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Abstract— Texture characterization is a key problem in
image understanding and pattern recognition. In this paper,
we present a flexible shape-based texture representation using
shape co-occurrence patterns. More precisely, texture images
are first represented by a tree of shapes, each of which is
associated with several geometrical and radiometric attributes.
Then, four typical kinds of shape co-occurrence patterns based
on the hierarchical relationships among the shapes in the tree
are learned as codewords. Three different coding methods are
investigated for learning the codewords, which can be used
to encode any given texture image into a descriptive vector.
In contrast with existing works, the proposed approach not
only inherits the shape-based method’s strong ability to capture
geometrical aspects of textures and high robustness to variations
in imaging conditions but also provides a flexible way to consider
shape relationships and to compute high-order statistics on the
tree. To the best of our knowledge, this is the first time that
co-occurrence patterns of explicit shapes have been used as a tool
for texture analysis. Experiments on various texture and scene
data sets demonstrate the efficiency of the proposed approach.

Index Terms— Texture analysis, co-occurrence patterns, tree of
shapes, geometrical aspects, Fisher coding.

I. INTRODUCTION

AS A fundamental ingredient of image structures, texture
conveys important cues in numerous processes of human

visual perception. However, because of the high complexity of
the structures that appear in natural images, texture modeling
is a challenging problem in image analysis and understanding.

A. Problem Statement

This paper addresses the problem of texture characteri-
zation, which has been the subject of numerous extensive
investigations over the years (see, e.g., [1]–[12]). Among
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these studies, three aspects of texture analysis have been
predominantly addressed:

- How to Capture the Geometrical Aspects of Textures:
Based on the results of texture perception experiments,
Julesz [13] suggested that human texture discrimination
can be modeled by means of the statistics of “a few local
conspicuous features”, so-called textons. The discrimina-
tive texton features identified by Julesz include the clo-
sure, connectivity and granularity of local geometries in
images, such as edges, line ends, and blobs. To represent
the structural aspects of textures, various mathematical
tools, such as Gabor or wavelet-like analysis, are used
to probe the atomic texture elements in images, such as
elongated blobs and terminations, and the marginal/joint
distributions of the resulting responses are subsequently
utilized to statistically describe the arrangements of the
texture elements [2], [3], [14]. The strong ability of such
mathematical tools to handle multi-scale and oriented
structures has positioned them among the most popular
tools for texture analysis. However, the question of how
to efficiently represent highly geometrical aspects of
textures, e.g., sharp transitions and elongated contours,
remains an open issue. To solve this problem, alter-
native wavelet-like approaches, e.g., Grouplet [15] and
the scattering transform method [9], have been proposed
to enable more efficient representations of structured
textures. As an alternative to explicit models, the patch-
based method [16] provides another means of describing
the structured aspects of textures, but it is not trivial
to capture the multi-scale nature of textures using this
method.

- How to Capture the Invariant Properties of Textures:
To satisfy the requirement of invariance with respect to
changes in viewpoint and illumination, many invariant
texture descriptors have been proposed in the literature,
including rotation-invariant local binary patterns
(LBPs; joint distributions of gray values in circular
local neighborhoods) [17] and multi-fractal analysis
[12], [18], [19]. Recently, several approaches have been
proposed that rely on the extraction of local features that
are individually invariant to certain geometric transforms,
such as scaling, rotating and shearing [4]. Unlike previous
works addressing invariant texture analysis, such locally
invariant methods do not require any learning of
deformations. Alternatively, by relying on morphological
operations, the shape-based invariant texture analysis
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Fig. 1. The flowchart of our algorithm. In our algorithm, images are first
represented by a tree of shapes (topographic map) via the Fast Level Set Trans-
form (FLST). Then, the branches of the tree are analyzed using a statistical
method to learn the shape co-occurrence patterns. Finally, the corresponding
histogram features of the images are extracted based on these patterns.

method (SITA) [5] represents a texture in the form of a
tree of explicit shapes, and the shape attributes are locally
normalized to achieve invariant texture descriptions. It has
been reported that SITA achieves superior performance in
invariant texture recognition. One limitation of this work,
however, lies in its difficulty in accounting for high-order
statistics related to shapes, which have been demonstrated
to play a crucial role in texture discrimination [5].

- How to Learn High-Order Statistics for Texture Analysis:
Last but not least, high-order information can be learned
to describe textures from different perspectives, which
can greatly improve the ability to recognize textures.
Among these methods, a multivariate log-Gaussian Cox
process has been applied to model relationships among
key points [20]. Pairwise LBP descriptors are developed
in [21]–[24] to depict the relationships between LBPs.
In addition, the scattering transform method [9] and meth-
ods based on convolutional neural networks (CNNs) [25]
use cascaded networks to learn high-order information
from images for texture characterization. Similar to these
methods, the objective of this paper is to present a more
flexible shape-based texture analysis framework based on
the co-occurrence patterns of shapes, which can be used
to model the high-order geometrical aspects of textures.

B. Motivation and Contributions

This paper attempts to combine the shape-based texture
analysis scheme with the co-occurrence pattern method in
the texton-based paradigm. More precisely, as illustrated
in Fig. 1, given a texture, we first use the Fast Level Set

Transform (FLST) [26] to decompose it into a tree of shapes,
in which each shape is associated with certain attributes.
We then learn a set of shape co-occurrence patterns from a set
of texture images, e.g., by means of the K-means algorithm and
others. By treating the learned shape co-occurrence patterns
as visual words, a bag-of-words model is finally established
for the description of texture images. From the shape-based
texture method, our algorithm inherits both the strong abil-
ity to model the geometrical aspects of textures and high
robustness to changes in imaging conditions. In contrast with
SITA [5], the proposed approach provides a more flexible
way to consider more complex shape relationships and high-
order statistics on the tree based on shape co-occurrence
patterns. Moreover, as we shall see, SITA can be regarded
as a special case of the proposed approach in which only
marginal distributions and simple pairwise shape statistics
are considered. To our knowledge, this is the first time that
co-occurrence patterns of explicit shapes have been used
for texture analysis. Several experiments involving texture
retrieval and classification demonstrate the efficiency of the
proposed analysis approach on various datasets.

