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An Incremental Manifold Learning Algorithm Based on
Iterative Decomposition

Tan Chao, Ji Genlin
(School of Computer Science and Technology , Nanjing Normal University , Nanjing 210023, China)

Abstract: Manifold learning is used to discover intrinsic low-dimensional manifolds of data points embedded in high-
dimensional spaces, which is useful in nonlinear dimension reduction. In recent years, new data points come continually,
which will change the existing data points” neighborhoods and their local distributions. Tranditional methods cannot
discover intrinsic information of high dimensional data streams effectively. To solve this problem, we propose an Incre-
mental Manifold Learning Algorithm Based on Iterative Decomposition (IMLID) , which can detect the change of mani-
fold and improve the classification accuracy of the feature set sampling in the real world. Experiments on real-life datasets
validate the effectiveness of the proposed method which has important significance and extensive application value in
pattern recognition and so on.
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Table 2 The main steps of the algorithm IMLID

B IMLID

1K Ly=ADy VENHRHE Laplacian $FAE7M# , 75 21 e/ ML FEDOE R BRFIE 0] 5, Z55RAE NG 0 F L.
2. AN Mi=w=Lo, X (3)E#H M, FiREAE R PSR & wfE AN REE U, U=[u,-.u,].
3UMREH w i FIE M, 5 — BB SUmARE, ()T M, .

4, T DB R UL SR 6= [U((z- %j U(z- %) LG T LTI (5) A7 507 .
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Table 3 Information of several UCI datasets

UCT HHfi 4 FEAR R AL FHIEEL IIIA
Iris 150 4 3
Wine 178 13 3
Glass 214 10 6
Movement 360 91 15
Cloud 1024 10 8

FATE S AR Tris BB AERER] —4E LU, FEAT k-NN 20 2R A 8i 4 LA 77026 | Tnis %0
PEARALAE 150 MAEAS , BAT 4 FIASAE, P4 60 IMREAVE N NZREE , IR (19 90 /Sl A . Rf IR 4E
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Table 4 The average recognition rate of different algorithms on UCI datasets

ILLE ILTSA ILE IHLLE IPCA IMLID
Iris 0.726 4 0918 4 0.957 1 0.6713 0.773 8 0.922 76
Wine 0.783 7 0916 6 0.9279 0.634 1 0.683 3 0.933 63
Glass 0.758 5 0.9472 0.9354 0.696 6 0.742 4 0.949 72
Movement 0.716 9 0.943 5 0.945 2 0.620 6 0.746 4 0.963 33
Cloud 0.886 4 0.9915 0.9732 0.676 3 0.763 1 0.994 50

4.2 Yale BXIGIIE SR ST

Yale AR FEH 15 ASASRIGANA, B 11 5K IEMR 3 165 SRIE TR R, B~ ARG AR
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Fig.1 Face image of Yale face dataset
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%’/E:ﬁ @Fﬁm@ . algorithms on Yale face dataset
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