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Semi-supervised KFDA Algorithm Based on Low Density Separation Geometry Distance

TAO Xin-Min, CHANG Rui, SHEN Wei, WANG Ruo-Tong, LI Chen-Xi

(School of Engineering and Technology, Northeast Forestry University, Harbin 150040, China)

Abstract: In this study, a novel semi-supervised kernel Fisher discriminant analysis (KFDA) based on low density separation geometric
distance is proposed. The method employs the low density separation geometric distance as the measure of similarity and thus improves
the generalization ability of the KFDA through a large number of unlabeled samples. First, the original spatial data are implicitly mapped
onto the high-dimensional feature space by kernel function. Then, both the labeled data and the unlabeled data are used to capture the
consistence assumption of geometrical structure based on low density separation geometric distance, which are incorporated into the
objection function of Fisher discriminant analysis as a regularization term. Finally, the optimal projection matrix is obtained by
minimizing the objective function. Experiments on artificial datasets and UCI datasets show that the proposed algorithm has a
significantly improvement in classification performance compared with the KFDA and its modified approaches. In addition, comparison
results with other methods on face recognition problems demonstrate that the proposed algorithm has higher identification accuracy.
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Fig.1 Discriminant interface of three two-class artificial datasets obtained by different FDA algorithms
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Fig.1 Discriminant interface of three two-class artificial datasets obtained
by different FDA algorithms (Continued)
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Fig.2 Coefficient distribution projected on the first projection vector of three two-class artificial datasets
obtained by different FDA algorithms
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Fig.3 Similarity matrix of different artificial datasets obtained by SemiGKFDA algorithm
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Fig.4 Discriminant interface of three multi-class artificial datasets obtained by different FDA algorithms
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Fig.7 Two-dimensional projections data distribution of Iris dataset obtained by different methods
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Table 1 Description of experimental datasets

®1 LRHHAERE

itk Pk FEAA % G RH
WINE 13 178 3
SEEDS 7 210 3
IONOSPHERE 34 351 2
GLASS 10 214 6
SPAMBASE 57 4601 2
SONAR 60 208 2
VEHICLE 18 846 4
WPBC 33 194 2

TR A SCEVE S H ATRAT (R0 31 5 M7 S AT % LG, L LS LFDA i KFDA Bk, JET s 4y 2
FEIE ) 5 43 4 5239 (semi-supervised discriminant analysis on Grassmannian manifold, &7 SemiGMDA)Z45 34 A
e 3T T R 1) 2F- 1 BF 40 3l 43 H7 (semi-supervised  discriminant analysis based on manifold distance, & #&
SemiMDDA) 5k @ % S 80N o=1, 045 K 7 4 p=100, HAth S50 Jm) b 4325880 1-NN 432888 5286 % 10
IRAE B AE, e v AR 0™ AR I M RE AR Dy 2P B SRR (R O AR RS RE A IEAT 2 20 S0 3040 X B 2 A T AN R B0k
RIGE vt 73 A i DL, A R LK 2,

Table 2 Comparison of classification performance among the different algorithms on different UCI datasets

%2 AFEENAE UCH Hdh 51 73 Pk fe LA

LFDA KFDA SemiGMDA SemiMDDA SemiGKFDA

Wine 0.7097+0.0829 0.6499+0.0587 0.5951+0.0691 0.6439+0.0666 0.5277+0.0207
Glass 0.7801+0.1693 0.6068+0.1721 0.5609+0.1553 0.5563+0.1769 0.494610.1340
lonosphere 0.3314+0.0987 0.4240+0.1325 0.3681+0.1392 0.3762+0.1268 0.1978+0.1212
Seeds 0.5047+0.0784 0.7000+0.1209 0.4684+0.0857 0.4482+0.0807 0.2809+0.0759
Sonar 0.4473+0.1056 0.4939+0.1119 0.3831+0.1396 0.4524+0.1166 0.3831+0.1396
Spambase 0.4400+0.0614 0.4300+0.0856 0.3807+0.0752 0.3996+0.0570 0.3270+0.0553
Vehicle 0.7199+0.0588 0.6940+0.0917 0.6240+0.0572 0.6652+0.0659 0.6654+0.0561
Wpbc 0.3550+0.1141 0.3850+0.0579 0.2322+0.1225 0.2926+0.1025 0.2889+0.1239

T S5 25 BRI UKL, LFDA Fl KFDA [ 28582 288 1. 1% /& i1 T+ LFDA il KFDA J& TR E %2, R
WA Fr B IR AR AT 2% 20 12 AL B8y 3 59 AR R 55, SR FH 35 1 9 0 2 1) 2 W B 2% 2] U7 UK SemiGMDA
15 F SemiMDDA $32: 1) 43 S5 15 FAT T BRI 2 1H - W R R0V R P 20 M 3 2 o3 5 5K R G B AR 1A I8,
i 50 B KFDA S 2% S 4R T T H05 nl 52 (10 2 50 6 00 AR, AN ZE T 45 SR 0T LU SR AR AR SCHR B0k (7 3 4
KR FRAE 3 Pl B 2 S BVE TP BRI T SemiGMDA SR T 1A 5 I [ 5L B v S o b i 2 4 )R — Bk
[0 L3R HV AT 25 L8 R — SRR AE ; SemiG MDA SR H 1) 29 0 BF B 78 4025 8 T 450808 119 Je3 3 — SUE A AiE A 6 4
Jo— SO AR5 A e 85 A 20> T AR SC ARV B I SR AR % 5 4 0 0 e [ I B B AR AR G 2R I (R 4 SR — Bk
R 8 — SO {1 VR D SR A S AL R A B8 R SIE o 1) B 20 A R AIE, SR B I 0 B R 1) AT R R
BifE ), WA O HW B T 7 A R HE ¥ 0 2 28 1 o S5 Pk g
35 ARIRFIKIE

