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Abstract

A robust scheme of locating and counting the number of vehicles in urban traffic scenes, a core

component of vision-based traffic monitoring systems, is presented. The method is based on the

evidential reasoning, where vehicle evidences in the background subtraction image are obtained by

a new locally optimum thresholding, and the evidences are merged by three heuristic rules using
the geometric constraints. The locally optimum thresholding guarantees the separation of bright and
dark evidences of vehicles even when the vehicles are overlapped or when the vehicles have similar
color to the background. Experimental results on diverse traffic scenes show that the detection

performance is very robust to the operating conditions such as the camera location and the weather.,

The method may be applied even when vehicle movement is not observed since a static image is

processed without the use of frame difference.
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Fig. 1. Overview of the detection of vehicles in traffic scenes.
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2. Example of finding locally optimum threshold 1.

Fig. 3. Example of finding locally optimum threshold II.
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Fig. 4. (a) Subtraction image, (b) Bright region extracted by entropy thresholding,
(c) Bright region extracted by locally optimum thresholding

(a) (b) (c)
223 5. (a) ¥ A A () °ﬂ_iv4 7ol & HAEE o5 2,
(©) FH-HA AR 28 AE" T2 4y
Fig. 5. (a) Reverse subtraction image, (b) Dark region extracted by entropy thresholding,
(c) Dark region extracted by locally optimum thresholding
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Fig. 8. Vehicle detection in traffic scene at long distane (a) Original image, (b}
Evidence region, (c) Bounding box, (d) Detection result.
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Fig. 9. Detection results for consecutive frames of 2 sec(Data set 1).
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Fig. 10. Example of detection results for Data set 3.
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Fig. 11. Example of detection results for Data set 4.
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Table 1. Detection performance of the proposed detection scheme.
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