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Face Recognition Based on Double-Operation Local Directional Pattern

Yang Huixian, Zhang Mengjuan”, Liu Jian, Zeng Jinfang
School of Physics and Optoelectronics, Xiangtan University, Xiangtan, Hunan 411105, China

Abstract Aiming at the problem that the face recognition algorithm based on double space local directional pattern
(DSLDP) only uses differential operation to extract features, we present a novel approach based on the double
operation local directional pattern (DOLDP) for face recognition. Firstly, 3 pixel X 3 pixel neighborhood of facial
image are convolved with eight Kirsch template operators to obtain eight directions of edge response values. Then,
the neighboring edge response values are countered and summed in counterclockwise directions to obtain two sets of
eight-direction edge response differences and sums, and the two sets of values are taken as absolute values. Finally,
the directions of the maximum values of the two sets of edge response values are encoded into a two-digit octal
number to form a DOLDP code. The experimental results on YALE, ORL, AR and CAS-PEAL face databases
show that the proposed method combines the sum space and the difference space face feature information, and
achieves a better recognition effect. Compared with the intensity space, the sum space face feature information plays
a smooth role and shows stronger robustness to light, expression, and occlusion.

Key words image processing; face recognition; double space local directional pattern; double operation local
directional pattern; Kirsch operator
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Fig. 3 Feature extraction map. (a) Primitive face image;
(b) LDP algorithm; (c¢) SLDP algorithm;
(d) DLDP algorithm; (e) DSLDP algorithm;
(f) DOLDP algorithm
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Table 1 Identification rate of different methods on
YALE library %
Identification rate under different
Algorithm quantity of samples per category
2 3 4 5
LDP 78.34 82.00 82.72 84.68
DLDP 83.07 86.58 88.33 90.22
SLDP 80.32 83.28 83.69 85.25
DSLDP 87.07 91.50 93.38 94.10
DOLDP 88.53 92.07 93.41 94.46

# 2 KRELAE ORL JEHIRHIH
Table 2 Identification rate of different methods
on ORL library Y4

Identification rate under different

Algorithm quantity of samples per category
2 3 4 5
LDP 82.98 89.76 92.99 93.85
DLDP 87.72 93.02 95.50 96.35
SLDP 83.44 90.67 93.83 94.80
DSLDP 88.02 93.23 96.37 97.82
DOLDP 88.41 93.35 96.50 98.00

4.2 AR #1 CAS-PEAL A B&

5 ZE S AT AL O # ST 1) AR K
AL EH L 4000 E2R A 126 A~ AN EIG . S2 56 H
PEFE 50 24 BV 50 4 e AN 13 I K K
181 IRIER EIVE DI ZRRE A R A6 DGR GEERS A FILE
P4 B 4 3 8 AR A A Sk AT SE B, KA
G 1% %038 5 CAS-PEAL £4 4 1040 4 [
N 39450 W& Sk JH R SR 52 5 ik BOH R 200
Ao [FIFE B AR FER T = 1 T K 1B AR I 2k
ARG OEIR i 1 A 2 TR 3 iR AR
RAEASK AT 5, &l 5 s .

3 FIZ 4 AT 1.1) SLDP #3541 LDP &
B, 7E ARE XS DL A 44~ T4 o R 3 5 Sl v T

@)
’ Ly ) ;

b b 7l - ' " T 7| -

K5 (a) AR Fl(b) CAS-PEAL #4r AN 43 1K 45
Fig. 5 Part images in (a) AR and (b) CAS-PEAL face library
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Table 3 Identification rate of different algorithms

on AR library %
Algorithm Expression Illumination Mask A Mask B
LDP 96.33 93.00 90.00 70.67
DLDP 97.00 95.00 91.33 78.00
SLDP 96.67 93.67 90.33 72.00
DSLDP 98.00 98.33 99.33 87.67
DOLDP 98.67 98.67 99.67 88.00

* 4 KHILTE CASPEAL iR )%
Table 4 Identification rate of different algorithms on
CAS-PEAL library %

] ) . Accessories Accessories
Algorithm Expression Illumination

1 2
LDP 96.33 90.00 78.67 87.33
DLDP 97.00 92.00 84.00 92.67
SLDP 96.33 91.33 80.67 90.67
DSLDP 99.33 95.33 90.00 94.67
DOLDP 99.33 96.67 91.00 95.00

