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Review of application of Convolutional Neural Network in Civil Engineering
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Abstract: Deep learning is a classical branch of machine learning, and the convolutional neural network model
is a typical deep learning model. With the increase of training data set and the significant improvement of
computer hardware (GPU) processing capacity, the powerful feature learning and feature expression ability of
convolutional neural network has attracted wide attention and achieved a series of breakthrough research
results in many fields. Firstly reviewed the development history of convolution neural network, this paper
introduces the convolution of the neural network basic structure, the key to road, rail traffic engineering, bridge
engineering, water conservancy project as an example, the convolutional neural network application in civil
engineering present situation has carried on the summary and analysis, and finally points out the characteristics
of convolution neural network application in the field of civil engineering and development direction in the
future.
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