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Obscured ship target recognition based on convolutional neural network

LIU Kun®, YU Sheng-tao
(College of Information Engineering, Shanghai Maritime University, Shanghai 201306, China)

Abstract: The technology of target recognition plays an important role in maritime traffic, maritime target tracking and
military reconnaissance, etc. The complex ocean ambient results in the information of ship targets is incomplete, so the
cloud obscured ship target will have low recognition rate and poor robustness. Therefore, this paper proposes a obscured
ship target recognition algorithm based on the convolutional neural network. First, the improved InceptionV3 network is
used to learn a new objective function, which is used to train the clear samples and occluded samples. Then in order to
share the features of obscured samples and the clear samples, a constraint function is added to the loss function. Finally,
experiments are performed on the optical remote sensing image dataset. The proposed method can improve the average
recognition rates of the obscured ship target by 3.23 %, 4.44 %, and 15.67 % than the unimproved network which are
obscured 30 %, 50 %, 70 % respectively. The experimental results show that the network model can effectively improve
the low ship target recognition rate caused by cloud obscured.

Keywords: remote sensing image; deep learning; convolution neural network; target recognition; feature extraction;
cloud occlusion
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SVDNet 1 InceptionV3-FC 15 4 75 A [A] SE Y - 12
(¥ H b3R5 22 AT 06 B, B 9 Fr s, AN 9(a) A1 ]
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®2 RBREFFERZ00HZNMERERE TR F %
SR . . . ERFHE+
o InceptionV3 InceptionV3-FC InceptionV4 SVDNet PCANet . SVM+Hog
s InceptionV3
0 94.01£0.11 95.9140.15 94.64+0.11 95.114+0.21  93.6940.21 94.3440.12 89.87+0.26
30 88.04+0.18 92.2740.21 88.98+0.14 90.63+0.15  89.1340.12 90.5540.14 81.05+0.31
40 83.79+0.14 89.95+0.13 84.19+0.16 86.73+0.16  84.9240.25 87.26+0.17 76.5240.22
50 79.43£0.16 85.41+£0.13 80.42£0.21 83.75+0.14  81.65+0.18 83.03+0.23 73.78+0.21
60 73.3540.21 83.44£0.15 73.9440.10 81.18£0.13  80.06£0.23 81.57£0.14 69.1440.14
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model forward time recognize time

InceptionV3 0.31640.005 8.322+0.012
InceptionV3-FC 0.405+0.002 8.43240.031
InceptionV4 0.62140.003 9.0124+0.018

SVDNet 0.33640.003 9.12640.041

PCANet 0.32140.005 8.303+£0.024

£ R H P +Inception V3 0.2314:0.003 8.57340.017
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