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Gait Recognition Based on PCA and SVM
WU Qing-Jiang XU Wen-Fang WANG Qing-Li

(College of Information Science and Engineering, Hua Qiao University, Fujian Quanzhou 362021)

Abstract A new gait recognition method based on Midline projection is presented in this paper, First, body silhouette
extraction is achieved by background subtraction, The body silhouette is projected along its midline to obtain the fore-
and-aft Midline Projection Vectors, which are then combined into one dimensional data vector as the gait feature. Then,
PCA is applied to reduce data dimension,and gait classification and recognition are performed by support vector machine
finally, The result of the experiment demonstrates that the approach has encouraging recognition performance,
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