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Abstract

Traditionally, lossy compression schemes have focused on compressing data at fixed
bit rates in order to communicate information over limited bandwidth communica-
tion channels, or to store information in a fixed-size storage media. In this paper we
present a class of lossy data compression algorithms that are capable of encoding im-
ages so that the loss of information complies with certain distortion requirements. The
developed algorithms are based on the Tree-Structured Vector Quantizers (TSVQ).
The first distortion controlled algorithm uses variable-size image blocks, encoded on
quad-tree data structures, to efficiently encode image areas with different informa-
tion content. Another class of distortion controlled algorithms that are presented is
based on recursive quantization of error image blocks that represent the difference
between the current approximation and the original block. We will also describe the
progressive compression properties of these algorithms. Finally, we will present their
compression/distortion performance using satellite images provided by NASA, and
we will show that they achieve better performance than the TSVQ algorithms at
high bit rates. i

1 Introduction

Vector Quantization is a block coding technique that is used extensively to compress
data at Jow bit rates. Vector quantizers compress image data by mapping the values of
an image block, represented by a discrete vector, into a code that indicates the location
of the best-match entry found in a reconstruction codebook[1]. The N-size codebook
vectors divide the entire search space into a fixed number of N-dimensional regions
that is determined by the size of the vocabulary. The encoding process is responsible
for identifying the corresponding region of each input block and replacing the block
with the index of the vector that represents that region. The full search method is
a computationally expensive task since each vector has to be compared against all
codebook entries using a given distortion measure. A more efficient approach that
reduces the computational requirements from linear to logarithmic time is the TSVQ
algorithm([2]. The reconstruction vocabulary is stored in a binary tree form, where
the leal nodes of the tree represent the codebook entries and the intermediate nodes
constitute the centroids of their children nodes. Each codebook entry is represented
by a unique index which is the binary path from the root node of the tree to the
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corresponding leaf node. This structure allows images to be compressed at various
rates by using the k most significant bits of the index of the best-match vector. This
capability is often referred to as “progressive transmission” since the coded stream
can be transmitted in a progressive fashion to communicate a distorted version of
the original image using low rates. Additional information can be transmitted at
a later time to produce a more accurate representation of the image. This property
allows the TSVQ to trade-off between compression rates and distortion. The potential
compression rate of a TSVQ system is a function of the vector and the vocabulary
sizes. The lowest possible distortion is achieved at % bpp, while the lowest rate is %
bpp. This rate creates a highly distorted image since only the most significant bit of
the best-match index is used to approximate the image block. In TSVQ the possible
compression rates can vary only b—;,l bpp, whereas the quality of the reconstructed
image is upper bounded by the distortion achieved at the % bpp rate.

For certain applications, where only minimal loss of information can be tolerated,
the quality of the decoded image achieved using the highest rate is not adequate.
Such applications include target recognition, object measurement, and detailed ex-
amination of satellite images. To eliminate the upper bound, posed by the TSVQ
in terms of image quality, we have developed a class of distortion-controlled meth-
ods that are capable of achieving minimal distortion at high bit rates using a single
set of codebooks. The compression rates of the distortion-controlled vector quan-
tizers (DCVQ) vary from low rates, suitable for quick browsing of large amounts
of image data, to high rates for reconstructing accurately images with high infor-
mation content. The first technique that will be presented is the Multi-Resolution
Vector Quantization (MRVQ) algorithm that compresses data by dividing an image
block into a number of variable-size subblocks, and encoding them separately using a
quad-tree representation. Two similar approaches have been proposed in [3, 4]. Our
approach uses a variable-size and variable-depth quad-tree representation to utilize
large size blocks without reducing the distortion/compression performance at high
bit rates. The MRVQ method requires multiple vocabularies that will be used for
compressing image blocks at different levels of the quad-tree. The training of these
vocabularies is a computationally expensive task, and for that reason we will present
methods for creating these product codebooks {rom a single vocabulary on-the-fly.
The second class of DCVQ algorithms that will be presented is based on recursive
quantization of error vectors, defined as the difference between the current approxi-
mations and the original vectors. We will refer to these algorithms as Error Coding
Vector Quantizers (ECVQ), and Error Coding Multi-Resolution (ECMR) methods.
The later combines the advantages of both MRVQ, and ECMQ schemes to maximize
the compression/distortion performance.

