Brief Review of Pattern Recognition with Wavelet Theory

The motion history image M HI(Hy(z,y)) is

N-1
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where, N represents the duration of the time window used to capture the
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Fig. 1.18 The schematic diagram of the approach [Kumar et al. 2003].

These MHT’s are decomposed into four sub-images (fiu, fin, fni, frn)
using stationary wavelet transform. The average image (f;;) is fed as the
global image descriptor to the artificial neural networks (ANN) for classifi-
cation. The schematic diagram of the approach is illustrated in Fig. 1.18.

2. Hand Gestures Classification by Wavelet Transforms and Mo-

ment Based Features

S. Kumar and D. K. Kumar [Kumar and Kumar, 2005] propose a novel
technique for classifying human hand gestures based on stationary wavelet
transform (SWT) and geometric based moments. According to uniqueness
theory of moments for a digital image of size (N, M), the (p + ¢)th-order

moments my, are calculated by

| N oM
= s 323 e
where p,q¢ =10,1,2,...,n].
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The schematic diagram of the wavelet-moment approach is illustrated
in Fig. 1.19.
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Fig. 1.19 The schematic diagram of the wavelet-moment approach [Kumar and Kumar,
2005].

3. Wavelet Directional Histograms of The Spatio-Temporal Tem-
plates of Human Gestures

A. Sharnia et al. [Sharnia et al., 2004] evaluate the efficacy of direc-
tional information of wavelet multi-resolution decomposition to enhance
histogram-based classification of human gestures. The gestures are repre-
sented by spatio-temporal templates. This template collapses the spatial
and temporal components of motion into a static gray scale image such
that no explicit sequence matching or temporal analysis is required, and
it reduces the dimensionality to represent motion. These templates are
modified to be invariant to translation and scale. Two-dimensional, 3-level
dyadic wavelet transforms are applied on the template resulting in one low-
pass sub-image and nine highpass directional sub-images. Histograms of
wavelet coefficients at different scales are used for classification purposes.
The experiments demonstrate that while the statistical properties of the
template provide high level of classification accuracy, the global detail ac-
tivity available in highpass decompositions significantly improve the classi-
fication accuracy.
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1.2.4 Classification and Clustering

Classification process can be categorized into two types:

e The classification with supervised learning: In this type of classi-
fication, there is a supervisor to teach the recognition system how
to classify a known set of patterns, and thereafter, it let the sys-
tem go ahead freely to classify other patterns. In this way, a priori
information is needed to form the basis of the learning [Bow, 1992].

e The classification with non-supervised learning: The classification
process is not depend on a priori information. Clustering is the non-
supervised classification, which is the process of generating classes
without any a priori knowledge about the patterns; neither can the
proper training pattern sets be obtained.

As for the supervised classification with wavelet theory, there is one chapter
in this book to discuss it. For the non-supervised classification, that is the
clustering, this sub-section gives an example [Murtagh and Starck, 1998],
where the wavelet theory is applied to clustering.

1. Classifier Design Based on Orthogonal Wavelet Series

Report [Tang and Ma, 2000] discusses the supervised classification. It
provides an in-depth examination of the classifier design problem. First,
it presents an overview of the fundamentals in pattern classifier design. In
so doing, the emphasis is on minimum average-loss classifier design and
minimum error-probability classifier design. Next, [Tang and Ma, 2000]
specifically describes and discusses the use of orthogonal wavelet series in
classifier design. It addresses the issue of how to derive a probability den-
sity estimate based on orthogonal wavelet series. From the multiresolution
theory in wavelet analysis, it is know that

1A(R) = Vin.

Let py,(x) denote the orthogonal project of p(x) in space Vi,. Thus, it can
be found that

“+o0
(LQ) n}i_{noopm(x) =p(), pm(x)= Z amn2m/2¢(2mx —n).
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The minimum mean square error estimator of p,,(x) can be written as

+oo N
Pml@) = Y [% > 2m2e2mX; — n)2m 292w — n).
n=-—oo i=1

A theorem is proved by [Tang and Ma, 2000], which indicates that when
scaling function ¢(x) and unknown density function p(z) satisfy certain
specific properties, orthogonal wavelet series density estimator p,,(x) will
converge to p(x).

Let scaling function ¢(z) € S,., and for a certain A > 1, it satisfies prop-
erty Z,. Let X be a continuous bounded density function random variable,
and Xi, Xo,---, Xy be N independent identically distributed samples of
X. Thus, if

1
p(r) € HY, a> X+ g M= lgN/(2X 4+ 1)lg2,
then
Elpm(x) = p(x) < O@272").

From the discussions in [Tang and Ma, 2000], we can note that the or-
thogonal wavelet series estimator differs from the kernel estimator and the
traditional orthogonal series density estimator. Its basic idea shares some
similarities to that of the traditional orthogonal series density estimator.
However, it also satisfies several key properties of kernel estimator and ex-
hibits some additional features. Generally speaking, the orthogonal wavelet
series density estimator represents a new non-parametric way of estimat-
ing density functions, which has a great potential for practical applications.
For instance, in pattern classifier design, sometimes, the probability density
function, p(x), of a certain feature vector may not be available. In such
a case, we can readily replace p(x) with p,,(x) using the above-described
orthogonal wavelet series density estimator, and thus, effectively design the
classifiers.

2. Neuro-Wavelet Classifier for Multispectral Remote Sensing
Images

A neuro-wavelet supervised classifier is proposed in [Shankar et al., 2007]
for land cover classification of multispectral remote sensing images. Fea-
tures extracted from the original pixels information using wavelet transform
(WT) are fed as input to a feed forward multi-layer neural network (MLP).
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The WT basically provides the spatial and spectral features of a pixel along
with its neighbors and these features are used for improved classification.
For testing the performance of the proposed method, Two IRS-1A satel-
lite images and one SPOT satellite image are used. Results are compared
with those of the original spectral feature based classifiers and found to
be consistently better. Simulation study revealed that Biorthogonal 3.3
(Bior3.3) wavelet in combination with MLP performed better compared to
all other wavelets. Results are evaluated visually and quantitatively with
two measurements, 3 index of homogeneity and Davies-Bouldin (DB) index
for compactness and separability of classes. [Shankar et al., 2007] suggested
a modified 3 index in accessing the percentage of accuracy (PAg) of the
classified images also.

3. Pattern Clustering Based on Noise Modeling in Wavelet Space

Point pattern clustering has constituted one of major strands in Cluster
analysis. [Murtagh and Starck, 1998] describes an effective approach to ob-
ject or feature detection in point patterns via noise modeling. Two advan-
tages arrive at in this work, namely: (1)a multiscale approach with wavelet
transform is computationally very efficient; (2) a direct treatment of noise
and clutter, which leads to improve cluster detection. In this approach,
the noise modeling is based on a Poisson process, and a non-pyramidal (or
redundant) wavelet transform is applied.

Given a planar point pattern, a 2-D image is created by the following:

e Producing the tuple (z,y,1) when a point at (x,y) with value one;

e Projecting onto a plane by using a regular discrete grid (image)
and assigning the contribution of points to the image pixels by an
interpolation function, used by a wavelet transform referred to as
a trous algorithm with a cubic B-spline.

e The a trous algorithm is then employed to the resulting image. The
significant structures are extracted at each wavelet decomposition
level, according to the noise model for the original image, (x,y,1).

The detailed description of the non-pyramidal (or redundant) wavelet
transform can be found in [Shensa, 1992]. A summary of the “a& trous”
wavelet transform is presented below:

Step-1 To initialize ¢ to 0, starting with an image ¢;(k), i.e. ¢o(k), which
is the input image. The index k ranges over all pixels in the image.
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Step-2 To increment 4, and thereafter, carry out a discrete convolution of
the image with a filter h to obtain ¢;—1(k). The distance between
a central pixel and adjacent ones is 2~ !. Note that the filter A is
based on a cubic B-spline (5x5 filter).

Step-3 To obtain the discrete wavelet transform, w; (k) = ¢;—1(k) — ¢i(k).

