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Research on Manhole Cover Detection Using Improved
Convolutional Neural Network
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Abstract; The defect detection of road manhole cover is very important for road maintenance and safety. The paper proposes an
improved convolutional neural network algorithm to achieve rapid and accurate detection of manhole cover defects. The algorithm im-
proves the activation function model of convolutional neural network. For the Relu activation function, when the input is less than ze-
ro, the output is set to zero, which resluts in lossing most of the input information. Therefore, two improved activation functions,
MReLu and BRel.u, are designed. On this basis, in order to enhance the feature expression ability of neural network model, a two—
layer activation function model is proposed. Finally, a large number of comparative experiments were performed on the proposed algo-
rithm in the public data set MNIST, CIFAR—10, and the main parameters of the network are batch size of 32, the maximum number
of iterations is 1000, the learning rate is 0. 000 1, and the attenuation is 50% after 5 000 iterations. The experimental results show
that the convolutional neural network based on the improved activation function and the application of the two—layer activation func-

tion greatly reduces the training parameters. not only the convergence speed is faster. but also can improve the classification accuracy

more effectively.
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A TR B () 1000 2 000 3 000 40 000 50 000 60 000 70 000 80 000 90 000 10 000
ReLu 0.057 3 | 0.0414 | 0.0348 | 0.0305 0.030 2 0.0278 | 0.0285 0.028 9 0.028 6 | 0.0283
MReLu 0.0677 | 0.0450 | 0.0402 | 0.0331 0.034 9 0.027 6 0.033 2 0.0255 0.028 2 | 0.0277
BReLu 0.0605 | 0.0503 | 0.0422 | 0.032 1 0.031 6 0.0288 | 0.027 6 0.0215 0.021 1 0.020 9
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AR IR B (PO 1 000 2 000 3 000 40 000 50 000 60 000 70 000 80 000 90 000 10 000
ReLu 0.0573 | 0.0414 | 0.0348 | 0.0305 | 0.0302 | 0.0278 | 0.0285 | 0.0289 | 0.0286 | 0.0283
MReLu 0.0677 | 0.0450 | 0.0402 | 0.0331 | 0.0349 | 0.0276 | 0.0332 | 0.0255 | 0.0282 | 0.0277
BReLu 0.0605 | 0.0503 | 0.0422 | 0.0321 | 0.0316 | 0.0288 | 0.0276 | 0.0215 | 0.0211 | 0.0209
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AR R AL O 1 000 2 000 3 000 40 000 50 000 60 000 70 000 80 000 90 000 10 000
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