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Abstract

Local Binary Pattern (LBP) is a local feature on pixel level, which encodes the relative strength
among the center pixel and the surrounding pixels. Because of its simple principle, high computa-
tional efficiency and feature discrimination, and low computational complexity, it has been popu-
lar in the computer vision field, such as in texture analysis field, face recognition field, expression
detection field, and so on. Moreover, a number of extended methods about LBP, which are greatly
improved in discrimination, robustness, and computational efficiency, are proposed. In view of the
theoretical and practical value of LBP, in order to make the researcher have more comprehensive
understanding and further study about LBP, this paper overviews LBP and its extended, and
summarizes the specific application in different fields, and analyses the structure, as well as ad-
vantages and disadvantages. Then, some comparisons are done between LBP and other local de-
scriptors in the aspect of identification, low dimension and invariance, and some conclusions are
done about the application field of the extended LBP models. Finally, the future research direc-
tions of the extended LBP models are proposed.
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1. 5]

Ja 3 —fE A X (Local Binary Pattern, LBP) & -2 T-SCEE 43 Hr4iids, t Ojala [1]58 N3 tH . &7t
SR B HABOs R S0 0, BRI vz B T PR AR BN T S 58 000, anar Bl 732K [2]-[6]. N
P71 [8]s EIBRZR(9]. NJRASTI[10] [11IA NGRS 20412155, dEmdslk 7 LBP st Fi v, 42
HTYE LBP ¥R T

SO AT [13]-[15] 2 Fig i 1 AR 5% ) IR AL B R B Hh SRAF S0 E VA B0 7R, AT B ge vt 1 o dr
TIEREER R o3 A 7R S . EAEoR, BT LBP [SUHE 73 T v e A FL T S AR 254 TH Bk
BRI 73 SRR N e i ISR A W Tk — RSS2 &, AR i AN
WOl A3 TR IR RN, S T REFRHEROR,  FEAERE R ) U AN T ST LA 0 b o A B
HAZ[16] [17]. LBP it R i o, Tk T RNEGRE LS Hr riE.

PRARH IR 7 N AZ A LURRHIE: 1) AIR4ENE; 2) BRI T 3) FMERIAAE; 4) xS BA
EREYE T SRR IR . B OGRS B A SRR, 0GR R AR SRR, S A MR
SO — B NI T P ] R

WAER, LBP J7VE S LA TR 7 B FU AR B0 R, 26 TSN LA A S FH A5 32 3t 1 Be L (40 CVPR
(IEEE Conference on Computer Vision and Pattern Recognition). ICCV (International Conference on Computer
Vision). ICISP (International Conference on Image and Signal Processing). ICIP (International Conference on
Image Processing)) LA i — 26 [ Fra g 1 T (40 1EEE Transactions on Image Processing, International Journal
of Computer Applications, IEEE Transactions on Pattern Analysis and Machine Intelligence, International
Journal of Computer Vision) F & F#ARZ IR CRE, FREMHETHE, @ik 4.352,

HAT, O SCHRXT LBP J5ikib T 1 488 . SCHR[18] W BER AR AL cluidk 7 v (S sS 8408 T LBP Tk, X
BR[19] E R gh T AR N A A LBP 1) BARSE M AHEL T FR RS 2R3, AR SCRN 1 BB gk i 1) SCk
FeE AT 23R 7R LBP J7ik, X T LBP MF RIE RS T H LR S5H, Hrp, LBP
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MBSy MBI REEK/D BUAEE ., SRR A SRR ITRA, LBP MR MBI AR
Al RIS GUHHEAT IR, JER ST T BRI IR, 20, BN T LBP ¥ RITIAAERYENE
TR BOVE R LA T T X LE A, F DARAR T AU LR 35 B T AR 1 B
LR UIEAT TR S R e, M T LBP ¥ R AR EE — BB TR S TS ) -

2. BEAXRRFHE = #HHIE
2.1. [BER={EIE

Ja#B —AE A C(LBP) H1 Ojala S5 [1] AN FH, & — MR L TE N I s R R RS L R . LBP Heb]E
SAE 3 x 3, DA 8 ARHONB, K B S EAE N EME, SR 8 MR R siE M, kA
R IIG R RME R T4 TR, WHZABE R m i Eatic oy 1, SIS 0. AR5 4 BE AL 5 I 70 i 5
XA AR ER BB AR SR FE AR N T SRR R DY LBP . HiH S A 0T

p-1

LBPP,R(Xc’yc):ZS(gp _gc)zi

i=0

0, t<O
ROZABIR LA, g, W OB SR, P AREFORE A (X, Y, ) A B BUE R AL g, %
ANE P ANBIAR R MK A . THE R ERAN I 1R .
N BEEIRE LBP ARIREE NI SBIRE A S5 H KRR PE, Ojala 4#[3] [4]%F LBP #EATHES™, 155
T RA AR LBP B AR [4] [20] [21]. FEARFZEUZ 1(xy)H, & L—F2A R R T S
A P AR R R 9o T OB RIIKEAE, 9o NEE P AN R IR . T2 AR IR 2 R AR A

9, =1(%Y,), P=01--,P-1
X, = X+Rcos(2mp/P)
y, =y —Rsin(2zp/P)

foh, s(t):{l' t>0

& 2 N=FASE Ry P BT B[R PR T AR 4 .
2.2. —¥ LBP R TF

FELER MR, LBP 2774 2P i, B4R, LBP R RN 2 £ Bl 25 AR IR A 25 AN B iy 384 i
SRESE N, BERRE ) S AERCK E3Y, SRR T R AR AR . R R 4R X —
i), Ojala ZE[3) AN} LBP 2 T “4i—#:” (Uniform pattern). 7EB{E L5 1 A8 & P 3ET— TG
BRI, A0 F) 18 13 0 HARKEUR 2 W A 2 IRIN, MRZEACh— 3 LBP. HA gk AE
—F LBP. 40, #:3 00000000 (0 ##445). 01110000 (2 XH7F). 11001111 (2 REEAR) R G R,
FRA—% LBP. 1 11001001 (4 YK#:4%). 01010011 (6 KHEAR) A4 —Hix, #eFRAIE—5 LBP.

