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ABSTRACT

In this paper, we propose a novel texture descriptor, Struc-
tured Texton, to extract and characterize meaningful texture
patterns in images. Structured Textons are constructed by
grouping local extremum regions connected by the nesting re-
lationship. To further improve the discriminative ability, high
order texton words are generated from the Structured Texton-
s, preserving both the appearance information and the spatial
information. Finally, a semantic ranking criterion is proposed
for selecting the discriminative high order texton words by
means of finding informative patterns from images. The pro-
posed Structured Texton is more discriminative than the sin-
gle texton-based representation. Experimental results of tex-
ture classification and scene classification on public datasets
demonstrate the effectiveness and discrimination of the pro-
posed Structured Texton.

Index Terms— Scene Classification, Texture Classifica-
tion, Texture Descriptor, Texton, Structured Textons

1. INTRODUCTION

The Textons, which refer to the fundamental micro-structures
in natural images especially the texture perception [1], are im-
portant in human cognition and computer vision [2], and are
widely used in various applications, e.g., image segmentation
[3], texture analysis [4], and material recognition [5]. It is
believed to be one of the basic elements in image analysis [2].

The extraction of textons is usually based on the response
over a bank of global or local filters. The popular filters are
Gabor bases, Laplacian-of-Gaussian and other wavelet trans-
forms as adopted in [3] [6] [4]. Beyond the filters bank, the
distribution and relationship between local pixel neighbor-
hoods are also widely employed, especially as the popularity
of sparse coding and pooling techniques [2] [4] [7]. Another
kind of textons is based on local region detection [8], which
is localized by local region detectors (e.g., Harris-Laplace de-
tector [9] and Laplacian detector [6]).

As for the representation of textons, various machine
learning methods are utilized, including discriminative [3]
[7] and generative [2] [8] methods, seeking for a complete
or over-complete basis of texture patterns. However, as an
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Fig. 1. (a) Two texture images of different categories in the
CURet dataset [10]. The cyan ellipses denote the interest lo-
cal regions detected by Laplacian detector. For clarity, only
20% of detected regions are displayed. (b) Two most frequent
texture elements of different scales in each image, of which
the corresponding ellipses are mapped onto unit circles. (c)
The nesting relationship and the geometric information be-
tween the texture elements are characterized. (d) In Struc-
tured Texton representation, the two images are easily identi-
fied since the 2nd order structured textons are very different.

important factor of visual information, the structure of visual
patterns, especially the spatial or geometric relationship be-
tween different textons is ignored. As shown in Fig. 1 (a), the
two texture images have high confusion in texture classifica-
tion since the basic textons without spatial constraint are very
similar in previous representation methods [8] (Fig. 1 (b)).

To cope with this problem, we try to explore the structure
of local texture patterns and hence to build a Structured Tex-
ton representation for texture analysis in this paper. As for the
structure, two aspects are explored.

First, the structure holds certain spatial and scale distri-
bution, which is referred as the “Nesting-Structure”, as the
example shown in Fig. 1 (c). This “Nesting” relationship is
widely existed in texture of natural images. On one hand,
the texture will exhibit different descriptions on varied scales.
On the other hand, as the examples in Fig. 1 (a), the texture
patterns in real images are usually not uniform, instead they
are interlaced distributed with other small texture blobs of d-



ifferent types. To fully explore these two factors, we embed
the nesting relationship into the texture descriptor, which is
ignored in previous methods.

Second, the correlation among the texture patterns further
improves the discriminative power of textons, which is moti-
vated by the success of visual phrase [11], and it is also val-
idated in texture classification [12]. Integrating the nesting
structure in the representation makes that the obtained texton-
s hold semantics and more informative, compared with tradi-
tional texture descriptors. As shown in Fig. 1 (c) and (d) the
texture patterns are easily classified in the Structured Texton
representation when the nesting relationship is considered in
texture pattern representation.

The Structured Texton is useful for various applications,
including texture classification, image synthesis, and image
matching. In this paper, we apply the Structured Texton in
texture classification and scene classification tasks.

2. THE STRUCTURED TEXTON

In this section, we first build the local texture elements from
texture images, and then construct the structured textons us-
ing the nesting relationship. Finally, high-order texton words
are built to improve the discrimination of the representation.

2.1. Building the Local Texture Elements

To get the local texture elements, we use the Laplacian blob
detector [13] to detect the affine regions, which are regard-
ed as texture elements having characteristics and distinctive
appearance patterns [14]. Similar with [14], we normalize
these detected regions by transforming the corresponding
ellipses into circles, and compute the SIFT-Like descriptors
di ∈ R128 [15] for each region i. The scale and principle
orientation information of each region is also preserved.

Following [8], a dictionary is further obtained by perform-
ing K-means to cluster all the {di} into M clusters, to quan-
tize the descriptors of texture regions into visual words. Fi-
nally, the texture regions are quantized into the collection of
Texture Elements as E = {ei}Ni=1, ei = (xi, yi, si, φi, vi, ri),
where (xi, yi) denotes the position of the texture region, si ∈
R its scale, φi ∈ [−π, π) its orientation, vi the visual word,
and ri the bounding circle of the local patch (mapped to a u-
nit circle). Some high frequency words of the dictionary are
shown in Fig. 2 (c) and (d).

