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Abstract; Based on the composition and characteristics of pavement defect detection system, this paper briefly
reviews the development process of the pavement defect detection system. On this basis, it analyzes the status
quo of typical pavement defect detection systems at home and abroad, including the intelligent detection system
of heavy pavement condition and lightweight pavement quality detection system, and describes the performance
and some parameters of the detection system.Then emphatically introduces the evolution process of pavement de-
fect detection technology and methods from traditional image processing to the intelligent pavement defect detec-
tion method based on machine learning and deep learning theory is explored. And, the research progress of in-
telligent pavement defect detection methods based on deep learning technology at home and abroad is compre-
hensively introduced, including pavement defect detection methods based on regional convolutional neural net-
work, single multi—frame detector, YOLO target detection, Transformer detection model, etc.Finally, the develop-
ment trend and application prospect of intelligent detection system for pavement defects are discussed from the

aspects of multi-mode information fusion, dual lightweight design and robust intelligent algorithm.
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Fig.1 Diagram of intelligent pavement defect detection
system
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Tab.1 Intelligent detection methods of pavement defects

Key technology Time of proposal  First author

Research institution

Characteristics

R-CNN 2014
SSD 2016 Liu Wei
YOLO 2016 Joseph Redmon
Transformer 2017 Ashish Vaswani

UNC Chapel Hill

University of Washington

Google

Ross Girshick FAIR (Facebook Al Research) Accuracy relatively high,detection speed slow

Detection speed faster than R—CNN,accuracy
slower than R—CNN

Detection speed faster than SSD,real—time
detection is realized

Parallel computing
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