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Abstract

Image compression usually considers the minimization of storage space as its main ob-
jective. It is desirable, however, to code images so that we have the ability to process
the resulting representation directly. In this thesis we explore an approach to document
image compression that is efficient in both space (storage requirement) and time (pro-
cessing flexibility). A representation is presented in which component-level redundancy
is removed by forming a prototype library and component location table. This represen-
tation forms a basis for compression and provides direct access to image components. To
generate the prototype library, a new clustering approach is developed which is suitable
for document image components. The distance metric is based on a character degrada-
tion model so that degraded versions of the same character will be grouped together. To
achieve a lossless representation when required, the residuals are encoded efficiently using
a structural distance ordering. OCR is then used as a measure of readability to evaluate
the rate distortion tradeoff for lossy compression. A set of algorithms is presented for
typical document processing applications which operate effectively on the compressed
representation. Applications demonstrated include subdocument retrieval, skew estima-
tion
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Chapter 1

Introduction

Technological advances in processing, storage, and visualization have made it possi-
ble to maintain large numbers of documents in digital image form and make them
accessible over networks. In order to do this effectively, three primary concerns must
be addressed. The first is document size. An ASCII representation of a document
page can easily be stored in 2-3 KB, whereas a typical scanned image of a page may
require between 500 KB and 2 MB. If we are to maintain documents in image form,
an efficient compressed representation is essential for both storage and transmission.

The second concern is providing efficient access to the compressed image. Tra-
ditional compression techniques used for document images have been successful in
reducing storage requirements but do not provide efficient access to the compressed
data. It is desirable to use a compression method that makes use of a structured
representation of the data, so that it not only allows for rapid transmission but also
allows access to various document components and facilitates processing of documents
without the need for expensive decompression.

The third concern is that of readability. Many lossy compression and progressive
transmission techniques use resolution reduction or texture-preserving methods that
can render a document image unreadable. It is desirable that a document be readable
even at the highest levels of lossy compression and at the start of a progressive
transmission. The highly lossy representation can then be augmented by subsequent
transmissions for better rendition. This is preferred to a scenario in which the highest
resolution is the only readable resolution. In this thesis, we will address these concerns
for scanned images of machine-printed documents.

The task of compression, organization, and transmission of information is not new
to the image and video domains. A number of techniques have been developed to ad-
dress the problems of image quality and compressed-domain access but the solutions
have had very little general application because of the domain-specific requirements.
Likewise, document images have specific characteristics and requirements which re-
quire special attention when considering approaches to compression. Two general
questions which arise immediately are:

1. What are the characteristics of a document image which can be exploited to
benefit compression and compressed-domain processing?



2. What has been done before that can be extended to the document image do-
main?

We will address these questions in the next subsections by reviewing standard com-
pression techniques, examining document image characteristics, and reviewing work
done on document image compression.

1.1 Image compression

The initial breakthroughs in the compression of one-dimensional signals [109] were
easily extended to the image domain by concatenating image rows or columns into
a single stream. Techniques such as Shannon-Fano coding [95] and Huffman cod-
ing [26, 29, 55, 106, 118, 119] use redundancy-reduction mechanisms which result in
shorter codes for more frequently appearing samples. It is necessary to scan the data
samples in order to determine their probabilities of occurrence and create an appro-
priate code. Adaptive variations of these techniques initially assume equal probability
for all samples and calculate subsequent probability measures based on a fixed win-
dow length prior to the sample of interest. This allows local changes in probability
measurements and achieves higher global compression. Run-length coding [38] is an-
other redundancy-reduction coding method where in a scan-line each run of symbols
is coded as a pair that specifies the symbol and the length of the run.

While most redundancy-reduction methods are lossless, other arbitrarily lossy
coding methods have achieved higher levels of compression. Transform coding [44],
subband coding [61, 77, 105, 114], vector quantization [61, 62, 66], and predictive
coding [1, 3, 22, 31, 46, 57, 59, 76, 83, 97] are among the ones that have achieved high
levels of lossy compression.

The major transform coding techniques include cosine/sine [2, 44], Fourier [5, 44],
Hadamard [27, 44|, Haar [27, 44], slant [44], and principal-component (Karhunen-
Loeve) transforms [6, 44]. All transform coding based compression algorithms are
pixel-based approaches which decompose a signal unto an orthonormal basis to achieve
energy compaction. Lossy compression is then achieved by coding the high energy
components and leaving out the low energy ones. While some transformations such
as the Hadamard and Haar transforms can be performed relatively quickly, other
transforms are computationally intensive and either require dedicated hardware or
restrictions such as limiting the size of the transform to a power of two.

