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Abstract

In this paper, we present a novel approach to classify tex-
ture collections. This approach does not require experts to
provide annotated training set. Given the image collection,
we extract a set of invariant descriptors from each image.
The descriptors of all images are vector-quantized to form
’keypoints’. Then we represent the texture images by ’bag-
of-keypoints’ vectors. By analogy text classification, we
use Probabilistic Latent Semantic Indexing(PLSI) to per-
form unsupervised classification. The proposed approach
is evaluated using the UIUC database which contains sig-
nificant viewpoint and scale changes. The performances of
classifying new images using the parameters learnt from the
unannotated image collection are also presented. The ex-
periment results clearly demonstrate that the approach is
robust to scale and viewpoint changes, and achieves good
classification accuracy even without annotated training set.

1 Introduction

Texture analysis is an essential problem in computer vi-
sion domain, and is extensively studied in the past two
decades. Many texture classification methods [1, 2, 3, 4]
have been reported in literatures.

Leung and Malik [1] are among the pioneers to recog-
nize textures subjected to viewpoint and lighting changes.
Their solution to the 3D structure of the surface is using a
registered stack of images. Filter responses over the reg-
istered stack of images are clustered. The histograms of
clusters are used to elassification. Cula et al. [2] and Varma
et al. [3] implement the 2D texton representation. The 2D
textons can be generated from unregistered images instead
of registered stack of images. Although their approach can
recognize affine transformed textures, the representation of
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their texture is not invariant under affine changes. Lazebnik
et al. [4] propose to use local regions to represent the con-
tent of images. Descriptors of local regions are clustered to
form its signature. They use EMD to measure the similarity
of two signatures. This approach obtains high accuracy on
the HHJC-and Brodatz Database-

Unfortunately, these methods require some form of su-
pervision. This may range from using a registered stack
of texture images [1], to providing labels ascertaining tex-
tures’ classes in learning process [3, 4]. However, for clas-
sifying a large image collection, any auxiliary processing
is costly and labor-intensive. Thus this raises the question:
Can we automatically discover the patterns in a large tex-
ture image collection and classify the images without any
supervision?

A number of recent studies have provided the possibil-
ity to unsupervised classification. First, by analogy with
text classification, ’bag-of-keypoints’ approach is proposed
in [6]. It is an extension of "bag-of-words’ approach. The
’bag-of-keypoints’ approach quantizes the descriptors of lo-
cal invariant regions to form ’keypoints’, and uses a his-
togram of the number of occurrences of "keypoints’ to rep-
resent an image. It is a oversimple approach because it
discards all spatial relationships between features. How-
ever, it achieves remarkable success in visual categoriza-
tion [5]. This is partly because the local invariant regions
are not only powerful to effectively to describe image con-
tents [8], but also invariant under viewpoints and illumina-
tion changes. The discrimination of local regions makes
they play a similar role like ’key words’ in text. The depen-
dence on features co-occurrences makes ’bag-of-keypoints’
approach well appropriate to texture analysis. A kind of
texture is composed of some primitive patterns (textons),
which are repeated throughout the texture. Different kinds
of textures have different textons. This will make the texton
histograms of different textures discriminable. Thus texture
images can be classified based on their ’bag-of-keypoints’
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Figure 1. The framework of our approach for

unsupervised texture recognition.
vectors.

Second, motivated by the success of unsupervised text
classification approaches, we exploit the Probabilistic La-
tent Semantic Indexing(PLSI) [7] model in unsupervised
text classification domain to perform unsupervised texture
images classification in this paper. PLSI models use latent
sapce representation for unsupervised classification. The
latent space representation can extract interpretable con-
cepts within the co-occurrences matrix. The idea of ap-
plying text analysis methods to vision categorization is
not novel(e.g., [5]). Our contribution lies in rigorously
demonstrating that probabilistic latent space model is well-
suited to texture classification, and this unsupervised model
achieves comparable classification performance with ’state-
of-art’ supervised approach.

