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Image Recognition Method of Concrete Cracks Based
on Convolutional Neural Network
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Abstract; In order to achieve efficient and accurate crack detection, this paper proposes an
intelligent crack detection method for concrete structures based on convolution neural network.
Taking the crack image as the analysis object, the method of data amplification and image
segmentation is used to process the original crack image of concrete structure,and the crack data
set is constructed ; Based on the theory of machine vision, the framework of ResNetl8 network
model is built. The network model is optimized and designed through three hyperparameters of
learning rate,batch size,and optimization function,and then the network is trained using different
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transfer learning methods. Finally, the performance of optimized model is further evaluated by

using confusion matrix. The experimental results show that when the exponential decay transfer

learning method is adopted, the batch size is 64, and the optimization function is M_SGD, the

network built has the highest accuracy in the task of identifying concrete cracks, reaching

97.98% . The optimized ResNetl8 network improves the accuracy of crack detection. It has good

practical performance and provides a reference for the selection of network parameters.

Key words: crack detection ;machine learning ; transfer learning ; ResNet18 ; confusion matrix
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