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Texture Image Classification with Noise-Tolerant Local Binary Pattern
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Abstract The local binary pattern (LBP) is a simple and effective texture descriptor. However, it is
very sensitive to image noise. To deal with this problem, we propose an efficient texture feature
named noise-tolerant complete enhanced local binary pattern (CELBP"") to enhance the discriminant
ability against the noisy texture images. Derived from the local binary pattern, CELBP™! is robust to
illumination, rotation and noise. Its feature extraction process involves the following three steps.
First, different patterns in LBP are reclassified to form an enhanced LBP (ELBP) based on their
structures and frequencies. Then, in order to describe the local feature completely and sufficiently,
the difference of modulus value and center pixel information is added to ELBP to develop a complete
ELBP feature, named CELBP. Meanwhile, the adaptive threshold of CELBP is determined by the
image size. Finally, CELBP"" is proposed by using the favorable characteristics of multi-scale analysis
on CELBP. The features are evaluated on the popular Outex database with different intensity and
different types of noise. Extensive experimental results show that CELBP"T not only demonstrates
better performance to a number of state-of-the-art LLBP variants under no-noise condition, but also
effectively improves the performance of texture classification containing noise due to its high

robustness and distinctiveness.

Key words local binary pattern (LBP); image noise; texture image classification; feature extraction;

multi-scale analysis
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Fig. 1 The flowchart of the proposed CELBP',
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Fig. 2 The LBP encoding scheme.
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Fig. 3 The texture primitives in the proposed enhanced
LBP.
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Fig. 4 The proposed CELBP encoding scheme.
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Fig. 5 The scheme of the proposed CELBP.
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Fig. 6 Image down-sampling process in the proposed
CELBPN',
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Table 1 The Size of the Texture Outex Database Used in the

Experiments

&1 SLBR AR Outex LLIEEIEEMIE

Outex Database Information TC10 TC12_000 TC12_001

Image Rotation N N/ N
Illumination Variation X N4 Ni
Texture Classes 24 24 24
Samples per Class 180 200 200
Samples in Total 4320 4800 4 800
Training Samples per Class 20 20 20
Test Samples per Class 160 180 180

“ 7 stands for “contain” and “ X" stands for “not contain”.

Bk T T ELBP 45 GE 104 2O 4 L
5 LBP 445 fE JA7 I % 2 B, JEop LBPee

e R A 1) Gt — J&y i — (A O J& 78 ULBP 3%
Ty 358 o0 5 e S AR Mk 22 JE B B R AE. T LLE
ELBP # LBP B4 2B T+ T2 20% . 3 ULBP
2 RE SR T T 20 18 %0, PR AE 4R TH A9 £ 22 R K 78
F ELBP X} LBP #55X r ) 30 A 20 458 =5 9 A5 2l 47
SIHT S BEAR T AR SR B A AR /N B — S A5 2]
Ay RS L % ULBP 418 1 45 4iF 45 5K 30 17
TR B T R A A, BEAh, 5 LBP™ M,
ELBP PEREZF MR TF T 2. 49%,3. 71%,3. 89 % , ik
— UL T RRIEAE 2 O/ 1 AR A T 4 AR
Xof AR AIE )P BB A 55 R A R ).

Table 2 Classification Accuracies of ELBP with Several LBP

Variances
2 FTiIR ELBP 5 Hfth LBP it B XM D X EBERILE
%
Method TC10 TC12_000 TC12_001
LBPL 51.48 54.67 56. 48
ULBPL! 53. 69 56. 04 58. 31
LBPrivz [15] 84. 81 65. 46 63.68
ELBP 86. 32 69.17 67.57

HK R T84 S g CELBP fit CELBPY
(A R 43 I AE < T W 75 WS IS (] ik 3 AR MR
AR AN [) i 2 v i M P 3 i 100 T R A
REMEATI , N 3~5 frn. H Al IA M S0 8
IR E A T oREN & AR RBE IR
FAREE AR AL, R & B & A MRS 1 B AR S0 ER
B4 . H AT LBP Sk i 5800 X0 R AE e e 7S e ) 1Y
D3R4 2 N A M0 v 57 1 R 7l R P R i 4 7
IR SRR X 2 R R L [ AR EMR (35 g
PG v i Ay i DL 1% e s A AL AT g A S i W 7
IR G B Y. Ry I, AR S B TR AR [ R 1Y
APCER: M 7 R ey 7 M 7 Y0 T 8 0 o R 75 ) e

3T MRS LT AR S T $ CELBP i
CELBPV 8 vk 5 LBP™ % | LTP (Ja) 3B = A =),
LBPV;, 2 P K CLBP_SC_MC ##1F iy [ 4 45 5. i
3 EE T DL A LBP L, LTP, LBPVYY, ,
CELBP 42 ERE /0 4R T+ T 29 21040,25%,2%
Ut B CELBP 5 H A 5 15 AH Eb 58 08 35 21 57 45 1) 73 28
g, 5 CLBP_SC_MC M b . CELBP 44 25 1 fig
Iy ERTE T 0.21%,2.92%.3. 61% . Ul WA e B & 1
() 15 {5 6E 9% 48 T+ 535 09 1 BB, 59 4, CELBPY 4%
CELBP (PERE A AT+ T 2. 5%,5. 97%,3. 99%,
Ui B 22 RUBE B SRR AR 28 78 1T 4R A5 B8 & 1 4 2 Mg (R
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Table 3 Classification Accuracies of Each Algotithm without
Image Noise