In subband coding, as the name implies, different frequency bands are treated
differently to achieve higher fidelity or higher compression. As with transform cod-
ing, the signal is transformed to an alternate domain, but instead of leaving out a
component, it is sampled at a lower resolution while more important components
are quantized at higher resolution. In effect, at each subband the application of a
different quantization strategy is used to preserve fidelity and achieve compression.

Vector quantization is a hybrid of statistical analysis and pattern recognition
with a large number of well-established techniques. This method first divides an
image into blocks which are then serialized into large-dimensional vectors. Each
vector is treated as a sample in a high-dimensional space and this space is partitioned

2



into subspaces, called classes. For each class of vectors, a prototype is created that
closely resembles the vectors which belong to the class. Vector quantization shifts
the partition boundaries by calculating a distance measure. Errors between in-class
vectors and the corresponding prototypes over all classes are minimized to provide
optimum prototype placement. High levels of compression are achieved by coding
every vector that belongs to a given class by a reference to the prototype vector.
The level of lossiness is then dependent on the distance measure and the number of
prototype vectors.

Predictive coding, such as the differential pulse code modulation (DPCM) patented
by Cutler [22], predicts the next sample based on the previously coded samples and
codes the error between the prediction and the actual sample. The main objective of
DPCM is to narrow down the range of coded samples. However, images are not sta-
tionary in texture, and some predictors may work in certain areas, but not in others.
Hence, the concept of adaptive predictors [3, 31, 83] was introduced so that the coder
and decoder could choose from a set of predictors at the cost of transmitting the pa-
rameters needed for the prediction. This method of coding needs to limit prediction
error for efficient coding and achieves lossless compression in coding the entire error;
lossy coding is achieved by limiting the range of the error value.

More recently, second-generation compression algorithms based on human visual
behavior [68] have been proposed which have the potential for much higher com-
pression ratios. Also, developments in user-specified wavelet transforms [18, 68] can
be used to address compression requirements for specific image types. Fractal cod-
ing [117], which is also called chaos coding, is an example of progress in the area
of two-dimensional redundancy reduction. All of these compression techniques are
pixel-based and they perform best for textured images.

1.2 Document characteristics

Document images are scans of documents which are in most cases pseudo-binary
and rich in textual content. Informally, we can define document images as images
that contain components that resemble the symbols of a language. Many documents
look like those shown in Figure 1.1 and are represented adequately by binary images
produced by scanning at a resolution of 300 dots per inch (dpi). They tend to be
highly structured in terms of layout, and have significant redundancy in the symbols
which occur in them.

Since a document can be used in a large number of ways, an important consid-
eration is how the image is affected by compression. For example, if we intend that
the document ultimately be read by humans, it is necessary for compression schemes
to preserve the shapes of the components so that they are recognizable by the reader
after retrieval. If the document must be reproduced in near-original form, techniques
which reduce resolution may not be acceptable. Thus the required resolution is de-
pendent on the task; some resolutions may leave the document readable, but may
destroy fine detail.

As is well known, the performance of conventional compression algorithms (such
as those based on transform coding [44], vector quantization [30], fractal compression
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Figure 1.1: Examples of binary document images of the types usually found in a
document image database. These are images from the University of Washington
document database [32], cropped (automatically) to the main body of the text.



[12], pattern matching and substitution [10, 64], and other approaches) depends on the
types of images being compressed, and on their texture and content characteristics.
Algorithms often do well on some classes of images and not so well on others. Since
document images differ significantly from scene images, it is reasonable to assume
they will benefit from a specialized compression scheme.

1.3 Previous work on document image compression

Document image compression was first recognized as a special case of compression
in the 1970s when increased use of facsimile machines promised potential growth in
document scanning and transmission. The international communication standards
body then set out to create a standard for use in facsimile transmission. In 1980
the first comprehensive standard was released as the CCITT Group 3 transmission
standard [41], followed by CCITT Group 4 [15, 36, 85]. Both standards were originally
designed for digital transmission rather than for analog phone lines, but nevertheless
have become standards for facsimile transmission. Both schemes use a run-length-
based approach where the white and black runs are pre-coded in the compression
algorithm. An extension to dual scan-line compression exploits coherence between
successive scan lines by inserting references to the previous scan-line’s black runs. In
Group 4, higher compression is achieved, largely due to the omission of various error-
correcting codes which were intentionally included in the Group 3 standard. These
methods are clearly sufficient for transmission of facsimile since a facsimile scanner
sends and receives in scan-line order.

