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Abstract:

accuracy and speed of the existing methods are not high in

In order to solve the problem that the

recognition of pavement distress image, a recognition
method of pavement distress image based on historical
information is proposed by using historical detection
results. First, an algorithm framework for the application
of historical information is built, and the mechanism of
using historical information to create initial constraints for
the VGG-16

network is trained to extract damage features. Finally, the

distress detection is introduced. Next,

initial population 1is established, and the feature

parameters are designed by using historical information to
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improve the genetic algorithm. The experimental results
show that this method can significantly improve the
recognition speed without reducing the recognition
accuracy compared with the recognition method without
using historical information, and the fastest speed can be
141.71 times higher than the algorithm without historical
information.

Key words: road engineering; distress detection;

image recognition; pavement management
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Fig. 1 Prior information classification
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Fig. 2 Algorithm framework
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Fig. 3 Comparison before and after histogram equalization

2.2 LTMEN L VGG-16 (Visual Geometry
Group Network-16)
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lution neural network model
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Fig. 7 Visualization of feature map
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Fig. 8 Flowchart of genetic algorithm based on pri-

or information
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Tab. 2 Experimental images
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Fig. 12Average detection time
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