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Automatic Edge Class Formulation
for Classified Vector Quantization
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Abstract In the field of image compression, Classified Vector Quantization(CVQ) reveals attractive
characteristics for preserving perceptual features, such as edges. However, the classification scheme is
not generalized to effectively reconstruct different kinds of edge pattens in the original CVQ that
predefines several linear-type edge classes: vertical edge, harizontal edge, diagonal edge classes. In this
paper, we propose a new classification scheme, especially for edge blocks, based on the similarity
measure for edge pattems. An edge block is transformed to a feature vector that describes the detailed
shape of the edge pattem. The classes for edges are formulated automatically from the training images
to result in the generalization of various shapes of edge pattems. The experimental results show the
generated linear/nonlinear types of edge classes. The integrity of all the edges is faithfully preserved in

the reconstructed image based on the various type of edge codebooks generated at 0.6375bpp.

1. Introduction

Vector Quantization(VQ) techniques have been used
for coding digital images with many attractive features
by utilizing the correlation among the neighboring
pixels{1]. However, the direct application of ordinary
VQ to digital images results in the edge degradation
as edges take small proportion within an image. To
alleviate the edge degradation, Classified Vector
Quantization(CVQ) is introduced[2]. It firstly classifies
each image block into several categories according to
the visual characteristics, such as the existence of
edges within the block. Then, the separate codebook
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for each class are designed from the training image
blocks which belongs to the same class. Each input
image block is encoded by searching only the
subcodebook of the class to which the block belongs
not by searching the entire codebook. By means of this
classification, the perceptual features such as edges are
well preserved in CVQ compared to the ordinary VQ.
Since edges contain a large part of perceptual
information of the image, various classification
strategies of edge pattems are studied either in the
spatial or in the transform domain{2~7]. In general,
the edge patterns are approximated to linear shapes
and classified according to their positions and
orientations. In order to reconstruct faithfully the
detailed shape of the edge pattems, . Block
Pattern-Vector Quantization (BPVQ) attemmpts to
formulate edge classes each of which is identified by a
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block pattern{4].

In this paper, we propose a new approach to
formulate edge classes each of which is a generalized
form of the edge patterns with similar shapes. In
section 2, the representation of an edge pattern by a
feature vector is described. The features are selected to
characterize the global direction, the thickness, and the
curvedness of the edge pattemns. The classification
scheme for the image blocks and edge class
formulation process are discussed in section 3. Finally
in section 4, the experimental results are given.

2. Edge Representation with Similarity
Measure

The edges we are considering in this work are
assumed to cross the entire subimage block(4x4 block).
Thus the edge always meets the boundary at two
points named as boundary points. We denote one of
them as a starting point(SP) and the other as an
ending point(EP). The starting point is chosen to have
the darker region in the right side. The locations of
SP and FP determine the location and global
orientation of an edge pattern. As the edge usually
passes through several pixels, the exact locations of
these two points need to be estimated.

The detailled shape of an edge pattern is
characterized by their curvedness and the width of the
edge slope which is the Euclidean distance from the
lighter region to the darker region along the orthogonal
direction with respect to the edge. <Figure 1>Hows
the different kinds of edge patterns despite the same
locations of boundary points. In order to represent
above characteristics of the edge shape, we formulate a
membership function which estimates the proportion of
the edge component for each interior pixel. Here, an
interior pixel denotes a pixel which is not at the block
boundary.

SP
L

<Figure 1> Several types of edges

An image block is normalized so that each pixel has
a gray level value in the range of 0~1. To do this,
we firstly partitioned an image block into a lighter
region and a darker region. The lighter(darker) region
consists of pixels with the gray level values
above(below) the mean value of gray level values of
the block. Then, the mean of gray levels of the pixels

in the lighter region, #2,, and the mean of gray levels
of the pixels in the darker region, m, are calculated

by adopting the procedure suggested by S. A
Mohamed and M. M. Fahmy". For each pixel, the
value "1"("0") is assigned if the gray level is above
For a pixel which has the gray

level, p; in between m; and my, a normalized

my (below md).

value, p,, is assigned as

bi— mg
pn - m;— my $))

The exact location of the boundary point from the
top left comer of the block is estimated by adding the
normalized gray levels of the row pixels to which the
point belongs in case that the point meets at the
horizontal boundary. Otherwise, the location is
estimated by adding the normalized gray levels of the
column pixels to which the point belongs.

In order to determine the extent to which the edge
pattern is contained in a pixel, we formulate a
triangular shaped membership function, as shown in
<Figure 2> which has a maximum value of “1” at the
normalized intensity value of "05”, and a value of "0"
at the normalized intensity values “1” or "0”. It is a
reasonable assumption that a completely dark or light
pixel does not include an edge, while a pixel with a
gray level in the middle of dark and light values has a
maximum possibility to contain an edge.

