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Abstract

Anadaptive vector quantization (VQ) scheme based
principal component analysis is proposed. Each
devector in the codebook is the centroid of train-
ng vectors belonging to the leaf of a binary tree
wnstructed based on a tree classifier using the first
piincipal components of training vectors. A simple
liresholding method on the first principal compo-
ents used to find the split key in each nonterminal
jode. Our scheme can encode an image as soon
§ the codebook is constructed. Experiments on a
entium 150 PC with 32MB RAM under Chinese
lindows 95 environments show that the proposed
dheme requires, in average, 2.5 seconds to encode
2 x 512 image with a codebook of size 256 to
thieve 0.625 bits per pixel (bpp) with the average
SNR value exceeding 30 for four images Lenna,
et, Peppers, and Scene. A comparison with three
ther commonly used VQ algorithms is also given.

Introduction

Nector quantization for image compression has
el widely studied since Linde, Buzo, and Gray
iblished their pioneer work [13]. The work can
 divided into three parts as codebook design,
coding procedure and decoding procedure. An
lage is first partitioned into 4 x 4 nonoverlap-
g blocks which are represented as 16-tuple vec-
5 called training vectors. In LBG algorithm [13],
en the codebook size N, for example, N=256, a
neans clustering algorithm is applied to parti-
b the training vectors into N clusters of which the
troid of each cluster is called a codevector in the
debook. Training a codebook of size 256 using a
X512 image requires around 4 minutes running
aPentium 150 PC with 32MB RAM under Win-
595. To encode a 512 x 512 image by using an
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exhaustive search, we have to compute 16384 x 256
x 16 x 3 multiplications and additions which requires
8 seconds on a Pentium 150 PC. Image decoding is
just block paste which can be done in a second. A
variety of schemes have been proposed to improve
the codebook design, either to speed up the gener-
ation of the codebook or increase the fidelity of a
reconstructed image. Whereas, a universally best
codebook would have never existed. The evaluation
of a codebook can only be done by experiments.

This paper addresses a new scheme of VQ for
image compression based on principal component
analysis (PCA) [1] and a tree classifier [5]. For a
given image, our scheme is adaptive and can encode
this image simultaneously as the codebook is con-
structed. The time for a codebook generation with
encoding requires only 2.5 seconds cpu time for a
512 x 512 gray scale image on a Pentium 150 PC
with 32MB RAM under Windows 95 environments.

The remaining of this paper is organized as fol-
lows. Section 2 reviews three commonly used VQ
schemes. Section 3 proposes a new VQ scheme
called PCA-TSVQ based on principal component
analysis and tree structure. Section 4 shows experi-
mental comparisons for PCA-TSVQ with LBG, fast
PNN, and DCT-TSVQ schemes. Section 5 gives the
conclusion.

2 VQ schemes: a review

The fundamental idea of VQ for image compres-
sion is to establish a codebook consisted of code-
vectors such that each codevector can represent a
group of image blocks of size 4 X 4 to achieve the
goal of storage reduction. An image or a set of
images is first partitioned into 4 x 4 nonoverlap-
ping blocks which are represented as 16-tuple vec-
tors called training vectors. The size of training
vectors can be very large. For example, a 512 x 512
image contributes 16384 training vectors. The goal
of codebook design is to establish a few representa-



tive vectors called codevectors, say 256 or 512, from
a set of training vectors. The encoding procedure is
just finding the index of the codebook correspond-
ing to the codevector which is closest to a given
block. Many methods have been reported to gen-
erate a codebook. Nasrabadi and King [14] gave a
good review. In this paper, we review LBG [13],
fast PNN [6], and DCT-TSVQ [9] algorithms for a
comparison with our proposed scheme described in
the next section.

2.1 LBG algorithm

The LBG algorithm [13] applied a K-means clus-
tering algorithm [11] to design a codebook from a
set of training images. An LBG algorithm is listed
below.

LBG Algorithm

1. Input training vectors {z;}.

2. Initialize a codebook C = {y;;1 < j <
N}, set m =0, Dy = oo.

3. Partition the training vectors {z;} into
N clusters by z; € S, if d(zs,9p) <
d(z;,y;) for all j, where d is a 2-norm.
Segvm <~ m+ 1 and compute D,, =
Zp:l ZI,‘ESP d(l’i, yp)

4. Update each centroid y; by y; =
[—Slp_lzxiesp L

5. If (D1 — Dm)/Dm > €, goto step 3.

6. The codebook consists of the codevectors
s lasi g S Vs

Using an LBG algorithm to establish a code-
book is time consuming. Both fast PNN [6] and
DCT-based [9] algorithms are proposed to speed up
the time for codebook generation.

