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Abstract: Aiming at the problem of traditional methods relying too much on local features and
neglecting global features in texture classification, we proposed a feature extraction method based on
the combination of local and non-local patterns. The method integrated two algorithms: local phase
quantization and non-local binary patterns. Firstly, two algorithms were used to extract feature from
the preprocessed image separately. Secondly, the feature histograms of the two methods were
weighted and fused. Finally, texture classification was performed by using the chi-square distance and
the nearest neighbor classifier. In order to validate the effectiveness of the proposed method, a dataset
of Manchu Eight Banners flag images was constructed, and the algorithm was applied to the
classification task of the dataset. Experimental results show that, compared to single algorithm, the
new algorithm has higher classification accuracy and robustness on multiple datasets.
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Fig. 8 Comparison results of classification accuracy between two modes under different scale layouts
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Table 2 Classification accuracy of two algorithms with different weights
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Table 3 Classification accuracy of different algorithms with different weights %
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Fig. 9 Comparison of average classification accuracy between LBNLBP algorithm and single feature on four datasets
R4 FEEEEHEE TCI0 LHYXBE

Table 4 Classification accuracy of different algorithms on TC10 dataset

OrIHEEE %

L

NLBP, ., LBNLBP

14345

Bk SR RE) Y Bk G BREEE/ Y
LBpLe2] 85.13 CLEBP_S/M/C/ER 98. 44
SLGP 97.79 Xception'?! 53.54

ENRLBP 93. 31 DenseNet!?"] 84.76
CLEBP_S_M/C/EM 97.81 LBNLBP 99. 09

x5 FARAEEAEHIESE KTH-TIPS LR S EBEE
Table 5§ Classification accuracy of different algorithms on KTH-TIPS dataset

GRS IYENEE % GR7S IYHENEE %
CNNEze 93.08 CGRI-LBP™" 93.08
T-CNNF™ 96.57 Canny-+CNN1 96. 05
Gober!?* 91.48 Xception'?" 74,92
Prewitt+ CNN? 95.61 DenseNet!? 83.51
Sobel4-CNN 93. 86 LBNLBP 97. 68

F6 AEEEEHESE UMD LW RBE

Table 6 Classification accuracy of different algorithms on UMD dataset

Bk Gy HREEE/ % Bk Gy BREEE/ Y
LBPpLe20] 93. 14 LNIP 89.58
T-CNNH™ 93.56 Xceptiont! 89.16
Gober? 67.16 DenseNet!?" 98.12
LNDP! 90. 42 LBNLBP 96. 10

£7 AEEEEHEE CURT LN KEE

Table 7 Classification accuracy of different algorithms on CUReT dataset

Hk ITENEIE Y% RV ITENEE %
LBPpLe2o] 93. 69 CRDPpg31] 95. 74
T-CNN™ 97.10 LDENP. 69. 26
Gober?*] 94. 89 ENRLBP? 92.17
1LQP 91.03 LBNLBP 96. 27

SR AR, B XN [F BCHE AR, A R AR | H W A RS A B2, LBNLBP Bk AE
AN HEERE EARTRIAE T 02O ES) T 8. 3 8 L. LBNLBP 5 k7 £l 4 TC10 il
Zirh, MA N 8 2 WAl B RS, 1 s 1 B4R E T 0. 42 AN 40 A R 4E UMD 195256
H, YA BRI L N 7 2 3 IF, RS BRI E] 96, 10%, W T A AT H R B9 45 R i 7R %L
i CUReT FAERE LN 1 s 1 ATk e 20 2SS 2. K1 10 29 LBNLBP Bk 76 A R AL T 13

I N B LA
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#8 LBNLBP HEHEINNHEHBELAANETHENSLBE
Table 8 Average classification accuracy of LBNLBP algorithm under different weights on four public datasets %

R 15 b pIGRES

(LPQ : NLBP) TC10 KTH-TIPS UMD CUReT
1:9 97.39 95.75 95.32 95.02
2:8 97.77 96. 42 95.61 95.54
3+7 98. 09 96. 88 95. 82 95.93
4:6 98. 42 97.11 95.98 96. 17
55 98. 67 97.42 95.99 96. 27
64 98. 87 97.49 95.97 96. 21
7:3 99. 05 97.62 96. 10 96. 10
8§:2 99.09 97.67 95.92 95.73
9:1 98.92 97.68 96. 04 95.09

