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ABSTRACT

A hierarchical spatial-spectral correlation (HSSC) method is
proposed for texture analysis in this work. The HSSC method
first applies a multi-stage spatial-spectral transform to input
texture patches, which is known as the Saak transform. Then,
it conducts a correlation analysis on Saak transform coeffi-
cients to obtain texture features of high discriminant power.
To demonstrate the effectiveness of the HSSC method, we
conduct extensive experiments on texture classification and
show that it offers very competitive results comparing with
state-of-the-art methods.

Index Terms— Texture analysis, texture classification,
spatial-spectral transform, spatial-spectral correlation, neural-
network-inspired image transform

1. INTRODUCTION

Texture, as a combination of regularity and randomness, pro-
vides essential characteristics for surface and objection recog-
nition. Texture analysis plays a critical role in the analysis
of remote sensing photos, medical images, and many other
images. A large amount of research has been conducted on
texture analysis [1], classification [2, 3], segmentation [4, 5]
and synthesis in the last five decades. Despite these efforts,
texture analysis is still a challenging problem in image pro-
cessing.

One major difficulty in texture research is lack of an ef-
fective mathematical tool for texture representation. Being
inspired by recent advances in neural-network-inspired im-
age transforms such as the Saak transform [6] and the Saab
transform [7], we adopt the Saak transform as the texture rep-
resentation tool since it offers several advantages. First, being
different from Fourier and wavelet transforms, the Saak trans-
form is a data-driven transform that learns transform kernels
from training data samples. Second, all learnable parame-
ters are determined by second order statistics of input images
in an unsupervised manner. Neither data labels nor back-
propagation is needed in transform kernel computation.

This work was supported by the Projects of International Cooperation
and Exchanges NSFC with No. 61620106005.

The main contribution of this work is the proposal of a
new texture feature extraction scheme from Saak transform
coefficients. It is called the Hierarchical Spatial-spectral Cor-
relation (HSSC) method. The HSSC method conducts a cor-
relation analysis on Saak transform coefficients to obtain tex-
ture features of high discriminant power. To demonstrate the
effectiveness of the HSSC method, we conduct extensive ex-
periments on texture classification and show that it offers very
competitive results in comparison with state-of-the-art meth-
ods. The proposed HSSC method is generic and flexible, and
it can be integrated into various texture analysis tasks.

The rest of this work is organized as follows. Related
previous work is reviewed in Sec. 2. The HSSC method is
described in Sec. 3. Experimental results are given in Sec. 4.
Finally, concluding remarks are drawn in Sec. 5.

2. REVIEW OF PREVIOUS WORK

Numerous methods have been proposed for texture analysis
and feature representation. Many methods employ local fea-
tures to represent the structural information of textures. One
popular texture feature representation and extraction scheme
is to convolve input textures with of a set of filter banks. Ex-
amples include: Laws filter [8], Gabor filters [9, 10], wavelet
filters [1, 11] etc. The responses to these filter banks as well
as their statistics can be used to obtain local texture features.
Other textural features include local binary patterns (LBP)
[12], co-occurrence matrices [13]. Although these feature ex-
tractors work to a certain degree, they share several common
limitations.

All current filter-bank-based texture feature extractors are
not efficient in adaption to different texture classes due to
their pre-defined filter parameters. They are not data-driven.
The effectiveness of texture features may vary significantly in
multiple texture classes and even in different regions of a sin-
gle texture image. Besides, some quasi-periodic textures own
similar patterns in a relatively large region. To analyze tex-
tures in a local window may not be powerful enough. Local
features could also be affected by randomness so that they are
not as stable as one would expect. This could lead to inaccu-
rate classification and segmentation results. In other words,
it is desired to analyze textures with a flexible window size,
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and a hierarchical multi-layer texture analysis method seems
to be a natural choice.