AR P ANREA S, — 2 LBP AR RPN P(P — 1) + 3, KK THHIEM 4R, 2
TIFEACE. 1 3 [22]8R T UL R AR 8 4048 58 FiAS Al — i K

2.3. e AT LBP #ikF

Rl B B ARG AAS M, Ojala £5[3] [20] [21] X3 H T et A48 LBP. il iefs [ AR AR 31— &
HIARIEG € X LBP, HUH e/ MEAE NIe AL LBP e, AxNERWT:
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Figure 1. Computation process of LBP code for a center pixel with gray level 83
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Figure 2. The circular neighborhood for different P and R
2. NEIH P, R{EXTRIADEIR RIS

&

SN FEETEER] |

<

—
BEHE S 1

NOS 0000
OO0
LOOOOOOY)
|

B.0.0.0.0.0.0.0
8.0 00,0, 0.0.0

&

Figure 3. The 58 different uniform patterns in (8, R) neighborhood
3. 7£(8, R)4PIE MK 58 AR —BUER

LBP;', = min {ROR(
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Figure 4. The 8 different patterns are the rotation results of
one pattern through different direction
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24. mEFEANE—H LBP ik F

RdE—20 e LBP e AR 71, FEE T EIEE, T2 Ojala &[1] [BIN K ieft A48 LBP
Hgi—#ias G, 537 EAE 8 LBP, AXRFERUIF:
P-1

LBpu — pZ:(“)s(gp ~9,), ifU(LBP,;)<2

P+1, else
Hr,
U(LBPRR}:b(gml—gc)—s(go—gc)+3ib(gp—gc)—s(gmi—gc)
=

R 0 B 18 1 F) 0 MR A LBR,'S i) AR riu2 Fom ik M 1 heRe AR — Bt K
e AN DS AR (SO SE IR Y, B AN — B0 LBP oA RAFAIRAEE AR, Al DUR 4 A
MT BBk,

3. LBP B H R 5%

H Ojala #& H 3L A [¥) LBP ##i& 1-(LBPP,R. LBPu2P,R. LBPriP,R 1 LBPriu2P,R fZi#x)LAK, LBP
ELESCE S HT AN RS R0 U 51 R T F 78 #40 o AH bE - o Ath R SRR AE i 38 7 (o SIFT [22]. RIFF [23]. LQP
[24]. WLD [25]%%), LBP HAHERH S, AHHHE, FHERDOCH NZRRRH5] [26]-[29]. AMHERE
R, FEARE) LBP JriE A RE RBER/N, S, FRAEAE RS 7 T A AE — & 1R FRYE[S] [26]-[29].
T PA b e, BE AT LBP JPEREAT T ANRITT [ B4 f, 42 1 5 BB /1) LBP RHE.

LBP 3Ry RIEHIRZ , RGN ER EZ AL LR T 1) BT BERY I, )
AN B LBP o] e 7 ] [ QIR SR A AN S R . 2) BT RUBER/NIIYT R T, REER/ANAS
SR T 3 x 3, AIARYE PR R BATIHEE . 3) T HULHE Y T, AT LRI R ROEMSCHE R, W
Al LLIE FRIE E Y o 2o, FARICE BRIA SIMRHIE . 4) BT ZHRHERA Y BTk, K2R e &
R HR BRI — AT, P RESEE, RESRERE, BEamR i ERRE. MR, FXEA
[F 13 5 BUE, PR — LA B R 5. LR 28 R B e 7 vk

3.1 ETEMERY RAE

3.11. BREFHEH _EEX(MGLLBP)
DR v SR AR SO M A P B S P, Ojala Z5[3]4% & K R A R 8 —AH A X (Multi-Gray
Level LBP, MGLLBP). Jit5 A =zUnT LA -
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I

1 ifxxt
i S(X):{O, if x<t
X LR PEDR ¢ w] I — E e 1, MR LBP (ke 1. AT AE L 47 RO,
U LBP {51 T34 PR SO AAC R RIS AE s ez, 5 BV, U LBP 1) T A B R ) 4071 SO A5
B tHCN0, N MGLLBP i sl JR 4G LBP. H M LA WL 5,

3.1.2. 2ZEFER LBP
NG AR S AV N RE, 2028 TR SA LBP A A OB 2 SR N RME I B AR[10] [30], A%
i) 7 X LBP 52 . Hat SR AR
P-1

LBPP,R(gc): S(gp_ﬂ)zp

p=0
pP-1
> 9

ﬁ\:qj y U= p:(::’

3.1.3. FBEB=HHIER(LTP)
JR ¥ =R 0[31] (Local Ternary Pattern, LTP)J& LBP fIATAS . EHUAIE I HRIME T, KAREG & A
G &R K IE ZEA R 3 MeiRAS . LTP M AKX :

P-1

LTP,, = >.s'(p, - p.)3°
p=0
1, z>T
Hrh, s'(2)=40, -T<z<T
-1 z<-T

TR GRS R R, S B R R I . 5 R B R S P A, WSS
PR, HCARIEEROK B AR IR S AN E I . N E, TR H LTP 4l A’ upper’
code(ULBP)A1’Lower’ code(LLBP) PN K it i+ 5 44 .

ULBP HJit5H AT

B-1 1, z=>T
ULBP =Y f(p. - p.)2°, f(z)=:"
; (P =P:) (2) {0, else

LLBP fitH AR T

B-1 1, z<-T
LLBP =Y f'(p.—p.)2°, f'(z)=1{"
é (P, =P:) (2) {O, else

LTP 7 fifik A2 0L 1< 6
32. ETREXMIT RA®

321 BRESR LBP
LBP J7 v A] DA LU o s 3t 38 G 1 R i B B B, (HHE S Z WU B E BRI E R, 52 WA+
P FiE, Liao Z5[32]7E 2007 44 HH % B 43 B LBP SRERHAMNX — AL
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Figure 5. The robustness of MGLLBP against noise
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Figure 6. The decomposing process of LTP into ULBP
and LLBP
[E 6. 4% LTP 4R ULBP #0 LLBP Ryid 72

Z RJE4yHe LBP (Multi-scale Block LBP, MB-LBP):2 LBP 4 AF KNI E) — N . 7
MB-LBP H, ¥ LBP HH 15 3 i [ L3R 17 X3 P B K B R L . A T IX o — M 4
WARRWIET RS, X5, MB-LBP MEFIRBER/NEL 9 x 9 fl, R, 4REER/INA 3 x 3,
MB-LBP /2 Jiidf LBP. MB-LBP i+ 8 7775 1] IR Ky JefE R4S 3 x 3 B+ DX I b vH 5 H Q81 1 35 2K
FEAR, P T35 K AR A R 4 3 x 3 R LBP (577, #4455 MB-LBP. K LBP ik T
A1 MB-LBP #fiid 7 #xf be WL 7.