Fig. 1 is a sketch of our unsupervised texture classifica-
tion approach. In seetien 2, we review the PLSI. In seetien
3, we describe the feature detection methods and ’bag-of-
keypoints’ model. In seetien 4, we give the unsupervised
classification results on UIUC Dataset. We also show the
results of inferring unseen images. In section 5, we summa-
rize the paper and draw some conclusions.

2 The unsupervised classification models

We begin with some notations and definitions for the
models in this section. Suppose we have n documents
D = {d,...,d,} comprising words from a vocabulary
W = {wi,...,wy}. By counting words occurred in doc-
uments and discarding the sequential information of words,
the collection of documents is capsulized in a m X n co-
occurrence matrix N, where N (w, d) represents the num-
ber of occurrences of a word w in document d. The simpli-
fied representation of documents is called "bag-of-words’
model.

2.1 The PLSI model

This model assumes a latent (hidden) class vari-
able z;, associated with the occurrences of a word w;
in a particular document d;.  The joint probability
P(w;, zi, d;) is defined by the following: P(w;, 2k, d;) =
P(d;)P(zk|d;)P(w;|z;). The conditional probability of

the observed variables is obtained by marginalization over
the latent variable z;,.

P(w;ld;) =) P(zkld;) P(wsz) )
k

where P(zy|d;) is the probability of latent variable z; oc-
curring in document d;; and P(w;|zy) is the probability of
wordw; occurring in a particular latent variable zy.

The standard Expectation-Maximization approach is
used to fit the model by maximizing the data likelihood.

L= HH(Z P(zkIdj)P(wi|zk))N(wi,dj) @)
i3k

where N (w;, d;) is the number of word w; in document d;
Expectation-step: Posterior probabilities of the latent
variables P(z|d,w) are computed.
Maximization-step:  The parameters P(zx|d;) and
P(w;|z) are updated.

2.2 The baseline model

We implement a clustering algorithm as our baseline
method. The algorithm uses the k-means to cluster *bag-
of-keypoint’ vectors. The images whose ’bag-of-keypoint’
vectors have the same cluster label are classified into a cat-

egory.

3 Feature detection and keypoints construc-
tion

Recent researches show that local features get notable
success in many computer vision domains, such as image
retrieval [9], object recognition [8]. We use two types of
local regions in our implementation. The first is based on
the Harris-Affine detector that is described in [9]. The sec-
ond is constructed using the affine-adapted Laplacian bolb
detector of Lindeberg[10].

We use the binaries available at http://www.robots.ox.
ac.uk/Vgg/research/affine/. Each region is represented by
a 128-dimension SIFT descriptor [8]. The SIFT descriptor
is scale and affine invariant by incorporating the previous
estimated scale and affine parameters of the local region,
and is rotation invariant by computing relative to the domi-
nant orientation of the region. Given the collection of SIFT
descriptors from each image of all categories, we quantize
them into ’keypoints’ by K-means clustering algorithm.

4 Experiment Results

We present results from two experiments. In the first,
we explore the ability of our approach to automatically dis-
cover visual categories presented in a collection of totally
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Table 1. The overall classification results of
UIUC database

Categories PLSI Baseline Method
T23 - T25 1.00 0.541
T18 - T25 0.984 0.618
T1-T25 0.830 0.531

unlabeled images. We carry out this experiment on UITUC
Database (25 classes, 40 images per class). Then we explore
the performance of classifying unseen images with learned
visual categories.

4.1 Visual category discovery

In the following, we carry out experiments on UIUC
databases. The images of K categories are mixed together
forming a test image set. The methods described in section
2 are fitted to the test image set for the number of visual pat-
terns, K. PLSI model computes the probability coefficients
P(z|d;) for each image d;. The decision of an image d,
is made to the category label k that obtains the maximum
P (Zk |d])

The UIUC database is a texture database containing 25
categories. It is a challenging database for significant view-
point changes, scale variations and significant nonrigid de-
formations. Fig. 2 shows examples of two categories TO1,
and T23 from the UIUC database.

We extract about 1.2M regions from the UIUC database.
The median number of regions extracted per image is 1,200.
We carry out a set of experiments with increasing number of
classes. The numbers of classes used in these experiments
are 3, 8 and 25. We summarize the results in Table. 1.