4.3 ZWHERSW

%t LDP.DLDP 1 SLDP %2 32 fit 35 51 % 4 mf
S Fe BR85S AR 45 HE %1 43 5 s DLDP., SLDP,
LDP., LDP &7 J5ilh 25 | B fifi 5 8 4> Kirsch 5
45 B B 5 B 25 (R N KA B, DLDP & 7F 58 Ji&
23 A R Al AR R A B AR 22 4 Y 22 18 S B4 B 5
SLDP %9 2 A 38 B 25 [a] S il B R AR R S Z )5k
- EASE G FE 2 [ AR5 S . A 4 LDP 5
. SLDP 53k 7 Ja 3 40 45k A 3 B T ofE A Y 5
FRAE AR B RE A8 1k 32 R 18 & A 1 K 2 1% B
SLDP B3k S bR /8 78 R A Z 8] S 78 19 5 BE O5C
Z L IR BSR4/ T LDP &%k, DLDP 5 k7
Jr #5053 R BT T SR R A0 YRR AR 25 AR fh R
s FeaR WA I 1) 22 (8] 00 4097 R AE B 28 1t s 2 A
TSR X A3 fE S . Z(HZS A IR AR R Z A
FE DG Z L T AU 25 0] AN 6 o 22 18 25 (] £ BE 3k 28 N 7
KRR TT R T RS 08 AE 25 M 250 15 B 1T X
U7 (8] 245 7 45 B AR A B A T3 i 40 % . SLDP 5%

AR SRR R AL Z MR B AR S T AT 7 — k3
{ELUE D KB 23 2Rk 2B A 4T AR AE 1K B . I ik DLDP
BRRIR B R &% T SLDP. DSLDP % ¥ iR
SHCR LT DOLDP 8.3k, DSLDP 53k 2 i i =5
I¥1] 1 25 {8 25 1] #8945 & DOLDP 54 32 2 I i 23 [] #il
ZAEZEM S 4S . X T DOLDP 8, fil{H 25 i) —
Ty TSR TN AR R K AR kb T 25l A )
55 N IAR R SSOK BEAE B BB 5 55 — T 1 F{E 25 1) AH
MFRFERRE S RN T — (g L REOR B TR
J& 23 (8] B RRAE A5 B, SCHI S T AR SRR 52 m
FEI X IR G R P A I R AR M . BRI
A DSLDP & 3, DOLDP %3 B 0 R A3,

5 4 1w

B DSLDP 587k 5% FHAE 25 iz 5 48 BN K R 1E
A PR L 32 DOLDP %5 33, i 1 51 A /R filis 52,
— 7 T XA 2% 32 B R B TR AR L RN A3 TRk A
J AR 3R R R — Fh 3 sl VR L ikkh T 22 (%S
[F1] % 55 AR 28 K B B BB o 5y — 5 Tl FO(E %5
B FH Y F 2 e SR B S T T — A (8 0, BE AR B
RS ) N R AR AR B S5 T AN RV R Y
SO L 22 B0 0T ' R 3 1 R GEE P A T O Y AR AE M
£ YALE,ORL.AR il CAS-PEALA4 > A J%E |-
AR, S8 45 22 W, DOLDP 543k ] LU %5 2
PN LS

2 18 3 FIE 2 [R) A 22 {2 R AR K (E g 5
{H . 206 1 A G A5 A 23 5 B0EE 43 A R AE 1 &
KT AR LSRRG ZFREE LR
HOOD X FR B s 7 Ok AL A K R — R e %
M) 7 1 B % R 5

2 % x M

[1] Qin J, Wang M H. Fast pedestrian proposal
generation algorithm using online gaussian model[J] .
Acta Optica Sinica, 2016, 36(11): 1115001.
BH, ERAE. R L L R i AT A U 5 L AE
Pt A= g g5 ¥ [J]. 6% 2= 4, 2016, 36 (11):
1115001.

[2] Ahonen T, Hadid A, Pietikainen M. Face
description with local binary patterns: application to
face recognition [J]. IEEE Transactions on Pattern
Analysis and Machine Intelligence, 2006, 28 (12):
2037-2041.

[3] Newell A J, Griffin L D. Multiscale histogram of

oriented gradient descriptors for robust character

101004-5



55, 101004(2018)

ANSHBIZFHRE

www.opticsjournal.net

(4]

(5]

(6]

7]

(8]

[9]

[10]

[11]

[12]

recognition [C] // 2011 International Conference on
Analysis and Recognition ( ICDAR ),
2011: 1085-1089.