C. Related Work

The proposed texture analysis approach, which relies
on shape co-occurrence patterns, is inspired by the shape-
based texture analysis scheme and texture models using
co-occurrence matrices, and it is also closely related to the
texton-based texture modeling paradigm. In what follows,
we briefly review the background on these approaches and
related works.

1) Texton-Based Texture Analysis Paradigm: The texton
theory [13] has given rise to a kind of structural approach to
texture description, in which texture primitives are first probed
as local features and their organization is then investigated.
As mentioned previously, an implicit way to implement the
texton theory is to use tools for wavelet-like analysis, such as
Gabor filter banks, to probe atomic texture elements in texture
images and then utilize the resulting filter responses to describe
the underlying statistical texture features [2], [3], [9].

An alternative implementation is to explicitly detect atomic
texture elements beforehand and then model the spatial
arrangements of those textons. For instance, Zhu et al. [14]
detected textons by using a number of image bases with
deformable spatial configurations, which were learned from
static texture images. Lafarge et al. [27] first defined a set
of geometric objects, e.g., segments, lines, circles, or bands,
as texture elements and then detected those elements and stud-
ied their organization through a Markov Point Process (MPP).
A more general approach is to extract small image patches
from a texture, cluster them into textons and finally investigate
the underlying statistics. Lazebnik et al. [4] extended this idea
by eliminating the redundancy between patch-based textons
by utilizing regions of interest in images. Compared with
the previously discussed implicit models, explicit models can
more easily handle structured parts of textures, such as edges
and bars, which appear in high-resolution texture images.
However, the computation or detection of such textons is
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not trivial. Moreover, the modeling of interactions between
textons may involve heavy computation.

2) Co-Occurrence Patterns of Pixels for Texture Analysis:
Co-occurrence matrices [1], [28] remain a popular approach
for texture analysis. They characterize image textures in terms
of a set of sufficient non-parametric and low-order pixel
statistics. The earliest use of co-occurrence matrices involved
the statistics of pairwise pixel relationships in several prede-
fined forms. The LBP approach [29] extended the concept
of co-occurrence by providing a framework for studying the
statistics of co-occurrent binary patterns. Although this kind
of approach demonstrates a strong capability to characterize
random and nearly random textures [29], it is limited by its
lack of consideration for large-scale geometrical structures in
texture images.

3) Computing Textons With High-Order Statistics: CNN-
based methods [9], [25], [30], [31] have recently attracted
considerable attention. In methods of this kind, cascaded
networks are used to describe high-order shape statistics.
In particular, in [9], a three-layer network for rotation-,
scaling- and deformation-invariant scattering transformation
is designed for texture discrimination. Although it achieves
good performance, it still has difficulty capturing large-scale
structures in textures because the network is not sufficiently
deep. In addition, several other novel methods [25], [30], [31]
based on CNNs can be used to describe the local and large-
scale structures of textures by means of many cascaded con-
volutional layers and pooling layers in a pre-trained network.
However, since such networks, e.g., VGG [32], have typically
been trained on ImageNet rather than a texture dataset, it is
difficult to clarify how the extracted feature maps define
the characteristics of textures, especially the invariances with
respect to scale, rotation and illumination.

In the remainder of this paper, we briefly introduce the
necessary background and review shape-based texture analysis
in Section II. In Section III, we present the proposed texture
analysis approach based on shape co-occurrence patterns in
detail. In Section IV, the ability to use the proposed features
to classify or retrieve textures is demonstrated on various
datasets. Section V offers several concluding remarks. A pre-
liminary version of this paper has been presented in [33].

II. PRELIMINARIES

This section reviews the preliminaries related to our work,
i.e., the tree-of-shapes image representation, moment-based
shape description and SITA.

A. Tree-of-Shapes (ToS) Image Representation

Given a g-bit gray-scale image u : � �→ G with G =
{0, · · · , 2g − 1} and � = {0, 1, · · · , n − 1} × {0, 1, · · · ,
m − 1}, its upper and lower level sets, denoted by {χα(u)}α
and {χα(u)}α , respectively, are defined as

χα(u) = {x ∈ �; u(x) ≥ α}
and

χα(u) = {x ∈ �; u(x) ≤ α}
for α ∈ G.

Fig. 2. Representation of a synthetic image by means of its topographic
map. Left: an original digital image; Right: representation of the image by
means of its ToS, where {A, B, . . . , I } denote the corresponding shapes.

Note that {χα(u)}α (or, similarly, {χα(u)}α) is a complete
image representation, from which the image u can be recon-
structed without any loss of information:

u(x) = min{α; x ∈ χα(u),∀α}.
Another interesting property of the level sets is that χα1(u) ⊂
χα2(u) and χα2(u) ⊂ χα1(u) if the gray levels satisfy
α1 < α2, which implies that the connected components of the
upper/lower level sets are naturally embedded in a tree struc-
ture [34]. In [26], it is reported that these two redundant tree
structures can be combined to derive a hierarchical representa-
tion of the image, called a tree of shapes (ToS) or topographic
map, by drawing on the notion of shapes.1

Definition 1 (Shape): A shape s is a connected component
of the upper or lower level set whose holes have been filled in
with pixels. It corresponds to the interior of a level line (the
boundary of a level set).

The ToS of an image can be computed using an effi-
cient algorithm called the FLST [26]. Fig. 2 shows an
example of the ToS representation of a synthetic image.
The shapes, or polygons without holes, in this example are
{A, B, · · · , I }.

