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Abstract: Aiming at the problem of ship target detection in remote sensing images, we proposed a ship detection model based on deep learning.
We used parallel dilated convolution groups and channel attention modules to form the backbone network at first. Then, we spliced the feature
maps of different scales output by all feature extraction layers, and constructed four detection scales by upsampling and downsampling of the
fused feature layers respectively. Finally, we adopted the improved NMS algorithm to optimize the final detection frame output. We used the the
open source data set UCMerced LandUse and FAIRIM combinative data set to train and test model, and used a variety of image enhancement
algorithms to optimize the quality of training set. We used mosaic processing to obtain more training images with positive samples, performed
tests on raw, unprocessed images. The results show that the average accuracy of model proposed in this paper can reach 0.91, the detection speed
can reach 34 /s, which has stable detection capability for ship samples with different complex backgrounds and scales.
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