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Local Discriminant Projection Algrorithm Based on Complete Adaptive Neighborhood
Graph Embedding

Wang Yongmao, Li Geng
(School of Computer Science and Technology, Henan Polytechnic University, Jiaozuo, 454000, China)

Abstract;: The existing adaptive neighborhood graph embedding method based on local discriminant pro-
jection(LLADP) only uses discriminant information in the principle space of local within-class scatter ma-
trix, which leads to the loss of discriminant information in the null space. To overcome the drawback of
LADP, a complete LADP(CLADP) is proposed for face recognition. In the null space of local within-
class scatter matrix, irregular discriminant features are extracted by maximizing the local between-class
scatter matrix. In the principle space of local within-class scatter matrix, regular discriminant features
are extracted by maximizing the local between-class scatter matrix and minimizing the local within-class
scatter matrix. Finally, irregular discriminant features and regular discriminant features are combined as
the features of CLADP for face recognition. The experimental results on ORL, Yale face database and
PIE subset illustrate the effectiveness of the proposed CLADP.

Key words: face recognition; adaptive neighborhood graph; local discriminant analysis; complete feature;
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Fig.1 ORL face database
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Fig.2 Two dimension subspace of six persons in ORL face database

TSI RO WA L s b B 1 S0 B ) R ] Fisher AR UE{H (Fisher criterion, FC) & PF M £ —
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Table 1 Face fisher criterion in two dimension subspace

Bk LDA LFDA LADP CLADP
FC 3.91 2.47 6. 66 17.52
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Table 3 Maximal average recognition rate on Yale face database %
SRS G; /Py G,/ P; Gs/Ps

PCA 48. 71(44) 54.62(59) 55.00(74)
LDA 62.33(13) 69.62(14) 73.56(14)
LFDA 66.00(15) 72.48(17) 75.56(18)
LADP 67.25(24) 73.24(19) 79.44(15)

CLADP 71.67(16) 76.20(17) 80.56(16)
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Fig. 3 Preprocessed face images
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Table 4 Maximal average recognition rate in PIE face sub database %

e G,/Pi, G:/Py; Gy /Py,
PCA 34.84(78) 39.10(99) 44, 71(119)
LDA 74.09(19) 79.30(19) 82.54(19)
LFDA 73.22(20) 77.83(42) 81.18(40)
LADP 74.13(31) 81.13(33) 84.93(41)
CLADP 79.31(23) 84.17(24) 88.54(24)

MF 3 IR 4 ] LA W A SO 1 CLADP S35 7E Yale f1 PIE A JE b ¥ HUAS T 845 19 11 51 4L
o FE Yale A FE | CLADP 832 19 51 FOF ¥ He PCA S5 7 23.37% . H LDA S8 7. 64% . 1
LFDA #p:m 4.8%, 1t LADP By 2. 83% ;78 PIE A 1 % | . CLADP & i 5y i1 §I| % 5 [ PCA
B 44.46 % . b LDA B3k 85 5. 36 %0, H LFDA 89k 5% 6. 6 %, bt LADP 89k % 3. 94 % . B & U 4k
AWy . CLADP 5 PCALLDA, LFDA, LADP % 55 3% (15 1531 52 45 A B 3 42 735

4 LERIE

AR SCAE S LADP $535 AU F Jay 80 24 1A 8 22 0 1 5 50 2 18] 9 38 A 8 A0 AN 2 2 AR 1) ity I 3
T TR B R 3 G A ) A A ) P 2 S R CLADP 83k, i 7% 23 1) 19 % 900 5 B F IR BT 45 B
A BN AR R AR A T LADP . CLADP % HAT W0 (R 0 P R . 8 AR ) s2 58
A3CK CLADP ik 5 PCA, LDA, LFDA, LADP 4§ 4 B it 47 (9 4 2 503k 2F 47 Lo 50, 55 30 25 R R
CLADP 535 BA Sl i Ui 5
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