These methods can be incorporated in any data compression system to enchance
its compression performance. A typical model of a data compression system is shown
in Figure 1. Block transform methods, such as the Discrete Cosine Transform {5],
and the Predictive Coding [6, 7) can be used to transform the incoming image to a
different domain of representation so that a large fraction of its information is packed
in relatively few coefficients. It has also been shown that pruning methods(8, 9]
experience better performance than the basic TSVQ scheme. These schemes can also
be incorporated in the design of the DCVQ methods to take full advantage of the
state-of-the-art data compression algorithms. Finally, a lossless compressor can be
used to increase the compression ratios at low bit rates by maximizing the source
entropy of the quad-tree codes.

The widely used Mean Squared Error (MSE} measure will be used throughout
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Figure 1: A typical data compression system

this paper to quantify the distortion of the reconstructed images. The Peak Signal-
to-Noise Ratio (PSNR) measure will be used to evaluate the performance of the
developed algorithms.

2557
iz - 42

i=1

PSNR =10 * logy( )

where LL is the image size, and z;, @; are the pixel values of the original and the
reconstructed images respectively. )

The performance of the developed algorithms was evaluated using images obtained
from the USC? database, as well as Thermatic Mapper data obtained from NASA.
The required vocabularies were created using the tree-structured version of the k-
means algorithm[10].

2 Multi-Resolution Vector Quantization

The classic TSVQ algorithm uses a fixed number of bits to encode all image blocks
independently of their information content. However, the amount of information
contained in typical images is not uniformly distributed among the image regions.
The MRVQ algorithm takes advantage of this property by utilizing large size blocks
to compress image areas with low information content at low bit rates, and small size
blocks to compress areas with high information content at high bit rates.

During MRVQ, the image is divided into large size blocks (NxN) which are quan-
tized by applying TSVQ in a vocabulary (Vi) that contains NxN-size vectors. The
best-match vector obtained from this operation represents the current approximation
of the original vector. If this approximation satisfies the specified distortion criteria,
the index of the best-match vector replaces the NxN-size vector, otherwise the im-
age block is divided into four equal size subblocks (quadrants) which are quantized
separately using vectors from a (N/2)x(N/2) vector vocabulary (Vy_;). The same
procedure is repeated recursively until the distortion requirements are satisfied in all
subblocks. The highest possible resolution is a single pixel (image area is left un-
compressed). A V; vocabulary containing all the possible intensity values is assumed
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in this case. The advantage of this recursive decomposition is that by reducing the
vector size, the search space is reduced by several orders of magnitude; this results in
a more efficient reconstruction of the original image block.

The MRV(Q algorithm encodes the indices of the best-match vectors using a quad-
tree representation [11]. The quad-tree product VQ method, presented in [3, 4] re-
quires a fixed sizc tree which is used throughout the compressing process. Our ap-
proach differs in that it uses variable size quad-trees to reduce the encoding overhead
of the quad-trees in high-detailed areas. This way, large size blocks can be utilized to
compress blocks al low rates without affecting the compression performance at high
bit rates. With this feature, the MRVQ algorithm can compress image areas with
minimal information (i.e., black background of a picture, sea or clouds in an aerial
photo) at very low bit rates. The effect of the maximum size image block in terms
of compression/distortion performance is depicted in Figure 2. This figure shows the
ability of the MRVQ algorithm to achieve low compression rates by using large size
blocks without penalizing the compression performance at high rates.

