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Robust texture representation by combining differential feature and
Haar wavelet decomposition

LIU Wanghua, LIU Guangshuai’, CHEN Xiaowen, LI Xurui
(School of Mechanical Engineering, Southwest Jiaotong University, Chengdu Sichuan 610031, China)

Abstract: Aiming at the problem that traditional local binary pattern operators lack deep-level correlation information
between pixels and have poor robustness to common blurring and rotation changes in images, a robust texture expression
operator combining differential features and Haar wavelet decomposition was proposed. In the differential feature channel,
the first-order and second-order differential features in the image were extracted by the isotropic differential operators, so that
the differential features of the image were essentially invariant to rotation and robust to image blur. In the wavelet
decomposition feature extraction channel, based on the characteristic that the wavelet transform has good localization in the
time domain and frequency domain at the same time, multi-scale two-dimensional Haar wavelet decomposition was used to
extract blurring robustness features. Finally, the feature histograms on the two channels were concatenated to construct a
texture description of the image. In the feature discrimination experiments, the accuracy of the proposed operator on the
complex UMD, UIUC and KTH-TIPS texture databases reaches 98. 86%, 98. 2% and 99. 05%, respectively, and compared
with that of the MRELBP (Median Robust Extended Local Binary Pattern) operator, the accuracy increases by 0.26%,
1.32% and 1.12% respectively. In the robustness analysis experiments on rotation change and image blurring, the
classification accuracy of the proposed operator on the TC10 texture database with only rotation changes reaches 99. 87%,
and the classification accuracy decrease of the proposed operator on the TC11 texture database with different levels of
Gaussian blurs is only 6%. In the computational complexity experiments, the feature dimension of the proposed operator is
only 324, and the average feature extraction time of the proposed operator on the TC10 texture database is 30.9 ms.
Experimental results show that the method combining differential feature and Haar wavelet decomposition has strong feature
discriminability and strong robustness to rotation and blurring, as well as has low computational complexity. It has good
applicability in situations with small database.
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Fig. 1 Feature extraction process of original LBP operator
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Tab. 2 Description of comparison operators used in experiments
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Tab. 3 Description of texture databases used in experiments
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Fig. 9 Typical image samples of the databases used in experiments

5.1 HEHIBIES F4 FEYEELSEFHREBEMFELEEILE

SHATAEAS SCRETAE S 20 T E AR AE R 4, 7 KTH- Tab. 4 Classification accuracy and feature dimension comparison of
TIPS UMD 1 UTUC 3% 34~ FRSCH 2 |, A S0 7 f H ii— different operators on different texture databases

i O LBP SRS TLUR SRR NORAIIS T AR

?L#ﬁ LA, S s e i G AR A& 9 () ~ (e) TR o UMD UIUC  KTH-TIPS
SR T MR AR AL I 4 IS ad 95.80 98.20  99.05 324

XFLBP SRS T AE UMD SO |- BT AR CNIRD 9893 046l 9393 2200
R CINIRD 0 FHUSHT 55 S5 AP ST sre 780 9800 9TE) T
0.0 B SRR s TP 9860 s o
. PRI ROKH UIUC SO | AR PO o DS o
PP LBP ARG T8 AR BHRE TH20SFC  poypp e s
BT8R0, 2 E 435, FLARIEAE 54 SFCAIR 1404 2 im0 PRICOLBP 95. 69 85. 41 94.21 3540
45 3 1 SSLBP BT 55 2. 84~ 43 1, HAFIEZE 245 SSLBP AR LCP 95. 40 94.74 96. 34 171
20764k, 7EKTH-TIPSBOHFE |, A SCRF-19 3 SR A E T A BRINT 96. 60 94. 60 90. 51 40
LBP A F T3 b 40 i 7 - vER SR T4 2 ) MRELBP LBP 87.80 56. 08 73.95 10
P E T L 124N A0 TRHEAE 29 MRELBP 19 2/5, 1 FV-VGG-VD  99.90 99. 00 88. 20 65536
AP AE 3D BE T AU ST JEUER I 60T 98% L T FV-VGC-M 9.90 98.70 79.90 65536
REEE R AR A A UG AR SR e AR E PCANet 85.67 37.70 39.43 2048

DA A 24 B AR P P LA S R RandNet %0.87 36.57 60. 67 2048
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Tab. 5 Classification accuracy of the proposed method on

different channels unit: %
Bt orEE NS EE AT
TC10 99. 49 98. 58 99. 87
UMD 97.70 97. 38 98. 86
uluC 96. 72 95.26 98.20
KTH-TIPS 95.85 96.78 99. 05
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Tab. 6 Classification accuracy of different operators on

B %

TC10 database unit: %
BT SR
FV-VGG-VD 72. 80
FV-VGG-M 80. 00
LBP 75. 81
BRINT 98. 35
LCP 98. 04
PRICoL.BP 94. 48
AECLBP 97.58
AHP 98. 98
SSLBP 98. 82
MRELBP 99. 85
SFC 99. 94
CINIRD 99. 51
AT 99. 87
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Fig. 10 Classification accuracy of different operators on TC11

texture database with different standard deviation Gaussian blurs
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B (R AE B EUSE () FDRRAE 2 B R A T R R A
PN EEEGFR , TC10 BCHLE I 45 37 1 RRAF SR IR (8] AR
AEZE BE N T PR .

R7 TCIOGHE &8 F T 94542 BT 8 Fu4S 4 4E 5 bL i

Tab. 7 Comparison of feature extraction time and feature dimension of

different operators on TC10 texture database

PR AR IR ] /ms i35
AR 30. 90 324
CINIRD 114. 60 2200
SFC 60. 55 1728
MRELBP 199. 33 800
SSLBP 180. 10 2400
AHP 31.70 120
AECLBP 42.20 648
PRICoLBP 380. 40 3540
LCP 47.90 171
BRINT 19. 50 40
LBP 7.50 10
FV-VGG-VD 2655. 40 65536
FV-VGG-M 358. 80 65536
PCANet 711. 80 2048
RandNet 725. 60 2048
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