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[ Abstract] In the case of few samples, the recognition accuracy of image recognition technology based on deep neural network will
decrease. To solve this problem, this paper proposes an algorithm which combines sample multiplication, deep neural network and
SVM ( support vector machine). Firstly, the sample multiplication is used to increase the number of samples. Secondly, deep neural
network is used to obtain the high—dimensional features of the image. Thirdly, the classical feature extraction algorithms is performed
to extract conventional features of the image, and then the support vector including the high—dimensional features and the conventional
features is constructed, which is trained by SVM. Experiments show that the accuracy of the proposed method is 61.36% ( the accuracy
of using Yolo algorithm only is 44.08% ) for a specific sample set, whose number of samples is 1 / 40 of the total samples, which
greatly improves the accuracy of recognition under a small number of samples and has important application value.
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Fig. 1 The algorithm of YOLO image recognition
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Tab. 1  The recognition accuracy varies with the number of
samples
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Fig. 2 The algorithm of few—sample image recognition based on

sample multiplication, deep neural network, and SVM
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Fig. 4 The blur effect of image by zooming and interpolating , and the blur effect produced by Gaussian blur
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Fig. 5 The physical model of atmospheric scattering and simulation of the influence of sea fog on image quality
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Fig. 6 The image multiplying by horizontally flipping
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Fig. 7 The result of Hough transforming and the distribution map of the ship’s SIFT feature points
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Fig. 8 The parameter selection during training
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Fig. 9 The recognition result of SVM
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