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Method of Human Detection using Edge Symmetry and
Feature Vector
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Abstract

In this paper, it is proposed for algorithm to detect human efficiently using a edge symmetry and gradient
directional characteristics in realtime by the feature extraction in a single input image. Proposed algorithm is
composed of three stages, preprocessing, region partition of human candidates, verification of candidate regions.
Here, preprocessing stage is strong the image regardless of the intensity and brightness of surrounding
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environment, also detects a contour with characteristics of human as considering the shape features size and the
condition of human for characteristic of human. And stage for region partition of human candidates has separated
the region with edge symmetry for human and size in the detected contour, also divided 1st candidates region
with applying the adaboost algorithm. Finally, the candidate region verification stage makes excellent the
performance for the false detection by verifying the candidate region using feature vector of a gradient for

divided local area and classifier. The results of the simulations, which is applying the proposed algorithm, the

processing speed of the proposed algorithms is improved approximately 1.7 times, also, the FNR(False Negative
Rate) is confirmed to be better 3% than the conventional algorithm which is a single structure algorithm.
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