Based on the ToS representation, one can define the smallest
shape associated with a pixel as follows:

Definition 2 (The Smallest Shape Associated With a Pixel):
For a pixel x ∈ �, the shape sx = arg mins{|s|; x ∈ s,∀s}
is called its smallest associated shape, which is the shape
containing x that has the smallest area.

Note that a shape s is a point set and that for any two shapes
si and s j such that |si | ≤ |s j |, there are only two possible
relationships: si ⊆ s j or si ∩ s j = ∅. More details on the ToS
image representation can be found in [26].

Because the ToS provides a complete representation of the
corresponding image, it is natural to argue that the modeling
of a texture u can be recast as the modeling of the ToS, i.e.,

u = (V , E),

where V = {si } denotes the shapes, which are the vertices of
the ToS, and E = {ei j } denotes the edges between shapes si

and s j , with ei j = 〈si , s j 〉.

1The code for the FLST is included in the free software MegaWave2 and
can be downloaded at http://megawave.cmla.ens-cachan.fr/.
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TABLE I

ATTRIBUTES THAT CHARACTERIZE A SHAPE s . FOR THE DEFINITIONS
OF THE SYMBOLS, PLEASE REFER TO THE TEXT

B. Moment-Based Shape Description

The (p + q)-th order central moment of a shape s :=
{x; x = (x1, x2) ∈ �} is defined as

μpq(s) =
∫ ∫

s
(x1 − x̄1)

p(x2 − x̄2)
q dx1dx2, (1)

where (x̄1, x̄2) is the center of mass of s, i.e.,

x̄i = 1

μ00(s)

∫ ∫
s

xi dx1dx2, ∀i = 1, 2. (2)

Here, μ00(s) is the area of shape s.
Considering the similarity invariance (i.e., scaling and rota-

tion invariance) of shapes, the normalized inertia matrix of
a shape can be used to derive its attributes. Let λ1 and λ2
denote the two eigenvalues of the normalized inertia matrix
of s, such that λ1 ≥ λ2. μ00(s) is the area of shape s. Let p
be the perimeter of the shape. Then, the geometrical attributes
that characterize shape s can be calculated as shown in Tab. I.
In what follows, for simplicity, the shape index s will be
omitted for each attribute.

C. Shape-Based Invariant Texture Analysis (SITA)

Based on the arguments presented above, Xia et al. [5]
introduced the shape-based texture analysis scheme known as
SITA. To characterize the vertices V = {si } of the ToS, one can
compute moment-based attributes to describe the geometrical
aspects of each shape.

To represent some of the radiometric information related
to shapes, such as contrast, which has been reported to
be important for texture discrimination, the smallest-shape-
normalized contrast is used, i.e.,

γ (s) := u(s)− μs

σs
,

where u(s) is the gray value of the pixels that are contained
only in s (i.e., pixels that appear in no other shape) and
μs and σs are the mean and standard deviation, respectively,
of the gray values of all pixels in s.

To derive shape attributes that are robust to affine transfor-
mations, in SITA, the ratio between the area of a shape s and
the average area of its r -th order ancestors sr , r ∈ [1, · · · , M],
is calculated as follows:

β(s) := area(s)
1
M

∑M
r=1 area(sr)

.

Moreover, note that the shapes extracted from the upper
level set, i.e., χα , correspond to bright poles in an image,

whereas shapes extracted from the lower level set, i.e., χα ,
correspond to dark ones. A polarization attribute, defined as

φ(s) =
{
+1, s ∈ χα

−1, s ∈ χα,

is therefore added to each shape s to represent this information.
Thus, in summary, the attributes of shape s can be written

as

f (s) = (ε, κe, κc, γ , β)T · φ(s). (3)

The marginal distributions of the shape attributes are used
for texture characterization. This approach relies on the
assumption that the shapes in the ToS and their attributes are
independent and that statistics need to be derived only from the
vertices V for texture analysis. However, high-order statistics
of the ToS, which are contained in the edges E , also play an
important role in texture analysis. In SITA, this information is
simply derived using the scale ratio β in Eq. (3), which is not
sufficient to describe the high-order statistics.

The following section of this paper proposes a general and
flexible way to more comprehensively consider high-order
statistics in the ToS.

III. TEXTURE MODELING WITH SHAPE

CO-OCCURRENCE PATTERNS (SCOPs)

A. Texture Modeling With Explicit Shape Textons

According to the texton theory [13], the shapes s that serve
as the basic elements for texture analysis can be regarded as
textons. Compared with other existing representations, shape
textons are a more flexible means of describing the geometrical
aspects of textures. To derive a texture model from a ToS, one
needs to estimate the rules governing the arrangement of the
shape textons. In this paper, we argue that a texture image
can be characterized in terms of the statistical distribution
of shapes in the ToS. A ToS-based texture model has the
following beneficial properties:

1) It enables simultaneous texture analysis at multiple scales
without geometric degradation when going from finer to
coarser scales, because the ToS representation provides a
non-linear scale space.

2) It is invariant with respect to changes that increase the
contrast in a texture image.

3) It uses shapes as local textons for texture analysis and thus
provides a flexible way to achieve geometric invariance
by individually normalizing the geometric transforma-
tions of different shapes.

