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Texture Classification: State-of-the-art Methods and Prospects
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Abstract
tasks in the field of computer vision and pattern recognition. It is also the basis of other complex vision tasks, such as

Texture is a fundamental characteristic of many types of images. Texture classification is one of the essential

image segmentation, object recognition and scene understanding. In this paper, we first address the importance of texture
classification and summarize the difficulties and challenges in the development of texture feature extraction approaches.
Then we discuss the existing texture databases which are generally acknowledged as public evaluation bases for texture
classification methods. Next, we review recent achievements in the study of texture feature development and provid detail

discussion on prominent texture feature descriptors. Finally, we point out the future directions of texture classification.
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Fig.1 Challenging examples of texture recognition ((a) Illumination variations, images are from the 30th category of

S, PRk H CUReT Hdiadlests 30 28 (b) WA ZE AR AN

the CUReT dataset; (b) View point and local non-rigid deformation, images are from the 25th category of the UIUC

dataset; (c) Scale variations, images are from the KTHTIPS2b dataset; (d) Different instance appearance variations from

the same category, images are from the braided category in the DTD dataset; (e) Material classification difficulties,

images are from the FMD dataset, the category for these images are as follows (from left to right): glass, cortex, plastic,

wood, plastic, metal, wood, metal, and plastic, (a), (b) and (c) belong to instance-level variations; (d) and (e) belong to

category-level variations.)
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Table 1  Widely used texture datasets and their download link: Brodatz[m], VisTex[M], CUReT[m], Outex[w],
KTHTIPS!'?, UtuC!®, KTHTIPS2al'™, KTHTIPS2b!'™, UMD!?, ALOTR%, FMDP!, Drexel??, 081231, DTD[?4,
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Brodatz 112 112 640 x 640 K ScBWTE LT 1966
VisTex 167 167 786 x512  Hifs Fish Vv Wik 5Bl 1995
CUReT 5612 92 200x200 P o SEWE %N v FrEEEE 5Bl 1999
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KTHTIPS 810 10 200x200  Hitn o SeEAE N /N Vo MEEE Sl 2004
UIuC 1000 25  640x480  KEF  PUbTE Vv i Vo kREm s 2005
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DTD 5640 47 R E L SO NTIE v v Vo BoMEME %% 2014

MINC 2996674 23 I 52 gt AHE 4 v v Vo MR B 2015
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R AAE R R RS (A0 K ME) . Mg . R
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Fig.5 LM (Leung-Malik) filters
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Fig.6 Illustration for 3D texton dictionary learning with LMfilters proposed by Leung and Malik
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Fig.10 Illustration of traditional texture classification

based on filtering methods
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Fig.11 Tllustration of the 3-level scattering structure of ScatNet (x is the original image, and 1 is the multi-scale and

multi-directional Gabor wavelet (e.g., the commonly used five scales and eight orientations). In this figure we only show
the convolution in four scales and do not show the convolution in different orientations. v is a low-pass Gaussian filter,
which changes with the depth of layers, and is equivalent to the feature pooling of the Gaussian weighted average to
locally obtain invariance. The white dot is to take modulus after convolution by wavelet, which is then used for the next
layer and also take the modulus. The black dot represents feature pooling for the output from the white dot, and then is

used as the final feature mapping.)
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Fig.12 Illustration of the Bilinear CNN architecture
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Fig.13 Texture synthesis based on VGG-VD model

S, BAEEINEE X, A BT AR 2] Y
JEUACFFIERR IR, 3G 5N SO AL 0 ol AR L, I
BT — RSB ) BAh, Sy Gram 4
WA SO AR R0k, A B W] AT T 808
HAP RPN AR S, 10 Lin 20708 1 TARUESE
TR

3.3 ETHIBRUREBRMMTE

AT, UL R R 508 TR E R 2
2 2] U R L R IR L
AEAM R ALESS, e BRZ e R AL R R TR X
F Z 1B PR — A i JZ A TR AL e
SRS RS, SR BIE S S sty
PRI —FhETE, W AR ORISR, B AERL
i B ) B S AR, (A 1 A IR s Bk
A (. BT B H ARt ik B A SOR T —A
FABREAR IR YR TEANG 2, NI — 2 2,
I CAnER A SR 38 S R it 46 1 L S5 SO
fift. BB EBAREAE R TR ) RN AR 5 55)
HEE REMIEN. I, FAEIER AT T
PRl 00, el 38 e % P R HEAT R L S
FRE, HESH G m s SCREAR . FMGIA RN G E)
SRR BIE . R H AT R R TR R
Brit, AN AERA RS AT S5 .

SO SR AR ) PR 3 S5 4 i R R AR Y
TEM, WlEl 14 Brs, #0152 “BEm” shy. K5
A FEn] ASIA Ry “BESUR” S 4. BRI, KT4C

HAALAE R e BT S AR 2>, KRR T DAIB 31 5] 1981 4F
Julesz 5 F SUHURANM BT TAENY, (H2 S5k 5T
R A BTG P A0 LRORLIS 1 SO i
I FEAN e 2 00T SfetiR B

Bl 14 ARiE v LR F & SCRRHER PR (7] AR 8O

JEVEREATHEAR: PRI, BEARY. SR80, sUIRIY . BEE0T)

Fig.14 Objects with rich textures in our daily life (We
can use texture attributes to describe them: mesh,

spotted, striated, spotted, striped.)
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Table 2 Performance summary of recent dominant classification methods on texture classification (All results are

quoted directly from original papers, except for those marked with *, which are from a recent review paper[6].)

Method Dataset  Outex_TC10 Outex_TC12 Brodatz CUReT KTHTIPS UIUC UMD KTHTIPS2 ALOT FMD DTD
LBP[&O TPAMI2002 96.1 97.2
MRS[27] 1JCV2005 97.4
Lazebnik et al.[33] TPAMI2005 88.2  72.5%  91.3*  96.0
Zhang et al.l81  1JCV2007 95.4  95.3 95.5 98.7
Mellor et al.l''01 TPAMI2008 89.7
MFSI34 1JCV2009 92.7 93.9
OTF#3] CVPR2009 97.4 98.5
WMFS[#6] CVPR2010 98.6 98.7
Patch!67] TPAMI2009 92.9%*  98.0 92.4*  97.8
WLDI84] TPAMI2009 64.7
BIF[80] 1JCV2010 98.6 98.5  98.8
RPI74] TPAMI2012 98.5
SRPI77] PR2012 96.3  98.5 97.7 963 99.1
Timofte et al.[®3 BMV(C2012 97.3  99.4 99.4  99.0 99.5 55.8
Ce Liul*” 1JCV2013 55.6
ScatNet!9?] CVPR2013 98.8 99.8 99.4 994 99.7
SRP-RCAI™  TCSVT2015 96.8  99.4 99.1 98.6 99.3 53.2
PCANet[?! TIP2015 99.6
MRELBP!?] TIP2016 99.8 99.6 99.0 99.4 77.9 99.1
AlexNet+FVI0  1JCV2016 98.5 99.2 99.7 77.9 99.1 67.2 62.9
VGG-M+FVI#I  1JCV2016 98.7 99.6 99.9 79.9 99.4 73.5 66.8
VGG-VD+FVIHI  1JCV2016 99.0 99.9 99.9  88.2 99.5 79.8 72.3
BCNNI8] CVPR2016 77.9 81.6 72.9
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