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Abstract

environment, and intelligent ship detection is impossible to realize. This study proposes an improved region-based

The traditional ship detection algorithm is difficult to adapt in the complex and varied sea clutter

fully convolutional network (R-FCN) detection method. Aiming at the characteristics of synthetic aperture radar
(SAR), the feature extraction network ResNet in R-FCN uses a mixed-scale convolution kernel. The feature
extraction network can suppress the influence of the speckle noise and effectively extract the ship features. High-

resolution GF-3 and low-resolution Sentinel-1 satellite SAR images are selected for the test. Consequently, good

results are obtained, proving the effectiveness of the proposed algorithm.
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Table 1 Statistic table of ship detection results of images with different sizes
Parameter Value
Image size /(pixel X pixel) 156 X156 256 X256 500X 500 800X 800 1000 X 1000 1200X1200 1500X1500
N detection 29 29 29 28 26 25
N s 0 0 0 1 3 4
Aime /s 0.09 0.09 0.11 0.11 0.13 0.14 0.16
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Fig. 6 Ship detection results of Sentinel-1 images. (a) Picture 1 to be tested; (b) picture 2 to be tested; (c) picture 3 to be tested;
(d) original R-FCN detection result of Fig. 6(a); (e) original R-FCN detection result of Fig. 6(b); (f) original R-FCN

detection results of Fig. 6 (c); (g) detection result of improved Faster R-FCN for Fig. 6 (a); (h) detection result of

improved Faster R-FCN for Fig. 6(b); (i) detection result of improved Faster R-FCN for Fig. 6(c); (j) detection result of

improved R-FCN for Fig. 6(a); (k) detection result of improved R-FCN for Fig. 6(b); (1) detection result of improved R-
FCN for Fig. 6(c)

A DL S A SCER TR B o B R R (] R 3 Sk
(157 Faster R-CNN #ik .,

MIEL7 BT LU Y 7 50 e P RN R BRI
SE4E /7R 500 pixel X 500 pixel, A2 H &R 1.0
JEE 40T 43 h 4 4~ 500 pixel X 500 pixel [ &%,

Xof TR G, P AR [B] LA K . NI 8 Rk 2
ATUE W, REENGEPEA GF-3 BHRFHEA, H
AR LFPXT GF-3 T AEEBGALA 97.37 0K i 3/
90.24% W B M F, IEMH A HEEA —E W

162803-5



Wt 5ot T o R

7 R R
Fig. 7 Test results
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Fig. 8 Ship detection results of GF-3 image. (a) Picture 1 to be tested; (b) picture 2 to be tested; (c¢) picture 3 to be tested; (d)
detection result of improved R-FCN for Fig. 8(a); (e) detection result of improved R-FCN for Fig. 8(b); (f) detection
result of improved R-FCN for Fig. 8(c)
B2 MR RG

Table 2 Statistical table of ship detection results

Method Image N targer N deteetion N taise N miss Pprecise / %6 Rgecat / %6
R-FCN Sentinel-1 124 32 7 99 78.12 20.16
GF-3 82 27 9 64 66.67 21.95
Faster-RCNN Sentinel-1 124 106 4 12 96.23 82.25
GF-3 82 76 4 10 94.74 87.80
Improved R-FCN Sentinel-1 124 118 3 9 97.46 92.74
GF-3 82 76 2 8 97.37 90.24
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