A new data-driven transform, called the Saak (Subspace
approximation with augmented kernels) transform, was pro-
posed in [6]. It has a set of orthonormal transform kernels
so that its inverse transform can be performed in a straight-
forward manner. The Saak transform has two main ingredi-
ents: principal-component-analysis-based (PCA-based) sub-
space approximation and kernel augmentation. The latter is
needed to resolve the sign confusion problem. Being differ-
ent from the wavelet transform, the Saak transform can cap-
ture features of very fine resolution yet in a large region. The
wavelet transform is a linear transform of a single layer while
the Saak transform is a nonlinear transform of multiple layers.

3. PROPOSED HSSC METHOD

The HSSC method can be categorized into two types: 1)
class-specific modeling, and 2) class-independent modeling.
We focus on the class-specific case first, and describe the
single-layer spatial-spectral correlation (SSC) and its hier-
archical (i.e., multi-layer) extension in Secs. 3.1 and 3.2,
respectively. Then, class-independent modeling is presented
in Sec. 3.3.

3.1. Correlation of PCA Coefficients

We view texture as a two-dimensional random field that ex-
hibits quasi-periodic patterns. We can first conduct correla-
tion analysis on image pixels of different lags to build the cor-
relation matrix in the spatial domain. Then, we obtain eigen-
values and eigenvectors from the correlation matrix. This pro-
cess is called the principal component analysis (PCA) if we
keep a subset of eigenvectors with the largest eigenvalues to
span a signal subspace. The detailed procedure is elaborated
below.

We first collect texture patches from a source texture, T ,
to form a collection of patches for texture T , denoted by

S = {Pi| i ∈ I}, (1)

where i is the position index, I is the position index set, Pi ∈
RN is the patch located in position i, and N is the patch size.
The patch size is a tunable parameter and could be adjusted
according to specific application need and computational effi-
ciency consideration. Note that we can obtain different patch
samples by shifting only several pixels and, as a result, we
can get a rich set of patches from only several source images.

We conduct PCA on members in S to obtain a set of K
principal components (of dimension N ) and use them as con-
volution kernels. For each patch, we get K PCA coefficients.
Next, we compute the correlation matrix, R, of these K PCA
coefficients. The correlation matrix of PCA coefficients is a
diagonal matrix:

R(i, j) ≡ 0, i, j = 1 · · ·K, ∀i 6= j. (2)

(a) target texture (b) matched one (c) mismatched one

Fig. 1. Illustration of correlation matrices of PCA coefficients
of a target texture class, its matched and mismatched ones.

with decreasing diagonal elements:

R(i, i) ≥ R(j, j),∀i ≥ j, (3)

These properties are direct consequences of using PCA ker-
nels in signal transform.

Then, we can use these diagonal elements as the texture
feature. For unknown input texture X , we can determine
whether it belongs to texture class T by the following two
steps:

1. Collect patches from X and represent these patches us-
ing the PCA associated with texture T ;

2. Compute the correlation of PCA coefficients obtained
from the previous step.

If X belongs to class T , the correlation matrix should be a
diagonal one and its diagonal elements should be similar to
that obtained from the training textures of class T . Generally
speaking, we can use the distance of two correlation matrices
to measure the closeness of X and textures in class T . Ex-
amples of matched and unmatched test cases are given in Fig.
1, where correlation matrices are visualized by pixel bright-
ness (the brighter the larger value). Clearly, if two textures
are visually similar, their correlation matrices in the PCA do-
main of the target texture class are more similar. Since the
above-mentioned analysis considers correlations of spectral
components of local patches, it is called the spatial-spectral
correlation analysis.

3.2. Correlation of Saak Coefficients

One limitation of the analysis using PCA coefficients is
shown in Fig. 2. Textures T and T ′ are different while the
correlation matrices of their PCA coefficients are quite simi-
lar. It is desired to conduct multi-stage PCA as an extension.
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However, a straightforward cascade of multiple PCA trans-
forms will lead to the sign confusion problem [14]. A kernel
augmentation scheme was proposed in [6, 15] to address this
issue.