Joint Binary Image experts Group (JBIG) is a recent CCITT standard. JBIG
performs compression on binary images and provides a lossy representation suited for
compression and transmission. Context modeling forms the basis of its coding [81, 82].
At the lowest levels, JBIG uses template models and adaptive arithmetic coding to
encode predictions. “Layers” of the image are represented at reduced resolutions to
provide progressive transmission. Fxception pixels are used to preserve overall image
layout and structure; this works well for textured dithered images, but loses fidelity
when small-scale structure is essential, as in the case of text documents. JBIG,
despite its use of context-based coding, is unable to organize information to be used
for compressed-domain processing. This is mostly due to its use of arithmetic coding
directly on the pixels. The output of the arithmetic coder is highly complex and
cannot be easily deciphered for compressed-domain processing. The only favorable
characteristic of JBIG is its use of intermediate representations for lossy compression
and progressive transmission.

Recent work by Howard [37] performs context-based arithmetic coding on the bit
map image based on predictive coding of “clairvoyant” [37, 112] pixels and previously
coded pixels. Clairvoyant pixels are pixels belonging to prototype images; in Howard’s
coding scheme they contribute to knowledge of the current pixel’s distribution which
can be used for better coding. This is still a pixel-based approach and does not
provide for compressed-domain processing. While Howard proposes a methodology for
scalable lossy compression, his approach lacks a hierarchical representation suitable
for progressive transmission.



An important approach to document compression, suggested by Ascher and Nagy
[9] and later formalized by Witten et al. [43, 110, 111, 112], is based on the repetitive
nature of text components. In a departure from pixel-level to symbol level coding,
marks found within a document are coded. The method is very similar to pattern-
matching and substitution algorithms [10, 47, 64, 69, 70, 85, 113]. It is based on the
measurement of similarity between symbols within an image. In this way redundancies
in symbol shapes are identified, resulting in two-dimensional redundancy reduction
versus the traditional one-dimensional reduction.

Ascher and Nagy’s approach considered a stream of bitmap images which repre-
sented individual characters. They proposed an algorithm which creates a dynamic
library; an uncataloged character gets added to the library and a character that has
already been seen gets replaced by an index to a library item. The library is a col-
lection of bitmap images. By keeping the library’s size limited, an adaptive symbol
compression method is achieved; changes in the symbol stream are compensated by
creating new library prototypes and throwing out old and unused ones.

Witten et al. expanded on this approach to address extraction of image compo-
nents, indexing their locations within the page and compressing those indices, and
coding the residuals left after inexact replacement of components by library proto-
types. This work made contributions to prototype generation, symbol index com-
pression, and residual coding. Connected component analysis is performed on each
bitmap image. The components are then clustered by a symbol matching method
such as Pratt’s combined symbol matching [85], Holt and Xydeas’ “weighted and-
not” method [36], Holt’s combined size-independent strategy [35], and Johnsen’s
generic pattern matching and substitution [47]. Another method of matching, called
compression-based template matching [43] was suggested by Inglis and Witten and
was later improved upon by Zhang and Danskin [116]; it was based on mutual infor-
mation between the component and the prototype. The locations of the components
are ordered in natural reading order, indexed with respect to each other (a compo-
nent is referenced by its upper left corner with respect to the bottom right corner
of the previous component), and compressed. The residual map is kept for lossless
compression since clustering generalizes the input patterns and there exist differences
between the components and prototypes which may affect readability. The residual
map is not compressed, but the original image is compressed; the image composed of
prototypes is used as context in the context-based arithmetic coding.

This method satisfies our concerns to a large extent but falls short in some areas.
Most of the shortfalls lie in the processing domain. The first drawback is that direct
access to the components is lost, or at least difficult, when differential indexing is
used. The second drawback is the lack of hierarchical coding to allow for a scalable
intermediate representation. Only two levels of representation are available (with and
without residuals), which does not make this method suitable for lossy compression
and progressive transmission. The third drawback is the failure to address readability.
They did not utilize a noise model to estimate image quality and derive a scalable
representation. They were concerned only with compression, which they achieved
rather well.