4.2.2 BeREELHNLHER
CRNL, G0 3 D R REE, KR LRAE gp  IECTIPS
TE H At B € 23 [A] 509 HSV B4, 23 7] & RGB

Bz W5 Fh R . MG D R S
(SYRIBIEE (V)3 A4 by . 8 R A 2 i F . & 963

QUM ER 2 AR AR . fE B 48 KTH-TIPS s
3K RGB R BI% @I, A 10 R, W,
AL 6 R 30 325 ) T, SCHA L 3  BL R4S 4 e

AL, AFE G AR PR FIR SR FBLIE &g 1o LpNLBP 557 7R MALEE T 0 295 200 2 b
575[% . X g B ﬁ’ 2 AR EIJ 'E %5 A {JE@'& 1E 1Y 52 Wi, Fig. 10 Comparison of average classification accuracy of
Horp, Wl HSV gifzs i\, WK RGB Zif LBNLBP algorithm under different weights

2 WA HSV Bl as ], Scon s R W], (M HSV B 2 1] 73 280 BE AU 31, 6400, PG, AL
INEAESCR B RAR S5 b, (1 RGB B 23 [0 5 06 . RS 4 oA e SO BRARAIE 38 s PR R 20 2 1O o
B PE T RE.

1:9 2:8 3:74:65:56:4 7:3 8:2 9:1

(A) RGBJI % (B) HSVIA&
11 LBNLBP EEEARE & = 6 5 E E K

Fig. 11 Texture images of LBNLBP algorithm in different color spaces

e KTH-TIPS 3405 810 sk MR, 43K ER A RS 200 X200, FEEA AR R ST T

Rt BARMLAE 3 FhAS D IR 20 PR A 3 PR [ BE &% f0 E F b AT R 4R S b, A4S0 b AL
Hel 40 SR IEMREAT ISR, F AR KB TIHA. Bdi e KTH-TIPS-2b 4045 11 2638 4 752 sk KR, 42
FUREREL SR . B A B A28k, B 2 376 SkAENIIZREE, 2 376 TkAE Rt 4E.

TER AL ESE KTH-TIPS X LPQ 1 NLBP 2 b 47525, &1 %F 7 6] ROEE 47 003k, $de
£ KTH-TIPS A 810 3k R~ 200 X200 BIZ A EM% . Fekl43°8 10 2. S ZREEPLEC 40 58A4E MU ZR4E
FIAR TR, LRERI TR o, OFLREXREERE =1, RESAKE P=8, &40 K/
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winSize=3 B N FHATRAESEE; QFRINTERME 4 r=3, RFESE P=24, % 1 K/ winSize=7
M ROBE T HEATARME R I O F/RIERARNAR r=5, RHESE P=24, & 0K/ winSize=11 (RE T
AT FRIE SR DFRIRAT 3 FhAf Jmy 3% &

R 4MGERTAREENSEREE

Table 9 Classification accuracy of different algorithms under four layouts %
Bk i 18 O &) ® @
LPQ R 94.69 95.12 94. 83 97.09
G 94. 31 94.93 95. 67 96. 94
B 94. 39 92.92 92. 26 96. 77
RGB 95.52 95.76 96. 22 97.29
NLBP R 86. 31 90. 96 90. 35 92.24
G 87.03 91.57 91. 34 92.93
B 84. 67 90. 62 90. 52 92.03
RGB 89.02 93.46 93.23 94. 37
LBNLBP R 94. 33 95. 20 94. 97 96. 58
G 95.18 96. 04 95. 84 97. 44
B 94. 81 95.42 94.72 96.61
RGB 95.78 96. 57 96. 33 97.69

i€ 0 AT UL, 7E LPQ BT i ) 45 o 151 €5 3 3 A PR
B ROBE R, 4 KK WY B 92.26% ~ 96 @
95.67%. BAR AOK NLBP BEAEZMA R T4 <9
HMEART 90 % 5h HoAb A R T 940 HME AT = g
0L L. TER— R BT, PEMEREEY =%
84.67%6~96.57% s MAEL REHRPERFIT, 732K 82