(1) Three texture classes (T23 - T25). Although the three
classes all are fabric textures, this is a relatively easy ex-
periment with only 3 classes. PLSI model performs per-
fectly well with 100% correct recognition rate. The baseline
model only obtains 54.1% correct recognition rate.

(2) Eight texture classes (T18 - T25). Here we add five
classes (fabric, wall paper, fur and two carpets). As the
number of classes becomes bigger, the classification exper-
iment becomes more challenging. However, PLSI model
performs very well with only 5 misclassified images. Ta-
ble 2 shows the performance of PLSI in confusion matrix
formation.

Table 2. Confusion matrix of PLSI model for 8
classes, K=500

True—| T18 T19 T2(0 T21 T22 T23 T24 T25
T18 40(0 |O O O |1 |O |O
T19 0 |40 (0O |O |2 |O |O
T20 0|0 400 |O |O |O |O
T21 0 ]0 |0 (40]0 |O |O |O
T22 0O (0 |0 |O |40 (1 1 |0
T23 0O ]0 |0 [0 |O [36]|0 |0
T24 0 ]0 |0 [0 |O |0 |39]0
T25 0 J]0 |0 (0O |O |O |O |40

,"-____ ]
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(a) Confusion matrix (b) Rank statistics
Figure 3. (a)Confusion matrix of PLSI model
on UIUC Database, black=1 and white=0.
(b)Rank statistics of the confusion matrix.

(3) Twenty five texture classes (T1 - T25). In this ex-
periment, we use all the 25 classes in the UIUC database.
Fig. 3(a) is an overview of the performance of the PLSI
model. The mean classification rate is 83.0%. Fig. 3(b) is
the rank statistics of the classification results. Using the first
three best choices, the mean classification result increases to
92.6%.

Observing Fig.3(a) carefully, we find that most of classes
are classified with high accuracy. However the class T22 is
totally misclassified. Most of the T22 are classified as T07.
This is partly because the extracted features of TO7 and T22
are quite similar.

4.2 Inference of new images

For classifying an unseen image d;.s¢, the conditional
distribution over learned topics has to be computed. In the
case of PLSI, the ’folding-in’ query method proposed in [7]
is used to compute the topic mixing coefficients P(z|d;est)-
The method maximizes the likelihood of image dyes; with
respect to learned P(w|z). This is obtained by a simi-
lar version of the EM algorithm used in learning, where
only P(zy|diest) are adapted in each M-step. The factors
P(w|z) are kept fixed.
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Table 3. Detail Classification Results of UIUC
Database. Column 1: class labels of UIUC
Database. Column 2: classification accuracy
reported in [4]. Column 3: classification ac-
curacy of PLSI, when using the label which
obtains highest P(z;|di.s:). Column 4: classi-
fication accuracy of PLSI, when using class
labels which obtain top three P(zy|dcst)-

class Lazebnik[4] | PLSI-1 | PLSI-3
TO1 0.9063 0.850 0.950
T02 0.8467 0.450 1.000
TO3 0.7953 0.750 1.000
TO04 0.9853 0.850 1.000
TO5 0.9442 1.000 1.000
TO06 0.9743 0.950 1.000
TO7 0.9975 1.000 1.000
TOS 0.8678 0.850 1.000
T09 0.8773 0.650 1.000
T10 0.9492 0.900 1.000
T11 0.9372 0.900 0.950
T12 0.9012 0.950 1.000
T13 0.9592 0.700 0.850
T14 0.9028 0.450 0.800
T15 0.9238 0.950 1.000
Mean 0.9179 0.8133 | 0.970

We use the UIUC database to perform this test. Each cat-
egory of UTUC database is randomly split into two separate
sets of images, one for learning and the other for testing.
Each set has 20 images. The learning sets of all categories
are mixed together. The PLSI model fits the mixed learn-
ing sets with 25 categories. When asked to classify one test
image d;.s¢, the method described above is used to *folding-
in’. The details of classification performance is presented in
Table 3. For the reason of space, we only provide the results
of first 15 categories.

