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Tab.3 Different methods comparison results (% )

Xt H ik FEICES RS Ap
FR-0 58.53 65.60 39.24
R - DFPN 67.85 87.67 59.78
RRPN 69.35 89.68 63.42
RADet — — 68. 86
AR 81.74 87.04 71.61
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Tab.4 Training time and test time for each method (s)

itk Il L8] D Ji]
FR-0 0.34 0.10
RRPN 0.85 0.35
R - DFPN 1.15 0.38
Baseline 0.58 0.21
ARSI 0.64 0.22
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Ship detection based on multi — scale feature

enhancement of remote sensing images

LIU Wanjun, GAO Jiankang, QU Haicheng, JIANG Wentao
(College of Software, Liaoning Technical University, Huludao 125105, China)

Abstract; Aiming at the omission in the ship target detection from remote sensing images with complex background

caused by the arbitrary and dense arrangement of ships, this study, based on the rotation region generation

network , proposes a ship target detection algorithm using the multi — scale feature enhancement of remote sensing

images. The detailed steps are as follows. Firstly, improve the feature pyramid network using the receptive field

module with dense connection at the feature extraction stage. Then obtain the characteristics of multi — scale

receptive fields using the convolution of different dilate rates. In this way, the expression of high — level semantic

information can be enhanced. Then design a feature fusion structure based on attention mechanisms to restrain noise
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and highlight the target characteristics. Afterward, fuse all layers according to the spatial weight value of each layer
to obtain a feature layer that takes both semantic and position information into account. Then conduct attention
enhancement to the features of this layer, and integrate the enhanced features into the original feature layer in the
pyramid network. Consequently, pay more attention to target locations by increasing attention loss and optimizing
the attention network according to the classification and regression loss. As indicated by the experiment results of
DOTA remote sensing dataset, the average precision of this algorithm is as high as 71.61% , which is higher than
the latest ship target detection algorithm based on remote sensing images. In this manner, the omission in ship
target detection can be effectively solved.

Keywords: convolution neural network ; multi — scale feature fusion; attention mechanism; remote sensing image ;

ship target detection
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