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A review of the application of deep learning in gravitational wave detection

Hu Minchao, Fu Minglei
(College of Sciences, Zhejiang University of Technology, Hangzhou 310023 )
Abstract

Gravitational wave detection has been an important event in the history of modern science and technology.
With the fast development of gravitational wave detection technology, traditional methods such as the matched filte-
ring method cannot meet the requirements of modern gravitational wave detection. Hence, it is necessary to develop
the new detection methods for gravitational wave. This work reviews the results of major research teams on gravita-
tional wave detection in recent years, and analyzes the application potential of deep learning methods in gravitation-
al wave detection. Among them, the deep filtering method adopts the convolutional neural network ( CNN) model.
The detection accuracy of the deep filtering method is similar to results by the matched filtering method while the
data processing speed is greatly improved. Besides, the deep learning method also shows excellent performance in
the recognition and classification process of noise from gravitational wave signals. Finally, the specific processes of
gravitational wave detection by means of convolutional neural network model are demonstrated.

Key words: gravitational wave detection, deep learning, convolutional neural network (CNN) , matched filte-

ring, noise recognition
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