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Line spectrum feature extraction based on machine learning
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Abstract: This paper is to study the principle of line spectrum feature extraction. In view of the deficiency of
manual line spectrum feature extraction method, a line spectrum feature extraction method based on machine
learning was proposed. The Encoder-Decoder based on convolution neural network was built, and the
attention mechanism was introduced between the convolution and pooling layers, so that the important
features of the input data could occupy a higher weight to enhance the accuracy of feature extraction. The
model was compared with U-Net model and TPSW algorithm in the case of low signal-to-noise ratio, and
tested on the actual data. The experimental results show that the improved model achieves a line positioning
accuracy of 0.823 at a signal-to-noise ratio of 5 dB. This performance is better than that of the U-Net model
and TPSW algorithm with in the 0~5 dB range. Thus the model effectively extracts line spectrum information
and improves the accuracy of underwater target detection.
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