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Different Linear Discriminant Analysis Based on Laplacian Orientations
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Abstract For the traditional linear discriminant analysis method, there are usually three questions: 1) In order to ensure
that the within-class scatter matrix is nonsingular, the principal component analysis must firstly is performed, which
limits the effect of multidimensional space. 2) If the number of training samples per person is single, the within-class
scatter matrix is generally singular, and the method does not work. 3) Without considering the partial correlation be-
tween pixels. To address these problems, this paper proposed a different linear discriminant analysis based on Laplacian
orientations, The usage of the Laplacian orientations results in a more robust dissimilarity measures between images.
The introduction of the difference scatter matrix avoids the singularity of the within-class scatter matrix. Experiments
show that the proposed method has better robustness for facial expressions, illumination changes and different occlu-
sions, and achieves a higher recognition rate. Especially for illumination changes, the effect is better.
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AR (5— TN R4, LO-DLDA 3878 9150 MR 513, %
T 3 LR 4, BRRE ARBBEPFARRREN LR,
PASE — 3y B P R A MR AR (8.9,11—13) , 5 R B AR
LO-DLDA 43 513k18 T 81% M 69% AYRAIZH, L@ 4
LO-DLDA HysSEI%CR I A B 4% BT BRATH A 4
FHEFE.

F4 7 AR ARFEHRRIRREE 2 8BRS H(Exp. 5—Exp. 8)
Method Exp. 5 Exp. 6 Exp. 7 Exp. 8
PCA 27.5%(268)  17.3%(571)  60.3%(209)  35.3%(429)
LPP 7.8%(132) 6.3%(105)  33.7%(516)  15.3%:(428)

NPE 28%(599) 22.7%(599)  55.7%(598)  38.7%(597)
LDA 53.5%(98)  69.3%(99) 74%(98) 60. 7%(99)
LSDA 56%(124)  75.3%(123)  77.7%(98) 63%(91)
KPCA  27.5%4(268) 17.3%(571)  60,3%(209)  35.3%(429)

KLPP 36.3%(28) 45. 3%(30)
KDA 48.3%(58)
SRKDA  67.8%(88)

LO-DLDA  75.25%(244)

45. 7% 20
53. 3%(59)
82.3%(96)
90%(38D

69. 3%6(30)

73, 7%(54) 52%(89)

88.3%(95)  76.3%(95)
93.33%(534) 73.67% 374

£5 & AR AR AR BB AERFIRXT H (Exp. 9—Exp. 12)

Method Exp. 9 Exp. 10 Exp. 11 Exp. 12
PCA 58. 75%4(89) 35%(91) 23.33%(95)  6.67%(91)
LPP 51%(99) 34%(99) 21.33%(99) 14%(99)
NPE 60%(97) 48%097) 23%(95) 13.33%(99)

LSDA 66.5%4(98) 48%(95) 18%(89 20. 33%(90)
KPCA 58, 75%(89) 35%(91) 23.33%(95)  6.67%(91)
KLPP 52.25%(27)  27.33%(29) 18.67%(24)  5.67%(28)
KDA 58. 75%4(89) 35%(91) 23.33%(95) 6. 67%(91)

SRKDA  71.25%4(89)  47.33%(83)  22.67%(98)  15.67%6(86)
LO-DLDA  75%(99)  87.35%(96) 78.33%(534) 57.67%(374)

MEEE 5 BIKK 8, WAIE S — 5 h AR Ay
BB B—13) AYIE , X BB AR BHEEP MR LEA
PR ER, A TR BRAERBIRERRER 4P, RS
R E7R LODLDA kB T AR, 4R FEEH
(%3 5),LO-DLDA %48 T 75. 25 Y B0 B3R s &+ Xt e AR 4k
(35 6),LO-DLDA K18 T 90% RIIR S5 th T A A
BRI, 4 3 BESE R (32K 7), LO-DLDA 8 &k
93. 33% AL IR ; £ 0f [ S (S K 8), LO-DLDA #3178
73, 67 % BIIR B ER (LT SRKDA ) 76. 3%,

