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Face Recognition Based on Direction-Selected

Difference Local Direction Pattern

Xu Cong,Zhu Yi,Tao Yongpeng
(College of Software ,Dalian University of Foreign Language,Dalian 116044, China)

Abstract: Aiming at the problems of lack of detail and large amount of computation in feature extraction in current face
recognition methods, a direction-selected difference local direction pattern was proposed. This method uses Kirsch
operator to calculate the convolution value of the pixel ,and performs the first adjacent difference calculation,and then se-
lects the specific direction for the second difference calculation to generate DSDLDP mode encoding, and uses the equiva-
lent mode to reduce the type of encoding mode.Finally,the face image is divided into multiple image blocks encoded by
DSDLDP to generate corresponding histograms, which are connected in series to represent the face vector.Simulation ex-
periment results show that compared with the current mainstream face recognition algorithms , DSDLDP algorithm exiracts
facial features more meticulously,with higher recognition rate ,and has better robustness against noise.
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1T DSDLDP Zifth LSS H R XA T 158, PRI AR ] 2 B 5 22 5 o 35 6 0 B B 3R 30 T 52 )
NSRS, — 7 ThI 5 22 (9 70 BRfless S B0 22 AR AR SR S S 4R I, T 20 et A WU 7 B B 2 T i
SEA5 A AR T REAE. DR IMCAS SCE AN R R B 73 5L g fe i b 05 20, 4 i Bk O RUR R 7 LR
DCRCSEEG PR AT BTG R 43 5 S 2~ 12, #E YALE #1 ORL J I BEALAM IR A A 10 5K B R 2E 770
B PR 100 WCH A 5L A ER R, B B e mn R R I iR A g 0 B 5. 250561 . 7 YALE
JErp AR SCR RS R IR 8x8. 71 ORL FEH S 9% 8. T HAB Y 73 BB A AN [ AR JEE b AR U] 3.

4 T UEW] DSDLDP fEH  FUHA & I SRE A G R EA T IR0 3 SRR IS [R] A3 FE S5, S5 R AnF

F1 BFEETE YALE EiRA 2 KIRA A EHXLE F2 HBFEETE ORL EiRAZE KR A X LL
Table 1 Comparison of the recognition rate and recognition Table 2 Comparison of the recognition rate and recognition
time of various algorithms in the YALE library time of various algorithms in the ORL library

" i — Ry, ; \ \ — W

ER7 S| FEMLEEHL 10 AR AU 5 il/ms NP S BEHLIEI 10 FEAST AU 5 ]/ ms
LDP 79.34 81.00 83.72 85.2 LDP 78.34 82.00 84.72 84.8
LDTP 82.28 86.85 88.29 83.7 LDTP 84.26 85.88 89.19 83.8
GCSLDP 85.59 89.97 92.06 83.1 GCSLDP 82.54 85.96 90.06 82.6
DDLDP 89.10 91.50 92.86 82.4 DDLDP 88.10 94.50 96.86 82.2
DSDLDP 90.19 91.70 93.86 78.8 DSDLDP 89.10 94.70 96.16 74.8

M3 1~2 7753, 7F YALE ORL AJGFE I, F1 LDP LDTP 1 GCSLDP % vEAH Ak, 7 AL A $50R [5) 175
FASCHY DSDLDP 53 Az %k e 25 DDLDP U1 3R 5 .

SPMT R LDP HARFERSEE 2 A2 5 (E i = SR1E 2508 F A T35, D DL 42 A R 1E AN B S e A 15
Al R RS 2 BIRE . LDTP 553k BAR SR I T AR [R 5 a1 A8 b b i ARG R AE S, 52 130 {1 15 2 52 i)

— 116 —



T WG AR T 7 T e Y 2R (R AR 7 T A A AR

YRR E AEEAVFEREE [ SRR, GCSLDP Bk S WA ] 5 1] b ik w107 i R FH 4 8 B e Y A
P B 1o A P A e AR A T, B AR T B s () 22 (BRI, (R TR0 58 A2 2045 B X Bk T 1] BIR A2 1Y
SR, DDLDP ' BFE A B 2 M UEA TR AE R B, 0T 58 T SR A SR AR 7R U510 R R e dr. (HJ2 %
EF PR BRI 8 AST7 04T, SR G M B AT T3 LU, s R B T I R B 57, 2 i 1 31
0%, DSDLDP 875 Je 2% 18 T B AUS A AHAR 5 a7 {8 =2 8] 86 B 45 8., AT 56 — 0., #E 3 e 4
FE 7 1) i AT R0 U IR A S R IR R R B B . S AR LR T
i AR T RO R], A AR TEUNRCR AT DDLDP ARG - 2 & HAh A k.
S 7L DSDLDP Bk BTt AR SCEEREAE ORL A SE A 708 75 S
5:“—_bx100%, (10)

a
P o FoRTOME AR BT S TR s b SR IR 5 58 U1 8 5 6 R A 1 00 T SR i F 23R
B AR, o o A1 8 ABL T AL MBI RE S

M2 3 Al 4%, A MR JE A1 48T LDP  LDTP %3 HMEATE ORL IS THIRAIZRMTT
GCSLDP .DDLDP %‘ {Zt DSDLDP %‘/215 E/‘J )L/El %IJ %&Z BElir%— Table 3 Comparison of the recognition rate of various
Wﬁﬁ*ﬁ;’j‘ﬂ:%u}%?g‘fﬁm? ’ %ﬂjiﬂ%ﬂ% E]/‘] F%Eﬂi% algorithms under ORL library noise
15, R I T RIRAUTIMERE 1. TR, S HABSE PRI T ISE L v