2.2 Fast PNN algorithm

The idea of pairwise nearest neighbor (PNN) al-
gorithm [6] starts with the clusters of the entire
training vectors, each cluster consists of a single
training vector. The algorithm successively merges
two closest clusters into a new cluster represented by
the centroid of training vectors belonging to these
two clusters and the process iterates until a de-
sired size of clusters is achieved. The centroid of
each cluster corresponds to a codevector, a code-
book is thus established. The PNN algorithm gen-
erally takes much more time than an LBG one to
generate a codebook. However, Equitz [6] proposed
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using a K-d tree structure together with the strat-
egy of PNN to reduce the time for a codebook gener
ation which is referred to as a fast PNN algorithm:
Assuming that all of the training vectors are puf
in the root. The fast PNN algorithm allocates the
training vectors in each nonterminal node into the
two children by using the mean (or median) of &
single component of the training vectors with maxi-
mum variance as the key. A binary tree is thus con-
structed with only a few training vectors sitting i
the leaves called buckets. The algorithm merges the
nearest pair of training vectors in the same bucket
and rebalances the K-d tree repeatedly until the de
sired size of codebook is obtained. Compared with
the LBG algorithm, a fast PNN algorithm usually
saves more than 90% of the time to generate a code
book using a single training image.

2.3 DCT-based algorithm

Motivated by the fast PNN algorithm, Hsieh et
al. [9] proposes a VQ scheme using a binary tree
structure and discrete cosine transform. We de
note this scheme as DCT-TSVQ scheme. The algo-
rithm starts with putting all of the training vectors
into the root node of a binary tree. It successively
splits the training vectors in a nonterminal node
into its two children by using the mean of DCT co
efficients [18] with the maximum variance as a spli
key. The procedure continues until the desired num:
ber of leaves which corresponds to the codebook siz
is achieved. The codebook is the collection of the
centroids of training vectors in the corresponding
leaves.

2.4 Summary

A codebook generated by one of the LBG, fast
PNN, or DCT-based algorithms can be used for et
coding images. To avoid an exhaustive search of
closest codevector for any given vector, some fas
search techniques [2] [17] may be used to acceleraf
the encoding time. \

3 PCA-TSVQ scheme

Motivated by pattern recognition techniques (i}
an efficient algorithm, PCA-TSVQ [4], based o
principal component analysis (PCA) [1] and tré
structure is proposed in this section. The schem
is adaptive and can encode an image as soon as b
codebook is established. The training images a
first partitioned into 4 x 4 nonoverlapping block
which are represented as 16-tuple vectors called



training vectors and are put into the root node in
the beginning. The algorithm is listed below.

PCA-TSVQ Algorithm

1. For training vectors in each nontermi-
nal node, compute the corresponding first
principal components [1].

2. Apply Otsu’s thresholding method [16] on
the principal components to assign train-
ing vectors to the two children of that
node.

3. The above processes are repeated until the
number of leaves matches the number of
codebook size.

4. The centroid of each leaf is a codevector
in the codebook.

5. The training vectors in the same leaf can
be assigned the same index and are repre-
sented as the centroid of that leaf in real-
time applications.

The first principal components of training vectors
leach nonterminal are the projections of those vec-
ors on the direction of eigenvector corresponding to
e largest eigenvalue of the covariance matrix esti-
jated by those training vectors. The power method
j can be applied to find the eigenvectors. Al-
lough the PCA-TSVQ algorithm listed above may
ot have minimum distortion between encoded vec-
s and codevectors, it can save the extra time for
ioding. Experiments in next section show that
4 image fidelity is lost. More principal compo-
s may be used to improve the fidelity of decoded
lages which is another issue.

- Experimental comparison

dome experiments for designing codebooks based
12 PCA-TSVQ algorithm are compared with
os¢ designed based on LBG, fast PNN, and DCT-
VQ algorithms. All programs were written in a
lal C++ code implemented on a Pentium 150 PC
{‘.»32MB RAM under Chinese Windows 95 envi-
ments. All images reported in this paper have
2512 x 512 and the codebook size is restricted to
236. For each comparison, we report the CPU
e (in seconds) for generating a codebook and the
] signal-to-noise ratio (PSNR) between an orig-
il image and the corresponding image decoded
mpression. The fast decoding time [2] for
512 image using a codebook of size 256 re-
bout 2 ~ 3 seconds CPU time.