Figure 3 shows the quad-tree representation of two image blocks with different
information contents. It can be seen that during compression at high rates only a
portion quad-tree needs to be encoded (nodes connected with dashed lines can be
eliminated). Tt should be also noted that a minimum overhead (3 bits per block) is
required to indicate the size of the quad-trce structure.

The described top-down MRVQ approach is a rather inefficient mecthod for com-
pressing high-detail areas since the algorithm spends a significant amount of time
calculating distortions and identifying best-matches for large size blocks that will
ot be used in the final bit stream. A more efficient approach is to use a down-up
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Figure 3: Quad-Tree Representation of the MRV(Q Algorithm

approach, where quantization is initially applied at the lowest possible levels of the
quad-tree using small size vectors. At each level, the distortion of the best-match
vector is examined to verify if it complies with the given criteria. In this case the
current best-match vector is used to encode the block, and the current node becomes
leaf node of the quad-tree. If the distortion criteria are not met, the best-match
vectors of the immediately lower level will be used to encode the quadrants of the
current node.

The performance of the MRVQ method can be further improved if additional ef-
ficiency measures are applied during the decomposition of an image block in the
quad-tree structure. One method is to trade distortion for compression rate by elimi-
nating the subtrees of the quad-tree structure that fail to achieve significant reduction
of the block distortion. A similar pruning scheme has been used in [9] to eliminate
nodes of the tree-structured codebook. The pruning of the quad-tree structure is
accomplished as follows: At each node of the quad-tree, we examine the distortion
improvement and compression rate of each subtree. If the ratio of these two quantities
is below a predefined threshold, the subtree is deleted and the best-match vector of
the current node is used to approximate the examined subblock.

d(MSE)

d(r—ate) < threshold

The pruning algorithm improves the compression performance at medium and high
bit rates. The performance of the pruning scheme is shown in Figure 4.
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Figure 4:

2.1 Generation of Product Vocabularies

The MRVQ algorithm uses different vocabularies at each level of the quad-tree which
are trained with different sets of data. As was mentioned earlier, the training of
these vocabularies is a computationally expensive process. An alternative approach
is to generate these vocabularies on-the-fly using only a single vocabulary that will
be referred as “core” vocabulary.

A number of linear interpolation methods have been evaluated for generating
product codebooks from the “core” vocabulary. The first method is the replication
scheme[12], where a NxN size block is expanded to a (2N)x(2N) block by replicating
adjacent pixels. Another method that offers smoother transitions among the neigh-
boring pixels is the bilinear interpolation {13]. The disadvantage of this scheme is
its inaccurate generation of pixels in the right, and lower sides of the image block.
This effect is magnified during the generation of large size vector vocabularies. To
overcome the edge problem of the bilinear transformation we modified this method
so that the left and lower side pixels of each block are left empty. Quantization is
applied on the rest of the pixels, and a post-processing averaging method is used to
fill these empty areas. The advantage of this method is that it reduces the vector
quantization effect (sharp discontinuities among adjacent blocks) for large vectors by
blurring the image those areas.

Figure 5 shows the compression/distortion performance of evaluated interpolation
methods. The tree-structured version of the k-means algorithm was used to train
the 2x2-size vocabulary. The remaining vocabularies were generated by the 2x2 vo-
cabulary using the described methods. Figure 5 shows that the replication method
achieves almost identical performance with the separate vocabulary MRVQ case, and
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1t 1s also the simplest one to compute.

3 Error Coding Vector Quantizer (ECVQ)

This scheme is an iterative procedure that encodes the error vectors between the
current approximation and the original vector using a TSVQ quantizer. The basic
idea behind this scheme is to reduce the block variance at each iteration step so
that blocks can be efficiently approximated using a minimum number of iterations.
At each step, the current approximation is compared against the original vector to
determine if the distortion requirements are met. The recursive formula that describes

the ECVQ method is:

%=zt + BM(ZF—22,), and 7y = BM(3)

Z is the input vector, #; is the sth approximation of the input vector, and BM is
function that identifies the best-match from the appropriate vocabulary.