It is worthwhile to revisit the reason why SITA [5] works.
In fact, SITA follows the texton-based texture analysis scheme
by treating explicit shapes as textons. Because this analysis
scheme uses explicit shapes to characterize textures, it demon-
strates a strong ability to capture the geometrical aspects of
texture images, and by virtue of its flexible normalization of
geometric transformations of individual shapes, it shows high
efficiency in extracting geometric-invariant texture features
and superior performance in the task of invariant texture
recognition. In particular, it uses second-order moments to
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Fig. 3. Examples of textures represented using second-order shapes, i.e.,
ellipses. The two original textures are shown in (a), and the corresponding
approximate textures, which are generated by maintaining the hierarchical
structure of the tree but replacing each shape with an ellipse with the same
second-order statistics, are shown in (b). We can see that the elongated
structures are well represented.

describe the shapes in the ToS, which implies that each
shape is approximated as an ellipse. The efficiency of this
approach can be observed from Fig. 3, in which textures are
reconstructed by maintaining the original tree structure but
replacing each shape in the tree with an ellipse with the same
second-order moments. Observe that the image approximated
using ellipses is difficult to distinguish from the original image.

However, the SITA scheme simply assumes that the
attributes of each shape are independent and models textures
in terms of several marginal distributions. One limitation of
such an approach lies in its difficulty in handling relationships
among shapes, which correspond to high-order statistics on the
tree. These relationships have been reported to be important
for texture discrimination; for more details, see [5], in which
only the scale ratios between pairs of shapes are considered,
yet better performance is achieved than with other attributes.

B. SCOPs

In the spatial domain, relationships among shapes corre-
spond to local co-occurrence structures in images. In the topo-
graphic map of an image, which is a hierarchical tree, the main
relationships are sibling and ancestor/descendant relationships,
corresponding to small branches of the tree. If we treat such
small branches as textons, the task of texture modeling is then
to investigate the rules governing the arrangement of branches
in the tree.

In our context, we define shape co-occurrence
patterns (SCOPs) as simple and local common branches of
the ToS, which reflect specific spatial organizations in the
topographic map. Note that although the SCOPs are local
in the ToS, they may correspond to large spatial areas in
terms of pixels in the image, which enables us to consider
highly geometrical and complex texture elements, such as
co-occurring elongated or sharp edges.

Fig. 4. Two common types of SCOPs: shape-ancestor-sibling (S AS : s →
sr ← s′) (a) and shape-ancestor-grandancestor (S AG : s → sr → sτ ) (b).

Let sr denote the r -th order ancestor of shape s in the
ToS, let s′ denote a sibling of s, and let sτ denote the τ -th
order grandancestor of s such that τ > r . Then, in this work,
we define the following four kinds of SCOPs:

single shape (SS) : s,

shape-ancestor (S A) : s → sr ,

shape-ancestor-grandancestor (S AG) : s → sr ��� sτ ,

shape-ancestor-sibling (S AS) : s → sr ← s′.

The arrows denote successor relationships, and the dashed
arrow indicates that there are probably several hidden shapes
in other hierarchical layers between the shapes indicated on
the left and right sides of the arrow. Note that S AG can be
extended to a higher layer structure by considering a larger
value of the parameter τ .

Fig. 4 illustrates two common types of SCOPs, S AG and
S AS, which are very popular and efficient to use in texture
representations because they encode rich spatial co-occurrence
information.

The two parameters used to construct these SCOPs are
the order r of the interval between a shape and its ancestor
and the cascade ratio between the orders of the ancestor and
grandancestor intervals, τ/r .

1) Estimating the Interval r: The interval r controls the
correlation between two shapes considered to be adjacent in
the tree. Note that an excessively small r is meaningless
because the two adjacent shapes will be nearly identical,
whereas an excessively large r will not be sufficiently local
and will result in a weak descriptive ability. For our purposes,
we propose to use the smallest r value for which the average
difference between the areas of two adjacent shapes is larger
than the perimeter p of shape s,

r = min{i ; asi − as > p(s)}, (4)

where si denotes the i -th order ancestor of shape s and a and
p denote the area and perimeter, respectively.

Note that r in fact approximates the amount of blur around
objects in natural images. The chosen value of the interval r is
the average value obtained when applying Eq. (4) to all shapes
in the images of the dataset of interest, which corresponds to
the average blur in the textures.

2) Estimating the Cascade Ratio τ/r for Grandancestors:
τ has an effect similar to that of r on the texture descrip-
tion results. Considering the causal relationship between two
cascaded shapes in the tree structure, τ should be an integer
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Fig. 5. The four common types of SCOPs, with several words learned via
K-means in each corresponding row, where τ = 2r . In the left column, from
top to bottom, the SCOP types are SS, S A, S AG and S AS.

multiple of r . In our experiments, τ was set to 2r to achieve
better performance.

C. Encoding SCOPs for Texture Analysis

As a local common branch of the ToS, each SCOP actually
represents an enormous number of image or shape realizations,
all of which are described by the branch attributes. For the four
common types of SCOPs considered here, the attributes are as
follows:

descriptor for SS : f (s),

descriptor for S A : [ f (s), f (sr )],
descriptor for S AG : [ f (s), f (sr ), f (sτ )],
descriptor for S AS : [ f (s), f (sr ), f (s′)],

where f (s) is the set of attributes associated with s, which is
defined in Eq. (3).

To simplify the problem, we need to quantize the shape
realizations of each SCOP into a limited number of clusters,
called the words of a SCOP. Such words can be learned from
the ToS of a given set of texture images, as illustrated in Fig. 1.
In this figure, the different patterns in which the shapes appear
are extracted from the given dataset, and the corresponding
words are learned. Using each word of a SCOP, any texture
image can be encoded into a specific descriptor.

In the following, we investigate three kinds of coding meth-
ods: K-means coding (KM-SCOP), sparse coding (SC-SCOP)
and Fisher coding (FC-SCOP). Fig. 5 shows several typical
words learned via the K-means algorithm for each SCOP.

1) KM-SCOP: K-means coding is a hard-voting strategy.
For each SCOP, codewords D ∈ �h×K are built by clustering
the shape features using the K-means algorithm, where h is
the dimensionality of the SCOP features and K is the number
of atoms in the dictionary. Fig. 5 illustrates the typical kinds
of codewords learned for different SCOPs, where the shape
relationships are hierarchical and coordinated.