The classification rate using only the class label with
highest classification score P(zk|dest) is inferior to the re-
sults reported in [4]. This is because [4] performs a two-
class classification which classifies images of a given class
against background images, while our method implements
a full multi-class classification. However, when we use
class labels with top three P(zj|diest), our approach ob-
tains higher classification rate than the results of two-class
classification in [4].

5 Conclusion

In this paper, we have demonstrated that it is possible to
discover texture categories from a set of unlabeled images
in an unsupervised manner. Furthermore, we infer unseen

images using discovered categories, and obtain compara-
ble results with ’state-of-art’ supervised methods [4]. Our
approach has been evaluated on a 25 categories database,
demonstrating the approach is robust to significant scale and
viewpoint changes and achieves good classification accu-
racy.

Acknowledgment This work is supported by: National
Hi-Tech Development Programs of China under grant No.
2003AA142140; Research Start-up Fund, Graduate School
of Chinese Academy of Sciences.

References

[1] Leung, T., Malik, J.: Representing and recognizing the
visual appearance of materials using three-dimensional
textons. IJCV, 43(1):29-44, June 2001.

[2] Cula, O.G., Dana, K.J.,: Compact Representation of
Bidirectional Texture Functions, Proc. Computer Vi-
sion and Pattern Recognition, vol. 1, pp. 1041-1047.
2001.

[3] Varma, M., Zisserman, A.: Classifying Images of Ma-
terials: Achieving Viewpoint and Illumination Indepen-
dence, Proc. European Conf. Computer Vision, vol. 3,
pp- 255-271, 2002.

[4] Lazebnik, S., Schmid, C., Ponce, J.: A Sparse Tex-
ture Representation Using Local Affine Regions, IEEE
Trans. Pattern Analysis and Machine Intelligence, vol.
27, no. 8, August 2005

[5] J. Sivic, B.C. Russell, A.A. Efros, A. Zisserman, W. T.
Freeman, Discovering objects and their localization in
images, In Proc. ICCV 2005, October 2005

[6] Csurka, G., Bray, C., Dance, C., Fan, L.: Visual catego-
rization with bags of keypoints. In Workshop on Statis-
tical Learning in Computer Vision, ECCV, pages 1-22,
2004.

[7] Hofmann, T.: Probabilistic latent semantic indexing. In
SIGIR, 1999.

[8] Lowe, D.: Object recognition from local scale-invariant
features. In Proc. International Conference on Com-
puter Vision, pages 1150- 1157, 1999.

[9] Mikolajczyk, K., Schmid, C.: An affine invariant in-
terest point detector. In Proc. ECCV. Springer-Verlag,
2002.

[10] Lindeberg, T., Garding, J.: Shape-Adapted Smooth-
ing in Estimation of 3-D Depth Cues from Affine Dis-
tortions of Local 2-D Brightness Structure, Image and
Vision Computing 15, 1997, pp.415-434.

0-7695-2521-0/06/$20.00 (c) 2006 IEEE




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (None)
  /CalRGBProfile (None)
  /CalCMYKProfile (None)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.6
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 36
  /ColorImageMinResolutionPolicy /Warning
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 2.00333
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 36
  /GrayImageMinResolutionPolicy /Warning
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 2.00333
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 36
  /MonoImageMinResolutionPolicy /Warning
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00167
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org)
  /PDFXTrapped /False

  /Description <<
    /JPN <FEFF3053306e8a2d5b9a306f300130d330b830cd30b9658766f8306e8868793a304a3088307353705237306b90693057305f00200050004400460020658766f830924f5c62103059308b3068304d306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103057305f00200050004400460020658766f8306f0020004100630072006f0062006100740020304a30883073002000520065006100640065007200200035002e003000204ee5964d30678868793a3067304d307e30593002>
    /DEU <>
    /FRA <>
    /PTB <>
    /DAN <>
    /NLD <>
    /ESP <>
    /SUO <>
    /ITA <>
    /NOR <>
    /SVE <>
    /ENU (Use these settings with Distiller 7.0 or equivalent to create PDF documents suitable for IEEE Xplore. Created 29 November 2005. ****Preliminary version. NOT FOR GENERAL RELEASE***)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


