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Abstract: Objective Ocean eddies are responsible for most of the material transportation and energy transfers in the
ocean. The accurate detection of these eddies serves as the basis for revealing the evolution of ocean eddies and their inter-
actions with other marine phenomena. However, small-scale objects and dense distribution are often observed in the active
area of ocean eddies, which leads to problem of low detection accuracy. Traditional detection methods are limited by the
poor generalizability of the artificial parameter design. These methods also have poor ocean eddy detection accuracy com-
pared with deep learning methods. However, a deep learning model with high sampling rate loses the underlying details

and contour information in the process of small target detection. The target detection contour is located far from the real con-
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tour of the target. To address the low detection accuracy caused by the loss of low-level detail information and contour infor-
mation of small-scale ocean eddy targets, this paper proposes an improved U-Net network. Method Based on the U-shaped
progressive sampling network, a context feature fusion module is added to fuse the features of each coding layer, and a
residual attention mechanism is added to the target features before the feature fusion in order for the model to pay attention
to the contour information of the ocean eddies. A data augmentation method is then introduced to reduce the overfitting
problem of the model. Feature fusion is carried out through the context feature fusion module, which takes the three-layer
feature map of the U-shaped structure coding layer of the U-Net network as input, the lowest-level feature map as the target
feature, and the last two-layer feature map as the context and target features. The context feature map is initially upsampled
to the same size as the lowest-level feature through the deconvolution structure,, and the number of channels is reduced to
172 of the lowest-level feature in order to prevent the amount of information of the context feature from exceeding that of the
target feature. L2 norm and ReLU are then used to achieve the fusion of context and target features. The proposed model
uses two contextual feature fusion modules, which take the first to third layer feature maps of the encoding layer as input
and the second to fourth layer feature maps as input, respectively. The residual attention mechanism consists of two pro-
cessing channels. The first channel has a residual structure (batch norm, conv of 1 X 1 kernel and multiple concatenation
of ReLLU) that prevents gradient disappearance and extracts certain contour information, while the second channel com-
prises a down-up sampling layer and a sigmoid layer to extract high-level semantic information. To effectively reduce the
over-fitting phenomenon, random region sampling and random mask processing are used for data augmentation. In the
experiment, the model is trained in the NVIDIA GTX 1080Ti GPU environment, where its initial learning rate is set to 1 X
107, the loss function is optimized by the Adam optimizer, the batch size of the model training is set to 16, and the number
of iterations is set to 200. Result The satellite sea surface height dataset of the South Atlantic is used for the experiments.
Ablation experiments are carried out to test the influence of each module on the performance of the ocean eddies detection
model. The effects of adding the context feature fusion module, adding the attention mechanism module, and adding both
modules at the same time are compared, and the detection effect after adding the data augmentation method is analyzed. In
the ablation experiment, due to the introduction of the contextual feature fusion module and the residual attention mecha-
nism, the model can fuse the contextual features of the ocean eddies in different feature layers, and the network can extract
additional low-level spatial details of the ocean eddies. Each module improves the detection performance of the model, and
the optimal detection accuracy of the model after using the data augmentation method reaches 93.27%. Compared with
other deep learning models, the proposed model has a detection accuracy of up to 93.24%, and its detected number of
ocean eddies is closer to the truth, thereby verifying its excellent performance in small target detection. Meanwhile, com-
pared with the fully convolutional network (FCN) model, the proposed model can detect more small-scale ocean eddy tar-
gets, and the detected ocean eddy target contour is closer to the truth, thereby verifying the positive effect of progressive
sampling on small target detection. Conclusion The proposed model significantly outperforms the other deep learning mod-
els in detecting ocean eddies. Compared with the state-of-the-art, the proposed model achieves a higher small target detec-
tion accuracy, and the detected contour of ocean eddies is closer to the truth.

Key words: ocean eddy; small object detection; semantic segmentation; attention mechanisms; feature fusion

& PR FN R ALK 5341 (Chen 45, 2011 ; Faghmous 55,
2012) 52 e fb 35, PR IHG TR P T0 E 1) A I B A o

Ell

][l

YV R 3 A T T BRI kit b, A
) RUBE 38 H L BNLA 2 ORGSR
JIE i@ &% 7 Il ] 43 SRy e I8 R B A it 0 I e
e (FEAL 23RO 1 R e , Fe 2 2 S Uié ivs (Fagh-
mous 55 ,2013) o I IR BELE I D B AE i i LA
it FVE TR BT A5 A% bk o SR R Y