After the codewords are obtained, the probability density
distributions of the shapes are represented by histograms of
SCOPs, whose bins reflect the occurrence frequencies of the
shape features. Fig. 6 shows examples of the histograms
corresponding to typical SCOPs for 12 texture images chosen

Algorithm 1 Image Classification Using SCOPs

from 4 different classes (3 images per class) from the UIUC
dataset [35]. It is apparent that the histograms of images that
belong to the same class are similar, whereas those of images
that belong to different classes are different; consequently, all
of the histograms serve as distinguishing features that can be
used to describe the texture images. Finally, we concatenate
these histograms to obtain the descriptive feature vector for
each texture image.

2) SC-SCOP: The sparse coding method considered
here [36] can be regarded as a soft-voting strategy. In this
strategy, shape features are represented by combinations of
several atoms as codewords with different weights.

To build the sparse codewords for each SCOP, we randomly
select a training feature set x = { f (si )}i={1,2,··· ,nd } from
the dataset, where nd is the number of samples used for
training the codewords. After the codewords are obtained,
the sparsely coded feature vector of shape si can be calculated.
The SCOP descriptor vector is obtained as the concatenation
of all histograms for different SCOPs. In the current study, this
coding method was implemented using the Sparse Modeling
Software (SPAMS) toolbox [37].

3) FC-SCOP: In the Fisher coding method, the probabil-
ity density distributions of the shape features are described
using a Gaussian Mixture Model (GMM), whose parameters
 = (μk,�k , πk : k = 1, · · · , K ), representing the means,
covariance matrices and weights associated with the different
component Gaussian distributions, can be estimated using the
expectation maximization (EM) algorithm [38].

Thus, the Fisher-coded descriptor for each SCOP can be
written as

(μ1, μ2, · · · , μK ,�1, · · · ,�K )T . (5)

The dimensionality of FC-SCOP is too high to process in our
classification approach, so we reduce its dimensionality via
principal component analysis (PCA) [39].

Algorithm 1 presents the implementation of the classifica-
tion pipeline for our approach.
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Fig. 6. Histograms corresponding to different SCOPs for 12 texture images belonging to 4 different classes (3 images per class) from the UIUC dataset.
In the left column, from top to bottom, the SCOP types are SS, S A, S AG and S AS.

IV. EXPERIMENTAL EVALUATIONS

A. Experimental Design

We tested our approach on two different tasks in which
texture information dominates: invariant texture recognition
and scene classification. For the invariant texture recogni-
tion task, we tested the proposed approach on three com-
monly used texture datasets: the UIUC [4], UMD [18], and
Brodatz [41] datasets. We compared our methods with the
scattering transform (ST) method [9] (with the ‘log’, ‘scale
average’ and ‘multi-scale train’ operators) and several conven-
tional methods [11], [12], [42], [43] as well as a deep-learning-
based method [25], [31]. For the scene classification task,
the proposed approach was tested on the MIT Outdoor Scene
Dataset [44], the UC Merced Land Use Dataset [45] and the
WHU-RS19 dataset [46] to evaluate its efficiency on different
kinds of datasets. We compared our results with those of the
classical methods of Lazebnik [35] and Xia [43], and we also
tested the ST method [9] on these datasets. All methods con-
sidered for comparison were tuned to use suitable parameters.

Note that our approach involves 5 parameters.
To characterize a texture image, the proposed approach

consists of two main steps: (1) decompose the texture
image into shapes by means of the FLST [26] (the code
for which is available as part of the free processing
environment MegaWave2 at http://www.cmla.ens-cachan.fr/
Cmla/Megawave/), which involves no parameters, and
(2) encode the co-occurrence patterns of the shapes, for
which 4 parameters are used to construct the patterns. The
first two parameters are the interval r and the number of
cascaded shape ancestors, estimates of which are obtained
using Eq. (4) in Section II and are easy to determine. The other
2 parameters are the minimal and maximal sizes of the shapes
to be used for computing the patterns, which, for this study,
were set to 3 pixels and 0.05 times the image size, respectively.
These settings were chosen based on the observation that
shapes smaller than 3 pixels contain little discriminative and
geometrical information, whereas excessively large shapes are
few in number and may produce non-stable texture statistics.
The remaining parameter, i.e., the dictionary size, is used in
the feature encoding step; this parameter is common to almost
all feature encoding frameworks and is usually set empirically.

The numbers of codewords for SS, S A, S AG and S AS
were set to K = {100, 200, 300, 300}, respectively, and the
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regularization parameter for sparse coding was set to 0.05.
The reduced number of descriptor dimensions for each SCOP
in the FC-SCOP method was 500. The histogram intersection
kernel (HIK) was used to train the SVM classifier for
KM-SCOP, whereas the radial basis function (RBF) kernel
was used for SC-SCOP and FC-SCOP. The HIK and the RBF
kernel are defined as

I (� X ,� Y ) =
∑
k=1

min(� X (k),� Y (k)), (6)

R(� X ,� Y ) = exp

(
−‖(�

X )μ − (� Y )μ‖22
2σ 2

)
, (7)

respectively, where k is an index representing the histogram
bins, σ is the scale parameter of the kernel, and μ is the
power transform parameter, which is usually set to 0.3 for
sparse coding [36] and 1 for Fisher coding.

In our experiments, each SCOP (including both positive
and negative patterns) was evaluated separately, and then
combinations of SCOPs were tested and compared.

We evaluated the proposed algorithm in terms of its
classification accuracy and retrieval rate. According to [4],
retrieval experiments use individual samples to measure
how well texture classes are modeled, whereas classification
experiments can consider the variance within classes and
allow the modeling of a texture class to be assessed based on
multiple samples from that class. The classification accuracy
is computed as follows:

γ = Nc/Ns, (8)

where Nc denotes the number of samples that are classified
correctly and Ns denotes the total number of samples. In our
experiments, over 200 random splits between the training
and testing sets were considered to calculate the average
classification results.

