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Abstract; Aiming at problems of small sample existed in the traditional linear discriminant analysis and two projection matrixes of Ten-
sorLDA algorithms cannot calculate ,low—dimensional feature extraction is not sufficient,study and implement TensorLDA based on ten-
sor subspace. And the It-TensorLDA algorithm is presented, which first initializes with unit matrix, then uses the optimized criterion to
get another projection matrix,carrying on many times iteration. Apply ORL human dataset to test the performance of algorithm. The ex-

periments show that in ORL dataset It—TensorLDA is 1.88% higher than TensorLDA and 3.03% compared with Fisherfaces. So, the al-

gorithm avoids the small sample problem,enhances the efficiency of face recognition.
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