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Abstract— In this paper we investigate how texture recog-
nition can be achieved through the modal analysis of the
pattern of peaks in the spectral density function. We com-
mence from a texture characterisation which is based on
the positions of peaks in the power spectrum. Our aim is to
use the modal structure of the pattern of peaks to perform
texture retrieval from an image data-base. We explore two
different approaches to the problem. First, we use a variant
of the Shapiro and Brady method to perform recognition by
comparing the modal structure of the proximity matrix for
peak cluster centres. Second, we perform latent semantic
indexing on vectors representing the polar distribution of
frequency peaks. We provide an experimental evaluation of
these two methods on a data-base of fabric and wrapping
paper patterns.

I. INTRODUCTION

Texture indexation is a key process for retrieving images
from large image data-bases [16]. There are several well
documented studies in the literature. Some of the pioneer-
ing work was done by Minka and Picard [15] who explored
the use of texture for image annotation. This method was
later incorporated into the PicHunter image retrieval sys-
tem [12]. Other work has focused on finding good fea-
tures for texture retrieval. For instance Gimel’farb and
Jain [5] have used Gabor filter-banks to compute texture
feature vectors for the purposes of texture recognition. Al-
banesi, Ferretti and Giancane [1] have reported a hierarchi-
cal approach to the problem using the wavelet transform.
Rather than using frequency domain methods, Lin, Wang
and Yang [9] adopt a structural approach to the retrieval
process.

In this paper we explore a different approach to the prob-
lem. Our aim is to investigate whether the modal struc-
ture of the pattern of frequency peaks in the texture power
spectrum can be used for the purposes of recognition. The
reason for adopting this approach is that eigenvector and
singular value methods have proved to be highly effective
in the retrieval of both text and images from large data-
bases. We explore two different approaches to the problem,
which have been used effectively in the modal analysis of
point-patterns and text retrieval from data-bases. The first
of these is a variant of the modal correspondence algorithm
of Shapiro and Brady [14]. Here we locate the centres of
clusters of spectral peaks using information provided by
the modal structure of their frequency domain peak prox-
imity matrix. The modal structure of the cluster-centre

proximity matrix is used to gauge the similarity of dif-
ferent power-spectra and perform texture matching. The
second approach uses latent semantic indexing. This is a
text retrieval technique that uses vectors of key-word word-
frequencies. Here we adapt the approach by using vectors
of frequency peak counts in a polar binning of the power
spectrum. The peak count vectors for the different texture
images are used as the columns of a pattern matrix. The
singular vectors of this matrix form the projection basis for
the original peak count vectors. Recognition is achieved by
finding the transformed pattern vector from the data-base
that is closest to the query vector.

II. SPECTRAL ANALYSIS FOR TEXTURES

We are interested in computing the spectral density func-
tion, or power spectrum, for textured images [8], [6]. A
comprehensive coverage of spectral estimation and its ap-
plication can be found in [10], [7]. The power spectrum
representation of a two-dimensional image f(z,y) is de-
fined to be the Fourier transform of its autocorrelation.
Due to the discrete nature of the images under study and
the limited number of sample points available for analysis,
we use the Blackman-Tukey estimator [13]. This estimator
is the frequency response of the windowed autocorrelation
function of an image. The general form of this estimator is
given by:
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where u and v are the frequency variables, m and n are the
spatial coordinates, and r;(m,n) is the discrete version of
the autocorrelation function of the image f(m,n), which is
given by:
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The spectrum represents the frequency content for sev-
eral directions at the location in the image. The peaks
in the spectrum correspond to dominant spatial frequen-
cies in the textures. Here we summarise the structure
of the power spectrum using the frequency vectors of the
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principal peaks. We denote the frequency vector of the
ith peak by U; = (u;,v;)T. The frequency vectors can
be concatenated according to the energy ordering of the
peaks to form the long-vector of peak frequencies V. =
(u13U17u2;U27u35U37 """

III. MATCHING

We aim to perform texture recognition by performing
modal analysis on the frequency vectors for peaks extracted
from the power-spectra. We explore two different routes.
The first of these involves locating correspondences be-
tween the spectral peaks. This is done using a variant of the
Shapiro and Brady method. The second approach applies
latent semantic indexing to the long-vectors representing
the polar distribution of spectral peaks in the frequency
domain.