A retrieval experiment consists of using any sample as a
query to retrieve the Nr most similar samples in a dataset.
For evaluation, the average proportion of correctly retrieved
samples (generally called the recall) for a query spanning the
entire dataset was determined as a function of Nr . Inspired
by [5], which reports that retrieval results can be improved
through the use of the geodesic distance, we calculated the
geodesic distances for all compared methods.

Furthermore, according to [9], multi-scale (MS) training
helps to improve classification results. In this approach,
the original texture images are decomposed into spatial scale
pyramids, and features are extracted from the resized images
at each layer in the pyramids. All of the features thus extracted
are collected to form a new set of features for each correspond-
ing texture image. Finally, these new sets of features can be
used to recognize the texture images.

Note that the computation of the ToS is very fast, by virtue
of the FLST algorithm [26]. More precisely, in our context,
less than 1 second on average is required to extract all four
SCOP types (including the attributes) for one sample from the
UIUC dataset, with dimensions of 480× 640 pixels, using a
Dell Precision T1600 Workstation.

B. Invariant Texture Recognition Experiments

This section reports the evaluation of our approach on three
commonly used texture datasets and compares our results
with those of several popular and state-of-the-art texture
analysis methods. In our algorithm, the parameters were set in
accordance with the characteristics of the datasets, which are
described below:

- UIUC Dataset: This dataset [4] contains 25 texture
classes, with 40 images with dimensions of 640 × 480
per class. The samples have different scales, viewpoints
and rotations. Therefore, features that are robust with
respect to these variations can achieve better performance.
For our method, the cascade ratio τ/r was set to 2,
and the ancestor interval r was set to 5 using Eq. (4).
We evaluated our algorithm with each of the three encod-
ing strategies using 5, 10 and 20 samples per class for
training and the rest for testing.

- UMD Dataset: This dataset [18] contains 25 texture
classes, with 40 images with dimensions of 1280×960 per
class. Again, r was set equal to 5 according to Eq. (4).
Because the samples in several classes in this dataset,
such as the tree and vegetable classes, have random
structural arrangements, the S AS pattern is unable to
improve the overall results; therefore, we constructed the
combined SCOP descriptors using only SS, S A and S AG.
The three coding strategies were implemented, and we
trained the SVM classifier using 5, 10 and 20 samples
per class and evaluated the classification performance on
the rest using Eq. (8).

- Brodatz Dataset: This dataset [41] contains 111 different
classes, with 9 images with dimensions of 213× 213 per
class. The samples in each class are all cropped from
one large image. As a result, the samples in each class
do not vary in viewpoint, rotation or scale. Because of the
simple structures of the images in this dataset, complex
patterns are not suitable for modeling them. Therefore,
in this experiment, only SS and S A were used to obtain
the combined SCOP descriptors. The interval r was set
to 3 using Eq. (4). The classification performances on
this dataset were evaluated for the three coding methods
using 2, 3 and 4 samples per class for training.

The overall classification results are presented in Tab. II.
The top rows show the results for the methods considered for
comparison with our approach; then, the detailed classification
results obtained for each individual SCOP using the
KM-SCOP strategy are shown, and finally, in the bottom rows,
we present the results for the combined SCOPs obtained using
the KM-SCOP, SC-SCOP and FC-SCOP strategies. In this
table, among the non-deep-learning-based methods, the state-
of-the-art ST method [9] performs very well with several
external operations, such as logarithmic non-linearity transfor-
mation and scale averaging. In particular, the ST method out-
performs all other methods (including our algorithm without
the MS training strategy) for training sample sizes of 10 and 20
on the UMD dataset. However, our algorithm (without the MS
training strategy) outperforms the others in all other cases,
especially in the case of FC-SCOP. From a comparison of the
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TABLE II

CLASSIFICATION RESULTS WITH STANDARD DEVIATIONS ACHIEVED ON THE UIUC [4], UMD [18] AND BRODATZ [41] DATASETS

three coding strategies, it is obvious that FC-SCOP performs
the best and KM-SCOP performs the worst in terms of the
classification accuracy. Generally speaking, in the K-means
approach, the shape attribute feature distributions are estimated
by means of a hard-voting strategy, which introduces errors
since each shape attribute feature in the images is represented
by a single atom in the codeword dictionary. By contrast,
the sparse coding histograms are generated using a soft-voting
strategy, in which the shape attribute features are represented
by sparse weight vectors. Therefore, the accuracy improves
from KM-SCOP to SC-SCOP. As a further improvement,
FC-SCOP uses a GMM to model the feature sets. In this
approach, each shape attribute is coded in terms of a
probability density distribution with respect to the GMM.
Consequently, FC-SCOP outperforms the non-deep-learning-
based methods.

Because of the promising performance of the MS training
strategy adopted in [9], [25], and [32], we also tested this
strategy in combination with our best coding strategy, with
the results shown in the last row of the table, denoted by
FC−SCOP+MS. Significant improvements can be observed
with this approach. Although our method is robust to changes
in scale, it is nevertheless intuitive that more structures may
become evident when an image is resized, especially when
it is upsampled. These new structures provide additional
information to assist in texture recognition. The disadvantage
is that additional time is required to completely extract the
features.

Notably, even our SCOP-SS approach performs better than
SITA [5] because we use more of the shape attributes. Another
interesting finding is that for texture images with complex
structures, higher-order SCOPs yield better performance. For
example, on the UIUC and UMD datasets, the performance
of SCOP-SAG is better than that of SCOP-SA, and the

performance of SCOP-SA is better than that of SCOP-SS.
These results confirm our intuition that for the effective
modeling of image structures, more complex structures
should be modeled using more complex patterns.

