%43 % W4 W HOR R K MOAARRERD Vol.43 No.4
2022 4E 8 H Journal of Qingdao University of Science and Technology(Natural Science Edition) Aug.2022

XEHFS: 1672-6987(2022)04-0120-07; DOIL. 10.16351/j.1672-6987.2022.04.016

ETRESHRHEMNERNEFS BirmiERls i

XER, BRE, 8 F

LA BB R BB IR H B 2660615 2.9 5T P R BEBE GRS ) - IL R 7 5 266033)

OB RET AR TRELSRAYEME G EE S B ARk, B AN R E
AP ARBEFERRAFIE, 1AL EBREGBARSGHFENA AR, RA s HRA%E
B REELSHELAR T EZMEERBERZRFILMNER,ARF L ZH 000 EHE,
R £ CMEMS(F & & i & 350 M IR 5~ P ) KA 6 N TF 3098 % £ xb R TAR4R ik od 77 sk it AT
T ALK, KR AN 5 EddyNet . PET % 7 ik A b, A TARa) 7 ik ik B A A & Al ik
B B BUE 09 WAk, R ZIF e 2R

KEEW: HFARR; RETT; FiERSE; BArkN

FESES: S513 XERFRERD: A

SIAEX: B, HAE., BH. A TREERNZNLYEF S BAFRREN T E[]] F
BARKRFEFROERMF M), 2022, 43(4): 120-126.

LIU Qiming, YANG Shuguo, ZHAO Li. Ocean multi-eddy detection method based on deep
convolution neural network[]J]. Journal of Qingdao University of Science and Technology

(Natural Science Edition), 2022, 43(4): 120-126.

Ocean Multi-Eddy Detection Method Based on Deep

Convolution Neural Network

LIU Qiming', YANG Shuguo', ZHAO Li*
(1.College of Mathematics and Physics, Qingdao University of Science and Technology, Qingdao 266061, China;
2.Qingdao Hospital of Traditional Chinese Medicine (Qingdao Hiser Hospital) , Qingdao 266033, China)

Abstract: This paper proposes a deep convolutional neural network-based ocean multi-eddy
detection method. Firstly, we use an improved dense convolution to accurately extract ocean
eddy features, and use a cross-layer fusion technique to improve feature utilization, aiming to
capture edge information fully. Secondly, we construct an upsampling path combining trans-
posed convolutions and skip connections for higher detection accuracy. Finally, we compare
the proposed method with other methods on a public dataset published by Copernicus Marine
Environmental Monitoring Services (CMEMS). The experimental results show that com-
pared with EddyNet and PET, this method can more effectively separate and detect eddy
currents in close range, so this method has better detection effect.
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Fig.1 Sea area studied in this paper
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Fig.2 Structure of multi-objective ocean eddies detection model
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Fig.5 Comparison of the results of different testing methods
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Fig.6 Comparison of the number of ocean eddies detections by the

two methods during Jan 1%, 2020 and Mar 5, 2021
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Table 1  Statistics on the number of ocean eddies

detected by different methods
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Fig.7 Comparison of the results of different testing methods
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