1.4 Compressed-domain processing of document images

Work on skew estimation like that of Baird [11] has been shown to be efficient and
accurate. However, detection of alignment feature locations is computationally de-
manding since the volume of data is large. It would be extremely desirable if the
detection of alignment features could be done in the compressed domain. In Spitz’s
work [100], the pass codes in CCITT Group 4 compressed images were used for Baird’s
alignment features (called fiducial points) to estimate a skew angle. Pass codes are
part the Group 4 specification which mark the locations where the previous scan line
has a run of black pixels and the current scan line does not. The pass codes are heavily
populated at the bottoms of characters and provide a basis for skew estimation. The
occasional pass codes generated by descenders, dots, etc. do not severely degrade the
performance of the skew estimation. However, skew correction is a non-trivial task
with a run-length encoding based algorithm.

Scanning and recognizing barcodes using hand-held scanners has been quite suc-
cessful, but the problem of recognizing barcodes in scanned images has received little
attention. In the work done by Maa [65], detection of barcodes is performed on
CCITT Group 4 representations. The basis for Maa’s work is that since bars and
spaces are upright and perfectly aligned, Group 4 compression will use vertical coding
so as to reduce vertical redundancy. Thus in all scan lines except the first, every run
of bars and spaces will be represented by the same code. This will result in runs of this
code at image locations where there exist barcodes with no interfering patterns. With
added noise, only one or two other codes were usually found in these runs and they
were still usable for detection of barcodes. An 86% performance rate was reported.

For purposes of document image retrieval, it is desirable to index on distinctive
image characteristics. One class of such characteristics which appear in document im-
ages are logos. Logos are defined by Spitz [101] as spatial arrangements of structures.
He used the fiducial points that he had applied to skew estimation, and considered
them to be a series of points locally aligned to specific signatures. A signature rep-
resentative of a logo prototype can be determined and compared with signatures
extracted from the image. Localizing the logo was not considered, but this is an easy
problem since a prototype logo is of a known size and the signature determined from
the image should only depend on that size. Experiments on a small set of images
were reported to result in very high recognition rates.

Recently, document image matching has been considered by a number of re-
searchers [89, 96, 115]. Recent work by Hull [40] addresses this problem by use
of compressed-domain processing. As in Spitz’s work on skew estimation and logo
detection, Hull considers the locations of pass codes as feature points and compares
two sets of feature points for a possible match. These feature points are contained in
a bounding box, and in Hull’s work he determines the best choice of a bounding box
to yield a high match score. Given two sets of feature points, Hull used the Hausdorff
distance [42], which measures the amount of perturbation needed to overlap pairs of
points in a pair of images, and reported a high detection rate. Efficient measurement
of the Hausdorff distance has been studied by Rucklidge [88].

It would be desirable to develop a document compression method that can ad-
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dress a larger amount of compressed-domain processing. In doing this, we can take
advantage of the fact that the features used in such tasks as skew estimation, correc-
tion, and matching are dependent on the document image symbols, so that a method
allowing access to these symbols should facilitate document image processing.

1.5 Symbolic compression

Symbolic compression is a method of coding similarly-shaped marks in an image
with reference to a set of templates. In doing so, individual marks must first be
segmented out. For binary document images, segmentation is typically a matter of
determining connected components of black pixels in the image. Perfect segmenta-
tion 1s not necessary since the residual bits which remain after replacing a component
with a template are also coded. The segmented components are clustered to cap-
ture their redundancies. Various methods of clustering, such as simple exclusive-or
and compression-based template matching [35, 112], can be used. Once all symbols
within the image have been considered for clustering, the cluster centers can serve as
representative templates or prototypes for the clusters. Some clusters may need to be
removed because of inadequate membership, and some clusters may exhibit large in-
class variances which result in abnormally large residuals. The prototypes are stored
in a library. The locations of the symbols must be recorded so that a highly compact
representation, based on prototypes only, is immediately available. The difference be-
tween this symbolic representation and the original image is a residual image which
has far fewer foreground pixels than before; this implies a high compression ratio.
Context-predictive coding of the residual image further improves the compression
ratio.

Residual coding is the portion of the compression algorithm which encodes the
residuals. To preserve symbol access for compressed-domain analysis [50, 53], it is
necessary to code the error on a per-symbol basis rather than coding it for the entire
image. Using a structural model, it is possible to order the error pixels based on
their structural importance. The structural order, derived in part from the work of
Kanungo et al. [48], is based on the observation that the degradation of symbols in a
document image from the effects of copying and scanning occurs mostly around the
edges of symbols. Nagy et al. also observed the near-edge degradation of document
images by considering the effects of point spread functions on the quality of a scanned
image [72]. This type of degradation does not adversely affect to the readability of the
document and does not provide structural information. Conversely, it is observed that
pixels farther from edges have dramatic effects on the readability of symbols and are
structurally more important. By ordering the error pixels in distance-to-edge order,
we can exploit their statistical characteristics by putting the most probable error
pixels last, and we can provide structural coding, by putting pixels which have the
potential to greatly impact the correct recognition of characters first. This paves the
way for compression by packing the energy in the error stream, for lossy compression
by terminating the error stream at an index calculated by the signal-to-noise ratio,
and for progressive transmission by interleaving the error signals for a set of image
marks based on their distance order [49].