The initial vocabulary was created using vectors obtained from the intensity do-
main of the training set of images. The remaining vocabularies were created using
different size vectors obtained from error images to capture the fluctuation of the
variance in different iteration levels. The codebook that is used during the nth it-
eration is created using a set of NxN-size vectors taken from error images that were
generated by compressing the original set with a (N/n)x(N/n) TSVQ compressor.
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The performance of the ECVQ) scheme was inferior to the one obtained in the
MRVQ case, especially at high bit rates. The primary reason of this behavior is that
the vector size remains constant at each iteration step. Because of the constant vector
size the ECVQ scheme cannot capture the intensity fluctuations that are present in
large size blocks.

4 Error Coding Multi-Resolution Algorithm

A modified version of the previous algorithm is to use the MRVQ method during the
encoding of the difference vectors. The advantage of this approach is that the size of
the error vectors is reduced each time an additional level of accuracy is introduced in
the quad-tree. This way, the variance as well as the search space is reduced at lower
levels of the quad-tree. The fact that the variance of the error values is much smaller
than the variance of the intensity values implies that the number of lower levels,
required to represent efficiently the image block, is significantly reduced. This results
in better approximations of the best-match vectors when compression is applied at
the lower levels of quad-tree. This algorithm maintains all the important features
of the MRVQ method that were described in earlier sections. The error vocabulary,
used during the nth level of the quad-tree, was created using a set of NxN-size vectors
taken from error images that were generated by compressing the original set with a

NxN TSVQ compressor.

5 Progressive Transmission in DCVQ Schemes

Progressive transmission in the MRVQ), and the ECMR cases can be accomplished
with two different approaches. The first approach, similar to the one described in
the TSVQ case, is to transmit only the k most-significant bits of the vector indices
and leave the quad-tree code intact. The second approach is to transmit partially the
quad-tree (one level a time) along with the associated indices of the best-matches.
Extremely low rates can be achieved using a combination of both methods.

5.1 Performance Evaluation of the DCVQ Schemes

The required vocabularies were created using the tree-structured version of the k-
means algorithm. Each vocabulary had 256 entries and was trained using a set of
satellite images containing thermatic mapper data provided by NASA. The presented
benchmarks were obtained by compressing an image that was not included in the
training set.

Figure 6 shows the MRVQ, and the ECMR curves obtained at the lowest possible
rates that satisfy the distortion requirements. This figure also shows that both MRVQ,
and ECMR exceed the performance of the TSVQ in high rates. Even at low rates both
algorithms offer better visual characteristics than the TSVQ scheme by maintaining
the sharp edges which are important features in the human visual system. The ECMR
method outperforms the MRVQ method at high rates by minimizing the number of
small-size vectors that are used to reproduce high-detail areas. This stems from
the fact that the number of nodes at a given level of the quad-tree structure grows
exponentially with the tree depth (4" at the nth level). This means that compression
at low levels introduce high overhead because of this exponential growth. The ECMR
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Figure 6:

algorithm manages to compress image blocks at the upper levels of the quad-tree by
reducing the variance of the input source and the dimensions of the search space
each time a lower compression level is introduced. The DCVQ algorithms were also
applied in images obtained from the USC database, and they have experienced similar
performance.

6 Conclusions

In this paper we have presented a class of distortion controlled vector quantizers
that are capable of compressing images so that they comply with certain distortion
requirements. This class of data compression algorithms is applicable in cases where
significant loss of information cannot be tolerated. These algorithms can be used in a
wide range of applications, from compressing images at low rates for quick browsing
of large amounts of data, to high rates for detailed examination of images with high
information content. In conclusion, it has been shown that the performance of these
algorithms exceeds the performance of classic TSVQ methods at low rates based on
the MSE distortion measure.
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