. N P . ) ) ) GHU
YEHMIEG, DSDLDP 3 jof 7686 R 25 [ P 4T 95 YR 4R3I 25 00001 00002 0.0004

s s = 50 il 48 LDP 88.76 85.36 82.16 14.27
MR SR G kT D 00 O g
NI AR B, A G 2 B E e 52 m, R cestop 9228 89.15 86.72 6.47
TE&}E{J%B@I@ DDLDP 93.20 92.01 91.86 3.23

DSDLDP 93.34 92.58 92.04 3.21
5 il

AR SCHRE H T ) 7 )35 B 0 22 (8RB 1851 7775 DSDLDP, 5 LDP il LBP S54F 3 i 25 [1]
AT gt AN, DSDLDP = B B 2 () 14 7 4y , DRI DA deh 88 2 [B) 35 A 5 2 (R iE {5 L. i L DSDLDP
T o SRR A ) R AR 408 0 % M 7 1 2 ] A 25 (1 R AR IO I R I ) A 30 2R, e R AIR T B3 1 G i
YEFF. fE YALE  ORL A 72 19 52 56 32 -, DSDLDP 549% $4) BUIS 1 & 4 il PR 0 R0 R, 7 MR s S 36 v |
DSDLDP S5 13 80 i S 5k 1) B, DA UE ] 132 3303 ) A R k.

[ &% 30K ]

[1] AMIT D,ALIN D. Probabilistic characterization of nearest neighbor classifier[ J]. International journal of machine learning
and cybernetics,2013,4(4) :259-272.

[2] HUANG D,SHAN C F,ARDABILIAN M, et al. Local binary patterns and its application to facial image analysis:a survey[J].
IEEE transactions on systems man and cybernetics, part C—applications and reviews,2011,41(6) :765-781.

[3] TAN X Y, TRIGGS B. Enhanced local texture feature sets for face recognition under difficult lighting conditions[ J]. IEEE
transactions on image processing,2010,19(6) :1635-1650.

[4] 5KE BN, WOU. @he B HOG 5 CS-LBP HYSkiRE AT J]. B RERLE R ,2015,10(5) : 741-746.

[5] WANG K,BICHOT C E,LI Y,et al. Local binary circumferential and radial derivative pattern for texture classification[ J].
Pattern recognition,2017,67( 1) :213-229.

[6] GUOZ H,LI Q,YOU J,et al. Local directional derivative pattern for rotation invariant texture classification[ J]. Neural
computing and applications,2012,21(8) :1893-1904.

[7] JABID T,KABIR M H,CHAE O. Local Directional Pattern ( LDP ) for face recognition[ C ]//Proceedings of 2010 Digest of
Technical Papers International Conference on Consumer Electronics. Las Vegas, America,2010:329-330. (2).

[8] Z=MRZE T idh, TAA, 5. ZET 2RI mA =l AR AEZIR[T]. B4 ,2015,26(11) :2912-2929.

(9] Emete ZEguih, W1, 45, Bl il Re A A9 s 2 2 U 1] b B P RETE 241, 2016,21 (1) £ 1473-1482.

[10] ISSAM E K,ABDERRAZAK C,YOUSSEF E M, ,et al. Local directional ternary pattern:a new texture descriptor for texture

— 117 —



PSR4 (AR 55 43 5 4 (2020 4F)

[11]

[12]

classification[ J]. Computer vision and image understanding,2018,169( 1) :14-27.

YANG H,WANG Y D. A LBP-based face recognition method with Hamming distance constraint[ C ]//Fourth International
Conference on Image and Graphics. Beijing, China,2007 ; 645-649.

LAJEVARDI S M,HUSSAIN Z M. Higher order orthogonal moments for invariant facial expression recognition[ J]. Digital signal
processing,2010,20(6) :1771-1779.

T, B ARE, 22 W R LBP B A M NIGAA S [T, TSR B 5 BB 545441, 2009, 21 (1) 94~ 100.
w e, X, sk T e , 55, EE R A ARSI [T ], B RE R G244, 2018,13(5) 1 751-759.

OJALA T,PIETIKAINEN M. Multiresolution gray-scale and rotation invariant texture classification with local binary patterns[ J].
IEEE transactions on pattern analysis and machine intelligence,2002,24(7) ;971-987.

RAHULAMATHAVAN Y ,PHANR C W,CHAMBERS J A et al. Facial expression recognition in the encrypted domain based

on local fisher discriminant analysis[ J]. IEEE transactions on affective computing,2013,4(1) ;83-92.

[ REME : BEEX]

— 118 —