3.22. AR EEP_EEN(ELBP)

Hif ARG R 3 — B AR Z0[33] (Elongated LBP, ELBP)/& JR i LBP 4T &E /4 1) B2, e R UG LBP Y
[ FE ARG AT R N — N IR 1) =3 5 4, 5k T B S Ak e 5 AN A8 1 25 R 45 2.« ELBP (4RI IR 4h 45
P WL 8.
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Figure 7. Basic LBP descriptors and MB-LBP descriptors with 9 x 9 neighbourhood
7. B LBP #iAFH0 9 X 9 &) MB-LBP ik T

Figure 8. The neighborhood topology of ELBP
8. ELBP BISRIE#RMNE

3.3 ETMAENY RAE

3.3.1. BB Gabor — I

Zhang 2 [34) \3R H T a6 Gabor — i3k il #%3X (Local Gabor Binary Pattern, LGBP), i% J7i%:45 4 1 Gabor
JEBLERAT LBP Wy AL AL, R4 T LBP ARSI RS B RHIE, (R34 OB I RHAE 5 R 2 0A Ty F g
7. HEAER:

JeH Gabor JEW A G SKFEEUZ \(x )BT ER, [RBZRE. 2757 72 [R5 FFE:

G(xy,v,4)=G*1(ay)

23k Gabor A8 el 45 B0 A I RAE AN AR AL 1S, 1% 7 2 BUIE A VE S AR . AR5 B 1S
MR HEE LBP S(HEHFAE, ¥if5 3] GLBP.

o

-1

LGBP. & ()= 2 H (G, (% ¥V, 1) =G, (X, YV, 1)) 2°

0

o
I

1, z>0
0, else

s, H(z):{
<9 N HK/NE 5 % 5 ) Gabor B 25 .

3.3.2. B Haar Zi##lE=R
Harr /N AR [35] 52 Alfred Haar 7 1909 G4 Hi 1), A2 /N A8 e (Wavelet transform) = f5 fij 5L [ — Fh A8
e, J& Daubechies /NE AR HIF N = 2 [RE o
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Figure 9. Gabor filter with the window size of 5 x 5
9. BOK/NE 5 X 5 Gabor JE2E

Harr /NS B BEM L, THE R M s, vDR— IR A RE G O i @ (B (L L)« Rrid ik
JE(HL). ARIE & (LH) A s S s (HH) DY 564> . Haar-LBP [ AR E X5 20/ LL, LH, HL 1 HH K%
I3 PR LBP HFE, ANERHRINBIMRMEL G R, BAEZNIEEERE, UWEFEENEERE. K
o, LL AE T MBI ORER - RRIE, RS HUY F ERHE, HL. LH A1 HH A B B SRR E AR B RR
fiE, AT RUMEA EURFHESE BRI AN R RRAE . 14 10 24 Harr /NS HoR

3.4. ETBHHERMEHY RAE

3.4.1. =4 /I _{E1EK (3D-LBP)

=4 R AH A [36] (Three Dimension LBP, 3D-LBP)E y— R ik 7, gwhd 7 B gt s 2
Morfs R, LA 3k EaRE, RIEARSERE. BaRE—KHE R, G, B =/MHitimiEd
Ji&, 3D-LBP J7 ik M2 i SR I = IEZE (1) LBP #wfi 77 724 7 3 sk B B4 . 14 11 /R T 3D-LBP
FIRFAE SR UL FE o

L 3x 3 4R35, 3D-LBP fIE—Fhgmid %, wild 11 HpIaglsE—ik KA s, B0 a5
R G. B =Agitasra, /il Hil5 LBP i, FHEHEEN = M raEsm —KiEarg, wiE
11 =B KR OEG IR, B Mg R, WiE 11 FEpsE 5K E R, #5% R, G. B
(AT 45 B AR O FR L LBP H4E, FREHREU LBP RRIEA K, 22115 11 )5 — 515 sk R iRl
. 5 =FRED T R 55 RIS T R, B R, G. B HIFIE B IFHRIARIN LBP RHE, RES
HARIU R B 11 58 =315 =5k R e g . @, —HREAEEH R, G, B =/ HifailiE
MR, HAEIZH 3D-LBP &I EFF T —#HE 8, B Py 74 B. Ry G. By R TP B AT f# ik ik
. 3D-LBP S5JR4G1I LBP AHEL, AU TEGEE, g 1 B E B A/K T 7 [ R 5 4FE,
113 B RRAE T R IE T

3.4.2. ZH /I —EER - Haar FEBEEE5E(3DLH)

YR AE A Haar J7 A0 B 77 €l (3-Dimensional LBP-HarrHOG, 3DLH)# Sugata Z5[37] A7E
2012 FHEH B — MR B KA T . BN 3D-LBP #iid 7 A1 HaarHOG ik ¥ AT HFERl & .
12 JE/R 7 HOG #iid FHEEU L FE . 14 13 JB/R T HaarHOG ik FHEf it 72 .

gbAh, ASCH RGB Hifa 23 [k 47248 e, #3%] HSV. YCbCr. oRGB. 111213, UCS 1 DCS it %]
_[-f¥) 3D-LBP #1 HaarHOG, it PCA [k 1) 77 244 Wi Fldt ik v HA AR IR 456, MBI FBE 2
[f] L) 3DLH, [FI, KA Eits =36 L) 3DLH RefEft &, 33| FC-3DLH, A/E7E MIT HAREIEEE.
UIUC 123} BIE PEFN Caltech256 G EEHEAT T30 1E, 15 BIRh&RHIE FC-3DLH i BUE 7 SR 4h R i, 439
1L F] 64%, 84.9%F1 90.4%. SLIGULAH, RGBS 7 [ ARFAE LG B — 26 2 TRV RREAE 58 2L 900 )

3.4.3. Gabor - FEP_{EER - £FE S EEEE E75E(Gabor-LBP-PHOG, GLP)

Atreyee Z5[38]NT 2012 X EUE K4 T —Fhgi ik T Gabor LBP PHOG (GLP), '&7&H
Gabor-LBP (GLBP)#lI Gabor-PHOG (GPHOG) /M ifiik T4 ik fiz, %L T GLP £ HSV. Y1Q. YCbCr.
0RGB. DCS. RGB /SAEuth 7% [A] 1) EME 7 HREFE B & A B [AVFFERE TRl &, it PCA FF4E7S
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Figure 10. The sketch map of Harr wavelet transform
10. Harr /)N B m B