Step-4 To return to step 2 if 7 is less than the number of resolution levels
wanted (let p be the number of resolution levels).

As the result, the set
W = {wo, w1, ..., wp, cp}

is produced, which represents the wavelet transform of the image, where ¢,
denotes a residual. Therefore, the following additive decomposition can be
applied to the input image, ¢o(k):

co(k) =cp+ Zwi(k)

Fig. 1.20 shows a point pattern set, which is the simulated Gaussian
cluster with 300 and 259 points, and background Poisson noise with 300
points. Fig. 1.21 presents the corresponding wavelet transform. Wavelet
scales 1-6 are shown in sequence, left to right, starting at the upper left
corner.

Images and sets of point patterns generally contain noise. Thus, the
wavelet coefficients are noisy too. In most applications, it is necessary to
know if a wavelet coefficient is produced from signal (i.e. it is significant)
or due to the noise. [Murtagh and Starck, 1998] develops a statistical
significance test to treat this problem. It defines that

P = Prob(jw;| < 1),

were 7 denotes the detection threshold, which is defined for each scale.
Given an estimation threshold, €, if P < ¢, the wavelet coefficient value
cannot be due to the noise along, and a significant wavelet coefficient can
be detected.

The multiresolution support can be obtained by detecting the significant
coeflicients at each scale level. The multiresolution support is defined as
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Fig. 1.20 An example of the point pattern [Murtagh and Starck, 1998].

follows [Starck et al., 1995]:

M(j,x,y) = 1 if wj(w,y) is significant,
PEIT o wj(z,y) is not significant.

The algorithm to create the multiresolution support is presented below:

Step-1 To compute the wavelet transform of the image;

Step-2 To estimate the noise standard deviation at each scale, and there-
after, deduce the statistically significant coefficients at each scale
level,

Step-3 To booleanize each scale, which can lead to the multiresolution
support;

Step-4 To modify using a priori knowledge if desired.
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Fig. 1.21 Wavelet transform of the point pattern with scales of 1-6 [Murtagh and Starck,
1998].

In order to visualize the multiresolution support, we can create an image S
defined by

S(,y) =Y P M(jx,y). (1.6)

Jj=1

Fig. 1.22 is related to the multiresolution support image of the 5th scale
image in Fig. 1.21. [Murtagh and Starck, 1998] uses this method to carry
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Fig. 1.22 The multiresolution support image at the 5th scale level of the wavelet trans-
form of the point pattern shown in Fig. 1.20 [Murtagh and Starck, 1998].

out three examples: (1) excellent recovery of Gaussian clusters, (2) diffuse
rectangular cluster, and (3) diffuse rectangle and fuzzier Gaussian clusters.
The results show that the computational complexity is O(1).

1.2.5 Document Analysis with Wavelets

Document processing is one of the most active branches in the area of
pattern recognition. Documents contain knowledge. Precisely, they are
medium for transferring knowledge. In fact, much knowledge is acquired
from documents such as technical reports, government files, newspapers,
books, journals, magazines, letters, bank cheques, to name a few. The
acquisition of knowledge from such documents by an information system
can involve an extensive amount of hand-crafting. Such hand-crafting is
time-consuming and can severely limit the application of information sys-
tems. Actually, it is a bottleneck of information systems. Thus, automatic
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knowledge acquisition from documents has become an important subject.
Since the 1960’s, much research on document processing has been done
[Tang et al., 1994]. Recently, the wavelet theory has been employed in
this research [Liang et al., 1999; Tang et al., 1995a; Tang et al., 1996a;
Tang et al., 1997a; Tang et al., 1997c].

In this book, we have a chapter to give a detailed presentation of wavelet-
based document processing. In this sub-section, another achievement is
presented below:

1. Form-Document Analysis by Reference Line Detection with
2-D Wavelet Transform
The major characteristics of forms are analyzed in [Tang et al., 1997a]:

e In general, a form consists of straight lines, which are oriented
mostly in horizontal and vertical directions. These lines are referred
to as reference lines.

e The reference lines are pre-printed to guide the users to complete
the form.

e The information that should be entered to computer and processed
is usually the filled data.

e In order to indicate the filling position, the reference lines can be
used and the filled information usually appears either above, be-
neath, or beside these reference lines. Thus, in form processing,
the reference lines have to be detected first, then we can find the
useful information from a form based on them, and thereafter, enter
to the computers.

In [Tang et al., 1997a), a novel wavelet-based method is presented. In
this method, two-dimensional multiresolution analysis (MRA), wavelet de-
composition algorithm, and compactly supported orthonormal wavelets are
used to transform a document image into several sub-images. Based on
these sub-images, the reference lines of a complex-background document
can be extracted, and knowledge about the geometric structure of the doc-
ument can be acquired. Particularly, this approach appears to be more
efficient in processing form documents with multi-grey level background.

A document image can be transformed into four sub-images by applying
the Mallat algorithm, namely, (1) LL sub-image, (2) LH sub-image, (3)
HL sub-image, and (4) HH sub-image. We are interested in the LH and
HL sub-images. The LH sub-image is achieved from a filter which allows
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lower frequency components to reach across along the horizontal direction,
as well as the higher frequencies along the vertical direction. That is an
“enhancing” effect on the vertical, and “smoothing” effect on the horizontal.
As aresult, only horizontal lines remain in the LH sub-image. The situation
of the HL sub-image is opposite to that of the LH one. In this way, the
horizontal direction of the filter opens for the higher frequencies, and the
vertical direction for lower frequency components. That is an “enhancing”
effect on the horizontal, and “smoothing” effect on the vertical. Thus, only
vertical lines remain in the HL sub-image.

2. Multiresolution Hadamard Representation and Its Application
to Document Image Analysis

A novel class of wavelet transform referred to as the multiresolution
Hadamard representation (MHR) is proposed by [Liang et al., 1999] for
document image analysis.

The multiresolution Hadamard representation (MHR) is a 2-D dyadic
wavelet representation which employs two Hadamard coefficients [1, 1,1, 1]
and [1,—1,—1,1] as shown in Fig. 1.23. These coefficients are further nor-
malized with respect of I* norm [Mallat, 1989c|.

The 2-D dyadic wavelet representation is produced by applying the 1-
D filters h(-) and g(-)to the 2-D image in both horizontal and vertical
directions. This representation comprises four channels, namely, low-passed
L, horizontal H, vertical V and diagonal D, at each level of transform.
These channels can be defined by the following iterative formulas:

Luwjs1 = / / Lo g — 2u)h(y — 20),
zJy

Hungit = [ [ Lusshia =200y - 20)
zJy

Vi, j+1 = //Lu,v,jg(x_2u)h(y_2v)a
zJy

Duwsr = [ / Luws9(e — 20)g(y — 20),

where x and u are horizontal coordinates, y and v are vertical ones. Note
that when j =0, L, ,,; denotes the original image.

The L;;1) channel is obtained by the convolution of L; with the 2-D
filter h(z)h(y) shown in Fig. 1.24. The H(;;1)(V(;41)) channel is produced
by the convolution of L; with the 2-D filter h(z)g(y)(h(y)g(z)). Since the
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Fig. 1.23 The basic functions of the multiresolution Hadamard representation
(MHR): (a) The low-pass filter h(-); (b) The high-pass filter g(-) [Liang et al.,
1999].

shape of h(x)g(y)(h(y)g(z)) is similar to a horizontal (vertical) bar, this 2-D
filter serves as a detector for horizontal (vertical) bars on L;, which can be
graphically illustrated in Fig. 1.25. The D,y channel is obtained by the
convolution of L; with the 2-D filter g(x)g(y). It is displayed graphically
in Fig. 1.26.

In [Liang et al., 1999], the multiresolution Hadamard representation
(MHR) is applied to document image analysis including the following pro-
cesses:

e the exaction of half-tone picture,
e segmentation of document image into text blocks, and
e determination of character scales for each text block.

