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Abstract: Ocean front is an important mesoscale ocean phenomenon, with the characteristics of small data volume, small tar-
gets, and weak edges. To solve the problems of low detection accuracy, high false and missing detection on weak edges and
small target ocean fronts in actual detection tasks, this paper constructed an improved Mask R—CNN ocean front detection
model by fusing SCSE (spatial and channel squeeze & exception) spatial attention module. Firstly, the structure of Mask
R-CNN backbone network is improved, and the resnet—50 Network Guided by SCSE module is used as the feature extraction
network, and the weighting strategy is used to highlight the image channels and spatial locations to improve the ability of net-

work to extract important features. Secondly, in response to the problem of inaccurate positioning of the edge of the target
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ocean front, constructing a new mask loss function is by introducing loU boundary loss to improve the accuracy of boundary

detection. Finally, in order to verify the effectiveness of the method, several groups of comparative experiments are designed

from the training data and the experimental model. The experimental results show that compared with the traditional Mask R—

CNN, YOLOv3 and the existing improved Mask R—CNN network, the method in this paper has the best effect on strong and

weak ocean front detection on the SST gradient image data set, the accuracy of positioning (loU) and detection accuracy (mAP)

are more than 0.914. In addition, the detection efficiency experiment is designed in this paper. The results show that the

method in this paper takes the shortest time under different network models and different iteration times, which is much lower

than the YOLOV3 network.

Keywords: scSE spatial attention; Mask R—CNN; ocean front detection; Mask loss function
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