Figure 11. Feature extraction process of 3D-LBP
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Figure 12. The extraction process of HOG descriptor
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Figure 13. The extraction process of HaarHOG descriptor
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) AL SRS HRAE, 1F Caltech256 BIZZE. MIT EAREIEZE. UIUC & EMGE B TRAE, 5
RS HRE FC-GLP B/ K5 e, 70~ 35.3%, 84.3%A11 91.3%. SZIGZE RUiH], miaEithss
[BIFE L B — B S AR RS 2 FEGE R, HoMER . GLBP fl GPHOG ik FRIFR I
WK 14,

4. B/ LBP ¥ RS X

B AN R )37 55 B GARURF AR R 3K, VR 22 223 2 LR P AT POt LBP 3EAT 1978, JCILAE S0
S AT AT B AR A S TS T TR SCER 2 A AU 1 LBP 37 € i AR T g (1 LBP
37 J7 1A Ay R A () LBP 47 R U7 VA S = RS BRI th 448 LBP 9 R 757

4.1. SERSHIUEPE LBP i RS %

HET, LBP BAKEEN—RAT B RKISCRHERIU %, O35 702K, S8R
TSN U b G4 7 AR E AL, AR AR . DU R SRR AR S B A b L
M ECECA 200 ) LBP 4 & 5 54T A B AN

4.1.1. PE_EEX(MBP)

FRE —fE A% 2 (Median binary pattern, MBP)/& Hafiane Z£[28] A7E 2007 £E32 H 1 —Fh S0 FE 43 2K 05 V2%
5546 LBP J7VA2 ML, AN A 2 ALAE T2 07 1200 AR5 26 i B R B AE N RIAE - MBP X i % B A .
HAr & kR

9 : 1 g2 Med
MER(x.y) =31 ()<2, T(a)=[g
Heb, PN BEISBIEG = SAN g 3R0s 8 B AR IR 2R A K AR

4.1.2. PLXFRERB _{EH#E (CS-LBP)

R X AR J 358 B AR 3 (Center-Symmetric, CS-LBP)/2 i Heikkila Z5[39] A7E 2009 44 Hi ) —Ff LBP
P FeJ7i%. CS-LBP (1 H 2 LBP B/ 8™ A 3d B T X 3t iR 77 i) B 7 B, )i %o P48 X 3 B A
fattk . CS-LBP (it ik T :

(P/2)-1

CS-LBP, ;1 (X, Y) = S(Qp RGE) ‘T)Zp
p=0
o, s(z)z{(l)' Zieo’ n I+ (N/2) R LKL E . LBP Al CS-LBP HIFFEFH 37 LI 15

I

4.1.3. TENEBB_EHRR(CLBP)

T MEEFA LBP JrERT ERHIME R, Guo FE AFRH T 5e B it —E X [5] (Completed LBP,
CLBP). iZ 7 VEM R i 22 745 5 5 K /N6 (Local difference sign-magnitude transform, LDSMT) () £ 5 73 4t
T LBP 5k, 4 =MAFEPRGER T FOHA T (CLBP-Center, CLBP-C). £ 5 ##iid 1 (CLBP-Sign,
CLBP-S) 1k /Miiid T-(CLBP-Magnitude, CLBP-M). CLBP HJZ2#n 5 16 iz,

CLBP_S FIJFLEM LBP gufit i, FoRigmis —ELnify “0” &7 “-17 , Hfidrm%
INA:

p-1

CLBP_S(x,.Y,)=>.T1(g, - 9. )2

i=0

)
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Ll

0 500 1000 1500 2000 2500 3000 3500 4000 4500 50000 1000 2000 3000 4000 5000 6000 7000 8000
Gabor-LBP(GLBP) descriptor Gabor-PHOG(GPHOG) descriptor

Figure 14. The extraction process of GLBP and GPHOG descriptor
[£ 14. GLBP #1 GPHOG ##id Fi BXAY T 72

LBP= CS-LBP=
(N0 — nc)20 + s(n0 — n4)20 +
s(nl—nc)2t + s(nl—nb5)2! +
s(n2 — nc)22 + s(n2 —n6)22 +
s(n3 — nc)23 + s(n3—n7)28
s(n4 — nc)2* +
s(n5 — nc)25 +
(N6 — nc)25 +
s(n7 — nc)2’

Figure 15. Feature calculation process of LBP and CS-LBP
[ 15. LBP %1 CS-LBP RUHHE T T 72

CLBP_S
Local
. | LDSMT —
M CLBP_M . Classifier
Original { - - CLBP Map Histogram

Image
Center Gray
Level

»| CLBP_C

Figure 16. The framework of CLBP
] 16. CLBP %244

1, t>0
-1, t<0’

CLBP_M # CLBP_C i 11l AR /R A :
p-l ' 1 t>c
CLBP M(x.,y.)=>T2(g.-g.)2", ="
_M(X.Y,) I; (9,-9) () {_1, t<c

fi. CLBP_C(x,Y.)=T3(g,-0,.), RiT3=T2, XMAMEIMEC—BsksE WEIREZ 1.

()

He Tl(t):{

o BUE C % — R BUE N R HR R
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CLBP fifiid F i S50 40iE | CLBP_M {5 B E 24, H A543 CLBP_S L& K/ 73 CLBP_M
HEE, P PWIE VSRR R AT R SR B R RHESE BA AT, RS R IE R S0 R R iR i

4.1.4. RE—EHEXHFHZERR(LBP Variance, LBPV)

VAR 7&5%f LBP FHIEIAM 78, FEAEH VAR I 75 Z 347 A0 AT . Dy 1V B BT 5 A T n s Ber 45 SR
oM, Guo ZE[40)\FE 2010 FRE T /I —EAINAI 7 2R~ (LBP variance, LBPV). HT VAR &X7TX
AR, BT VAR (EBOR, FLIX 3 orikahok, DRIACE 8K o 7R AN s 77 224 E A s E
IR E AT BT B R HakE A

LBPV, . (k):iiw(LBPP'R(i, j).k)
. VAR, . (i,]), LBP..(i,j)=k
Hr, ke[0K], W(LBPPVR(I,j),k)Z{O al othénlflise) .

