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Abstract: A novel algorithm named mean tensor component analysis (MTCA) is proposed to
solve the low recognition accuracy problem that is caused by redundancy in nonnegative sample
data and non-corresponding relationship that the eigenvector which preserves clustering structure
in uncentered multilinear principal component analysis ( MPCA) does not correspond to the
maximum eigenvalues. The algorithm reserves the squared length of original tensor data.
Spectral decomposition is performed to the inner-product matrix of original samples in any mode
to obtain eigenvalues and corresponding eigenvectors. Then, mean value and mean vector are
calculated from the eigenvalues and eigenvectors, and the values of the mean vector are sorted in
a descending order so that a subspace is formed from the eigenvectors corresponding to first
several largest values of the mean vector. Then a feature tensor is acquired by mapping the
original sample to the subspace. A comparison to MPCA shows that the proposed algorithm
preserves the squared length and the direction of mean vector of non-negative data without needs

of decentralized processing to the data. Experiments on USF and TUM GAID gait databases

Wk H Y. 2015-03-20,  FEFE M. DRI (1983 Lo Wl Bz, HEWH. ERKARREEETIIH (61201370,
61362031,61571275) s B & & 45 = A 11 27 B S L WURHF 5L 4 B8 B 300 H (20120131120030) 5 Ll AR K 2% 4R 24 3 K Sk 1 X 3%
B3 H (2015WLJH39) .

[ 2% R TE] . 2015-10-03 % 2% H B L . http: / www. enki. net/kems/detail/61. 1069, T. 20151003, 1921. 012. html



12

BEWLIE S5 B ok o 023 o0 T B R A A5 25 UM v 14 B 41

show that the MTCA algorithm achieves average recognition rate 57% and 75%, respectively,

and that the rates are obviously higher than the recognition rates of some conventional methods.

Keywords: gait recognition; mean tensor component analysis; squared length; mean vector
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