1

K JEE (O FRHR 5 & 92, 03 %0 ~97. 69%. LR &SR 78
W1, 2R SGEE— A5 4R 85 4 3 LPONE B R Gy
6 12 o 4 Bl R TR R IR B4 KTH- FENLBRSR
TIPS L4323 RiBE e, lal 12 W0, e (A 12 4MERTAREREMNRE
BREE S LBNLBP 5 A IR 4 19 73 28808, M KTH-TIPS b5 K48 E L&
[T — B AEZNEREEN P AR IR,  Fig. 12 Comparison of classification accuracy of different
S ﬁﬁ%ﬁ;ﬁ@g;ﬁﬁ% 4% KTH-TIPS-2b I 194y algorithms on KTH-TIPS dataset under four layouts
FHEES T 10, 3R 10 T, RSO TR BE L.
® 10 TEEZEHIESE KTH-TIPS2-b L4 KA
Table 10 Classification accuracy of different algorithms on KTH-TIPS2-b dataset
Bk IrRTEE/ 7S IrERTEE/ U
LBP+LCCH 95.9 CELBP* 96. 2
CLBP™ 97.9 LIOPHY 44.5
LCVBPH! 97.6 LGONBPM 94.5
MRELBPH# 98.1 LBNLBP 98.4

4.2.3 WERNEERBEEE EHNZHRER

TEZRIESE B A2 AR 4 BIBE ML L B 20,45,70,95,120, 140 sk R T4, 4
FIGT TR, R, DINZR 8 808 20 51 160,360,560,760,960,1 120 5K MR, T A 3007 vk &2 1E
#F LGONBP i £ 19 NLBP S0k 0 L fili L1747 8, D fE i B 45 b, 3 0 LR T ik i 1
AE. % T LGONBP Bk R R, 10E F T K BE EUR , ABTEA SO AT 7 40 e ik, o 07
TR ASCRER. 0 5ER O RRN 3 A8 PR IBCRAE . 5K 2R IE 2 1T A, a2k,
e\ T R R 4 R TRIBE 38 0 R 29 138 11, 36 11 JB/R T R G W ik 8% (L 808 4y
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FAL 5 Ly PERE.
F11 HHRNEEGEEELRAREENFEHSLEE
Table 11 Average classification accuracy of different algorithms on Manchu Eight Banners image dataset %

; b he e b YIZEH /5K
ok s 160 360 560 760 960 1120
LPQ RGB 47,25 58.49 65.13 69.42 72.51 74.56
LGONBP RGB 50. 04 66. 39 71.82 75.33 77.73 79.37
LBNLBP A =5 (] 56.78 66. 98 71.98 75.13 77.49 78. 88
LBNLBP RGB 73.68 85.91 90. 49 92. 86 94.72 95.51

iy 10 AT UL R /AU PR M B R (6 PR A0 B P (A B SRR B
76 RGB 7 ] 1 AT REAF LI AE. TR . o e /A TECTAEI P 4 0 53 K o 4 0% 0 P4 047 00 403
I3E 6 5 R A I S T BT O L0 257 . 9 o W 0L P42 43 26 R0 90 O PR 4 58 52 0 SRl
I i T 4 R X T B 5 % i — 3 0 0 e .

Fh 2 0 5 SR T AL 7 D R PR R M S L U ZRFER O 1 120 3K AT, LBNLBP %3 10 -
SRAHRERS 95.51% « BT ARSI, IF FLBARS VI 255 o PRI B 2 . AT 57 0 1714 4 2 46 i 401 b
2R SR ILBE LBNLBP A B 95 75 W B/ ME HE 0 1 4 KO S 1 09 40 2 e B0, W T A
LBNLBP 51 1 41 % fl 7 4.

G TR L AR SO AE T o R L R MR O 5 A R R AR S A, WA TR R
S G AR A B B0 A SCHE o 3 A A R AR il 4R e T — B 2 R AT T 0
LBNLBP. 75 0 J 4 36 HCHE 4 AR (0 SE RO S F 07 T WK 025 5 6 1 7 ST & 7 o 7 I
PR R (PR 52 20T 45 o HL A0 M0 I 14 8 0 T 00 F 30— (F S0 s 1 55 58 9 7 9 i
75 SCIARAE BRI {240 7 T 0045 2
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