63k H3W oMK AE A e CHL AR R Vol. 63 No. 3
202545 A Journal of Jilin University (Science Edition) May 2025

doi: 10. 13413/j. cnki. jdxblxb. 2023473

M3t SHO (L HZZ M K= EY

O, THEE . TROB . fHEE . TR
(. FHFMALOL K G BBEARYBE, K& 130118;
2. HEMEAYEBFHR PO, KF 130118;
3. KFEASC¥RE BT %k, K& 130117)

FE: 43 Googlenet A R A E# K, MAM A EFHA, Y - MR HA KN ED
Tk (SASHO) & 3% # % # kb Googlenet # AL, H 58, F| Fl Sobel 77| #n @ & i AU E H 3% X
WO R AT R Ok, x4 AN W4 R E A A XHE & B Googlenet
H AR B A, &5, Fl A K3 G SASHO 4 3% i Googlenet # & % # # 4T £ 16,
#Z# # A SASHO-Googlenet. # ¥ if SASHO-Googlenet # # 8 & % ¥, ¥ SASHO-
Googlenet A 5 Z i Hfh 4 NEF G HEA M MBER 42 7 NEAFHATHRER. FR KW,
SASHO-Googlenet # B ' #% 5 35 95. 36 %, B Mk 95. 3500, 4F 3 M3k 95.39%0, ML &
96.47% ., B FE %3k 95.35%, [ _measure 3 95.90%, g mean 3k 95.37%. LR X,
SASHO-Googlenet # A 45 & M & & .

KW ATHE#®:; REFY; BIhMEE; 58tk

FESES: TP399 X ARERD: A XEHE: 1671-5489(2025)03-0835-10

Improved SHO Optimization Neural Network Model

LI Jian"*, WANG Hairui', WANG Zenghui*, FU Haitao', YU Weilin'

(1. College of Information Technology , Jilin Agricultural University , Changchun 130118, China;
2. Jilin Bioinformatics Research Center , Changchun 130118, China;
3. School of Science and Technology ,» Changchun University of Humanities , Changchun 130117, China)

Abstract: Aiming at the problems of low recognition accuracy and poor sensitivity of Googlenet
model, we proposed a hyperparameter optimization Googlenet model by using the improved sea-horse
optimization (SASHQO) algorithm. Firstly, the sea-horse optimization algorithm was improved by
using Sobel sequence and adaptive weight algorithm. Secondly, the four basic neural networks were
compared to select the most suitable Googlenet for this dataset as the basic recognition model.
Finally, the improved SASHO algorithm was used to optimize the parameters of Googlenet model,
and a new model SASHO-Googlenet was constructed. In order to verify the effectiveness of SASHO-
Googlenet model, the SASHO-Googlenet model was compared with the model optimized by the other
four swarm intelligence algorithms for seven indicators. The results show that the accuracy rate of
SASHO-Googlenet model is 95.36% ., the sensitivity is 95.35%, the specificity is 95.39%, the
accuracy is 96.47%, the recall rate is 95.35%, the [ _measure is 95.90% ., and the g _mean is
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95.37%. Experimental results show that the SASHO-Googlenet model has the best comprehensive
performance.

Keywords: artificial intelligence; deep learning; sea-horse optimization algorithm; parameter optimization
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Table 1 Experimental comparison results of different optimization algorithms
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wZEE 3 056 060 913 6 395 092 981 3308 740 992 5 067 724 006
FHME 305 328 360. 1 802 492 520 311 453 908. 2 465 749 306. 9
b v 2 579 919 760.8 1394 640 528 641 937 851. 1 1266 444 435
Fi; AL 13 192.288 73 17 792.427 89 11 409. 459 3 17 377.592 50
w2 H 293 664 288 60 047 789. 44 293 521 933. 2 43 197 581. 22
I {E 30 277 890. 08 3088 799. 558 12 778 862. 43 4 954 145,918
b U 22 87 766 522.83 10 904 385. 14 54 083 682.57 11 268 027.07
Fis wARE 2 742.097 838 2 521. 005 965 2 443.014 822 2 569.570 321
w2y 4179.910 689 3 809. 244 671 3911.418 552 4 805.106 781
- 3 186.007 975 3 222,204 426 3019.494 853 3103.378 368
Tr ot 22 337. 441 546 8 334.900 545 9 340. 150 595 5 396.514 566 5
Fy A 2 475,258 726 2 478.781 628 2 474,267 065 2 477.678 686
w2 H 2 607. 087 982 2 618.789 565 2 566.095 127 2 592.726 374
A 2 525.156 613 2 529.839 213 2 512.205 807 2 524,709 034
b i 22 33.010 618 92 32.726 934 27 22.730 198 92 23.269 134 18
Fy w A 6 398. 811 102 6 181.442 827 5 432.770 676 5 569. 204 430
w2 8 665.132 452 8 594. 622 462 8 822,997 868 9 116.172 786
S #1H 7 458.971 072 7 616.434 119 7 296. 355 878 7 234.282 082
T 1 22 682. 060 488 1 602. 627 704 9 857.495 389 5 807.108 504 1