LBPV Jrisk A SR T i A A S I 0 4 7 S04 JEr B T B R, R it
A IR T R W B

4.15. NG —{E#&E (Bayesian LBP, BLBP)

EHEAE B HIBENLYE S B T B G RN 5 LU . T2, BB SRR IBENLE, He SE[41]A
FEH T DU B {4 X (Bayesian LBP, BLBP). % 7VETEbRZE S 1Al I /R 7] K AL (Markov ran-
dom field, MRF), 7 7 hRZREMBENLIE FERRAL . S5, FEfm NG 32 E ) (Maximum a posteriori,
MAP) PR bR RV NER G IR AL B . o fa, FHARZE IR 2 5 B (1 B 7 A THE iR+ BLBP (ks
AR PRI FR L] 17

4.1.6. REFTHEB=E#E5 (Scale Invariant Local Ternary Pattern, SILTP)
NFRIRAE B TS 5 R BE AR H &, Liao %F[42] T 2010 4FH&H T REAE R = EA
(Scale Invariant Local Ternary Pattern, SILTP). SILTP (4w 540 -
N-1
SILTR{ (X, Y, ) = k(iaos,(lc, L)

Horr, 1R BRER AR, W2 R R IE R R, © AR AR
e, RHIEEEKKEZE T, s 2B, & XnT:
01, if I, >@+7)l,
s, (1., 1,)=410, if I, <(1-7)I,

00, otherwise
78 | 99 | 50 24 | 45 | -4 111 |1 11110 11110
56 | 54 | 40 | Filtr D1, 5 |[BLBP M1 1~]1 ol ~]o 0"
57 | 12 | 13 -3 |-42|-41 1101]0 0|0 |0 ojlofo
Y v JX,V, T =-5) IX,V, T =0) IV, T =5)
P(VIX.T = -5) P(VIX,T =0) P(VIX,T = 5)
=0.0030 =0.7289 =0.2681

Figure 17. The labeling processing of BLBP
[5 17. BLBP HfREALIRIT 72

()
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SILTP =ML AR A = BME. &5e, T LBP JiiE, SILTP FiEHHEARE . Hik, H
T LTP X —Vu A 451, FrCOZ 7 vkt 5 —JVa N i R G e i B G vetE . &a, RIEARERS
A1 SILTP 55 e IR AR L B AN AR

4.1.7. Bftt LBP § RAZELE S TEIRA LKA

Liao Z5£[29] \7E 2009 42 tH 1 A% = #8 A #=\(Dominant LBP, DLBP), %775 H —(E# = Il
BB R A ORRR SCHRAE B, 0 UG LA S A e 75 1) UG AT R4 PR R R e 12

R T eI TR EUE I 23 (R 4544, Guo 5[43] AAE 2010 “E4EH 1 H & B =3 — (A A< 2 (Adaptive LBP,
ALBP) ISR o3 T T e 1ZITVESR M T =R E B 7 IR Ge T RRAE s R 77 ) 22 S ISP 35048 . b i 22 Al i
M SR ZE ) B N SR A, AESURER FE 2 RS AR B TR o SRR [44], (BRI SR
Rt —2 o .

BT LBP £ G — 20 TR — A ir 2 HEWSEE LR, TR, RaaFH T LBP ikt
o E— S A5 B, Zhou ZE[14) NARH T3 J& (1 /7 8 — i i 30 (Extended LBP, ELBP), ¥4 — i/
RBTREEFE BANR IR KAEMERAE BRI ANF 75 . ELBP J7 k0 M 75 5 B 1 & ok, fESUB R
U TG A R AOR B 5 Liu SE[A5] N H 109 R 1) JR i — B 15 X (Extended local binary patterns)
WIS A3 2R 57%, %7 T IR EE A 2 5743 I3 H T CI (Centralpixel). NI (Neighbors pixel). RD (Radi-
al-difference). AD (Angular difference) JU ™44 iR F . Khellah 25 [46] A $2 H A & 48 35 45 #4 (Dominant
neighborhood structure, DNS) S 732K A WARGF IR A T LBP A E— S (s 2.

Guo ZE[6]#EH! T Fisher 151 2% 2] i) = 38 —{# £ = (FSC-based learning LBP, FBL-LBP). % Jj %5tz
FT Fisher I 2= SIHESE, NG S LBP 5& M 1 HRIRIG™ SAR 40 R R FBL-LBP fii&
To Ak, Zhang S[471H H ) R B fE B 4 20 (Local energy pattern, LEP) S0 5335 73, LU Zhao %5[48]
P iR AR YRR LBP 18 175 b B ) A8 SO S IR 1T T AN I SE R 45 R .

Qi Z[49) N1E 2015 £E42 H T 2 R E LI = 38 —(E M = (Multi-scale Co-occurrence Local Binary Pattern,
MCLBP) S 4 K T5 1% o %5715 0] LA Rl $E AN FR B (R AR DGR R, S BUE 2 EHRAE & . R,
FET LBP, CLBP 1 MSJ-LBP %5 B A Ja il i b AR VE R TR, MCLBP it BA 4 ey el A2 1
Ryu 5[50 A$RH T —Fhi&E 447 11 7 38 — (i 4% 28 (sorted consecutive local binary pattern, scLBP)#) £ F4)
K TT k. il S A A ORAE R e e AR LI, ScLBP J7vE ] DLREAT 2 25 1) i 8L i
BT il e BT IEARH) LBP X RS, el AA AL AR (A2 T LU BURK, Reza S5 [51) A$EH
TR R LBP ISR M . AEZTTER, WHENMEER S — AN B AR AR AT X T 1R . B
# LBP PR TR V2 N, LBP IE 85 HAth S5k e {1 1k Je

4.2. AMRZHGUEHRY LBP T RS

B LBP J Y PR CR R BEAN 2 N, 7F 78 3 A1 DR FL N P B N R 4, [RIRE B ERAG 1
HAERIBOR . LTRSS R R AR AR sk b 82 82 BB 52 /6 LBP 97 7 34T A i Ay
e

4.2.1. Uk EE_EER (Improved Local Binary Patterns, ILBP)
NNGE LBP R4, Jin SE[10] AN H T itk i) J 38 — {5 (Improved Local Binary Patterns,
ILBP). ZEL G T RAIRMEE G S, HXDCEA i B &bt 9 A HiEdl B mrt &k T

ILBP(x,,y,)=>_s(i, —i,)-2"

n=0

8
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Hrr, i WA KA .

BfiJ5, Qian Tao A Raymond Veldhuis [52]i34 8 ARSI AH 55 AL EE 3 H X6 B BRAE AL I TR AL 1 =)
i — {45 3% (Simplified Local Binary Pattern, SLBP). 1% /725 Y68 (A0 4b B8 B pe ik, b 20 ol 9481k
UK. X 3x3 AR, GRS A A 256 K KFEARA 9. SLBP TS /5240

SLBP(x,,y,)= Y s(i, ~i,) 1
n=0
4.2.2. FEEpLktE — (&K (Local Line Binary Patterns, LLBP)

Petpon Z5[53) A3 H T /B #B 2k —fE M0 (Local Line Binary Patterns, LLBP) [ A 20 #7 5 1R 51 51 .
27 I8 I R R PR R T AN kA RS T B R s T G A, [ R o R R S
FRERIR T, RORBEC Tt E . HgmigTr Ll 18 pos.