N Ah oo COTTF R 1 5 TR T T i T A ) A
G o ABGERYRIN Ty 1 F Ay 3R 1) He T3
SR T, L FE Okubo-Keiss 2 213 (Chelton 25,
2007; Henson Fil Thomas, 2008) . % %% ffi i &
(Chaigneau % , 2008 ; Ali Sadarjoen Fl Post, 2000) £l
T HE /N (Doglioli 25 ,2007) 5 2) 3 T 37 LA 45



$28% /F 118 /2023 F£11 B

HIER, RXF, FE, KR, R
A& TAEE AREE RN B AR

TR Y 5, e rh A T 32 LAY ) 308 A D00 B
7% (Nencioli 75 , 2010) F1 7K ~F- 8¢ B 73+ A6 P 77 %
(Williams % ,2011) ;3) 2 TR A 77 %, Al
EieSv N Sng IR LIYYNEY/ELIE =5 i UE| SR Y 1 v
I J5 ¥ (Chelton 45, 2011) L}z McWilliam (1984) i
PR A TR T i T[] P 2% S 0 3 T LA 4R AL
R BRI 7 v o AELJE LA R T 8 T A 1y 42 47
T S0 8 R s A% 100 I (18 DL R A I 7
VERIZ A 22 55 IR R, B TR o ) AN R g
A A= H0 R 220 R B2 2 2 vy 380 0 16 T A ) 1
7. Lguensat %8 A (2018) 7£ U-Net [ 2% ) JL Rl | %
R T IS BB A | [ AR B S 50 ARk it 1T 20y
I 28 SURHAD 2R R BOR B2 5 X S A G o Fan 45
A (2020) A H RO i Jie o I -5 HoAb AR 2544k 2% )
FHOG, PRI aHe it — o 687 ] 2 A28 540 14 o A0 14
éﬁ(eddy detection network , EDNet ) , 18 3 X 1R i€ 1Y) £
R BRI AT Rl R AR v TR R AG DU ARG 2 . X 45
A (2019) 4 T FE50 B 4 Jr BT SC(S BRI 2
4l 1, Al 4 5235 3 5 i BT X 2% (pyramid scene
parsing network , PSPNet) (Zhao 25,2017 ) X iR e 47
L, PSPNet FY <5 7 5 R L1 5 A ] RUBE A it A A5
ok SR IBCAS 7] Fo A5 1 DX R AT, 26 T 48 8 A [
JRUJE I e ) RS K R Ti) s X G 1) 380 1% 994 e kL
R RNEFATGE 550 o TS A (2020) ff 1]
Mask-RCNN (mask region-based convolutional neural
network ) (He 55, 2017 ) 0 £ > k5 I #E 4 7 Z2 A5 25 5
il G Y TR VR IS i€ o AL FE 55 N (2022) 7E RetinaNet
(Lin 55, 2017) HEAil b ASCHE bt |, 32 i 22 ROBE T A it
THE A ARG IR

T 7, o R 2 ] DX sl i 47 16 Ji A6 )
IR, H TR AR 2 ) o B Y S BURUAR %5 (]
FRUBE SR ) i R A 500 e s vh 2 I 85/ iy B
P, JUHAE W 09 T BR T Sl N RUBE H AR A A
e A7 AE S BCHAS IS B AR R . BT U-Net
% 4% (Ronneberger %5 , 2015 ) 76 /)N H AR K I 77 A1 2 A
DL, AR SCR FH M 2R SRAE AT R A 1Y I 25 45
4y, TRl F R bR SOfF B PR IR, 3 i SR IBCEE i =
0 E AR B AR R 5 S AR THAS RIS A 0 164
Jig HARASIS BE . eAh, o 1 B9/ HARSCTEEE ,
AT B I HLH, AR B B A AR B2 IS 2 23 ()45 2
{8 [ I U SR i e AR P AR AR R % 3R TH N B AR
eI

(a) HEF 1 A

(b) HEEIN RS 1A
(DGR A) 4 €7 a2 ]
Fig. 1 Sample of ocean eddy dataset

((a) sea surface height map; (b) ocean eddy mask map)
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Table 1 Ablation experiments verify the results
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Table 2 Comparison of segmentation performance of dif-
ferent methods on EddyNet-Data datasets
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FA-U-Net(4~ ) 0.5320 0.524 6 0.9327
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Fig. 6 The results of different methods in the EddyNet-data dataset ((a) sea surface height map; (b) PET;
(¢) FCN; (d) EddyNet; (e) DeeplabV3+; (f) DANet; (g) ours; (h) local map of sea level height;

(i) local map of PET; (j) local map of FCN; (k) local map of EddyNet; (1) local map of DeeplabV3+;
(m) local map of DANet; (n) local map of ours)
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