2R 1 AU, BEXF T A ek R, A S0 SASHO 503 9 St (B AR U0 T Al 5 vk, JUH X Foy ek 4K
SASHO 53 1 S LB B b /N T A S50 SR AS A e DG R . 10 % AR B 32, 4 b B0 1 A AN ) R 2 B K 5
B Bl W B A f. AR X B A M PR F8 B, SASHO BETE R4 el 8 #0538 7 | 09 Je A
HYOE ASHO.SSHO 8%, Jaje SHO Bk, BExT s 22 (HAE bR . A0 SASHO SIE 5% 454 o $UT
SRAG Y S 22065 S DG 1 22 T 1) 22 B DT - e /0N o T JHG A B35 e O 1 5 e /DML =2 ) DR 3 0 R A7 1 55
R, U5 HARSE AR [, SASHO 8k -0 09 F2 8 PERLAF. B X5 ~F 24 (80 R AR o 22 X P S48 45
SASHO Bk Je 3L 1 AHXT B AF B PR, B A7 (8 &R 43 1 Lo Ll 35 (AR, IR, m AR A el i i
B 3 F 3 SASHO B RR M T H A 557
3.2.2 BAEXK
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BBEVE . B BATE A B BT bR B RERSE I s 5 Alexnet MIZE M Inceptionv3 A b, BIRA & BT A 155
ZEILH R AP 1Y . H Googlenet 4% HAT iz iy (14 1A K.

102 9 91.9% 92 37 71.3%
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Fig.3 Basic neural network confusion matrix
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Table 2 Comparison results of various indicators of different neural networks %

FEhR Googlenet Resnetl8 Alexnet Inceptionv3
iRTES 90.16 70. 47 82. 38 82. 38
[ g 91.07 82. 14 85.71 86. 60
i 88. 89 54.32 77.78 76.54
K 91. 89 71.32 84.21 83. 62
FERUES 91.07 82. 14 85.71 86. 60
{_measure 91.48 76. 35 84.96 85.09
g_mean 89.97 66. 70 81. 60 81.42
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Googlenet fAYEEXF BB | B A L (BB AL M3 AR B R RRASSE 4. 3R 3 S h T ARAL S AN R ph 22
W28 A FEAR KT LS5 2R, 3R 3 AL, 16 7 MEAR b, A SC SASHO-Googlenet 5 1S B AT fe 4 19 1 BE.
HEBR R PE I 38 1 SASHO-Googlenet 813K F] 95. 36%, S5 K& Googlenet M AH L IR & T
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50.3% 9.8% 16.4% 45.6% 8.8% 16.2% 50.8% 9.8% 16.2%
15 62 80.5% 24 64 72.7% 14 62 81.6%
7.8% 32.1% 19.5% 12.4% 33.2% 27.3% 7.3% 32.1% 18.4%
86.6% 76.5% 82.4% 78.6% 79.0% 78.8% 87.5% 76.5% 82.9%
13.4% 23.5% 17.6% 21.4% 21.0% 21.2% 12.5% 23.5% 17.1%
(A) SASHO-Googlenet (B) GA-Googlenet (C) GWO-Googlenet
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50.3% 13.5% 21.1% 51.3% 10.4% 16.8%

15 55 78.6% 13 61 82.4%

7.8% 28.5% 21.4% 6.7% 31.6% 17.6%

86.6% 67.9% 78.8% 88.4% 75.3% 82.9%

13.4% 32.1% 21.2% 11.6% 24.7% 17.1%

(D) PSO-Googlenet (E) WOA-Googlenet
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Fig. 4 Optimized neural network confusion matrix
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Table 3 Comparison results of various indicators of different neural networks after optimization %

LR SASHO-Googlenet  GA-Googlenet GWO-Googlenet PSO-Googlenet WOA-Googlenet
7 1 2 95. 36 78.76 82.90 78.76 82.90
U 95. 35 78.57 87.50 86. 60 88. 39
i 5 1 95. 39 79.01 76. 54 67.90 75.31
15 96. 47 83.81 83.76 78. 86 83.19
FENCES 95.35 78.57 87.50 86. 60 88.39
f measure 95.90 81.10 85. 60 82.55 85.71
g_mean 95. 37 78.79 81.84 76.69 81.59
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A SASHO-Googlenet, FfHA5 Y 3 H T 7K 75 4 B s FRIG 09 U3 . B 2% SR BE 88 0 A S8
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inceptionv3 ™ 4% 73 5l DL A SCEUCPE SR AE i A, I AE 7 D TEM FE bR b BEAT 6 L, SIS A5 R R,
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