The transformed values of the vertical strokes of characters are very positive
in some of the V' channels, while, the horizontal strokes of characters react
strongly in the H channels. The diagonal strokes of characters, on the
other hand, react in both H and V channels. The pictures in newspapers
are generally produced by half tones, where the tone of the pictures is
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Fig. 1.24 The L channels of the 2-D filters h(-)g(-) [Liang et al., 1999].

Fig. 1.25 The H and V channels of the 2-D filters h(-)g(-) [Liang et al., 1999].

produced by small block dots with varying densities. While characters
show up their strengths in the H and V' channels, a half-tone picture reacts
as a significant regular pattern in the D channel. This pattern is produced
when the half-tone pictures are filtered by (g(x)g(y)).

In [Liang et al., 1999], the multiresolution Hadamard representation
(MHR) is used to treat a portion of Chinese newspaper as shown in Fig. 1.27.
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Fig. 1.27 A portion of Chinese newspaper [Liang et al., 1999].

It contains Chinese characters of three different sizes. The MHR. developed
in [Liang et al., 1999] picks up three text blocks with different scales from
the original image, which are presented in Fig. 1.28. The multiresolution
Hadamard representation of Fig. 1.27 is illustrated in Fig. 1.29, where the
scale is j = 1.

The detailed description can be referred to [Liang et al., 1999].
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Fig. 1.28 Three text blocks with different scales [Liang et al., 1999].

1.2.6 Analysis and Detection of Singularities with Wavelets

A significant application of wavelet theory is the analysis of singularities.
Many methods based on wavelet theory have been developed to analyze the
properties of the singularities and detect them from various signals/images,
and some examples can be found in [Chen et al., 1995; Chen and Yang, 1995;
Chuang and Kuo, 1996; Deng and Lyengar, 1996; IEEE, 1993; Law et al.,
1996; SPIE, 1994; Tang et al., 1997c; Tang et al., 1998d; Thune et al., 1997;
Tieng and Boles, 1997a; Young, 1993]. The edge is one class of singu-
larities, which commonly appear in both the one-dimensional signals and
two-dimensional images. The subject of wavelet transform is a remarkable
mathematical tool to analyze the singularities including the edges, and fur-
ther, to detect them effectively. A significant study related to this research
topic has been done by Mallat, Hwang and Zhong, and published in the
Special Issue on Wavelet Transforms and Multresolution Signal Analysis
of the IEEE Trans. on Information Theory [Mallat and Hwang, 1992] and
IEEE Trans. on Pattern Analysis and Machine Intelligence [Mallat and
Zhong, 1992].

Corners the special type of edges, which are very attractive features for
many applications in pattern recognition and computer vision. In [Chen
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Fig. 1.29 The multiresolution Hadamard representation of Fig. 1.27 at scale j = 1
[Liang et al., 1999].

et al., 1995], a new gray-level corner detection algorithm based on the
wavelet transform is presented. The wavelet transform is used because the
evolution across scales of its magnitudes and orientations can be used to
characterize localized signals like edges including the corners. Most conven-
tional corner detectors detect corners based on the edge detection informa-
tion. However, these edge detectors perform poorly at corners, adversely af-
fecting their overall performance. To overcome this drawback, [Chen et al.,
1995] first proposes a new edge detector based on the ratio of the inter-
scale wavelet transform modulus. This edge detector can correctly detect
edges at the corner positions, making accurate corner detection possible.
To reduce the number of points required to be processed, it applies the
non-minima suppression scheme to the edge image and extract the minima
image. Based on the orientation variance, these non-corner edge points are
eliminated. In order to locate the corner points, it proposes a new corner
indicator based on the scale invariant property of the corner orientations.
By examining the corner indicator the corner points can be located ac-
curately, as shown by experiments with the algorithm. In addition, since
wavelet transform possesses the smoothing effect inherently, this algorithm
is insensitive to noise contamination as well.
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1. Edge Detection with Local Maximal Modulus of Wavelet
Transform

A significant study related to this research topic is done by Mallat,
Hwang and Zhong [Mallat and Hwang, 1992; Mallat and Zhong, 1992].
Many important contributions are made in their papers. They have proven
that the maxima of the wavelet transform modulus can detect the locations
of the irregular structures. Further, a numerical procedures to calculate
their Lipshitz exponents is provided. It also numerically shows that one-
and two-dimensional signals can be reconstructed, with a good approxi-
mation, from the local maxima of their wavelet transform modulus. The
algorithm of the edge detection with local maximal modulus of wavelet
transform is presented below:

Algorithm 1.1  Given an input digital signal {f(k,{)|k = 0,1, ---, K;l =
0,1,---,L}

Step 1 To calculate the modulo of its wavelet transform
{Mf(k,))]k=0,1,---,K;1=0,1,---, L}
as well as the codes
{CodeAsf(k,1)|k=0,1,---,K;l=0,1,---,L}

along the gradient directions;
Step 2 To take a threshold T' > 0, for k. =0,1,---,K;1=0,1,---, L, if

(1) [Mf(k, 1) > T,
(2) |Msf(k,1)| reaches its local maximum along the gradient di-
rection represented by CodeAs f(k,1),

then, (k,1) is an edge pixel.

2. Detection of Step-Structure Edges by Scale-Independent Al-
gorithm and MASW Wavelet Transform

The local maxima modulus of the wavelet transform can provide enough
information for analyzing the singularities, and can detect all singularities.
However, it may not identify different structures of singularities [Mallat and
Hwang, 1992; Mallat and Zhong, 1992].

In [Tang et al., 1998c], an important property is proved that the modu-
lus of wavelet transform at each point of the step edge is a non-zero constant
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which is independent on both the gradient direction and the scale of the
wavelet transform. Thus, a novel algorithm called scale-independent algo-
rithm is developed.

Algorithm 1.2 Given two-dimensional signal f(z,y)

Step 1: To take different scales sy, ..., 57, and calculate W, f(z,y), (1 <
j < J) based on

Wlf(n,m)= an—l—km—l—l)wkl,

k,l

W2f(nm) =3 fln—1—km—1-py;

k,l
Step 2: To select peak-threshold T, such that
VW, f(z.)] = T.

Step 3: To select proportional threshold R, such that

R L0 S,
R~ VW, f(z,y)]
This method possesses an important property, i.e. the wavelet transform
of a step-structure edge is scale-independent. It can improve the method
proposed in [Mallat and Hwang, 1992; Mallat and Zhong, 1992, where the
modulus-angle-separated-wavelet (MASW) is used. The precise definition
of the MASW can be found in [Tang et al., 1998c; Tang et al., 1998d]. After
applying the scale-independent algorithm to the images, only the contour
of the aircraft is extracted, while all other edges including drawing lines
and texts are eliminated.
In this book, we have a specific chapter to give a detailed example of
this application.

1.2.7 Wawvelet Descriptors for Shapes of the Objects

Shape of a pattern is one of the most important features in pattern recog-
nition. The description of such a shape plays a key role in shape analy-
sis. Many research projects [Chuang and Kuo, 1996; Hsieh et al., 1995;
Tieng and Boles, 1997b; Wunsch and Laine, 1995] present some shape de-
scriptors, which can represent digitized patterns. These descriptors are

WAVELET THEORY APPROACH TO PATTERN RECOGNITION - (2nd Edition)
© World Scientific Publishing Co. Pte. Ltd.
http://www.worldscibooks.com/compsci/7324.html



Brief Review of Pattern Recognition with Wavelet Theory 47

derived from the wavelet transform of the contours of a pattern and par-
ticularly well-suited for the recognition of two-dimensional objects, such as
handprinted characters. Three examples are presented below:

1. Wavelet Descriptor of Planar Curves: Theory and Applications

By using the wavelet transform, [Chuang and Kuo, 1996] develops a hi-
erarchical planar curve descriptor that decomposes a curve into components
of different scales so that the coarsest scale components carry the global ap-
proximation information while the finer scale components contain the local
detailed information. It shows that the wavelet descriptor has many desir-
able properties such as multirsolution representation, invariance, unique-
ness, stability, and spatial localization. A deformable wavelet descriptor
is also proposed by interpreting the wavelet coefficients as random vari-
ables. The applications of the wavelet descriptor to character recognition
and model-based contour extraction from low SNR images are examined.
Numerical experiments are performed to illustrate the performance of the
wavelet descriptor.