It can be observed that on the UIUC and UMD datasets,
the proposed algorithm yields results that are comparable to
those of the deep-learning-based methods [25], [31], which
are pre-trained on the enormous ImageNet dataset [47].

Fig. 7 shows the retrieval results for the UIUC, UMD
and Brodatz datasets on the left, in the middle and on the
right, respectively. The X axis shows the number of samples
retrieved, and the Y axis shows the average recall, which
is calculated as the average number of correctly retrieved
samples divided by the total number of truly matching samples
in the dataset. Consistent with our observation that our algo-
rithm works better than the other methods when the training
sample size is small, our algorithm yields superior results
when we use one sample as a query to retrieve similar samples.
More precisely, when the number of retrieved samples is
39 on the UIUC and UMD datasets, the retrieval rates of
the proposed method with the geodesic distance calculation
(KM−SCOP+Geo) are 87.4% and 88.3%, respectively, com-
pared with 61.2% and 66.1%, respectively, for the ST method
with geodesic distances (ST+Geo) and 78.5% and 87.0%,
respectively, for SITA with geodesic distances (SITA+Geo).
When the number of retrieved samples is 8 on the Brodatz
dataset, our retrieval rate (FC−SCOP+Geo) is 88.9%, com-
pared with 79.2% and 85.3% for ST+Geo and SITA+Geo,
respectively.

Interestingly, KM−SCOP+Geo performs better than
SC−SCOP+Geo or FC−SCOP+Geo on the UIUC and
UMD datasets, whereas FC−SCOP+Geo performs best on
the Brodatz dataset. The large differences between classes in
the UIUC and UMD datasets, caused by factors such as scale
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Fig. 7. Average retrieval performances of the different methods on the texture datasets. From left to right: the UIUC, UMD and Brodatz datasets. The
red, blue and green curves represent our KM−SCOP+Geo, SC−SCOP+Geo and FC−SCOP+Geo strategies, respectively, whereas the pink and dark curves
represent the results of SITA [9] and the ST method [5], respectively. The X axis shows the number of samples retrieved, and the Y axis shows the average
recall, which is calculated as the number of correctly retrieved samples divided by the total number of truly matching samples in the dataset.

Fig. 8. The retrieval results for one sample from the Plaid class in the UIUC dataset.

variations and affine variations, make it difficult to perform
retrieval based on only one sample using a more complex
model. By contrast, the Brodatz dataset does not suffer from
scale or affine variations, so we will not overfit this dataset
when using a more complex model.

The retrieval results for one sample from the Plaid class in
the UIUC dataset are shown in Fig. 8. This sample exhibits 3D
deformation, which is known to pose a very difficult challenge
in retrieval tasks; however, our algorithm is completely correct
in retrieving all of the similar samples from the dataset.

From the above analysis of the results obtained on the
texture datasets, we conclude that our algorithm is an effective
means of modeling texture images. A texture can be regarded
as an arrangement of repeated textons, possibly including some
deformations or translations, and our algorithm directly models
these textons as geometric structures. Because the attributes
of the modeled shapes are invariant with respect to most
geometric deformations, our statistical histograms are also
robust to deformations. More importantly, our method not only
can simultaneously capture both the small and large structures
in a texture image based on the topographic map but also
can describe the relationships among these structures. We also
validated our method on several scene datasets, include an

outdoor scene dataset and two remote sensing scene datasets,
as reported in the next section.

C. Scene Classification Experiments

This section describes the application of our algorithm
for scene classification. A scene usually consists of signifi-
cant objects and their surrounding environment. In our view,
the surrounding environment can be regarded as a homoge-
neous texture, whereas the objects can be regarded as signif-
icant structures in the texture. In this context, we evaluated
our method on three scene datasets, two of which are remote
sensing datasets and the other of which is an outdoor scene
dataset. The methods considered for comparison were tuned
to use suitable parameters. The parameters of our algorithm
were set in accordance with the characteristics of the datasets,
which are described below:

- UC Merced Land Use Dataset (UCMSce) [45]: This
dataset contains 21 classes, with 100 images with dimen-
sions of 256× 256 per class. The images were manually
extracted by the author from large images of various
urban areas around the country from the USGS National
Map Urban Area Imagery collection. The pixel resolution
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Fig. 9. An illustration of the contents of UCMSce.

of these public-domain images is 1 foot. This dataset
contains scenes of various classes, such as airplane,
basement and city scenes, as shown in Fig. 9. The scenes
have different scales and rotations, and the significant
objects in the scenes are arranged randomly. The ancestor
interval r was set to 5 using Eq. (4), and the cascade ratio
τ/r was set to 2.
We evaluated our method using 30, 50 and 80 samples
per class for training and the rest for testing.

- WHU-RS19 [46]: This dataset contains 19 classes, with
50 images with dimensions of 600 × 600 per class.
The dataset includes images of airports, bridges, deserts,
forests, railway stations, rivers, etc. Compared with the
UC Merced Land Use Dataset, the scene samples in
this dataset are more complicated. For example, the air-
port images contain intersecting runways, smooth lawns,
airplane hangars and parked planes, whereas the river
samples contain winding rivers surrounded by trees. More
details can be found in [46]. The ancestor interval r was
set to 5 using Eq. (4), and the cascade ratio τ/r was
set to 1. We evaluated our method using 15, 25 and
40 samples per class for training and the rest for testing.

- MIT Outdoor Scene Dataset (MITOdSce) [44]: This
dataset contains 8 different classes of outdoor scenes,
named coast, forest, highway, insidecity, mountain, open-
country, street and tallbuilding, with more than 300 sam-
ples with dimensions of 256 × 256 per class. Outdoor
scenes of this kind are very complex because the envi-
ronments in the images can vary even within the same
class. The significant objects can also suffer from variable
viewpoints or structures. Oliva and Torralba [44] have
designed features specifically for this kind of dataset,
called GIST features, which perform well and were
considered for comparison with our algorithm. In our
algorithm, the ancestor interval r was set to 3 using
Eq. (4), and the cascade ratio τ/r was set to 1. We evalu-
ated our method using 30%, 50% and 80% of the samples
per class for training and the rest for testing.

