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Abstract: To solve the problem of insufficient feature extraction and sensitivity to the noise and illumination en-
countered using difference local directional pattern (DLDP) method, this article proposes a double difference local direc-
tion pattern (DDLDP) face feature extraction method. First, a 3x3 domain pixel gray value with a radius of 1 and a 5x5
domain pixel gray value with a radius of 2 were convolved with eight Kirsch template operators to obtain two groups of
eight gray response values. Then, the gray-scale response value with a radius of 1 was obtained as a difference between
the values of the neighboring pixels at both sides to obtain eight gray-scale response differences. Meanwhile, the edge
response difference values of different radius were also calculated. Finally, the two sets of gray response differences
were taken as absolute values, and their maximum absolute values correspond to the subscripts form DDLDP code. Sim-
ulation experiment results show that the proposed algorithm has better recognition effect than other single face recogni-
tion algorithms based on local directional pattern (LDP). The DDLDP algorithm can fully extract the facial features, and

have better robustness to illumination and noise.
Keywords: difference local directional pattern; feature extraction; double difference local directional pattern; face re-
cognition; Kirsch operator; face features
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Table 1 Contrastin YALE library identification algorithm %

. RSB AL
Bk
2 3 4
LDP 78.34 82.00 82.72
LDN 81.37 87.08 88.48
CSLDP 87.38 91.00 92.42
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DDLDP 89.19 91.50 92.86
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Table 2 Contrast in ORL library identification algorithm %
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2 3 4

LDP 82.98 89.76 92.99
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CSLDP 87.06 92.74 95.44
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SDLDP 87.86 93.28 95.65
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DDLDP 88.26 94.34 96.18
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Table 3 Contrast in AR library identification algorithm %

ik KIWE Ot P4 BB
LDP 96.33 93.00 90.00 70.67
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DLDP 97.00 95.00 91.33 78.00
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LDTP 97.33 98.33 93.00 76.67
GCSLDP 97.67 97.33 97.67 78.33
DDLDP 99.67 99.00 99.00 85.33

i % 1~3 Al %, /£ YALE. ORL. AR A J%
I, ¥ttt LDP, LDN, CSLDP . DLDP ., SDLDP,
LDTP A1 GCSLDP %&.7%, DDLDP 8 ¥ iH j| R %
o FEHETE AR FEIEPS 5 AL T, DDLDP 5% B
Wm T AR . T DA A G R R
PIEOLT, PRk BA R ry IR B EE /1 . LDP,

LDN #1 CSLDP %1%, FIH 5 8 4~ Kirsch BT 4&
P, 15 2] 8 ATy ) i g i, HOJR gm s O
A, 76 $ N {5 8 5 T, B — MR T R s
[ i 415 B . DLDP 3k A H 5 8 4~ Kirsch .+
B, A5 8 AN TJ7 al B L G B AR, SR, KA
325 M W AB 22 [A) AR N AR 25, e OG5 B 5 T,
B — b I T AE AR 3 Sk AR A B 2% A ) B .
SDLDP %% #] Jf] DLDP 2 {H iz 5 it S8 AE X - Y
R REAE B B AT ek, E X 7 ZE R (A
BOF 35, b X 40 B2 25 A . LDTP 5k 2 i ik
JRE 25 )R T Hc xR 7 X4 O 1945 2, 7858
JEE 235 1) 2 U e R s % 17 1, B SR NI R AE £ U8,
S¥EN, ARG 28 B A O ) 2 BRI R R OE
PR ZE RN, GCSLDP 83k Je X 8 /-1 2 i 17 (K
K CSLDP 5 gt 75 =X, F-1E B3t 2% i 7 {1
RAE, BARFIH T B B 23 (A5 B R B 22 25 ()
FE, B UEE EARR BN  EEE, &
A 7% BN [R) AR 3 72 R R 2 8] 1 A0 A =5 Tl
S . DDLDP 557k BE 2% 1846 BLUS A0 A8 A K
7 ABL 22 [B] 1 N TR 25 RIS BE A B, % RN TR 42
HE 208 NI 0 J3E A ) 7 =2 (] ) 1 23 [8] 7 [l 45 L,
il REAE AR B A5 B i — 20 A S 3, BT DL FE N
TUMROCR b T HA R 2
33 REXW
i 7 %k DDLDP Bk iy fi et , S5 78
ORL A iz JFE #E A7 e 75 S0y, SEBEI(Eh 0 1 i i
P M 75 A SRy M PR AR AR LS R R 1 K/ 0 FF
ARG I 0.000 1, 3400 5 Wk, XF L SEERRUR .
R ORL ARG PR ELRERAER 3.2 95 i T EDUA
L DDLDP 83k Mg, A 3051 AL (16) >k 3k
NIRRT R
a=""2%100% (16)

X

s x R TEA BN y Ko e s 5 137
W o FRORINAMR 5, 2 R HNR TR
Bl o o /N, FoORPUBERE ) B0R; RZ, a K, R
NPUMERE RS . MR S, £ R R A
WA 4R, B 401, FEME R S, BEE
Hr 1 W R I — by 25 B R G, 2 T S A
— Ak 7 Z 1K F] 0.000 5 i, Xt LDP. LDN,
CSLDP.DLDP. SDLDP.LDTP. GCSLDP,
DDLDP %3, DDLDPH A 6 fH /)y, AR BLAR SC
SRR MR TR A e . HAEMR S AR, AH
Lt HoAth 575, DDLDPH L R R — H i mr, B
A SR PR



ol
He >

- 758 * e

R

S S F13 %

*®4 SMEXE ORL EXW L RATLE
Table 4 Contrast in ORL library identification algorithm
1o 40T
0 0.0001 0.0002 0.0003 0.0004 0.0005

%

RES

LDP 89.76 8636 84.16 81.54 7888 76.95 14.27

LDN 9132 8943 8837 88.03 87.16 86.23 5.57

CSLDP 92.74 91.28 90.20 88.68 86.81 85.31 8.01
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