2. Wavelet Descriptors for Multiresolution Recognition Of Hand-
printed Characters

Paper [Wunsch and Laine, 1995] presents a novel set of shape descriptors
that represents a digitized pattern in concise way and that is particularly
well-suited for the recognition of handprinted characters. The descriptor set
is derived from the wavelet transform of a pattern’s contour. The approach
is closely related to feature extraction methods by Fourier Series expansion.
The motivation to use an orthonormal wavelet basis rather than the Fourier
basis is that wavelet coefficients provide localized frequency information,
and that wavelets allow us to decompose a function into a multiresolution
hierarchy of localized frequency bands. This paper describes a character
recognition system that relies upon wavelet descriptors to simultaneously
analyze character shape at multiple levels of resolution. The system was
trained and tested on a large database of more than 6000 samples of hand-
printed alphanumeric characters. The results show that wavelet descriptors
are an efficient representation that can provide for reliable recognition in
problems with large input variability.

3. Wavelet-Based Shape form Shading
Paper [Hsieh et al., 1995] proposes a wavelet-based approach for solv-
ing the shape from shading (SFS) problem. The proposed method takes
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advantage of the nature of wavelet theory, which can be applied to effi-
ciently and accurately represent “things,” to develop a faster algorithm for
reconstructing better surfaces. To derive the algorithm, the formulation
of Horn and Brooks ((Eds.) Shape from Shading, MIT Press, Cambridge,
MA,1989), which combines several constraints into an objective function,
is adopted. In order to improve the robustness of the algorithm, two new
constraints are introduced into the objective function to strengthen the
relation between an estimated surface and its counterpart in the original
image. Thus, solving the SFS problem becomes a constrained optimization
process. Instead of solving the problem directly by using Euler equation
or numerical techniques, the objective function is first converted into the
wavelet format. Due to this format, the set of differential operators of
different orders, which is involved in the whole process, can be approxi-
mated with connection coefficients of Daubechies bases. In each iteration
of the optimization process, and appropriate stem size, which can result in
maximum decrease of the objective function, is determined. After finding
correct iterative schemes, the solution of the SF'S problem can finally be
decided. Compared with conventional algorithms, the proposed scheme is a
great improvement in the accuracy as well as the convergence speed of the
SFES problem. Experimental results, using both synthetic and real images,
prove that the proposed method is indeed better than traditional methods.

4. Representation of 2-D Pattern by 1-D Wavelet Sub-patterns
Tang [Tang et al., 1998a] presents an approach to represent a 2-D shape
by several 1-D wavelet sub-patterns. In this way, first, a 2-D pattern is
converted into an 1-D curve by the dimensionality reduction [Tang et al.,
1991]. Thereafter, according to the wavelet orthonormal decomposition,
the 1-D curve can be decomposed orthogonally into several high-frequency
sub-curves and low-frequency ones using the wavelet transform.

5. Wavelet Descriptors for Multiresolution Recognition Of Hand-
printed Characters

Paper [Wunsch and Laine, 1995] presents a novel set of shape descriptors
that represents a pattern in concise way and that is particularly well-suited
for the recognition of handprinted characters. The descriptors are derived
from a contour of a pattern using wavelet transform. This method is closely
related to the feature extraction by Fourier series expansion. The motiva-
tion to use an orthonormal wavelet basis rather than the Fourier one is
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that wavelet coefficients provide localized frequency information, and that
wavelets allow us to decompose a function into a multiresolution hierarchy
of localized frequency bands. This paper describes a character recognition
system where the wavelet descriptors are used to analyze character shape at
multiple levels of resolution. A large set of samples of handprinted alphanu-
meric characters are used to train and test this system. The results show
that wavelet descriptors can efficiently represent the shapes of the objects,
and can provide for reliable recognition with large input variability.

1.2.8 Invariant Representation of Patterns

The invariance characteristic of size, orientation and translation is a signifi-
cant subject in pattern recognition. With such capability, a pattern recogni-
tion system can find many applications in character recognition, computer
vision, document processing, and many others. A lot of researchers paid at-
tention to this subject, many methods have been developed. Recently, new
methods in accordance with the wavelet-based approach have been made
[Haley and Manjunath, 1999; Shen and Ip, 1999; Tieng and Boles, 1997b;
Yoon et al., 1998]. In this sub-section, we introduce three papers, where
the wavelet approach has been used [Shen and Ip, 1999; Tang et al., 1998a;
Yoon et al., 1998].

1. Extraction of Rotation-Invariant Feature by Ring-projection-
wavelet-fractal Method

In our previous work [Tang et al., 1998al, a novel approach to ex-
tract features with property of rotation-invariant in pattern recognition
is presented, that utilizes ring-projection-wavelet-fractal signatures (RP-
WFS). In particular, this approach reduces the dimensionality of a two-
dimensional pattern by way of a ring-projection method, and thereafter,
performs Daubechies’ wavelet transform on the derived one-dimensional
pattern to generate a set of wavelet transformed sub-patterns, namely,
curves that are non-self-intersecting. Further from the resulting non-self-
intersecting curves, the divider dimensions are readily computed. These
divider dimensions constitute a new feature vector for the original two-
dimensional pattern, defined over the curves’ fractal dimensions.

An overall description of this approach can be illustrated by a diagram
shown in Fig. 1.30. The detailed description of this method can be found
in Chapter 9 in this book.
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Fig. 1.30 Diagram of Ring-projection-wavelet-fractal method.

2. Wavelet Rotation-Invariant Shape Descriptors for Recognition
of 2-D Pattern

In a pattern recognition system, typically, a set of numerical features
are extracted from an image. The selection of discriminative features is
a crucial step in the system. The use of moment invariants as features
for identification of 2D shape has received much attention. [Shen and Ip,
1999] investigates a set of wavelet rotation invariant moments presented for
capturing global and local information from the objects of interest, together
with a discriminative feature extraction method, for the classification of
seemingly similar 2D objects with subtle differences.

To achieve rotation invariant moments, typically, a generalized expres-
sion is used, which can be written by

Fpy = / / f(r,0)g,(r)e?? rdrdd, (1.7)

where F,, denotes the pg-order moment, and g,(r) stands for a function of
radial variable r. In addition, p and ¢ are integers. It has been proved that

e The value of || F},,|| is rotation invariant, where || Fpq || = \/Fpq - Fjy,
and the symbol * denotes conjugate of complex number.

e The combined moments, such as Fj,q- F , are also rotation invari-
ant.

To facilitate the analysis, an expression of 1D sequence is substituted
for that of the 2D image. Thus, Eq. 1.7 becomes

Fog = /Sq(r) - gp(r)rdr, (1.8)
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where S, (r) = f(r,0)e’?%df. [Shen and Ip, 1999] treats {g,(r)} in Eq. 1.8
as wavelet basis functions:

1 r—b
a,b _
wrr) = 2=
That indicates that the basis functions {g,(r)} are replaced by wavelet
basis functions {1)*?(r)}. The mother wavelet used in this work is a cubic
B-spline in Gaussian approximation form (Fig. 1.31):

).

4an71
U(r) = mowcos(%rfo(%—l))

xewp <_M>
202(n+1) )’
where n = 3, a = 0.697066, fo = 0.409177 and 012“ = 0.561145. The details
of this mother wavelet can be fund in [Unser et al., 1992]. Let a = 0.5™,
m=0,1,2,3,and b = 0.5n0.5™, n = 0,1, ...,2"*!. Thereafter, the wavelet
defined along a radial axis in any orientation is denoted by

P (1) = 27 (2™ — 0.5n)

Consequently, a set of wavelet moment invariants for classifying objects

Fig. 1.31 The cubic B-spline mother wavelet [Shen and Ip, 1999].
can be defined as follows:

Hﬁﬁ?mzH/&wwwWMMr, (1.9)
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where ¥y, »(r) replaces g4(r) in Eq. 1.8. The parameters are: m = 0,1, 2, 3,
n =0,1,...,2"%" and ¢ = 0,1,2,3. It can be fund that ||FReeet|] is
actually a wavelet transform of Sy(r)r. |[F2%¢€!|| can also be considered
to be the first moment of S,(r) at the mth scale level with shift index n.
It has been proved that the wavelet moment invariants, ||[F290¢¢|| are
invariant to rotation of a object.

