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Dense Horizontal Stripes and Kernel Space Mapping for

Person Re— Identification
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Abstract; A new person re— identification algorithm based on dense horizontal stripes and kernel space mapping for several

(School of Information, Zhejiang Sci— Tech University, Hangzhou

problems occurred in person images of different camera views, such as illumination changes, different viewpoints and varying
poses., it is likely to form a lot of differences in appearance. The proposed method propose the idea of kernel space mapping and
dense horizontal stripes extraction of person images based on the Cross— view Quadratic Discriminant Analysis (XQDA) met-
ric learning algorithm. First, the each horizontal stripe of person images is extracted from color features and a texture feature
by using the top—down sliding horizontal stripe. Then, fusing multi— features of person images and mapping the obtained fea-
tures to kernel space. Finally, the proposed algorithm gets a similarity function which is robust to the change of background,
viewpoint and posture by learning in kernel space. Pedestrians are re —identified by comparing rankings of similarities. The
proposed method is demonstrated on two public benchmark datasets including VIPeR and iLLIDS, and experimental results
show that the proposed method achieves excellent re—identification rates compared with other similar algorithms. Moreover,

the proposed method achieves a 48. 2% at rankl (represents the correct matched pair) on VIPeR benchmark and a 60. 8% at

rankl on iLIDS benchmark respectively.
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