For the example given in Fig. 2, we determine the two-
stage Saak transform kernels based on target texture T , which
is Herringbone Weave, and compute correlation matrices of
the first-stage and the second-stage Saak transform coeffi-
cients, respectively. The visualizations of these matrices are
given in Fig. 2 (b) and (c), respectively.

For input texture image X , we do a hypothesis test to
check whether it belongs to texture class T or not. We ap-
ply the two-stage Saak transform to patches collected from X
using kernels learned from texture class T and build correla-
tion matrices of the first- and the second-stage Saak transform
coefficients. If X happens to be Herringbone Weave as well,
we will obtain correlation matrices that are similar to those in
Figs. 2 (b) and (c). However, if it is a different texture class
(say, Woolen cloth), we show visualizations of their first-stage
and second-stage correlation matrices in Figs. 2 (e) and (f),
respectively. Although its first-stage correlation matrix is sim-
ilar to that of the target texture, its second-stage one is quite
different. We will compare texture classification performance
using multi-stage Saak transforms in Sec. 4.

(a) Texture T (b) First stage (c) Second stage

(d) Texture T ′ (e) First stage (f) Second stage

Fig. 2. Visualization of two-stage correlation matrices: (a)
Herringbone weave (Texture T ), and visualizations of its cor-
relation matrices using (b) first-stage and (c) second-stage
Saak coefficients; (d) Woolen cloth (Texture T ′), and visual-
izations of its correlation matrices using (e) first-stage and (f)
second-stage Saak coefficients based on T ’s Saak transform
kernels.

To better understand and interpret our method, we further
formalize our model into a statistical problem. PCA compo-
nents or higher stage Saak kernels, which are computed using
texture patches, could be understood as a set of representa-
tive pattern of texture. They are used to measure similarity

between unknown texture X and target texture T . Each chan-
nel of filtered images contains a response of X against an as-
sociated pattern. Then, we compute the correlation between
those responses. The diagonal terms are auto-correlations of
individual channels while the non-diagonal terms are cross-
correlations between different channels. Thus, our approach
attempts to capture the energy distribution of representative
texture patterns derived from PCA and the Saak transform.

3.3. Classification with Shared Transform Kernels

The HSSC method described in Secs. 3.1 and 3.2 is suitable
for hypothesis testing; namely, check whether unknown tex-
ture X belongs to target texture T . For a texture classification
problem with M target textures, we need to conduct the test
M times. The computational cost is higher. To reduce the
computational cost, we can collect patches from all texture
classes in Eq. (1) and conduct the PCA or the Saak transforms
based on transform kernels learned from mixed classes.

Generally speaking, the class-independent transform re-
duces the computational cost at the expense of a lower clas-
sification performance. However, the classification perfor-
mance can be compensated in another manner. That is, we
can increase of the number of principal components at each
Saak transform stage. Although the complexity will still in-
crease a little bit, it is still lower than the solution using dif-
ferent transform kernels for different target textures.

4. EXPERIMENTAL RESULTS

In this section, we conduct experiments to demonstrate the
effectiveness of the proposed HSSC method on several texture
classification benchmark datasets.

(a)Boadatz Dataset b)VisTex Dataset

Fig. 3. Per-class accuracy results for the Brodatz and the Vis-
Tex datasets, respectively

Class-Specific Transforms. First, we report experimen-
tal results using class-specific transforms for the Brodatz and
the VisTex datasets. The Brodatz texture dataset contains 155
monochrome images with standardized viewpoint and scale,
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which are collected from the Brodatz book [16]. The Vis-
Tex dataset1 was initially built as an alternative to the Brodatz
dataset. It does not conform to rigid frontal plane perspectives
and studio lighting conditions. In this experiment, we select
17 and 20 classes from Brodatz and VisTex dataset, respec-
tively. Images with non-texture background and significant
visual variance are discarded.

