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Vehicle Detection based on the Haar-like feature and Image Segmentation

Mi Soon Choi*,
Tae Moon Roh™",

ABSTRACT
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*, Jung-Hee Sukw,

FTrEty

In this paper, we study about the vehicle detection algorithm which is in the process of travelling
from the road. An input image is segmented by means of split and merge algorithm. And - two largest
segmented regions are removed for reducing search region and speed up processing time. In order to
detect the back side of the front vehicle considers a vertical/horizontal component, uses an integral image
with to apply Haar-like methods which are the possibility of shortening a calculation time, classified
with SVM. The simulation result of the method which is proposed appeared highly.
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