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Abstract: Vortex plays a crucial role in the formation and maintenance of various flow structures in fluid
motion. The identification and detection of vortices are helpful to understand the flow laws. Traditional
vortex detection methods have many shortcomings, such as inaccurate definition, heavy dependence on
empirical threshold and poor generalization performance, which make vortex detection challenging. In this
paper, a vortex detection model based on object detection algorithm is proposed from the perspective of
computer vision. Aiming at the problem that the original object detection model has unsatisfactory detection
accuracy on slender vortices with extreme aspect ratio, this paper analyzes the data characteristics of two

different types of vortices. A feature adaptive module based on deformable convolutional network (DCN)
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and a slender sample mining method based on improved loss function are proposed. The cylindrical wake
vortex and submarine tail vortex data sets are used to verify the proposed model. Experimental results show
that the improved model improves the detection accuracy significantly, and the detection accuracy of
slender vortex is especially significantly improved, which effectively balances the performance of various
types of vortex detection.

Key words: vortex detection; slender object detection; anchor-free object detection; feature adaptation;

slender sample mining
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(a) Standard convolution (b) Deformable‘ convolution
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Table 1 Performance of different detection models in vortex detection

F Y AP, AP, mAP AP, AP, AR
Faster R-CNN 50.7 40.9 45.8 78.2 39.8 59.0
Retina-Net 51.2 41.4 46.3 78.7 40.1 61.0
FCOS 51.0 42.2 46.6 77.6 41.2 60.8
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Table 3 Validation experiment of adaptive module on FCOS
FT M ERGIA APc APs mAP AP, AP, AR
ResNet-50 X 51.0 42.2 46.6 77.6 41.2 60.8
ResNet-50 N 51.8 44.6 48.2 79.6 42.3 61.7
ResNet-101 X 52.7 44.0 48.4 80.0 42.3 62.3
ResNet-101 NG 53.3 45.7 49.5 77.8 42.9 62.8
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Table 4 Improved Center-ness validation experiments on ResNet-50

Center-ness* H 16 W AP, AP, mAP AP50 AP75 AR
51.0 42.2 46.6 77.6 41.2 60.8
N 51.8 44.6 48.2 79.6 42.3 61.7
NG 49.3 45.7 47.5 78.9 41.1 62.9
N, N 51.1 47.5 49.3 80.9 42.8 62.6
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(a) Detection results of cylindrical wake vortices
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(b) Detection results of tail of submarine vortices
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Fig.9 Some prediction results of the improved model
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