Jabid T, Kabir M H, Chae O.
pattern (LDP) for face recognition[C] // 2010 Digest
of Technical Papers

Consumer Electronics (ICCE), 2010: 329-330.

Document

Local directional

International Conference on

Dalal N, Triggs B. Histograms of oriented gradients
for human detection [C] // IEEE Computer Society
Conference on Computer Vision and Pattern
Recognition, 2005: 886-893.

Ojala T, Pietikainen M, Maenpaa T. 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.
Ye Z, Bai L. Hyperspectral image classification

based on principal component analysis and local
binary patterns [J]. Laser &
Progress, 2017, 54(11): 111006.
W, ABE. BT EMRS TS R AR R
RG] WOt St TR, 2017, 54

(11): 111006.

Optoelectronics

Kumar T S, Kanhangad V. Automated obstructive
sleep apnoea detection using symmetrically weighted
local binary patterns[J]. Electronics Letters, 2017,
53(4): 212-214.

Lin S, Xu T Y, Wang Y. Palm vein recognition
based on gabor wavelet and NBP algorithm[J]. Laser
. Optoelectronics Progress, 2017, 54(5): 051002.
AR, R R¥, EH. T Gabor /N FI NBP 5 %
B R [T WOE 50t 7o kg, 2017,
54(5): 051002.

Li J X, Zong Q. Object tracking based on multi-
feature and local joint sparse representation[]J]. Laser
. Optoelectronics Progress, 2017, 54(10): 101502.
MR, SRR T 2R R A s R 1 A
PRERER [J]. WOE 56w 72 B, 2017, 54(10):
101502.

El khadiri I, Chahi A, El merabet Y, et al. Local
directional ternary pattern: a new texture descriptor
for texture classification [J]. Computer Vision and
Image Understanding, 2018, 169: 14-27.

Hui X W, Zhang J Y, Lin S, et al. Application of
improved local directional pattern in palm vein
recognition [J]. Laser & Optoelectronics Progress,

2015, 52(7) : 071001.
BWRRL, SR T, MR, . B AR T A

[13]

[14]

[15]

[16]

[17]

(18]

[19]

[20]

[21]

101004-6

Jik R0 v B LD Mot 50t d FAEERE, 2015,
52(7): 071001.

Faraji M R, Qi X J. Face recognition under varying
illumination based on adaptive homomorphic eight
local directional patterns[J]. IET Computer Vision,
2015, 9¢3): 390-399.

Han B, Song Y T, Gao X B, et a/. Dynamic aurora
sequence recognition using volume local directional
pattern with local and global features [ J ].
Neurocomputing, 2016, 184: 168-175.

Luo Y T, Zhao L Y, Zhang B, et al. Local line
directional pattern for palmprint recognition [J].
Pattern Recognition, 2016, 50: 26-44.

Rivera A R, Castillo J] R, Chae O. Local directional
texture pattern image descriptor [ ]J]. Pattern
Recognition Letters, 2015, 51: 94-100.

RenF J,Li Y Q,Xu L F, et al. Face recognition
method based on local mean pattern description and
double weighted decision fusion for classification[J].
Journal of Image and Graphics, 2016, 21 ( 5): 565-
573.

EAmdE, ZHaBk, PR, S5 5 #0H SR xUH 3k A
MUIMA R 2 19 AR R0 [T v [ & B 24 4
2016, 21(5): 565-573.

LiZ K, Ding L X, Wang Y, et al. Face feature
representation based on difference local directional
pattern [ J]. Journal of Software, 2015, 26 (11):
2912-2929.

ML, TALW, EAE, FORETEMERT D MR
BN R AR R R [T, P24 4, 2015, 26 (11):
2912-2929.
Yang H X, Liu J, Zhang M J, et al. Face
recognition based on double-space local directional
pattern[J]. Journal of Image and Graphics, 2017, 22
(11): 1493-1502.

Brikss, Xl sk e, 4. Xz )R & 7 ) 4 X
ARG L] s E R EE %4, 2017, 22(11):
1493-1502.
Perez C A, Cament L A, Castillo L E. Local
matching Gabor entropy weighted face recognition[ C]
//TEEE International Conference on Automatic Face
&. Gesture Recognition and Workshops (FG 2011),
2011: 179-184.

Al-Sumaidaee S A M, Dlay S' S, Woo W L, et al.
Facial expression recognition using local Gabor
gradient code-horizontal diagonal descriptor[C] /IET
Intelligent  Signal

International Conference on

Processing, 2016.



