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Abstract

Abstract: A truncated migration data preprocessing algorithm is proposed for the problem of limited time
series characteristics of the signal extracted by convolutional neural network. The distance unit at one
end of the sampling matrix is truncated, migrated to the other end to form a new matrix, allowing the
convolutional neural network to extract more sampling points and compare more symbolic
information.An improved parallel ResNet is proposed, which focuses on features in both horizontal and
vertical directions simultaneously by two parallel branches. The results show that the algorithm has an
accuracy rate of about 10% higher than that of ordinary convolutional networks. When the signal-to-noise
ratio is 14 dB, the improved network has an accuracy rate of 93.78% and when the signal-to-noise ratio is
greater than 0 dB, the accuracy rate is above 91%.
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Abstract: A truncated migration data preprocessing algorithm is proposed for the problem of limited
time series characteristics of the signal extracted by convolutional neural network. The distance unit at
one end of the sampling matrix is truncated, migrated to the other end to form a new matrix, allowing the
convolutional neural network to extract more sampling points and compare more symbolic information.
An improved parallel ResNet is proposed, which focuses on features in both horizontal and vertical
directions simultaneously by two parallel branches. The results show that the algorithm has an accuracy
rate of about 10% higher than that of ordinary convolutional networks. When the signal-to-noise ratio is
14 dB, the improved network has an accuracy rate of 93.78% and when the signal-to-noise ratio is greater
than 0 dB, the accuracy rate is above 91%.
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