A. Spectral clustering

The idea underpinning our modal correspondence
method is as follows. We commence by searching for the
main structure in the arrangement of spectral peaks. To do
this, we use a pairwise clustering method. From the posi-
tions of the main cluster-centres, i.e. the centres of spectral
activity, we extract a modal representation of the power-
spectrum. We match the query texture by measuring the
similarity of its modal matrix to those of texture patterns
in the data-base.

Suppose the texture indexed k is composed of the peaks
whose frequency vectors are drawn from the set Sp =
{U% i = 1,...N;}. For this set of frequency vectors we
commence by computing the spectral peak proximity ma-
trix. Following our earlier work on point-pattern matching
[4], the element with row ¢ and column j of this matrix is
computed using the sigmoidal weighting function,
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We characterise the modal-structure of the set of spectral
peaks by solving the eigenvalue equation det[Hy, — AI] =0
together with the associated eigenvector equation Hyp¢; =
AFgF. The eigenvectors are sorted according to the magni-
tude order of the eignevalues, i.e. [Af| > [A§] > ... > |AK; |
and are stacked in eigenvalue order to construct the modal
matrix & = (¢} |¢5]....|¢% ). We use the M largest eigen-
vectors to represent clusters of peaks in the power spec-
trum. For the cluster indexed m, the cluster centre is given
by
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The cluster-centres are used to compute a cluster-centre
proximity matrix. Repeating the procedure above, the el-
ement with row [ and column m of this matrix is
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We then apply the modal analysis described above to the
matrix HS to compute an M x M cluster-centre model
matrix, which we denote by ¥y.

Our aim is to find the image in the data-base whose
power-spectrum most closely resembles that of a query im-
age. For the query image, we hence repeat the analysis
described above to obtain the spectral-peak modal matrix
¥,. Recognition is achieved by comparing the query modal
matrix ¥,, with the modal matrices ¥y, k = 1,....,D for
each of the images in the data-base. We measure similarity
by comparing the rows of the modal matrices. We perform
the similarity assessment on an element-by-element basis
using a Gaussian error kernel. The identity of the retrieved
pattern is the one that satisfies the condition
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Hence, elements in the rows of the modal matrices con-
tribute insignificantly if they differ greatly.

B. Latent semantic indexing

Latent semantic indexing [2], [11] was first developed to
retrieve text-documents from large databases (for exam-
ple pages from internet). Each document is represented by
a vector of key-word frequencies. These vectors are then
stacked to form a so-called term-document matrix. The
structure of this matrix is extracted using singular value
decomposition. Document retrieval is effected by project-
ing the query-vectors of word frequencies onto the space
spanned by the singular vectors, and locating the closest
document in the data-base. Obviously, the main computa-
tional bottleneck arises from the need to perform singular
value decomposition on a large matrix. However, this is a
preprocessing operation that needs only to be performed
once.

Here we aim to apply this technique to a represen-
tation of the peaks of the texture power-spectra. Our
vector is an encoding of the polar distribution of fre-
quency of peaks about the centroid of the power spec-
trum. To obtain this polar representation we construct
bins by sampling the frequency plane at 10 degree angle
intervals and dividing the span of the radius into 10 uni-
form length intervals. We count the frequency of spectral
peaks in each bin and normalise the total bin contents to
unity. For the texture power spectrum indexed k, the nor-
malised bin contents are encoded in a long-vector Vi =
(RE g B, g vee BE g BE g B 5 YT where BE,
is the normalised number of spectral peaks contained in the
polar frequency bin with radial index ¢ and angular index
j. Each vector has L = 100 components.

