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The Algorithm of Descriptor Based on

Locality Preserving Projections
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Abstract This paper presents a novel algorithm to design the
descriptor of image feature points based on locality preserving
projections (LPP). Firstly, an eigenmatrix was pre-produced by
LPP, and a high-dimensional gradient vector was constructed by
the gradient vectors of all neighborhood points around feature
points. Then, the high-dimensional gradient vector was embed-
ded into a lower dimensional manifold space with the eigenma-
trix, and a low-dimensional descriptor of the feature points was
generated. The proposed algorithm can preserve invariability on
the geometric structure: the eigenvectors which are neighboring
each other in the original space will maintain the same attribute
in low-dimensional space; on the contrary, the unsimilar eigen-
vectors become apart farther each other. Therefore, the descrip-
tion generated by our algorithm can show the interrelationship
between features and has strong robustness. Moreover, the com-
parative experiments illustrated that the proposed algorithm is
more rapid and accurate than SIFT and PCA-SIFT.
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Fig.3 Descriptors computed by LPP, PCA, and SIFT (Test
images were from Fig. 2.)

AN SIFT, &2 B T BUR R AR, LPP JRE AT
T kAR AT R, FIRNRORAE T BT AR SR M A R
5 8. BT UABES et R, a4 KiK. PCA &
WA RIA-T SIFT Fl LPP Z[H].

FEHE 4 ) RICGEE T AP IR =M S AT VP4
X —HEG T, WREAT I RE. M B, B
PR Z AT — 2 I 5, O T K s, S8 — 447
MG TS REAT T RAE. AR S0 2R W, 76 PR s 1R A X B [T
AL B, LPP #ERi#AL T PCA Rl SIFT.

Kl 4 PCA-SIFT, SIFT, LPP-SIFT =R SETEREE . MAEL T
FORFIEDCRCACR, IER 550 17/21, 19/21, 20/21
Fig.4 The matching examples using PCA-SIFT, SIFT and
LPP-SIFT for image changes, including scale, zoom and
viewpoint (21 features were selected, and correct matches were
17, 19, and 20, respectively.)
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Fig.5 The matching examples using PCA-SIFT, SIFT and
LPP-SIFT for viewpoint changes (10 features were selected,

and correct matches were 6, 8, and 9, respectively.)
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Fig.6 The matching examples using PCA-SIFT, SIFT and
LPP-SIFT for different sensors images (10 features were

selected, and correct matches were 7, 7, and 9, respectively.)
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