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Automatic Road Detection for Highway Surveillances
Based on Frequency-Domain Information

KONG Qing-jie"?, ZHOU Lucidus?, XIONG Gang?
(‘State Key Laboratory of Management and Control for Complex Systems, Institute of Automation,
Chinese Academy of Science, Beijing, 100190, China;
2 Cloud Computing Center, Chinese Academy of Sciences, Dongguan, 523808, China)

Abstract In order to accurately and automatically obtain road regions in highway surveillance
videos, this paper presents an automatic detection algorithm based on frequency-domain information
of video images for highway roads. This algorithm uses the frequency-domain feature that is produced
by vehicles passing through road regions in vidoes, to realize automatic segmentation and recognition
of the road regions. The experiment comparing to the traditional vehicle-tracking-based method that
uses the information in time-space domain, fully shows the advantages of the proposed method.
keywords road detection; frequency domain information; visual surveillance
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