T SR AIE AR SR T 11 3 TG 20 B LA B 2 B KFDA B335 50F i 4R i 25040 B 4 I 11 ) 3 ik i, 3R
IR A Yale AR Bt 42 HEAT WA, 12 25008 e oh 6 K 24 v A O 5 42 i) Lo B 2 B 5 15 A7 25 4 1) 165 1l 1
F A EREHEAY 11 EEARFRDER. ARG A FRZE T A 200 B A B 0K %8 R)% 46 20[0,1],
UG KN R4 3] 32x32 43 S50 LIRS S IR 6 I B 41 sl R 25005 78 4 D WA AR 43 ) 5% T
PCA. LPP. LLE. KFDA. SemiGMDA. SemiMDDA FIA SCHH! ¥ SemiGKFDA il it 5 ir 45 73 2 % %) 1l 45
FEABEAT 73 200, FE B E A THEAS R 4 R IR B 5 6, 2 S i) 9 Tz oh T 7 (% B4, LPP T LLE SV k
I AR 2 BURIZ bR B S AR SOOI 1 B A ).
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Fig.9 Recognition error rate on the Yale database
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k ¥ &N 6.SVM BESHUN = k% BT XA [F) I R A4 AR grid search WA 48 2234 8 15 41 Rl T~ C Fl &
Wiz S8 N\ RSB 25 R K 9 v ml DU IR, S0 I VR A DR 4 AT 80 4 INARcAIK, M 4 RO A S5 4 IR e, T AR 355
YRR [R] I ok > 5 2 JBE A0 AR S 36 o AT 18— e 2 1 44 2 0 O 805 B 45 SR 5 PCAL LPP. LLE. KFDA.
SemiGMDA Ll }2 SemiMDDA #E4T LL A, 45 3 4% 3.

Table 3 Face recognition error rate of different feature extraction methods combined with

different classifiers on Yale database
R 3 ANFEFESR T VR 43 2828 414 1 Yale 0d 12 19 AR 4 R %

PCA LPP LLE KFDA SemiGMDA SemiMDDA SemiGKFDA
k-NN 0.2913 0.262 2 0.246 3 0.2157 0.186 5 0.199 97 0.1255
SVM 0.170 2 0.099 9 0.090 5 0.087 3 0.087 9 0.0927 0.029 1
SRC 0.050 1 0.044 7 0.043 7 0.042 3 0.038 3 0.056 7 0.026 5

MFE AT DL Wi B, G T8 5 W —Fh o A A A A SRR R AE RIS U R 2R AR X T PCAL LPP,
LLE. KFDA. SemiGMDA Ll % SemiMDDA J5 =344 i B (M BEAK. Bk nf DUR H AR BB, SR . RS
Ak LR BRI 2 ol A S R BV 2 A AU e A o] R I, AS TRV RRE S ) 5 25 5 SRC 43241 & 43 21 (11K
TR T b A ST 45 SRC 2r 82 LA I 1 R 26 L SVM 43 885 PRI 0.3%, EE K-NIN 43 28 25 B 1%.
IXJE H T SCR 43 2825 BB 15 70 AR 4 4Re 1E 7% ) rh CRAFEAE AR (R 7 i 485 1)

4 & 8
RS A — b B T 25 3 4 ) JU AT B 5k WA B KFDA B33 45 4 2B A3 B LL R 4516

(1)  ASCR P B 2 20 77 X A0 25 18— SO BB I T 4 R, A BRI G AR B PR AR 115 B4R 5 I B
KFDA B2 1A 2% 33 3045 30 A $05% 1 o B0 I L A %5 310 6 7 0 BCESCH BT IR1S 50 4 S 56 45 R I AR 3¢
S5 380 1) ) e s R R TN AR 4 a0 P B S A1 I

(2) AT EE DR TSR A 2k R, O 5 AR R 4 L AT PR A A AR AL B R R B R AR A
2% ) A Jay B3 8 B AL A7 v 4 2 ) P 1) A8 SR AR [ A4 243 i) P AT R R U AR S 5K
¥R /38t 5 FDA. KFDA. SemiGMDA Ll 2 SemiMDDA 533547 % LU 1 45 5 2% W, 2 A S Sy 4%
HUAREAE REE A b R 2 2R B i o0 5P

(3) IWILFE Yale AMGECHE A LK SE K W AR XS T oAb FDA S35, A SO o YRR iF B0 4 4k )5 e 0%
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