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Improved R’CNN ocean eddy automatic detection
with a dense feature pyramid

DU Yanling', WANG Lili', HUANG Dongmei’, CHEN Ke’, HE Qi'

(1. College of Information Technology, Shanghai Ocean University, Shanghai 201306, China; 2. College of Electronical and Informa-
tion Engineering, Shanghai University of Electric Power, Shanghai 200090, China; 3. East China Sea Forecast Center, Ministry of
Natural Resources, Shanghai 200136, China)

Abstract: The lack of understanding of the evolution process of ocean eddies is the main obstacle to current physical
ocean research. To gain a better understanding of the mechanism of its generation, development, and variation process,
as well as its interaction with multi-scale ocean processes, the automatic detection of ocean eddies is crucial. However,
existing horizontal detection methods struggle to accurately detect ocean eddies due to their scale diversity, irregular
shape, and dense distribution, leading to significant redundancy and overlap in the detection area. To address this issue,
we propose a multi-scale rotation-dense feature pyramid network. The feature pyramid network is enhanced through
dense connection (DFPN) for multi-scale high-level semantic feature extraction and fusion, improving feature propaga-
tion and reuse. To accommodate the dense distribution of ocean eddies, the R°CNN network is improved, and a multi-
scale Rol Align mechanism is introduced to preserve feature semantics and spatial information integrity, thus improving
model detection performance. We construct the ocean eddy dataset using sea-level anomaly data, which is preprocessed
into VOC format for training. The parameters are adjusted to obtain the optimal detection model, and experimental res-
ults show that the model's detection accuracy can reach 96.4%. The proposed model demonstrates good generalisability
through the automatic detection of ocean eddies in the Pacific and Atlantic Oceans.

Keywords: deep learning; object detection; ocean eddy; dense feature pyramid network; convolution neural network;

feature fusion; R°CNN; pattern recognition
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Table 1 Experimental results of different methods
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