The classification results for UCMSce [45], WHU-
RS19 [46] and MITOdSce [44] are given in Tab. III. This table
reports the results for three popular texture analysis methods,
namely, Bag-of-Visual-Words (BOVW) [35], SITA [5] and the
ST method [9], on all three datasets. The GIST results [44]
for MITOdSce are also shown in this table.

We can see that our algorithm outperforms the other meth-
ods on the UCMSce and WHU-RS19 datasets. The best
classification results are achieved using our FC-SCOP strategy
in all cases. For these two datasets, SITA and the ST method
do not perform as well as they do on the texture datasets.
By contrast, our algorithm extracts the basic shape information
from the scene images and constructs SCOP features that not
only can characterize the basic elements of the scenes but also
can describe the relationships among these basic elements,
such as “the bridge is on the river” or “the airplane is in
the airport”, in terms of shape relationships. In our opinion,
such relationships among basic elements are essential for scene
analysis. Moreover, SCOP-SA outperforms both SCOP-SS and
SCOP-SAG; this confirms the intuition that the statistics of
more complicated hierarchical structures are not necessary for
scene understanding here, which is why the cascade ratio was
set to τ/r = 1.

Another interesting finding is that on MITOdSce, the spe-
cific GIST features [44] defined based on various properties
of scenes of this kind, such as Degree of Naturalness,
Degree of Openness and Degree of Roughness, show inferior
performance compared with our approach. Although these
global properties are suitable for characterizing an outdoor
scene because the locations of the objects remain unchanged
with respect to the entire image, our algorithm focuses on
the local relationships between structures.

We can conclude that for remote sensing images, the basic
elements of a scene, such as boats, cars and trees, are projected
into their corresponding bags of shapes based on their SCOP
features. Thus, the topographical map approach provides a
general basis for modeling basic scene elements and their
relationships that is both robust and discriminative for scene
classification.

D. Discussion

Although the effectiveness of the proposed algorithm has
been demonstrated on several datasets, including three texture
datasets and three remote sensing datasets, it is worth noting
that this algorithm is based on the statistics of explicit shapes.
If the size of a texture image is small (as in the case of
KTH-TIPS textures [48], [49]), it may contain only a limited
number of shapes, which may be insufficient for calculating
stable SCOP statistics. To investigate this possibility,
we tested the proposed algorithm on the KTH-TIPS dataset
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TABLE III

CLASSIFICATION RESULTS WITH STANDARD DEVIATIONS ACHIEVED ON UCMSce [45], WHU-RS19 [46] AND MITOdSce [44]

and obtained an average accuracy of 99.6%, which is
comparable to the results obtained using the ST and deep
filter bank [31] methods (99.4% and 100%, respectively).
We also tested the proposed method on the Describable
Textures Dataset (DTD) [31], a new “evolving collection of
textural images annotated with a series of human-centric
attributes (e.g., polka dotted, regular, sparse, with blue dots on
a white background, or noisy, line-like, and irregular), inspired
by the perceptual properties of textures” [31]. However,
we obtained an average accuracy of only 53.2%, much
worse than that achieved using the deep filter bank method
(75.5%). This can be mainly attributed to the fact that the
DTD actually consists of images with human-centric texture
attributes, which may be beyond the realm of applicability of
the texton theory discussed here, rather than statistical textures.
In future research, it will be interesting to further investigate
how to extend our algorithm to characterize such images with
human-centric texture attributes, so-called textures in the wild.

This paper concentrates on characterizing the textural parts
of images, or, more specifically, the geometrical aspects and
invariant properties of texture descriptions. Another type
of cue for image perception, one that is complementary
to texture, is color. Consequently, it is interesting to combine
texture and color cues for the characterization of color
texture images [48]–[51]. Notably, however, because the RGB
channels are strongly correlated with each other, the ToSs for
the different channels will be highly redundant. Therefore,
one should find a more elegant way to combine color and
texture information in the proposed SCOP scheme, rather than
concatenating them directly. For instance, one might compute
a color-ToS [52] and then apply the proposed SCOP approach
to it. However, this is not a straightforward extension of our
proposed algorithm, and it is beyond the scope of this paper.

V. CONCLUSION

This paper proposes a texture analysis method based on
the representation of shape co-occurrence patterns (SCOPs)
using several coding strategies. Consistent with a fundamental

analysis of shape-based image representation [5], our algo-
rithm is robust to most geometric deformations and changes
in illumination. More importantly, our algorithm captures the
relationships among local structures based on SCOPs and
then assesses the statistics of those patterns. Comparisons
of retrieval and classification results demonstrate the high
performance of our algorithm. We remark that SITA [5] is
a special case of our approach in which only the marginal
distributions of individual shape attributes are considered.

Our algorithm performs well on both texture and scene
datasets. For texture datasets, SCOPs enable effective
modeling of complex texture structures, and considerable
improvements are achieved through the use of high-order
information. Meanwhile, in scene datasets, thousands of
objects may appear in a scene, which is known to make
scene understanding a difficult task. However, our method can
effectively capture the geometrical aspects of textons or scene
elements in addition to being robust to geometric deformations
and variations in illumination.

Because of the ability of our method to robustly describe
local structures and their co-occurrence patterns, further inves-
tigations will focus on the recognition of more complex
textures and the interpretation or segmentation of large scene
images. Moreover, research on methods of finding more effec-
tive combinations of patterns using deep learning is underway.
The potential applications of the proposed approach also
include text and script classification [53].
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