DSESHADE is integrated with 2D Rényi entropy and non-local
means 2D histogram to form a multi-threshold segmentation model for medical pathological images.
Experiments on the IEEE CEC 2017 benchmark suite (D = 30) show that DSESHADE ranks first among
eight compared algorithms with a Friedman mean rank of 2.241. Ablation studies confirm the in-
dispensability of all three strategies. In the breast cancer pathology image segmentation experi-
ment, DSESHADE achieved the best ranking in all six evaluation combinations of the three indica-
tors: PSNR, SSIM, and FSIM.
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Table 1. Summary of three-level diversity maintenance mechanism in DSESHADE
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Table 3. Wilcoxon rank-sum test and Friedman ranking for ablation study at D = 30
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Figure 1. Convergence curves of DSESHADE and comparison algorithms on CEC 2017 (D = 30)
1. DSESHADE 5xftb & %7 CEC 2017 LAY &EaZ (D = 30)
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Table 4. Wilcoxon rank-sum test and Friedman ranking of DSESHADE versus comparison algorithms (D = 30)
%< 4. DSESHADE 53Tt 8 3%/ Wilcoxon #&Fn#34 & Friedman % (D = 30)
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Figure 2. Friedman rank radar chart for ablation study (left) and comparison algorithms (right) at D = 30

& 2. 30 4 14 T BBk SIS () S XL B3E () Friedman HER BIEE

4.4. EFEGHEIXLE

SIS FH R B2 R R 25 B I 5 — e Bt £ 44t 1) LR i P 5 09 (1DC) s 2 G 5 (10 T 512 x 512
BEER), WK 3 Fis. EBRAT =20,25, ZH NP =30, t,, =100, H1 71247 30 K. 40 5HI%t Lk DE.
SSA. CLPSO. IWOA. IGWO. DECLS HI CLSGMFO & 7 FhELIE M/ BITERE . U6 FR T 26 I 1 15 6
EL(PSNR). 45 K A ALLPE (SSIM) AR AE AL (FSIM) o

Bl 3 JEoR T EE G S I S A (g A R B DL R 2 A R E T . 4 5 IR T S HIE
Friedman HE44 .

7 5 /x, DSESHADE 7E&fain 5 BIEAE N L H . T =208, PSNR 1 SSIM Hi 4182 it
At 1.000, *f CLPSO. IGWO ZHUf35e At 5 # 52 BR8] 58 48 2R SRS TE 20 42 [ HE DL 4ERE A 2%
PIMEEE SR . T =250 DSESHADE B4 i A FIF AR ESE —, I 1 Sud S ELH A 2 FE k4 d ik
e dERe e . SSA BT EE R FENL IR I — @ &, BONIRILE . B4K1M %, DSESHADE £
8 F Y (PSNR) - 4T S i 52 fe A Sk 35

DOI: 10.12677/csa.2026.164149 519 THEAURF 5 R


https://doi.org/10.12677/csa.2026.164149

e

04_BC_G2_7433_40x_1 05_BC_G1_9610_20x_1 19_BC_G3_9454_ 31_BC_G3_6526_4x_4

Original

2500

2000

1500

1000

Histogram

500

0 50 100 150 200 250 0 50 100 150 200 250 0 50 100 150 200 250

Figure 3. Representative images and grayscale histograms from the breast cancer (IDC) dataset
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Table 5. Friedman ranking of segmentation metrics on the breast cancer dataset
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A4 Bon T AFEBRMEFREE. £T=25TF, CLPSO ZE&EEHIMY EL X HIES, W
DSESHADE i F4i& M, 2% L ASRHIE R B 52 4f -

DSESHADE SSA CLPSO IWOA IGWO DECLS CLSGMFO
P " . . — - [ e P . UM fr— .

Level 20

Level 25

Figure 4. Segmentation results comparison on representative breast cancer images (rows: algorithms, columns: threshold levels)
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