In [Shen and Ip, 1999], the wavelet moment invariants along with a
minimum-distance classifier are used, and a high classification rate for four
different sets of patterns are achieved. For instance, 100% recognition rate
is obtained for a test set consisting of 26 upper cased English letters with
different scales and orientations.

3. Scale-Invariant Object Recognition Based on the Multiresolu-
tion Approximation

Boundary-based pattern matching is one of the most useful approaches
in pattern recognition. [Yoon et al., 1998] presents a multiresolution ap-
proximation approach to obtaining boundary representation for object recog-
nition. The summary of this approach is presented below:

It establishes the theory of the continuous multiresolution approxima-
tion (CMA), and implements a fast algorithm for the continuous wavelet
transform (CWT). The CMT is a vehicle for scale-invariant matching or
coarse-to-fine matching. In addition, the fast algorithm for the CWT en-
ables us to quickly compute a representation. [Yoon et al., 1998] proposes
good representations for boundary-based object matching. The represen-
tations are obtained using the CMA. These representations allow us to
recognize objects in the presence of noise, occlusion, scale variation, rota-
tion, and translation. It tests various types of objects such as tools, guns,
maps, etc., with occlusion and scale variations. It also tests those objects
by adding various types of noise. The test results show the proposed rep-
resentations are reliable and consistent.

Object matching in the presence of noise, occlusion, and scale variations
is considered the most difficult problem in the area of boundary-based ob-
ject matching. [Yoon et al., 1998] call this scale-invariant matching. To
solve this problem, the scaling effect of an object by using the CWT is
modeled. The model enables us to use the CWT for scale-invariant match-
ing. Further, a scale-invariant representation is proposed to handle the
scale-invariant matching.

Firstly, the modeling scaling effect of an object by using the wavelet
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transform is introduced below:

When an analog signal is converted to a digital one, the analog signal
is pre-filtered by a lowpass filter to reduce aliasing and it is then sampled
as shown in Fig. 1.32. An object in a picture may have different scales as
the distance of the camera from the target object changes. Be means of the
wavelet transform, the scaling effect of an object can be modeled, which
can lead to generating a scale-invariant representation for the scaling effect.
The mathematical description can be presented as follows:

f(x) Pre-Filtering f(x)
(Lowpass)

i L(”)

Sampling

Fig. 1.32 Digitization of analog signal as pre-filtering and sampling [Yoon et al., 1998].

Let h(z) be the lowpass filter, thus, the output, f1(z), of the filtering
of an original signal f(z) is

@) = /f h(o — 2)da.

The filtered output of the scaled signal is

fr(s ):—fsx /fsa (o — x)dov. (1.10)

Seting o/ = sa, Eq. 1.10 becomes

on) = [ o) 0 (S -a) " = s ().

Eq. 1.11 is the same formulation as the wavelet transform at the scale
s, the filter h(x) is considered to be a continuous scaling function. This
formulation implies that the scaling effect of an object in the process of
digitization of an analog input image can be represented by the wavelet
transform. This idea is the motivation for using the wavelet transform for
a scale-invariant representation.

Secondly, the scale-invariant representation is established by means of
the continuous multiresolution approximation (CMA). The CMA has two
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important features to receive significant representations for pattern recog-
nition, namely, (1) the CMA provides approximations of objects at various
scales, hence, scale-invariant representations can be constructed by using
the approximations; (2) the representations can efficiently computed by
using the fast algorithm.

The approximation, {Rs(k),Qs(k)} of a boundary at the scale 2° is
mathematically described as follows:

Ro(k) = [r(t) BI(=1)]e=pt, (1.12)
Qs(k) = la(t) - BI(=8)]e=pk; (1.13)

where p denotes the sampling period in the CWT. Applying Eq. 1.13
to an original boundary {r(¢),q(t)} produces a pair of functions for an
approximation of a boundary { Rs(k), Qs(k)} at each scale. The example of
an approximation is illustrated in Fig. 1.33. An original boundary is shown
in Fig. 1.33(a), and an approximation of the original boundary at one-half
of the scale is presented in Fig. 1.33(b). The curvature function of the
gun is displayed in Fig. 1.33(c). The curvature function is invariant under
scaling, rotation, and translation of a curve. Moreover, zero crossings of the
curvature function are important features for shape analysis or recognition.
Therefore, we can use the zero crossing of the curvature functions of the
approximations using the CWT to construct the proposed representations.

The detailed procedure to receive the scale invariant representation can
be presented by the following algorithm:

Step-1 Interpolation: To interpolate an original boundary with the lin-
ear interpolation filter hq(n) given by

. 1 <L
M(j,z,y) = L ’
Gy :y) { 0 otherwise.
where L is an interpolation length between the original samples.
Step-2 Initialization: To apply the dilated cubic B-spline filter for initial-
ization to obtain low-resolution boundaries at scales of 0.5 < s < 1.
The low-resolution boundaries of the interpolated signal is given by

Ry(k) = [r(t) - 2°0%(=2°1)]1mg- 1.

Step-3 Decomposition: To obtain the low-resolution boundaries by use
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Fig. 1.33 The example of an approximation of a gun boundary.

of the DWT, and is presented below:
Ry(k) = [Ro—1 - B3 (k)] 2

where the discrete filter 33 (k) is a binomial one.

Step-4 Construction of scale-invariant representation: To compute
the curvature functions and find zero crossings of the curvature
functions over the desired scales. Moreover, to construct the scale-
invariant representation by making zero crossing on the ¢t — k plane.

Experiments are conducted in [Yoon et al., 1998]. Several images, such
as guns, tools, maps, etc. are used. Some objects are taken from a camera,
and some, for example, guns are from the X-ray. Maps are taken from a
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commercial image database. The results have shown the proposed repre-
sentations are reliable and consistent.

1.2.9 Handwritten and Printed Character Recognition

Character recognition including the identification of handwritten and printed
characters is a major branch in the field of pattern recognition. A quite a

number of articles, which deal with this branch, have been published. How-

ever, only a fewer have used wavelets [Lee et al., 1996; Tang et al., 1996b;

Tang et al., 1998d; Tang et al., 1998a; Wunsch and Laine, 1995]. In this

sub-section, two publications [Lee et al., 1996; Wunsch and Laine, 1995]

are briefly introduced. In addition, a specific chapter in this book is avail-

able to provide a detailed description of the character recognition with the

wavelet theory.

1. Wavelet Descriptors for Recognition of Handprinted Charac-
ters

Paper [Wunsch and Laine, 1995] describes a character recognition sys-
tem that relies upon wavelet descriptors to simultaneously analyze character
shape at multiple levels of resolution. The system was trained and tested
on a large database of more than 6000 samples of handprinted alphanu-
meric characters. The results show that wavelet descriptors are an efficient
representation that can provide for reliable recognition in problems with
large input variability.

