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Locality Preserving Projection Algorithm
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Abstract Traditional locality preserving projection (LPP) algorithm directly uses the spatial information of original

data, which leads to inaccurately select neighborhood, and ignores data categories information of projection of LPP

algorithm. To solve these problems, a face recognition method is proposed based on adaptive neighborhood LPP. In

the feature extraction, the objective function is constructed based on the variable similarity, neighborhood

information, and data categories information, so that the same class samples are close and different class samples

are far away from each other in projected subspace. Adjacency matrix and projection matrix are adaptably optimized

by minimizing objective function. Optimized projection matrix is used to reduce the dimension of high-dimensional

face data, and low-dimensional data is used to classify and recognize face samples. The experimental results on Yale
B, PIE, MSRA and CAS-PEAL databases validate the effectiveness of the proposed algorithm.
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B2 BAEPEEBORHI . (a) Yale B;(b) PIE; (¢) MSRA;(d) CAS-PEAL
Fig. 2 Sample images of (a) Yale B, (b) PIE, (¢) MSRA, and (d) CAS-PEAL database
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Table 1  Detail descriptions of face databases

Database  Sample Class Samples per class  Sample size /(pixel X pixel) Original dimension PCA dimension
Yale B 3456 38 59-64 192X168 32256 180
PIE 3329 68 46-49 64X 64 4096 160
MSRA 1799 12 113-186 64X 64 4096 45
CAS-PEAL 10000 400 25 64X 64 4096 750

Objective function
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Fig. 3 Relationship between iteration
number and objective function J
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Fig. 4 Relationship between recognition rate
and final dimension d in Yale B database
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Table 2 Comparison of algorithm recognition rate in different databases %

Yale B database

PIE database

MSRA database CAS-PEAL database

Method
5 10 20 5 10

5 10 20 5] 10 20

LDA 64.55 80.65 89.78 62.47 77.52
MFA 51.23 66.67 71.95 78.62 89.39
LEFDA 61.88 78.43 87.01 74.68 88.01
LPP 63.86 79.14 88.12 83.94 92.95
SLNP 70.14 84.02 93.71 86.31 94.16

Proposed  72.53 85.71 94.46 88.26 96.34

92.46 87.65 95.63 98.78 48.75 63.81 77.63
93.69 85.32 93.04 98.28 45.69 65.13 79.81
94.87 58.46 72.76 97.67 39.23 61.92 80.60
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