RI ERFBATALREBEHILR %

F%%u—,%‘/ﬁ;ﬁu;%fm 16} Arﬂﬁi‘ﬁ ?%j’%ﬁg ﬁ% My v f@ i{ /H\ &8 Method TC_10 TC12_000  TC12_001
o 7N TN TN BLER MR PSR O3 A % R 5 Var RN IR N LBP™ H¥) 81.81 6546 63.68
TR K7 % I Var =0, 01 3675 4 PR VS i 44 L 05 ense
{ﬁﬂﬂ 0. 7\:7 % jj 0. 01 E/‘J r%— ,ﬂ;ﬁ' I];Té FJE' %:z 6 é{ﬁ\ W LBPV3, [20] 95. 26 91. 31 85. 04
CELBPNTE %/[ ﬁﬁ 25w /E\‘ ﬁ *}T l];"?g % ﬁl[:j jj {1 fﬁ T CLBP_SC_MCl7] 95.62 86. 64 88.51
LESP EI':] Ltiﬁf% ,,ﬁ\:qj,SNR %%ﬁﬁ@f?ﬁ@?ﬂ[]%} CELBPM 95.83 89. 56 92.12
,ﬂﬁu}%#}-‘? E(] {g ﬂé?% Hﬁ CELBPN! 98. 33 95.53 96. 11
Table 4 Classification Accuracies of Each Algotithm with Salt and Pepper Noise
R4 BAMAEBREMNMEBEREEENEEZNILERE %
Database Method e
0 0.05 0.1 0.2 0.3 0.4
LBPri? 84. 81 81. 87 77.97 63.70 45. 26 20.49
LBPV?'Z, 95. 26 89. 06 84.06 56. 69 30.91 13.56
TC10 CLBP_SC_MC 95.62 95. 31 92.11 83. 82 71.72 61.42
CELBP 95. 83 95. 10 94.61 90. 62 81.00 66. 87
CELBPNT 98. 33 97.23 95.36 91.58 80. 33 64.16
LBPriv? 65.46 63. 80 61.11 52.57 38.68 17. 45
LBPV!'Z, 91. 31 84.49 76. 85 54. 44 30. 39 14.51
TC12_000 CLBP_SC_MC 86. 64 85.67 83.39 72.38 59. 65 50. 22
CELBP 89. 56 88.51 87.29 81.25 70. 82 56.52
CELBPNT 95.53 93.19 89. 81 83.51 70. 48 55. 60
LBPriv? 63.68 61.78 63.03 55.67 41. 60 17.99
LBPV§, 85. 04 83.68 75.39 51. 87 27.93 16.18
TC12_001 CLBP_SC_MC 88.51 88.09 86. 23 75.05 65. 35 55.67
CELBP 92.12 89. 60 87.61 80. 46 73.57 60.70
CELBPNT 96. 11 93.51 91. 48 83.61 72.31 60. 23
Table 5 Classification Accuracies of Each Algotithm with Gaussian Noise
RS5 FAMAREENSHEERENEENILEHRE %
Var
Database Method
0 0.005 0.01 0.02 0.03 0. 04
LBPriu2 84. 81 45.08 30.03 17.32 13.07 12.12
LBPV:2, 95. 26 90. 28 79. 94 59.79 45.13 35.02
TC10 CLBP_SC_MC 95.62 85. 81 71.98 50. 96 35.13 24.97
CELBP 95.83 83.90 69. 45 48.23 31.12 22.24
CELBPNT 98. 33 95.98 92.23 84.45 70.70 61.43
LBPriu2 65.46 38. 24 28.45 17.18 13.96 9.72
LBPV?'Z, 91. 31 83.47 71. 80 54.16 11.13 33.07
TC12_000 CLBP_SC_MC 86. 64 76.27 64. 24 45. 39 32.06 21.92
CELBP 89. 56 74.21 62. 89 42. 40 28. 89 21.43
CELBPNT 95.53 91.55 89.18 78. 14 69.56 57.26
LBPriu2 63.68 40. 97 29.63 18. 96 14.79 11. 25
LBPV:Y, 85. 04 81.99 74. 21 54.67 40. 37 29. 88
TC12_001 CLBP_SC_MC 88.51 79.19 68. 98 47.04 35.65 25.02
CELBP 92.12 77.11 68. 29 46.18 33.08 23.28
CELBPNT 96. 11 92.77 89.25 77.63 69.79 60.13
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Table 6 Classification Accuracies of CELBPY' and LESP with Gaussian Noise
K6 FMARERENSHIES/G CELBPY 43{f 5 LESP 43I R AR X %
SNR/dB
Database Method
100 50 30 15 10 5
LSEPC!t] 97.52 90. 26 82.05 50. 00
TC10
CELBPNT 98. 33 95. 86 94. 06 85.42 77.45 52.21

M2 4.3 5 PRYEE AT LA L 76 IR R [A] /2
JEHUER I 75 (1% 0 R . CELBP # LBP™, LBPVSY,
B BPERES 4R T T 29 25% . % CLBP_SC_MC 1,
PETET L9 4 % LU 0 S 5 R K PE AR 48 T R B
. p=0. 3 iy CELBP ¥ fg 48 It T CLBP_
SC_MC #£F+ 7 25 8%. {22 CELBP X} i 7 g 7 (Y
B2, 5 LBPVYS, M H, 78 %S 0 55 8 = B gt
PO R PERE N B T 2 1020, HLKE 25 78 0 s 3 e
7 R B ) BN 43 2 e 2 TV R K R AR 3
K A B R AL 1 77 16 32 1 CELBPY i i [4].
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