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The ship detection model of Improved

Cascade R-CNN
Yimin Ou'? Yushen Zuo? Rui Yang? Xiu Lit

Abstract This paper uses Cascade R-CNN as the basic
architecture. Firstly, the HTC network was pre-trained on the
COCO data set, and then the pre-trained parameters were
transferred into our model. By the multi-scale training SNIP, we

gradually integrated some techniques, such as soft-NMS, Res2Net,

Variable Convolutional Network (DCN), Adam optimization
algorithm and learning rate warm-up, into our model so that the
detection effect could be improved distinctively.
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(a) Bottleneck block (b) Res2Net module

Fig. 2: Comparison between the bottleneck block and the proposed
Res2Net module (the scale dimension s = 4).
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(a) standard convolution (b) deformable convolution
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