2.2. The Structured Textons

Inspired by the observation that local regions usually occur
in different scales and overlap with each other (as shown in
Fig. 1(a)), we found it is quite natural and effective to utilize
the nesting relationship, which captures both the spatial and
scale structural information among local regions to explore
the structure of texture patterns.
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Fig. 2. (a)-(b) two sample images randomly selected from
CURet dataset(“Sample59” and “Sample60”); (c)-(d) the
high frequent local texture elements of the two texture cat-
egories; (e)-(f) the discriminative 2nd order textons.

The nesting relationship structure is illustrated in Fig. 3(a),
which consists of a center element c and a group of member
elements, Mc, nested by the bound rc. More specifically, we
use the nesting structure to capture the regular and meaning-
ful texture patterns, as called the Structured Texton, which
consists of a group of texture elements organized by the local
structural relationship. The geometric information is further
incorporated into our Structured Texton, by iteratively over-
laying a circular grid centered in the central circle (as shown
in Fig. 3(a)). The grid has a radius proportional to the fea-
ture’s scale, and the rotation invariance of the configurations
is achieved by rotating the circular grid by the feature’s orien-
tation. The bounding circle rc is divided into R × S regions,
denoted as G = {gi}R×S−1

i=0 .
Finally, Structured Textons are formulated as a triple:

T =
{
(ci,Mi)

}
, (1)

where ci (i = 1, . . . , N ) denotes the ith central element,
Mi = {(ej , gj)} denotes the member element set which is
covered by ci, and gj ∈ G denotes the geometric label of
member element ej . It embeds both the spatial, scale and ge-
ometric information in the representation of textures.

In order to reduce the dimension of the Structure Tex-
ton representation, and also to preserve the correlations be-
tween the center element ci and member elements Mi, we
decompose a structure texton τ ∈ T, τ = (ci,Mi) into sev-
eral high order Structured Textons, Tci = {(ci,Mik)}, where
Mik ⊆Mi denotes the subset of Mi.

We further formulate the above decomposition into the
nth order structure texton set (n ≥ 1), Tn

ci, where Tn
ci ⊆ Tci,

and |Mik| = n − 1. If n = 1, the high order texton becomes
a local texture element(i.e., only the central element ci). For
simplification, we only consider the 2nd order texton in this
paper, as shown in Fig. 2(e)-(f), and Fig. 3(b).
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Fig. 3. Toy examples of geometric configuration in a Struc-
tured Texton and the 2nd order texton generation. Stars, trian-
gles, rectangles and rhombs represent four types of elements.
(a) a Structured Texton consisting of a central element and
three member elements with grid index; (b) The Structured
Texton is decomposed into three 2nd order textons.

2.3. Discriminative Structured Texton Generation

Due to the high repeatability and large amount of the 2nd

order structured textons, we extract the more discriminative
ones using a data-driven approach, by observing the distribu-
tion of the whole feature space.

We consider the frequencies of 2nd order textons within
both a certain category and the overall categories in training
dataset. According to the TF-IDF weighting in information
retrieval theory, a high order texton candidate is considered
important to an category if it appears more frequently in it
and less frequently in others. Based on this strategy, the im-
portance of a 2nd order texton ti to the category c is computed
as follows,

S
(c)
i = logN

(c)
i /logNi, (2)

where N (c)
i denotes the number of ti in category c and Ni is

the number of ti in all categories in the entire feature space.
The top ranked textons in Eq. 2 are thought to be discrimina-
tive for category c and selected as the basic texture patterns.

3. EXPERIMENTS

To evaluate the discrimination and effectiveness of the pro-
posed Structured Texton, we apply it to two tasks: texture
classification and scene classification.

3.1. Preliminary

We apply our proposed Structured Texton into classification
frameworks. First, we extract the top K Laplacian region-
s (ranked by the responses of each region, K = 400 in our
experiments) of each image in the training set, and SIFT fea-
tures [15] are extracted for each region and clustered into M
clusters using K-means(M = 200, in this paper). Structured
Textons are constructed according to the nesting relationship.
Then, we generate the top V discriminative 2nd order Struc-
tured Textons for each category and align all the discrimina-
tive textons of all C categories into a Structured Texton vo-
cabulary. Finally, the Structured Textons in each image are
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Fig. 4. Texture classification results of our proposed Struc-
tured Texton and local texture element-based method with d-
ifferent sizes of vocabularies on the CURet dataset.

quantized into a histogram of vocabulary words to character-
ize its texture pattern. We train a SVM classifier with RBF
and classify the texture/scene images using the LibSVM [16].

3.2. Texture Classification

Datasets. 1) Brodatz texture album [17]: contains 111 tex-
ture images and 9 samples (3 for training and 6 for testing)
are extracted from each image as non-overlapping regions; 2)
KTH-TIPS dataset [18]: consists of 10 texture classes with
81 images(40 for training and 41 for testing) per class of dif-
ferent scales and poses; and 3) CUReT texture dataset [10]:
consists of 61 texture classes with 92 images (46 for training
and 46 for testing) per class that are captured under different
illumination conditions with different viewpoint directions.