Latent semantic indexing of the texture images com-
mences by stacking the polar peak frequency vectors to
form the L x D matrix A = (V1|Va|....[Vg|...VDp). We
proceed by performing the singular value decomposition
AAT = SATT on the L x L matrix AAT. Suppose that
AA7T is of rank R, i.e. it has R non-zero eigenvalues. In
the decomposition S and T" are L x L orthogonal matrices



of rank R. The matrix A is diagonal; its non-zero diagonal
elements are the R non-zero eigenvalues of AA”. The first
h columns of the matrix S are taken to represent the best
projection basis for the original vectors. The projection of
the vector V, onto this basis is V;, = VkT -Sh- A;l. where
Sn and Ay, are the L x h matrices obtained by respectively
taking the first h rows of S and A.

To retrieve textures we proceed as follows. First, we com-
pute the polar peak count vector V, for the query image.
This vector is projected onto the singular value basis and
gives a transformed vector V,. We measure texture simi-
larity using the angle between the transformed query vec-
tor and the texture-vectors. The identity of the retrieved
texture is the one that satisfies the condition

(6)
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IV. EXPERIMENTS

In this section we describe our experimental evaluation
and we compare these two texture image recognition meth-
ods. We use both synthetic and real world data. We com-
mence with a sensitivity study on synthetic data. This
is aimed at measuring the effectiveness and robustness of
the method when the power spectra and their associated
spectral peaks under study are subject to disruption. The
second part of the study focuses on real world data. Here
we investigate the recognition performance of the methods
when applied to a data-base of images of regularly textured
patterns, provided by samples of fabric and wrapping pa-
per.

A. Real World Images

For our real-world experiments we have used a data-base
of 90 images of regularly textured patterns. The images
fall into 9 different texture classes. In figure 1 we show
some examples of the images used in our study. Figure
2 shows the corresponding power spectra for the images.
We have performed recognition experiments in which each
texture in turn is withheld from the data-base and used as
a query. We have then recorded the number of times that
the best-matched pattern in the data-base is of the same
class as the query pattern. For latent semantic indexing
the fraction of correct matches is 91%. When the modal
clustering method is used the fraction of correct matches is
93%. The main source of recognition error is the ambiguity
in the structure of the power spectra. For instance, in
Figure 1 the sixth and the seventh patterns, although quite
distinct, have similar power spectra. In addition, in about
3-4% of the images the power-spectrum computation fails
to converge.

B. Synthetic Data

For sensitivity study, we constructed a data-base of syn-
thetic images. Here there were again 10 synthetic variants
for each of 9 texture pattern. To the synthetic data, we
have added three types of noise. Firstly, there is Gaussian
blurring which has the effect of smoothing edge structure
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Fig. 1.

Fig. 2. Power spectra

Real data image set

in the images. Second, we have added a uniform clutter
background. Finally, we have added randomly distributed
clutter. These latter two noise processes have the effect of
distorting and breaking the texture symmetries. The im-
ages used in our study are of dimension 256x256 pixels. On
average they contain between 3 and 6 texture repetitions
in the direction of each of the pixel lattice directions.

In Figure 3 we show the results of our sensitivity study.
Here we show the fraction of correct matches as the fraction
of added noise increases. The three different plots in the fig-
ure are for different noise processes(Gaussian-top, uniform-
middle, irregular-bottom). The two different curves in each
plot are for the modal clustering method (top), and latent
semantic indexing (bottom). For each noise process, the
modal clustering process outperforms latent semantic in-
dexing.
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Fig. 3. Synthetic data study

V. CONCLUSIONS

In this paper we have considered how to perform texture
recognition from image data-bases through the modal anal-
ysis of the pattern of peaks in the texture power spectrum.
We explore two different approaches to the problem. The
first of these uses a modal correspondence method to match
using proximity information for the cluster-structure in the
detected spectral-peaks. The second method applies latent
semantic indexing to vectors representing the polar distri-
bution of spectral peaks. On experiments involving both
real world and synthetic data, the former method provides
better recognition performance.

Our future plans involve using texture measures that al-
low for a degree of viewpoint invariance. Here we intend
to exploit our recent work [13] which has shown that the
direction of the leading eigenvector of the spectral distor-
tion matrix is an affine invariant. We will also investigate
methods for affine and perspective rectification of the tex-
ture images.
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