0 05 1 g
Normalized intensity value
<Figure 2> Membership function of edge pixel
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In order to describe the shape of an edge pattemn,
E; we formulate a feature vector F;. The first

feature, F%, and the second feature, F?, represent the

position of a starting point and an ending point of the
edge, respectively. Each feature is computed as an
BEuclidean distance from top-left comer of the image
block to the point following the boundary
counter—clockwise. The width of a pixel is regarded

as 1. The third feature, FS, denotes the orientation of
the edge which is calculated as a tilted degree of the
line connecting starting and ending points with respect
to a horizontal line.

the membership function of edge for four interior
pixels, one for each pixel.
The similarity measure, S;;, between edge pattemns

E; and E; is defined as

F,“Nﬂ represent the value of

Sl) = @ 8253)5(1 .2) + ﬂ Si(jti“’]) (2)
Where, S,S;O is the similarity measure between
block E; and E,- based on f th featwre and «,B

are weighting values for the corresponding terms.
The similarity measures are given by

1+cos(|F:— Fll* )
,2) 1
S,§12)—max{2[ 3
I
1+cos(lFf2-—F?|*TZ)
‘ 1+cos(lFl-~F2~l*——”

+

@

1
2

1+ cos(lFQ Fils35) }}
+

@

4~7)
Sy

= %QF?—F?P ®)

3. Classification of Image Blocks and
Formulation of Edge Classes

The input image is decomposed into non-overlapping
4x4 blocks. For "each block, four 4-dimensional
subblocks are formulated from the boundary pixels.
That 1s, 1st~row-vector, 4th-row-vector,
1st-column-vector and 4th-colummn-~vector of the 4x4
image array are extracted  The reason for this choice
is that we regarded an edge block as the block
containing an edge crossing the entire block. For each
subblock, the number of gray level changes between
two pixels greater than a certain threshold is counted.
The way of comparison between two pixels is shown
in Fig. 3 Here, the comparison @ is necessary to
determine whether the gray level across the block is
rapidly changing or not even if it has no edge.
According to the number of changes above the
threshold, the subblock is categorized as the PLANE,
the TEXTURE or the EDGE class. If the number of
changes over threshold is zero, the subblock is
classified as the PLANE class. If it is one the
subblock belongs to the TEXTURE class as the
change is detected in only @ of <Fgure 3>.
Otherwise, it is classified as an EDGE subblock.

<Figure 3> Gray level change detection in a subblock

The class distribution of subblocks determines the
category of the image block as PLANE, TEXTURE or
EDGE class. The classification rule is as follows; If all
subblocks are PLANE classes then the block belongs
to the PLANE dlass. If all subblocks belong to either
PLANE or TEXTURE, excluding the case that all
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subblocks are denoted as PLANE classes, then the
block is classified as a TEXTURE class. Otherwise,
the block is classified as an EDGE block.

The classes for the edge blocks are formulated
autormatically from the edge blocks of the training
images. Each edge block is transformed to a feature
vector defined previously. The vectors are clustered
using PNN(Pairwise Nearest Neighbor) algorithm based
on the similarity measure introduced In order to
clarify the general shape of edge patterns for generated
classes, we cormputed the average of normalized image

of codewords for class ¢, Pi(x, ), as

Plxy) = L5 Pin s ©
xy € {1,2,3,4}

where m is the codebook size of the class ¢,
P (x, ¥) is the normalized image of kh
codeword.

4. Results and Conclusions

The proposed technique has been evaluated by
performing several experiments with images. Firstly,
the edge classes are formulated from 3 training images.
The shape of edge pattemns of generated edge classes
can be categorized as linear type, convex type, concave
type, hole type, and bump type. The shape of edge
pattemns and the number of classes for each edge type
are shown in Table 1. Notice that about 42.3% of
edge classes are generated for nonlinear type of edge
pattemns.

The reproduced LENNA image from outside the
training sequences is shown in <Figure 4>. The
codebook sizes of the PLANE class and the
TEXTURE class were chosen to be 72 and 128,
respectively. The obtained PSNR is 31.7 dB at 06375
bpp. There is no detectable degradation in the
reconsiructed image. The integrity of all the edges is
preserved faithfully.

It is expected that this technique works favorably
on the high-detailed images since the edge classes

include various kinds of edge patterns.

<Table 1> Generated edge classes
Edge type Number of classes
Linear type 30
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(a) Original image

(b) Reconstructed image

<Figure 4> Original and Reconstructed images
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