The kernel sizes are set to 8× 8 and 12× 12 for the Bro-
datz and the Vistex datasets, respectively. The responses from
the first quarter of kernels are selected for correlation com-
putation. These parameters remain the same throughout the
experiments.

In the training phase, we compute correlation matrices
for Saak coefficients in various stages for each target texture
class. In the testing phase, we pass each test texture to each
class-specific transform and determine the corresponding cor-
relation matrices. Then, we compute the Frobenius distance
between the derived correlation matrices and those obtained
in the training phase. The texture class that gives the smallest
Frobenius distance is the predicted class. The per-class accu-
racy results for Brodatz and VisTex are given in Figs. 3 (a)
and (b), respectively.

We also show the averaged classification accuracy in Ta-
ble 1. As the stage number becomes larger, the classification
becomes better. Texture features have stronger discriminant
power as the stage number becomes higher. This is because it
can capture features in a larger receptive field. Features from
the first stage are not powerful enough. They tend to suffer
from easy-to-confuse samples. As we proceed to the second
and the third stages, accuracy increases gradually. This is es-
pecially obvious for the more challenging VisTex dataset.

Table 1. Averaged classification accuracies for the Brodatz
and the VisTex datasets that improve as the number of stages
increases. The best performance number is in bold.

Stage Number I II III IV
Brodatz 95.4 97.7 98.7 98.7
VisTex 78.8 89.1 96.2 97.4

Class-Independent Transforms. Next, we conduct ex-
periments on the CUReT dataset [17] using shared (or class-
independent) Saak transform kernels. The CUReT texture
dataset contains 61 textures classes. Images in each class are
taken from the same material but with different viewpoints
and lighting conditions. Also, variations of background, shad-
owing and surface normals make the classification task chal-
lenging. We adopt a prepossessing step similar to that in [18].
A subset of images with a viewing angle approximately less
than 30 degrees is selected in our experiment. This yields
about 40 images per class. A central region of size 200 ×

1http://vismod.media.mit.edu/vismod/imagery/VisionTexture/

200 is cropped from each image to discard non-texture back-
ground. The dataset is randomly split into training and testing
sets. We apply the 3-stage Saak transforms and compute cor-
relation matrices based on on the 3rd-stage Saak coefficients.

We set the number of Saak transform kernel to 8 at each
stage and the kernel size is 5 × 5. The coefficients of the
correlation matrices are selected as the feature vector, which
is fed into a linear SVM classifier. The classification accuracy
is shown in Table 2. As shown in the table, the proposed
HSSC method offers competitive results comparing to other
leading methods.

Table 2. Performance comparison of the proposed HSSC
method and other state-of-the-art methods for the CUReT tex-
ture dataset.

Methods Accuracy
Textons[2] 98.5

BIF[3] 98.6
VLAD 98.8

Histogram[19] 99.0
KCB 97.7
Ours 98.7

Many modern machine learning algorithms demand a
large amount of labeled data. To examine this issue, we test
the model capability with respect to the number of training
patches for the CUReT dataset in Table 3. We see from
this table that the classification accuracy of the proposed
HSSC method becomes saturated when the number of train-
ing patches is still at a reasonable range.

Table 3. Classification accuracy as the number of training
images increases with respect to the CUReT dataset.

No. of training patches 500 1000 2000 3000
Classification Accuracy 90.4 96.9 98.2 98.7

5. CONCLUSION

An effective hierarchical spatial-spectral correlation (HSSC)
method was proposed for texture analysis and classifica-
tion. It applies a multi-stage Saak transform to input texture
patches and then conducts correlation analysis on Saak trans-
form coefficients to obtain texture features of high discrimi-
nant power. Extensive experiments on texture classification
with three benchmark datasets were conducted to demonstrate
the effectiveness of the HSSC method. Both class-specific
and class-independent transform kernels were examined.
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