LLBP JyiFid it K- 8Tk B 5 [l SRR 26 Pk RS, HBhERREGRE AL, %k, A%,
LLBP $#id 76 N6 BEIUE A i B2 451 L K] 19,

4.2.3. Fub—{E+# 5 (Centralized Binary Patterns, CBP)

Fu 25[54) A T 2008 4F#2 v 0> —{# 52X (Centralized Binary Patterns, CBP), %771 B A L FHi#: 1)
T I OGS 0T LG ABIEAE PR T BT B 4ER, 2) 58 T OB R AU, SRS R R BRI
H, fEm DB RIHE 77, 3) i B IE LBP HBIAF 5 BB AR 1 e A ek A EUR B2 o TR
EIR

(M/2)-1 1 -
CBP(M,R)= nz‘a s(gm_gm+(M/2) +s[gc_m(zgm gcjjz
1 |x=cC e .
b s(x)=| o CRRIER. CBP (8,L) 144 /5138 LIl 20.
0, <C

N T RS BGOSR & PE, Wang 25[55] A\ K 5 1 RK K R 25 (image Euclidean distance,
IMED)itk A £ CBP H1, SEBG 1% 7 VA UE B AT LASR i A 2 15 U3 R RICR

4.2.4. EBEPENAER (Local Quantized Patterns, LQP)

Hussain Z5[24] A1E 2012 F4 H 53 b 20 (Local Quantized Patterns, LQP). 1% J5 i [l Xt 2 4~ R
JE ERARIR R G kR, AR E R A R T R AT K BTSSRI R RO E
NEF R, P EEwmIY. HARE T R AR LA 21,

425 ZBHRBIW_E#ER (Three-Patch LBP, TP-LBP)

Wolf Z5[56] A4 HY T = BEH = 38 — (i #5350 (Three-Patch LBP, TPLBP) I AR BRI 23 b7 807732 %05
EIE I e = AN B B R P2 A —AME, RE R 2 ARG g E . X TREENMEER S, BOsrET(a
RIS WX W I BEER, 7R r B350 40 S NBEE, DiAEBET o i—X B, Rk eils
HROBEER A E AT A

TP-LBP T 750 T -

S .
TPLBP, .. (p)=> f (d (Ci.C, )= d(Crryimoss ,cp)).z.
i=1
Horf, £ (x)= {(1) 'ffi T, oC, RIS, CAIC,, REFA EMFEAB, d() RFAREE
TR A R R . Hogmid oy R & 22 Fos .

)
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=()+@1+2+8)=12

1 '8
______ 1 -]
1 P4
Hadadas | i |
1 2
i1 i1}
LDl =@+4+2+1)+(0)=15
o i1}
iod i2%
iod 148
bdaay | !—}_
0 ‘8

Figure 18. Computation process of LLBP operator with line length 9 pixels,8 bits considered
E 18 KERINMEES, 8K LLBP IHEIIE

Figure 19. Application example of face image processed by LLBP operator with line length 9
pixels: (a) is original image; (b) and (c) are LLBP along with horizontal and vertical direction;
and (d) is its magnitude

19. KER 9 MEERH LLBP R FEANREGRTHNRALF: @FRBER; (b)F(c)

DHEBEKEMEESER LLBP; (d)EEER

\-..e,.-"

94

%
9 /""8"‘\.\@\ 0
Y O %
Os \®\ ﬁ Os

CBP(8,1) = s(gy — 24)2° +
8(0; — 9s)2 +5(9, — 96)22 +
s(g; — 97)23 + (9, — 97)2%

Or=(9 + 9 +... + 97 + 9)/9

Figure 20. The calculating principle of CBP(8, 1)
20. CBP(8, 1)1+ H R
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Code | Codebook map
0 23

45

12

105

12

23

76

ool Al Wl O]~

Figure 21. Feature computation process of LQP ( Disk?)

 21. LQP HI4EITE i3 #2( Disk? )

#: w TPLBP, 4,(p) =
T T w (ACo €y~ d(Co 20+

a f(d(C,, C,) —d(Cs, C))2t +

A r f(d(C,, Cp) — d(Cy, C,))22 +
:H: A :H: f(d(Cs, C,) — d(Cs, C,)2° +
i f(d(C, C,) — d(Cq, C)2% +
:H: :H: f(d(Cs, Cp) — d(Cy, C,))2° +
' :H: f(d(Cq, C;) — d(Co, C,))25 +

f(d(C,, C,) —d(Cy, C)2
(@ (b)

Figure 22. The coding modes of TP-LBP (a) with ¢ =2,S =8

(b) with @ =2,S=8w=3

E 22. TP-LBP MI%HMBH R () H a=25=8 (b) 2K

a=2,S=8w=3

4.2.6. TUBHREEB_{E4ZX (Four-Patch LBP, FP-LBP)

Y PR A DU BEH R B Al AR R [56] (Four-Patch LBP, FP-LBP), *f T B HIEMEE L, EBCER )
SN G A, FIPRANEER, RIS EX 500 S ANBEER, BEHUR/NEIX WX W o 7E N AR 4 A B T
AU RRIOBEER, DL A2 o B — X B, FP-LB 873k T -

s/2 )
FPLBPrl,rz,S,w,a ( p) = 2—1: f (d (Cl,i ’Cz,i+amods )_ d (Cl,i+S/2 ' CZ,i+S/2+amodS )) 2

Hogmtd 7 i 23 Frax.
¥ TP-LBP 1 FP-LBP Piff 7715437 N A 2 —sk ARG B, AR 24,

4.27. Bt LBP ¥ RAZEEARIRZSKRU LKA

Maturana ZE[57] AR T 3 T v 5B 7 5 &6 — {8 45 2 (Decision tree-based local binary patterns,
DT-LBP). {REZIIEMRERA M 2, & — 2085 AE 5 A Bl U8R R A EEE A, ik
PR R AE R TSR R Al EAAURIIRE, ke, ERAMERE, B3NS —E, ¥ IE
PR BT A 1RO, B BT A 0 FoR. XEiaE DT-LBP. 77 K KBRK 1 vH S ER 1