Image Lenna | Jet | Peppers | Scene
LBG 31.41 | 31.00 | 29.57 | 27.91
fast PNN 30.46 | 29.14 | 28.89 | 27.29
DCT-TSVQ | 30.61 | 30.11 | 29.10 | 27.61
PCA-TSVQ | 30.74 | 30.73 | 29.54 | 27.93

Table 1: PSNR values using Baboon, Lenna, and
Jet as training images

4.1 Experiment 1

Using three images: Barboon, Lenna, and Jet
[15] as training images to design codebooks by LBG,
fast PNN, DCT-TSVQ, and PCA-TSVQ schemes
requires 1056 seconds, 29 seconds, 8 seconds, and
9 seconds, respectively. Table 1 shows the PSNR
values when decoding for four images, two are in-
side the training set and the other two are outside
the training set. The results indicate that our code-
book generation time is much faster than traditional
LBG and fast PNN algorithms and 1 second slower
than that of DCT-TSVQ. However, the fidelity of
decoded images based our scheme are consistently
better than DCT-TSVQ and fast PNN schemes and
approximates that by the LBG scheme.

4.2 Experiment 2

To be practical, an adaptive method is preferred.
This experiment uses a single image to train the
codebook, encodes and decodes the same image.
Tables 2 and 3 show the PSNR values and a code-
book generation time respectively. The results indi-
cate that the PCA-TSVQ and DCT-TSVQ schemes
require no more than 3 seconds to generate a code-
book with image fidelity as good as those by LBG
and fast PNN schemes. The decoded images of Jet
and Scene using LBG, fast PNN, DCT-TSVQ, and
PCA-TSVQ algorithms shown in Figures 1 (a~d)
are all visually close to the original image. The
DCT-TSVQ and PCA-TSVQ algorithms take less
time for encoding. Thus, the adaptive PCA-TSVQ
and DCT-TSVQ may be considered as practical
real-time compression algorithms for the up-to-date
PCs and faster computers with the request of a
moderate compression ratio.

4.3 Experiment 3

This experiment compares two adaptive schemes,
PCA-TSVQ and DCT-TSVQ with a suboptimal en-
coding strategy. We assign the training vectors be-
longing to the same leaf the index corresponding
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Image Lenna | Jet | Peppers | Scene
LBG 285 292 292 293
fast PNN 4.12 | 4.01 3.90 4.28
DCT-TSVQ | 1.92 | 1.81 1.82 1.7
PCA-TSVQ | 2.58 | 2.52 2.52 2.53

Image Lenna | Jet | Peppers | Scene ‘
LBG 3239 | 31.16 | 31.37 | 28.74 ‘
fast PNN 31.68 | 30.95 | 31.32 28.37 Table 3: CPU time for a codebook generation using
DCT-TSVQ | 31.43 | 30.87 | 31.15 | 28.36 a single training image

PCA-TSVQ | 32.06 | 31.30 | 31.35 | 28.75

Table 2: PSNR values using a single training image Image Lenna | Jet | Peppers | Scene
DCT-TSVQ | 31.02 | 30.27 30.28 | 27.99

PCA-TSVQ | 31.74 | 30.86 | 30.96 | 28.46

Table 4: PSNR values when encoding as a codebook
1s generated

to the centroid of that leaf so that an extra en-
coding procedure can be skipped to save computa-
tion time. That is, the encoding is done as soon
as the codebook is generated. The encoding times
are listed in Table 3. The PSNR values shown in:
Table 4 are very close to the corresponding parts
listed in Table 2. Whereas, the proposed PCA-
TSVQ scheme consistently has larger PSNR values
than those by DCT-TSVQ scheme. Figure 2 shows
the decoded images by the PCA-TSVQ suboptimal
encoding strategy.

Experiments show that our proposed PCA-TSVQ
scheme with a suboptimal encoding strategy is fea-
sibl in real-time compression to achieve a moderate
compression ratio. ‘

() (d)

Figure 1: Decoded Scene by (a) LBG, (b) fast PNN
(c) DCT-TSVQ, and (d) PCA-TSVQ algorithms

bl

(a)

Figure 2: Decoded Jet and Scene by the PC
TSVQ algorithm using suboptimal encoding stra
egy
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5 Conclusion

Compared with transform coding such as JPEG-
based method using discrete cosine transform [12],
fractal-based method [10] [7], and Wavelet-based
ethod [19] [20]. the vector quantization does not
cessarily requantize the coefficients via bit allo-
ation. Instead, VQ encodes images as the indices
of codevectors, where each codevector is the mean
ector of a subset of training vectors. The design
of VQ is much simpler than transform coding. The
aditional LBG and fast PNN schemes require too
much time in encoding which may not be practical.
Qur proposed PCA-TSVQ takes less than 3 seconds
oma Pentium 150 PC to encode a 512 x 512 image to
chieve compression ratio 0.625 bits per pixel with a
stisfactory decoded image quality. The strategy of
VQ can be slightly modified to select a color palette

Ised as a practical real-time compression for gray
evel images under a request of compression ratio
round 16.
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