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Incremental Manifold Learning Regular Optimization Algorithm on Tangent Space and
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Abstract: The emergence and development of high dimensional big data streams have presented a great
challenge to the traditional machine learning and data mining algorithms. Based on the characteristics of
data flow, first we construct an adaptive incremental feature extraction algorithm model. Then, accord-
ing to the environment with noise, we establish an incremental manifold learning algorithm model based
on feature space alignment to solve the small size sample problem. Finally, the regularization optimiza-
tion framework of manifold learning is constructed to solve the problem of dimensionality reduction errors
of high-dimensional data flow in feature extraction process, and then the optimal solutions are obtained.
Experimental results show that the proposed algorithm framework conforms to the three evaluation crite-
rions of manifold learning algorithm: Stability, enhancement, and the learning curve can rapidly increase
to a relative stable level. Thus the efficient learning of high-dimensional data streams can be realized.
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lignment; regularization optimization
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Tab.1 Description of experiment data set

B MHEE FBREHE/AE KRS W e/ PSR Bt

ORL 40 10 64 X 64 5/5
Yale 15 11 32X32 5/6
YaleB 38 64 32X32 32/32

AR 120 25 50X 40 13/12
Coil-20 20 72 64X 64 38/34

3.2 Olivetti face A\ RIGEIFELI
R T K I A 0 S R B B M B 0L R Olivetti face A 2618 Bl 2 47 20 28 9L 56, M0 B0 H
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Fig. 1 Experiments on Olivetti face expression database Fig.2 Experiments on Yale face image datasets
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Fig. 3 Experiments on Yale face image datasets with noise Fig. 4 Experiments on YaleB face image datasets
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Fig. 5 Experiments on AR face expression database Fig. 6 Experiments on COIL-20 Image database
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