The evaluation measurement follows [8], in which the re-
ported classification rate is the average over 100 random train-
ing set/testing set partitions for all the datasets.

Comparison with the local texture element method. To
evaluate the discrimination improvement of Structured Tex-
ton, we compare the proposed method with the local texture
element method, which clusters the descriptors of local re-
gions into a vocabulary and represents each image with a
histogram according to the vocabulary. The SVM classifier
with RBF kernel is used for training and classifying in the t-
wo methods. Fig. 4 illustrates the classification accuracies of
the two methods on the CURet dataset. From Fig. 4, one can
observe that the proposed method outperforms the local tex-
ture element method consistently and achieves a comparable
accuracy, 99.51%, when the size of Structured Texton vocab-
ulary is 488. The results demonstrate the effectiveness and
discrimination of the Structured Texton representation.

Comparison with state-of-the-art methods. We also
compare our method against state-of-the-art local texton-
based methods, 1) Multi-feature combination method (Multi-
feature) [8], which combines SIFT, SPIN and RIFT as the
descriptors to classify the texture image; 2) Texton-based
SVM method (Texton-SVM) [5], in which training set is



Table 1. Texture classification results (%) on Brodatz, KTH-
TIPS, and CURet Datasets.

Methods Brodatz KTH-TIPS CURet
Multi-feature [8] 95.9 96.1 95.3
Texton-SVM [5] - 90.56 98.00

Covariance Feature [19] 96.14 95.74 -
Structured Texton 97.42 99.57 99.51

Table 2. Classification performance of different methods on
the 15 class scene dataset.

Methods Performance
Single-level SPM(#voca.=200) [20] 79.4± 0.3
Single-level SPM(#voca.=400) [20] 79.7± 0.5
Multi-level SPM(#voca.=200) [20] 81.1± 0.3
Multi-level SPM(#voca.=400) [20] 81.4± 0.5

GIST [22] 73.28± 0.67
CENTIST [21] 83.88± 0.76

Structured Texton 86.60±0.68

extended by re-scaling the samples for texture classification;
and 3) Covariance structure feature method (Covariance
Feature) [19], which uses multivariate log-Gaussian cox pro-
cesses to characterize covariance structures in texture images.

Table 1 illustrates the results of different methods on the
benchmark datasets. Structured Texton not only outperforms
other texton-based methods but also achieves significant im-
provement than covariance structure method, which demon-
strates the effectiveness of the proposed Structured Texton
representation. Moreover, on the more challenging CURet
dataset containing the variance on scale, affine and rotation,
the Structured Texton method also achieves fairly good per-
formance, which also demonstrates its robustness.

3.3. Scene Classification

We extend our Structured Texton to the scene classification
task on the 15 class scene dataset [20]. Images in the dataset
are about 250 × 300 resolution, with 210 to 410 images per
class. This dataset contains a wide range of outdoor and
indoor scene environments, and the 15 scene categories are
shown in Fig. 5. In our experiment, 100 images in each cate-
gory are used for training and the remaining images constitute
the testing set, the same with previous work [20] [21].

We compare the proposed method with state-of-the-art
spatial structures/spatial constraint-based methods, including
Spatial Pyramid Matching method (SPM) [20], the global
GIST feature-based method (GIST) [22], and CENTRIST
method [21]. Table 2 illustrates the average accuracy in all
categories of different methods. All related results are cit-
ed from original paper except GIST whose result is cited
from [21]. Our proposed method outperforms the state-of-
the-art methods with 3%-9% improvements in classification
performance. The reason is that Structured Texton preserves
the structure characteristic of different category scene images.

Fig. 5 shows a confusion matrix between the fifteen scene
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Fig. 5. Confusion matrix of our proposed Structured Texton
method on the 15 class scene dataset. Only rates higher than
10.0% are shown in the figure.

categories of our proposed method. Structured texton effec-
tively classifies the different scenes, while confusion occurs
between category pairs such as bedroom/living room, and
coast/open country, which have very similar components.

3.4. Discussion

To summarize, the experimental results show that the pro-
posed structured texton: 1) holds the structural information
including spatial, scale distributions, geometrical, and corre-
lations between textons, which leads to the improvement in
performance in both texture classification and scene classifi-
cation; and 2) discovers the discriminative texture patterns to
avoid the false alarm in texture analysis caused by high re-
peatability of textures in natural images.

4. CONCLUSION

In this paper, we have presented a novel texture descriptor,
Structured Textons for texture representation. Structure tex-
ton is advantageous in several aspects. It extracts the mean-
ingful local structure patterns and preserves structure charac-
teristics of texture elements for characterizing texture images,
and the proposed discriminative high order texton provides a
discriminative and effective representation for classification
tasks. Experimental results show that Structured Texton out-
performs the state-of-the-art methods in both texture classifi-
cation and scene classification tasks.
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