Describing Textures in the Wild
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« Texture Vocabulary: . Bag of Visual Words approach  Use the Scores frOm the 47 C?IaSSIfler? trained on DTD as a
| » Starting point: list of 98 words in [Bhushan 97] « 470 dimensional vocabularies, built using K-means meanlpgful, _|0W c:hmensmnallty descriptor.
o e N 0. + Discarded non-visual words (e.g. “jumbled” or “rhythmic’) » 10 visual words per texture * Low dlmen§|onallty allows to apply an RBF kernel
oru,dott,rcl, braided,nerlced, .scaly,crosshatched,ﬂecked Wrinkled,crsalline, - - ll‘.ﬁ:‘blrousj.fl-reckllhetl.:{rrIlr1 ¢ Merged Slmllar WOrdS (eg “COI’kSCI’ewed" + “COiled” + “Spil’aled") * Fllter bankS, SIFT, LBP and |mage patCheS aS Iocal ° DTD deSCrIptOr Iearned On IFV + DGCAF, alone, eXCeedS
honeycombed knitted, woven, zigzagged studded, waffled flecked, smeared pitted, studded interlaced, smeared, swirly ° Example |mag es: descnpto rs preV|OUS State-Of-th e-a rt on FMD and KTH'TIPSZ'b
- Goal: automatically describe textures by using English - Consider each word as key attribute - SVM with several kernels: linear, Hellinger, x? and th))mbmed with 'EV ta”d DeCAF results in more than 10%
words (e.g. interlaced, lace-like, fibrous, ...) * Query Google (e.g. “corkscrewed textures”, “coiled pattern”) exponential x? above prewoqu tes . S -
+ Challenges: defining, learning, and detecting multiple - Discard or crop images covered by less than 90% with - catare il
subjective attributes per texture content representing the query ——— I . ; ; DTD(IFV)un 64.07 +/-3.07| 45.70+/-1.33
i ) _ o inear Hellinger add-y exp-x
.C AI:P_'LCE\:_IOHS- human-centric texture description Coarse-to-Fine Joint Annotation MRS 25.8(0.1) 28.9(0.5) 31.9(0.5) 35.6(0.4) DTD(IFV)ger 67.68 +/-2.18| 50.94 +/- 1.46
ontriutions LM 18.1(0.9) 24.1(0.1) 29.2(0.5) 33.4(0.5)
) - i DTD(FVCAF) 70.31+/-0.91| 53.72+/-2.16
+ Describable Textures Dataset (DTD) é:notailons using Amazon Miurk & Patch3x3 | 13.9(10) 201(0.5) 23.1(0.3) 265 (0.4 "
+ Low dimensionality texture representation, y agek N i Patch 7x7 | 16.7(0.8) 24.1(0.3) 28.6(0.5) 32.3(0.5) DTD(FVCAF)gg 72.45 +/-2.30| 57.74+/-1.68
+ Above 10% accuracy improvement over existing an y zey attributes. i LBP? 89(0.7)  97(07) 12.4(05) 19.7(0.5) IFV+DTDrer 76.17 +/-1.21| 65.12 +/- 1.86
state-of-the-art on FMD and KTH-TIPS2-b age | o " LBP-VQ | 19.6(1.0) 22.7(0.4) 26.5(0.4) 31.2(0.2) DeCAF+DTD 7892 +/-1.18|  64.86 +/- 2.24
+ Coarse-to-fine strategy to cheaply label joint attributes * Sequentially collect joint SIFT 31.2(0.3) 38.6(1.0) 41.4(L5) 44.1(L7) o ' ' ' '
« Evaluation of texture representations methods on DTD annotations based on | s root-5IFT | 30.6(0.6)  38.1(1.2) 406(1.4) 43.3(19) IFV+DeCAF 76.10+/-3.14] 65.90+/1.50
. co-occurrence probability; IFV+DeCAF+DTDggr |77.44 +/-2.16| 68.28 +/- 1.48
Describable Textures Dataset (DTD) * Avoid labelling low probability State of the Art on Texture Datasets s s
« 5640 images, 47 attributes, 120 images per attribute attributes, given key attribute; e « Experiment with various encodings on top of best e vf«vﬁg%@g S e
. i i - i » Using classifi to further EEERuEEHEREITGRS rforming local descriptor (SIFT Gxoxene  [OIN
Collected in the wild (Internet: Google, Flickr) sing classitier scores o further sy S g performing local descriptor ( ) oo BEsm
which material instance? which material category? RedUCe the number Of annOtathnS, ; £ : ¢ Improved FISheI’ VeCtOF (IFV) and Deep COﬂVOlUtIOnal :@éﬁ%&@%@ ; *‘@t‘&%
s B T e | s  Seek for consensus of multiple Activation Feature (DeCAF) are tuned for object oo Ty T
" annotations (5 per image). recognition, but perform very well on textures M e AT T
I « Combined, lead to state-of-the-art results on all datasets C a0 S
sample 1I sample 35 bread foliage ; u{: o Dataset DeCAF DIZ\C/A-I-F Prz\élsc-)tus CO“CIUSIO“S
This is not the same as recognizing material / instance! V| BOVW | VLAD » Introduced a large texture dataset, exhaustively labelled with
Y A | F— s p— e | CURET 99.6+0.4 | 98.1+0.9 [ 99.1+0.6 | 98.9+0.4 | 99.8+0.2 | 99.4 . . .
| cracked A | @ | crossnatoned | [ dottod |88 0 neoked [ [ recded S o Lied JEER 15 99.2+0.4 | 98.1+0.8 | 99.440.4 | 97.440.7 | 99.5+0.3 | 99.7+0.3 joint subjective attributes
VT /T o=t Y S = R =22 | « Proposed a low dimensionality, meaningful, texture descriptor
RS — KTH-TIPS 99.7+0.4 | 98.6+£1.0 | 99.2+0.8 | 98.4+0.8 | 99.840.2 | 99.410.4 | « Set new state-of-the art on Cha”enging material datasets
KTH-TIPS2a | 82.545.3 | 74.845.4 | 77.64.3 | 77.7+2.0 | 84.3+1.8 | 73.0t4.7 | p torances
Fay o KTH-TIPS2b 169.340.9 | 58.442.2 [ 61.74¢2.2 | 70.4+1.8 | 76.0¢2.9 | 66.3 | [Bhushan 97] N. Bhushan, A. Rao, and G. Lohse. The texture lexicon: Understanding the
BETRFTRS Fin B4 38 EFMD 581+1.71495+1.9154.8+1.8157.6+1.2 | 65.6+1.4 57.1 gategorizzz;iog o2f1v9is;jl6te;(;ugr7e terms and their relationship to texture images. Cognitive
g, | N = N S ) cience, : — ,
Lsviralcd s R fouaies B [oviy DTD 58.6+2.0 | 53.6+1.5 [ 57.3t1.5 | 52.5¢1.3 | 64.7¢1.6 | - @
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