YERZ
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FPLBPrl,rz,s,m(p) =

f(d(Cyq) Cy) —d(Cyy, Co))2° +
f(d(Cyyy Cp) —d(Cys, Cop))2t +
f(d(Cyp Cp) —d(Cyg, C7))22 +
f(d(Cyg Cpy) = d(Cyy, Cpg))23

() ()

Figure 23. The coding modes of FP-LBP (a) with « =1; (b) with @ =1S =8,w=3
23. FP-LBP HU%RA3 7 (a) E¥a =1 (b) EHa=1S=8w=3

Figure 24. Examples of TP-LBP and FP-LBP with facial image
[ 24. TP-LBP #1 FP-LBP 7E AR E 18 _EAI5IF

Chan Z5[58] N4t 1 2k T 2 ik Bt R 6 — {1 X (Multispectral local binary pattern) () 2k 4 3 53] 43 41
(Linear discriminant analysis, LDA) I AR 3 ik . % ESel B NR-RGIA—W, HE8H0 R4
ARSI, 733 LBP BT, SREEEGERME AR IIRHER A LDA 78145 2] 5 2 (1) Nl
ARFF. Chan Z5[59)% N2 T 2 R IR 3 — E 4 (Multi-scale local binary pattern).

Lahdenoja %5 [60]38 ik ¥ gt — 52 Qb A A AW RRRFIE A A 21— 2%, BT LBP RS MK E.
Zhang (61142 H T m B e R 27 A R i S 2k =X (Local derivative pattern, LDP) ) ARG iR /7% . Chao
ZE[62) NI T —Fhi s R 15 10 JR 5B — B 5 28 (expression-specific local binary pattern, es-LBP) A iR 51
Hiko

Yan Z5[63) N4 ! T J#B4H & —{# (Locally assembled binary, LAB)K] Haar 454 . 1% J7iEHr, % Haar
A I RFEEAT B AL, SRS LBP RRAELH & BOHT IRHE , DRI e HE AR A0 B A & #5614 - Radhey %5[64]
N T — R R 5 38— #i2(Augmented Local Binary Pattern, ALBP) I AR 7. 1% 7V 2%
HiKe SR 1) — B AN JE— SO A 45 & o SEH — BB S 20 A SUE AR JE— B, S5 FAI4R
B — B 4 SRR R A IME RIS B

4.3. Rt RSUSFHY LBP # R %

LBP N HA e Jr ik AMXAE S A i it AR S b A 12 B, 3R T R RO,
1M B SR o S T AN s R B R AR . R U C 55 40

DU KA 48 T LRI D1 At B FH 5Tk 1Y) LBP 47 J@ U7 V%

Loris %%[31] [65] A\ 42 T %EfH () —{# #: 5 (Elongated Binary Pattern, ELBP). ZE i ) = {f # 2,
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(Elongated Ternary Pattern, ELTP). ZEf#i [ 7L {5 #% = (Elongated Quinary Pattern, EQP)ff A2 175 15U Al 4
Wi 5%, fEBES UGB TS 2] 7T 2 N A o I 285 1008 ik AN [R SRSk S R A Joy 35 4 88 R 2%
SRS T ARARAT, IR AR ) L RGP AT T A e P TR0 A3 R AR TR 23 BT 28R

Trefny Z5[66] A$2H T #8538 —{f 2 (Transition LBP, tLBP)1J5 [ /7 &5 g #¥ 3\ (Direction LBP,
dLBP) AR T, D H R BPR AR 4tk b o 78 UIUC VR0 e o psc il b AR T v A
DK -

Mu ZE[67) K LBP ¥ Je s U8 FH 24T Akl , 2 1735 SR —fE A X (Semantic-LBP, S-LBP)
A L J 3 B A% X (Fourier-LBP, F-LBP)BIANMiIA 7, FF7E INRIA 7 NEHE [68] ik 47 K&,
4G T ANES ISR BeiR . Horpr, S-LBP IR Tk 1 LBP RFAE 1) & 1 547 fifs 25 18] KR A Gml vk Ron
B SURFE R 6], T F-LBP 3R Tk 51 NS LBP th, ik 7 AN [E S 3B B A R R 22, H50E 46
EECE

BeAh, Zhao F[69] Nt 1 RBUR#E (A (Volume LBP, VLBP) M Jaj il — B #5221 = 4k 1E 221 1
(LBP three orthogonal planes, LBP-TOP) /M1, K F s h i 8 FH B e 17511 A 413k . - Kellokumpu
ZE[701-[72) N K LBP 47 F 5 387 FH 1) 35 R R0 25 1R A Al o, JR AR T 88 =i Rl 2% . Costa 55 73]
No¥s LBP 4 JE A 08 F 21 SR AL 4 2001

5. th5R%

HHT, LBP CA&KEBNEA B SRS —HA BRSSO %, R8RS 5%,
NIRRT B2 22 UG AL B A5 v LA S A3 S T AR B AL, A R AR T
T LBP B R, B nT AR RS, SO BT R BUE A TS R AT R R

et Bih LBP By R A — A E B by, RUZSRIEECH SREFIER bin ANV, B
IRUFMITF AR . 5 1 JB/R THA LBP J¢ LTP ik FAEAFUE T bin £k, vJLIHEEH LBP
F o e

THE SR BT S LBP &Y A R — A bnitE . $EHURHIER, RS ELRUETHE RS, 5T
TR, XFERAR SIS R SR N, Ty SRR R 4 Fl, 2 2 45 T B LBP
Je B4y SR AR U S A 2

S AR AN A [R5t 17 S AR AR A A 3R - IO AS 2% A o % A1) PR A P R T BB AR A7 P 3l A [
F R X 45K, X6 A [ A0 A0 PR X 5 2 A 5 3 1 X 90 P o A AR 1 2 A 455 T L AR AR AL AR AR RTS8 1
fRUR T A — 3 S AE AN R E RR AR LA AR 3 R () (). 5 3 45 H T BE A LBP RN 40 Jay 0 i AR F0 A A8 i 1
HIVERI 32

TEACEE 2 53 345 LBP [n @, Raja Z&[74192H 1 2 REEIESEM R E8 M 4F1E(Multiscale selected local
binary features, MSLBF). %775 AU1E$RA5 R SR [FIFE R/ INPRHIE T 4 BEAS BIAS e I SL I 45 3. 7E
WH9E LBP 2 R[S, He SF[75142H 1 2 Judh 4 i) /it (A8 (Multi-structure LBP, MSLBP). 1%7J7
TRAE G & 23 TR AR T 25 10 [F) PR (RO R/ N G5 A6 85 1) [ P P 2 DR 8 A R 35 ) S P PR e K 4 o