2. Extracting Multiresolution Features in Recognition of Hand-
written Numerals with 2-D Haar Wavelet

The well-known Haar wavelet is adequate for local detection of line seg-
ments and global detection of line structures with fast computation. [Lee
et al., 1996] develops a method based on the Haar wavelet. It enables us
to have an invariant interpretation of the character image at different res-
olutions and presents a multiresolution analysis in the form of coefficient
matrices. Since the details of character image at different resolutions gen-
erally characterize different physical structures of the character, and the
coefficients obtained from wavelet transform are very useful in recogniz-
ing unconstrained handwritten numerals. Therefore, in [Lee et al., 1996],
wavelet transform with a set of Haar wavelets is used for multiresolution
feature extraction in handwriting recognition.
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In this way, we take

w w
1 = cos? = +sin? =.
S 2—|— n 5

Let us write

1 <
|H(Ww))? = 6052%:$

1
= 7 [1+ 2cosw + cos® w + sin® w]

1
= Z[(1—|—cosw)2+sin2z.u}
B 1—|—cosw—z’sinw2_ 14 e i |?
B 2 B 2 ’
so that
2

—iw

w 1 —cosw 1—e
H —sin? = = =
|H(w + 7)|* = sin 5 5 ‘ 5

Thus, we can take
1 + |
H(w) Z 710.;19’
k=0 2

where

1 1
—, hi = —.
V2 NG

The scaling function ¢(z) and wavelet function ¥ (z) can be represented by

1 ifo<z<1
= 1.14
() { 0 otherwise ( )

ho =

and

v(x) = cp(2r) —cop(2z —1) (1.15)
= ©(22) — 2z - 1)
1 if0<z<3
-1 ifi<z<1
0 otherwise
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An image of the handwritten character can be decomposed into its
wavelet coeflicients by using Mallat’s pyramid algorithm. By using Haar
wavelets, an image F' is decomposed as follows:

p q S
r_ | Toa b I B b
w
Yy oz c d c d
1/4w+x—|—y—|—z), 1/4(w—z+y— 2)
= 1/4(w+z—y-—2), 1/4(w—x —y+2)

(1.16)

< =+ Q o
Il

(w

(
1/4p—q+7r—a)

(

(

(
1/4(p+q+r+a),

( 1/4lp—q—r+a)

1/4lp+q—1—a),

S »w o 9
Il

In Eq. (1.16), the image {w, z,y, z} is decomposed into image {a}, {b},
{c}, and {d} at resolution 271. The image {a} corresponds to the lowest
frequencies (D1), {b} gives the vertical high frequencies (Ds), {c} the hori-
zontal high frequencies (D3), and {d} the high frequencies in horizontal and
vertical directions (Dy). Likewise, the image {p,q,r, a} at resolution 27!
is decomposed into image {s}, {t}, {u}, and {v} at resolution 272. This
decomposition can be archived by convolving the 2 x 2 image array with
the Haar masks as follows:

D] =1+t @ Hy k=1,2,3,4 (1.17)

where, ® is the convolution operator, Di are decomposed images at reso-
lution 27, I7+! is 2 x 2 image at resolution 27!, and Hj, are Haar masks
defined in Fig. 1.34.

() (b) (©) (@)

Fig. 1.34 Haar masks (a) Lowest frequencies, (b) Vertical high frequencies, (c¢) Hori-
zontal high frequencies, (d) High frequencies in horizontal and vertical directions.
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(a)
(b)

(©)

Fig. 1.35 Overview of multiresolution feature extraction.

In this application, the decomposed results at resolution 27! and 272
are used as multiresolution features . Fig. 1.35 shows the process of mul-
tiresolution feature extraction. Fig. 1.35(a) gives an input image of the
handwritten number “8” its digitized image is shown in Fig. 1.35(b). The
decomposed feature vector at resolution 27! is illustrated in Fig. 1.35(c),
while the decomposed feature vector at resolution 272 is in Fig. 1.35(d).

These features are used to recognize the unconstrained handwritten nu-
merals from the database of Concordia University of Canada (Fig. 1.36),
Electro-Technical Laboratory of Japan (Fig. 1.37), and Electronics and
Telecommunications Research Institute of Korea (Fig. 1.38). The error
rates are 3.20%, 0.83%, and 0.75%, respectively. These results are shown
that the proposed scheme is very robust in terms of various writing styles
and sizes. The detailed description of this application can be referred in
[Lee et al., 1996].

3. Wavelet Descriptors for Recognition of Printed Kannada Text
in Indian languages
An OCR system for Indian languages, especially for Kannada, a popular
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0/723¢ S67 %7
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01334 547% q
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Fig. 1.36 Handwritten numeral database of Concordia University of Canada.

0123440709
07 23 4¢f» a9
07 23 46678

ﬁ.'u?jgg,? <
ﬂfiﬁﬁw{7§?

Fig. 1.37 Handwritten numeral database of Electro-Technical Laboratory of Japan.

South Indian language, is developed in [Kunte and Samuel, 2007]. Some
examples of Kannada language is presented in Fig. 1.39.

1D discrete wavelet transform (DWT) is used for feature extraction.
Daubechies wavelet from the family of orthonormal wavelets is considered.
A DWT when applied to a sequence of coordinates from the character
contour returns a set of approximation coefficients and a set of detailed
coeflicients. The approximation coeflicients correspond to the basic shape
of the contour (low frequency components) and the detailed coefficients
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Fig. 1.38 Handwritten numeral database of Electronics and Telecommunications Re-
search Institute of Korea.

QETDY Ty, W,
FOREE3T TORLS;

Fig. 1.39 Some examples of Kannada text in Indian languages [Kunte and Samuel,
2007].

correspond to the details of the contour (high frequency components), which
reflect the contour direction, curvature, etc. Neural classifiers are effectively
used for the classification of characters based on wavelet features. The
system methodology can be extended for the recognition of other south
Indian languages, especially for Telugu.

1.2.10 Texture Analysis and Classification

Texture is a specific kind of pattern, the texture analysis is one of the
most important techniques used in the analysis and classification of images

WAVELET THEORY APPROACH TO PATTERN RECOGNITION - (2nd Edition)
© World Scientific Publishing Co. Pte. Ltd.

http://www.worldscibooks.com/compsci/7324.html



62 Introduction

where repetition or quasi-repetition of fundamental elements occurs. So
far, there is no precise definition of texture. Three principal approaches
are used in texture analysis, namely, statistical, spectral and structural. In
this sub-section, several methods based on the wavelet theory [Haley and
Manjunath, 1999; de Wouwer et al., 1999a; de Wouwer et al., 1999b] are
introduced:

1. Wavelet correlation signatures for color texture characteriza-
tion

In the last decade, multiscale techniques for gray-level texture analysis
have been intensively used. [de Wouwer et al., 1999a] aims to extend these
techniques to color images. It introduces wavelet energy-correlation signa-
tures and derives the transformation of these signatures upon linear color
space transformations. Experiments are conducted on a set of 30 natural
colored texture images in which color and gray-level texture classification
performances are compared. It is demonstrated that the wavelet correlation
features contain more information than the intensity or the energy features
of each color plane separately. The influence of image representation in
color space is evaluated.

2. Rotation-Invariant Texture Classification Using a Complete
Space-Frequency Model

A method of rotation-invariant texture classification based on a com-
plete space -frequency model is introduced in [Haley and Manjunath, 1999].
A polar, analytic form of a two-dimensional (2-d) Gabor wavelet is devel-
oped, and a multiresolution family of these wavelets is used to compute
information-conserving micro-features. From these micro-features, a micro-
model, which characterizes spatially localized amplitude, frequency, and di-
rectional behavior of the texture, is formed. The essential characteristics
of a texture sample, and its macro-features, are derived from the estimated
selected parameters of the micro-model. Classification of texture samples
is based on the macro-model derived from a rotation invariant subset of
macro features. In experiments, comparatively high correct classification
rates were obtained using large sample sets.

3. Statistical Texture Characterization from Discrete Wavelet
Representation

Texture analysis plays an important role in many tasks of image pro-
cessing, pattern recognition, robot vision, computer vision, etc. [de Wouwer
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et al., 1999b] conjectures that the texture can be characterized by the statis-
tics of the wavelet detail coefficients and therefore introduces two feature
sets:

e The wavelet histogram signatures, which capture all first-order
statistics using a model based approach;

e The wavelet co-occurrence signatures, which reflect the coefficients’
second-order statistics.

The (average) best results are obtained by combining both feature sets.
The introduced features are very promising for many image processing tasks
such as texture recognition, segmentation, and indexing image databases.

