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Static gesture recognition research with MEB-SVM

ZHANG Feng-ming, Ren Yu
(Institute of Software and Intelligence, Hangzhou Dianzi University, Hangzhou 310018, China)

Abstract: Aiming at realizing high speed and high accuracy hand gesture recognition, a new support vector machine ( abbreviated as SVM)
classifier was proposed. Image segmentation is a first step of image recognition color-histogram method was applied to dig hand area from
background; then binaries the hand image got from last step, and then, get the hand gesture’s contour line; after that 8-connected neighbor-
hood method was used to deal with the contour line to get a serial coordinates denote the main information of hand gesture, then use Fourier
transform to get a suitable vector. Finally MEB-SVM was used to classify these vectors and get the meaning of hand gestures. The result indi-
cates that the MEB-SVM method can get an accuracy of 90% in hand gesture recognition. And it can understand most hand gestures meaning.
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