MK 9 BISKI 12, AT AR hEMERLLE, A
{UERE T B — KR EE G QD RIS, KRR
LO-DLDA iR B2, i A ik M BRI R BRER 5
W, TRl AR, LDA REEIEH TAE, Rt 5 3
BHEFH LDA MERER. XRE R ER LO-DLDA £k
FHBEOLTHRA T LR EERRIRGIER, sXREEL
BRCER 9,LO-DLDA k48 T 752 ByR 513 ; 41 % 6 AR
(525 10),1.O-DLDA #£48 T 87. 35% AR B2 Xt F L1
11 FISEES 12, DUSE 8R4 i 2 B AR A S W42 (8.9, 11—
13), 45 B8 LO-DLDA 4 3I3k48 T 78. 33% #1 57. 67% H)
PR,

HEARFEMNEET, L8 1,88 5 Ll 9 FEEE
BT . S0 2,500 6 AL 10 FEH X IR
TR . KB 3,380 7 ML 11 RBEA T BERH
R, LW 4, L% 8 FILH 12 FB4 T E B AT
. WEBERALIE S, 4% e B3R (9156, 90% A
87. 35%0) FI B I P4 9 3 (8194, 93. 33% #1 78. 33%),LO-
DLDA F B8 ERE . 4H3HEA i (962,75, 26%

F175%0) F1 B 1l 58 24 WK (69% . 73. 67% 1 57. 67%), LO-
DLDA ZHBABIE . FHEAE B AR 4T X 5 i £ 4
i, LO-DLDA 3k 78 & 8 5 & 4 3 84k (6924, 73. 6700
57. 67 %) , L HA B X B 110 20 44 LB U, X R BRAT T —
MR TENEN.
4.3 Yale AR

Yale AYFEALE 15 M ARY 165 5K AR, AT K
2y 11 kAR, XL EEREARIEBE MR AE T REN.

BAMENEE—-ERENERENNESE, B THE
BrE RS . EXRP, BN EABENIGREE
$1.2.3.5. AT ENBERIBERRER6 P, AR
6 AT IESE ML FHE B, LO-DLAD #1458 TE & &R 5
R, 5T ANGREER 5 i, LO-DLAD #1 LSDA KR 51 R A
. #xtgailgiiadnt, LODLAD B THRTFHEF
BHRGIER,

6 TE Yale ABYFR PR FIMRGE 7 ik BN BN 1

Method 1 2 3 5
PCA 51.33% (13) 60.74% (25) 74.17% (21) 78.89% (12)
LPP 55.33% (12) 56.30% (29) 73.33% (42) 81.11% (72)
NPE 54,67% (13) 67.41% (28) 77.50% (38) 86.67% (73)

LDA - 82.22% (11) 93.33% (14) 96,67% (10D
LSDA  54,00% (14) 91.11% (18) 95.83% (14) 98.89% (13)
KPCA  51.33% (13) 60.74% (25) 71.47% (21) 78.89% (12)
KLPP  51.33% (13) 74.81% (13)  8500% (6)  93.33% (8

KDA  52.67% (3
SRKDA  61.33% (13)
LO-DLDA  70.67% (12)
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Method 1 10 15 20
PCA 12.16% (37) 53.83% (327) 61.98% (519) 70,31% (449)
LPP 22.64% (36) 81.56% (378) 85.25% (521) 87.00% (741)
NPE 24.28% (37) 85.00% (372) 85.58% (491) 88.57% (687)

LDA - 90.61% (37) 94.03% (37 95.95% (3D
LSDA  28.62% (37) 92.28Y% (313) 94.36% (335) 96.07% (51)
KPCA  12,17% (37) 53.83% (327) 61.98% (519) 70,31% (449)
KLPP  10.60% (29) 88.20% (27) 93.44% (29> 95.22% (30)

KDA 28.91% (36) 89.97% (37) 93.98% (37
SRKDA  30.51% (37) 90.66% (37) 94,96% (36)
LODLDA 57.11% (37) 99.75%(278) 99.83%(537)

95.53% (37
97.10% (36)
100% (291)
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