In this sub-section, we would like to briefly introduce the basic idea
of [de Wouwer et al., 1999b]. In this work, the authors combine the sta-
tistical and multiscale view on texture. They conjecture that texture can
be completely characterized from the statistical properties of its multiscale
representation. The first-order statistical information is derived from the
detail image histogram. The detail histograms of natural textured images
can be modeled by a family of exponential functions. Introducing the pa-
rameters of this model as texture features completely describes the wavelet
coeflicients’ first-order statistics. Further, improvement in texture descrip-
tion is obtained from the coefficients’ second-order statistics, which can
be described using the detailed image co-occurrence matrices. The most
complete description is obtained by combining both first- and second-order
statistical information.

The 2-D discrete wavelet transform is applied in this work, which is a
separable filterbank:

Ln(bi,bj) = [Hy*[Hy* Ly-1]j2,1]11,2(bi, b5) (1.18)
Dra(bs, bs) [Ha * [Gy * Ln—1]12,1]11,2(bi, b)) (1.19)
D2 (bi, bs) (Go * [Hy * Ln—1]12,1]11,2(bi, bj) (1.20)
Dn3(bisbj) = [Gox[Gy* Ln-1]121]11,2(bs, b)) (1.21)

where * denotes the convolution operator, | 2,1(] 1,2) subsampling along
the rows (columns), and Ly = I(¥) is the original image. H and G are a
low and bandpass filter, respectively.

The histogram of the wavelet detail coefficients are noted as hp;(u);
thus hn;(u)du is the probability that a wavelet coefficient D,;(b) has a
value between v and u + du. The detail histograms of natural textured
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images can be modeled by a family of exponential [Mallat, 1989b]:
h(u) = Ke~ (/o) (1.22)

In this model, o and ( are wavelet histogram signatures, which are easily
interpreted as specific, independent characteristics of the detail histogram.
They contain all first-order information present in the detail histogram. Eq.
1.22 can employed for many texture analysis tasks.

When the features based on the first-order statistics do not suffice, the
second-order statistics can improve the texture discrimination. The wavelet
co-occurrence signatures can reflect the coefficients’ second-order statis-
tics. The element (j, k) of the co-occurrence matrix C2¢ is defined as the
joint probability that a wavelet coefficient D, = j co-occurs with a coef-
ficient D,,; = k on a distance § in direction . Formulas for eight common
co-occurrence features are provided in [de Wouwer et al., 1999b]. These
features extracted from the detail images are referred to as the wavelet
co-occurrence signatures.

A database consisting of 30 real-world 512x512 images from different
natural scenes is used for the experiments, which is presented in Fig. 1.42.
This database is available at

hitp : / Jwww.white.media.mit.edu/vismod/imagery/VisionT exture,

which is provided by MIT Media Lab. Each image region is transformed to
an overcomplete wavelet representation of depth four using a biorthogonal
spline wavelet of order two [Unser et al., 1993]. Four different feature sets
are generated, namely:

12 wavelet energy signatures,

24 wavelet histogram signatures,
96 wavelet co-occurrence signatures
All feature from 2 and 3.

The results of the experiments can be found in [de Wouwer et al., 1999b)].

4. Adaptive Scale Fixing for Multiscale Texture Segmentation
K. H. Liang and T. Tjahjadi [Liang and Tjahjadi, 2006] address two
challenging issues in unsupervised multiscale texture segmentation: deter-
mining adequate spatial and feature resolutions for different regions of the
image, and utilizing information across different scales/resolutions. The

WAVELET THEORY APPROACH TO PATTERN RECOGNITION - (2nd Edition)
© World Scientific Publishing Co. Pte. Ltd.
http://www.worldscibooks.com/compsci/7324.html



Brief Review of Pattern Recognition with Wavelet Theory 65

Fig. 1.40 Selection of images from the VisTex-database used in [de Wouwer et
al., 1999b].

center of a homogeneous texture is analyzed using coarse spatial resolu-
tion, and its border is detected using fine spatial resolution so as to locate
the boundary accurately. The extraction of texture features is achieved
via a multiresolution pyramid. The feature values are integrated across
scales/resolutions adaptively. The number of textures is determined auto-
matically using the variance ratio criterion. Experimental results on syn-
thetic and real images demonstrate the improvement in performance of the
proposed multiscale scheme over single scale approaches.

Adaptive scale fixing is a method which determines the optimum Aw,
at a site s for segmentation. It also facilitates the utilization of information
across resolutions. The aim is to maximize the precisions of both texture
estimation and boundary localization, overcoming the limitation of single-
resolution approaches. This method generates a multiscale segmentation
map as shown in Fig. 1.41. Multiscale representation of a two-texture
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(a) (b)

Fig. 1.41 Adaptive Scale Fixing [Liang and Tjahjadi, 2006].

image is presented in Fig. 1.41(a), where two homogeneous textures are de-
picted as grey and white. The central regions of homogeneous textures are
represented using large windows, while the border regions of homogeneous
textures are represented using small windows. This representation guaran-
tees that only one texture exists in each window, thus reducing erroneous
texture characterization. An image with textures of metal and straw is
illustrated in Fig. 1.41(b).

5. Combination of Gabor Wavelet Transforms and Moments for
Texture Segmentation

K. Muneeswaran et al. propose a combination approach [Muneeswaran
et al., 2005]. It tries to incorporate into itself the better of the two method-
ologies, namely, Gabor wavelet and general moments. This method involves
forming the combinational feature vector for a texture image from the ex-
tracted features by both approaches. This combinational approach has been
evolved since both measures tend to look for features of a texture image
in different views. The following equation is used to construct the feature
vector:

F,. = 8(FM (&) FG),

where, F, is the feature vector representing a pixel, constructed by the com-
binational approach, F); is the feature vector obtained for the same pixel
by applying moments and Fg is the feature vector using Gabor wavelet. 9
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is a stabilizing function which is defined below:
(X)) = [Axy, Vi€ {1,...,m}],

where, X is a vector and m is the vector length and the weight value A is
calculated by

—1/2

Fig. 1.42 Results of segmentation: (1) left most - input image containing various num-
ber of textures; (2) middle-left - segmentation result by Gabor wavelet; (3) middle-right
- segmentation result by moments; (4) right most - result by the combination method
[Muneeswaran et al., 2005].

1.2.11 Image Indexing and Retrieval

Digital image libraries and other multimedia databases have been dramat-
ically expanded in recent years. Storage and retrieval of images in such li-
braries become a real demand in industrial, medical, and other applications.
A solution for this problem is content-based image indexing and retrieval
(CBIR), in which some features are extracted from every picture, and stored
as an index vector. Thereafter, the index is compared in retrieval phase to
find some similar pictures to the query image [Special-Issue-Digital-Library,
1996; Smeulders et al., 2000]. Two major approaches can be used in CBIR,
namely, spatial domain-method and transform domain-method.

1. Wavelet Correlogram

An approach called “wavelet correlogram” is proposed by H. A. Moghad-
dam et al. [Moghaddam et al., 2005], which can take advantage of both spa-
tial and transform domain information. There are three steps in this way.
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(1) Wavelet coefficients are computed to decompose space-frequency infor-
mation of the image; (2) A quantization step is then utilized before com-
puting directional autocorrelograms of the wavelet coefficients; (3) Finally,
index vectors are constructed using theses wavelet correlograms. Fig. 1.43
shows the diagram of the wavelet correlogram indexing method.

Converting color image

Prepocessing into gray—level image

Phase 1
Wavelet decomposition

'

Phase 2

Quantization of wavelet coefficients

Processing

Y

Phase 3
Directional 1-D autocorrelogram

Feature construction Construction of feature vectors

Fig. 1.43 Diagram of the wavelet correlogram indexing method [Moghaddam et al.,
2005].

The wavelet autocorrelogram computing equations are

i k) = {(pl,p2)lpl,p2 € W", [pl — p2, = k},
: \Tmn (i, i, k)|
m,n k —
« (l7 ) 2hl1(Wm’n) I
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where, [T ™ (4,4, k)| represents the size of the wavelet autocorrelogram for
each pair of (m,n); hl;(WW™™) is the total number of pixels of level I;.

For evaluation of the proposed approach, some query images were se-
lected randomly from a 1000 image subset of the COREL database

hitp : / Jwang.ist.psu.edu/docs/related.