S8 PG e B LA B M S FR R, Fathi S5 [76]32 HE T MRS 28 I SR (B S 2 (Noise tolerant local
binary pattern, NTLBP){JSCHE 3 Hr J7 iR AL EE LBP i e 7= fURK R i) . Ahonen 257716 E 7  (Soft
histograms) 5| \ LBP (ISR #r 77k, $m LBP Xt MG T 4b Az e . th4b, lakovidis Z5[78]H
IR FHERNE RS LBP 4s G i TR R (B8 X (Fuzzy LBP, FLBP), H-7 i /5 G A58 k15
TR RBR . & 4 fa i HAbY T E MY 7 AR A, DL A%y v B Bk B A B AL

R
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Table 1. Comparing the number of bins of basic LBP and LTP operators
72 1. AKX LBP & LTP #id FEARRRET bin AL

(P.R)
7k R 1 R 2 R 3 R 4 R 5
8,1 (16, 2) (24, 3) (32, 4) (40, 5)
LBP,, 256 65,536 1,677,216 2% 2%
LBP", 36 4116 69,952 (EPN RK
LBP" 59 243 555 995 1563
LBR"* 10 18 26 42 106
LTP,, 6561 43,046,721 PN SN SN
ULBP,, LLBP,, 256 65,536 1,677,216 2% 24
ULBP‘2, LLBP* 59 243 555 995 1563
LTP,, ULEPry 512 131,072 3,354,432 2% 24
LLBP,,

Table 2. Computation complexity classification of basic LBP and several local image descriptors

3= 2. HK LBP REHD BEMEA TR EERE N

fiK e =0
HAR LBP Y
CS-LBP Y
RIFF Y
CARD Y
SIFT Y
WLD Y
Table 3. Invariance and distinctiveness classification of basic LBP and local image descriptors
3z 3. £ LBP KERS EEM AT AN T M ROl 1 43 2
LM IEA AR BRI R 2 M IR A TR AN AR Hem
FA LBP Y Y o
CS-LBP Y Y =
RIFF Y Y 2l
SIFT. SURF Y [
WLD. HOG Y {8
Table 4. The application areas and effect of several extension methods
= 4. BRH RT3 VAR B AR s R F IR R R
TiVETR 455 SCHR I M S FH 4 REIRCER
Local Edge Patterns LEP [79] FETF ARG S5 PAERAE e T N W S T URR A
Median Binary Patterns MBP [28] HFHME LN T N W 7 T URR A
Bayesian Local Binary Patterns BLBP [41] ESELY 0
Adaptive LBP ALBP [43] FET WA (EEIES Rm e A
LBP variance LBPV [42] e VIS
Monogenic-LBP M-LBP [80] el e
Completed LBP CLBP [5] E SRS e (IELEEN

Dominant Local Binary Patterns DLBP [29] Fe TR B S ) 25 L TIES

TR A e e A P
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Table 5. The list of LBP improved methods and its application area
72 5. LBP ¥ R A AT IR E R A i,

e JI AR
THALFE Local Gabor Binary Patterns
Preprocessing chain
Haar-LBP
RISC A | Heat Kernel Local Binary Pattern
Elliptical Binary Patterns
Elongated Quinary Patterns
Local Line Binary Patterns
Three-Patch Local Binary Patterns
Four-Patch Local Binary Patterns
(L Improved LBP
Local Ternary Patterns
Elongated Quinary Patterns
Elongated Ternary Patterns
Soft/Fuzzy Local Binary Patterns
Scale Invariant Local Ternary Pattern
Transition coded LBP
Direction coded LBP
Centralized binary patterns
Semantic Local Binary Patterns
Fourier Local Binary Patterns
Local Derivative Patterns
EINLEZ 2N Gaussian filtering
Multiscale Block LBP
Pyramid-based multi structure LBP
Sparse multiscale LBP
Multiresolution uniform patterns
TR A NE Adaptive LBP
LBP variance
Monogenic-LBP
RN ERSS 3D histograms of LBP
Opponent color LBP
Multiscale color LBPs

Color vector LBP

ZAFER A LBP and Gabor
HOG-LBP
HOG-LBP-LTP

%5
LGBP

HKLBP
EBP
EQP
LLBP
TPLBP
FPLBP
ILBP
LTP
EQP
RLTP

SILTP
tLBP
dLBP
CBP
S-LBP
F-LBP
LDP

MB-LBP

ALBP
LBPV
M-LBP

SCHR
[34]
(81]
[79]
(82]
(83]
[65]
(53]
(56]
[56]
[10]
(31]
[65]
(31]
[771[78]
[44]
[66]
[66]
(54]
[67]
[67]
[66]
(84]
(32]
[79]
[76]
[71]
[43]
(28]
[42]
[]
(85]
(86]
(87]
(88]
(89]
(88]

N FH 4
NIR
NIR
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6. AR

RICLFR T HA LBP KAy fetbial, il HAl R R T AR . TR W) Ak
fEF YR, UM T LBP fiid T ELR TR, TR, FHAEFEARYE, 5T SEhR MRS .
BRAh, ARSCRES TN LBP 4 AR 2 B AR P AT, 8 Wk 708 PR Aot 27 P 2 i 1 FH Vi
HAT, LBP Celifs T RZ MWt FUR, FFAESUE /) FAN N R B A5 2 1 iz IR A I 5T, R A
WREZEE D $RE0RM. Zhas HAril. AR B T AL SRS I TR TG S8 Pr AR
HHZE R ARG, AT EAE B AL AW AT, DUEA IR, 2D LBP U
L2 N . LBP 4 AR G 2B SRR T 1A

1) 4RELIESE LBP JIiEX e AR MR S T PR & bRt . ANEAESC T, R AR BB
LBP Xt HEASAL A 5 TP IC UK . — SBORUF AR B R PT LA 5 LBP X BEAE 75 () B b, (2
] DA e HAt T 25— v LBP XHOBIRAZ (AN A T3 & e VA 1t — P B g

2) ZRTHEREAA . HS3EA LBP i H A BAMER) R IR T, DA sRRIE S ARG
AR R R R IE IR T 5 LBP A4S &, AU BRI RACR, M HiE 24k LBP M. 3
HEHA LBP TAMUA BAFHE R IRAW T — A T7 1A

3) WRIEH T 2R RMERER LBP Jivk. Hil QLA 2 &M T AF SRR IEERK LBP F#1LHE
BTk, BREBAHAEM AT LBP ¥ ARG T I E XM R, AT B R —E R
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. BB,
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