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Hand gesture recognition based on the spatial pyramid bag of features

YU Siquan', CAO Jiangtao1 , LI Ping', JI Xiaofei’
(1. School of Information and Control Engineering, Liaoning Shihua University, Fushun 113001, China; 2. School of Automation,

Shenyang Aerospace University, Shenyang 110136, China)

Abstract; A novel algorithm based on the spatial pyramid bag of features is proposed to describe the hand im-
age. It is proposed in order to solve the problem that the distribution of feature points cannot be ascertained
when using the hand gesture descriptor based on bag of feature of scale invariant feature transform ( BoF-
SIFT) . The capability of the BoF-SIFT can be improved by generating image spatial pyramid. The descriptor
can effectively represent the posture by combining the global features and local features of the gesture image, as
well as the distribution character of image feature points. Finally, the hand posture recognition is achieved by
using the histogram intersection kernel support vector machine (SVM). The experiment on standard database
demonstrates the average recognition rate can reach 92.92% for 10 kinds of gestures recognition, verifying the
efficiency and effectiveness of the proposed algorithm.

Keywords : hand gesture recognition; hand gesture image; scale invariant feature transform (SIFT) ; spatial pyra-

mid; bag of features; histogram intersection kernel; support vector machines (SVM)
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12-13 December, 2015, Hangzhou, China

2015 8th International Symposium on Computational Intelligence and Design ( ISCID 2015) will take place in Hangzhou,

China, between 12—13 December, 2015. This symposium provi

des an idea-exchange and discussion platform for the world

‘s engineers and academia to share cutting-edge information, address the hottest issue in computational intelligence and de-

sign, explore new technologies, exchange and build upon ideas. We're certain you will find the city of Hangzhou and the

surrounding area to be most pleasant and it will be our distinct

pleasure to welcome each of you to the ISCID.

The proceedings of ISCID 2015 will be published by the IEEE Computer Society’s Conference Publishing Service (CPS) ,
and submit to EI. All proceedings of ISCID 2008 -2013 have been indexed by EI, and included in the digital libraries

(CSDL, IEEE Xplore, IEEE IEL).

Important Dates .

Full paper submission: July 10, 2015
Acceptance Notification; September 10, 2015
Camera-ready papers: October 1, 2015
Conference; December 12-13, 2015

Contact Us:

If you have any question, please feel free to contact:

Mr. Yongxing He

Affiliation: College of Computer Science at Zhejiang University
Email : iscid2015@ 163.com

Phone: +86 15068186792