The experimental results indicate that a total average of 71% matched re-
trieved images is achievable using the wavelet correlogram indexing retrieval
algorithm [Moghaddam et al., 2005].

2. Region Separation and Multiresolution Analysis

A simple and fast querying method for content-based image retrieval is
developed by R. Ksantini et al. [Ksantini et al., 2006]. Using the multi-
spectral gradient, a color image is split into two disjoint parts that are the
homogeneous color regions and the edge regions.

(1) The homogeneous regions are represented by the traditional color
histograms.

M—-1N-1

= > 66, 5) = )Xo (Amaz i, 5)),

i=0 j=0

where, A\jnqe stands for the largest eigenvalue, x[o,, is the characteristic
function, for each ¢ € {0, ...,255} and k = a, b.

(2) The edge regions are represented by the multispectral gradient mod-
ule mean histograms.

M-

2

5 (Ix(7,7) — C)X]n +m[(>‘maw(i7j)))‘ma$(i7j)~
=0
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In order to measure the similarity degree between two color images both
quickly and effectively, R. Ksantini et al. use a one-dimensional pseudo-
metric, which makes use of the one-dimensional wavelet decomposition and
compression of the extracted histograms. This querying method is invariant
to the query color image object translations and color intensities.

Apart from the above methods, a content-based image retrieval tech-
nique is presented by M. Kubo et al. [Kubo et al., 2003]. which uses
wavelet-based shift and brightness invariant edge features. P. Jain and S.
N. Merchant [Jain and Merchant, 2004] propose a method using wavelet-
based multiresolution histogram for fast image retrieval.
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1.2.12 Wavelet-Based Image Fusion

Image fusion is one of the most important techniques to enhance image
information. The fused image is more suitable for image processing. Image
fusion is a process by which, information from different observation im-
ages are incorporated into a single image. The importance of image fusion
lies in the fact that each observation image contains complementary infor-
mation. When this complementary information is integrated with that of
another observation, an image with the maximum amount of information
is obtained.

Different approaches have been adopted for multi-sensor or multiple
observation image fusion from the simple image averaging approach to the
wavelet transform image fusion approach. In [El-Khamy et al., 2006], a
super-resolution Linear Minimum Mean Square Error (LMMSE) algorithm
for image fusion is proposed by S. E. El-Khamy et al. The schematic
diagram of the proposed super-resolution LMMSE algorithm can be found
in Fig. 1.44.

y T
L Multi—Channel i LMMSE
g, mag - LMMSE = Wavelet B'ased .
- Aligement . . - Image Fusion Interpolation
¢ Restoration
P e e

Fig. 1.44 The schematic diagram of the proposed super-resolution algorithm [El-Khamy
et al., 2006].
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g1

9p

where, g;, ©+ = 1,2,...,p stand for the observed images, Ry, and R, are
the high resolution images and noise correlation matrices respectively, D;,
i =1,2,...,p is the uniform downsapling matrix, H;, i = 1,2,...,p is the
blur matrix, and M;, i = 1,2, ...,p is the registration shift matrix.

El-Khamy [El-Khamy et al., 2006] adopts the wavelet transform im-
age fusion approach to integrate the data from the multiple outputs of the
LMMSE image restoration step. This is due to the fact that the multiple
outputs of the LMMSE restoration step are correctly registered and aligned.
The registration of the multiple inputs to the wavelet fusion step is a very
important pre-requisite to the success of the fusion step. In the application
of the simple wavelet image fusion scheme, the wavelet packet decomposi-
tion is calculated for each observation to obtain the multiresolution levels
of the images to be fused. In the transform domain, the coefficients in all
resolution levels whose absolute values are larger are chosen between the
available observations. This rule is known as the maximum frequency rule.
Using this method, fusion takes place in all resolution levels and dominant
features at each scale are preserved. Another alternative to the maximum
frequency rule is the area-based selection rule. This rule is called the local
variance or the standard deviation rule. The local variance of the wavelet
coefficients is calculated as a measure of local activity levels associated with
each wavelet coefficient. If the measures of activity of the wavelet coeffi-
cients in each of the two images to be fused are close together, the average
of the two wavelet coefficients is taken; otherwise, the coefficient with max-
imum absolute is chosen. Generally, the process of wavelet packet image
fusion can be summarized in the following steps: (1) The available images
are first registered (This is achieved for the outputs of the LMMSE restora-
tion step). (2) The wavelet packet decomposition of the observations is
calculated using a suitable basis function and decomposition level. (3) A
suitable fusion rule is used to select the wavelet coefficients from the source
observations. (4) A decision map is created according to the fusion rule. (5)
A wavelet packet reconstruction is performed on the combinations created
coefficients.
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A novel pixel level image fusion schemes are presented by H. Li [Li, 2006]
based on multi-scale decomposition. In this way, the wavelet coefficients
of image are chosen according to the image fusion operators and differ-
ent fusion rules. Experiments of multi-spectral image and high-resolution
panchromatic images are given. It shows that the wavelet-based human
visual system method can achieve better fusion performance than others.

An approach to multisensor remote sensing image fusion using station-
ary wavelet transform is proposed in [Li, 2008]. In this paper, the authors
investigate the effects of orthogonal/biorthogonal filters and decomposition
depth on using stationary wavelet analysis for fusion. Spectral discrepancy
and spatial distortion are used as quality measures. Empirical results lead
to some recommendations on the wavelet filter parameters for use in remote
sensing image fusion applications.

1.2.13 Others

Apart from the above sections, there are many other applications of wavelet
theory to pattern recognition. For instance, [Chambolle et al., 1998] exam-
ines the relationship between wavelet-based image processing algorithms
and variational problems. Algorithms are derived as exact or approximate
minimizers of variational problems; in particular, it shows that wavelet
shrinkage can be considered the exact minimizer of the following problem:
Given an image F' defined on a square I. minimize over all g in the Besov
space B (L1(I)) the functional |F — g7,y + Algll sz, (). It uses the
theory of nonlinear wavelet image compression in Lo (I) to derive accurate
error bounds for noise removal through wavelet shrinkage applied to images
corrupted with i.i,d., mean zero, Gaussian noise. A new signal-to-noise ra-
tio (SNR), which claim more accurately reflects the visual perception of
noise in images, arises in this derivation. It presents extensive computa-
tions that support the hypothesis that near-optimal shrinkage parameters
can be derived if one knows (or can estimate) only two parameters about
an image F: the largest o for which F' € Bg(Ly(I)),1/q = a/2+1/2, and
the norm ||| ez, (1))- Both theoretical and experimental results indicate
that this choice of shrinkage parameters yields uniformly better results than
Donoho and Johnstone’s VisuShrink procedure.

A standard wavelet multiresolution analysis can be defined via a se-
quence of projectors onto a monotone sequence of closed vector subspaces
possessing certain properties. [Combettes, 1998] proposes a nonlinear ex-
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tension of this framework in which the vector subspaces are replaced by
convex subsets. These sets are chosen so as to provide a recursive, mono-
tone approximation scheme that allows for various signal and image fea-
tures to be investigated. Several classes of convex multiresolution analysis
are discussed and numerical applications to signal and image-processing
problems are demonstrated.

Image restoration problems can naturally be cast as constrained convex
programming problems in which the constraints arise from a priori infor-
mation and the observation of signals physically related to the image to be
recovered. In [Combettes and Pesquet, 2004], the focus is placed on the
construction of constraints based on wavelet representations. Using a mix
of statistical and convex-analytical tools, P. L. Combettes and J. -C. Pes-
quet propose a general framework to construct wavelet-based constraints.
The resulting optimization problem is then solved with a block-iterative
parallel algorithm which offers great flexibility in terms of implementation.
Numerical results illustrate an application of the proposed framework.

A novel approach for thinning character using modulus minima of wavelet
transform is developed in [You et al., 2006]. A method for signal denois-
ing using wavelets and block hidden Markov model is presented by Z. Liao
[Liao and Tang, 2005).
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