To perform successful symbolic compression, we must perform a segmentation
that decomposes the image into components that repeat. These components then
need to be clustered so as to generate a set of representative prototypes. The quality
of performance on these tasks, along with the quality of the image, can drastically
affect the overall compression performance. In our approach to this problem we
concentrate on bi-level document images that have large textual image content. This
is not a strict requirement, but allows us to measure the performance of our document
image compression scheme effectively. Work done by Sennhauser and Ohnesorge [94]
and Sauvola and Pietikdinen [93] proves that block-based compression gives better
performance on document images that contain images. It is also useful to consider
algorithms such as Etemad et al. [25], Anatoncopoulos et al. [7], Jain et al. [45],
Pavlidis et al. [80], and others [28, 79, 108] to provide image segmentation into
regions of different types so that different compression schemes may operate on the
regions. We assume that there exist enough components in the text regions that can
be extracted by connected component analysis and that can be recognized correctly
by a human reader. The fact that the components are repetitive in nature makes them
a rich source for compression. Also the fact that document images contain a large
amount of textual material laid out in a two-dimensional space makes them ideal for
a two-dimensional redundancy reduction scheme. Since the useful information in the
textual portion is contained in the components, access to the components provides
access to that information.

There is a strong case for the use of symbolic compression in document image
coding, in addition to space savings. With the use of only about one percent of
the information in the original image, it is possible to code the dominant symbol
shapes and their locations in the image. Since most of the information in a document
is in the symbols, it is possible to perform compressed-domain analysis by using a
symbolic compressed representation. Using only this representation, though it is not
perfect, it is possible to perform a large number of document analysis tasks [75] such as
skew estimation/correction [11, 13, 63, 73, 84|, Optical Character Recognition (OCR)
[71], layout analysis [74, 80], and so on. Although some work has been done on the
processing of compressed document images [65, 100, 101] the outlook for applying
such techniques to pixel-based methods does not appear promising.

The organization of this dissertation is as follows. Chapter 2 describes a data
representation model which is designed based on requirements related to compres-
sion and processing. This representation not only facilitates the derivation of key
components of the compression algorithm but also streamlines the design and imple-
mentation of a number of compressed-domain tasks. This chapter provides details
about the general approach, the compressed representation in terms of streams, com-
pression/decompression of the streams, and modules to integrate various tasks and
data structures.

Chapter 3 presents an argument for the use of a special class of clustering algo-
rithms in the compression algorithm. In-depth discussion of clustering algorithms is
given along with a new method that facilitates symbolic compression. Motivation
and examples are given to support our choices.

Chapter 4 discusses various methods of performing residual coding. The residue is
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a data structure used in the compression algorithm to allow for lossless and scalable
lossy compression. In this chapter a number of methods are pursued which provide
desirable lossy representations along with higher compression factors. A method of
structural coding is also presented which provides improvements in both lossy and
lossless representation. This coding has an immediate application to transmission
problems. Analytical and empirical results are given.

Chapter 5 analyzes the rate-distortion trade-off of the residual codes mentioned
in Chapter 4. This trade-off is applicable to progressive transmission and lossy com-
pression problems. An OCR-based distortion measure is used to evaluate our code
relative to competing methods.

Chapter 6 describes a set of tasks which we were able to perform successfully in
the compressed domain. In this chapter we review the algorithms that were used
along with performance results and benchmark outputs (when applicable).

Chapter 7 discusses extensions of our approach to grayscale documents, graphics,
networked databases, and hypertext documents. Some preliminary results are given,
but most of the extensions are still speculative.

1.6 Summary of contributions

The following is a list of contributions made in this dissertation along with brief
explanations.

Compressed data representation: The compression algorithm creates data
structures that have specific uses and vary in characteristics and statistics. Qur rep-
resentation of the data contributes to its efficient use for compression and processing.

Pattern clustering: One major component of the compression algorithm is
clustering of the set of patterns. A clustering approach is pursued which matches
the patterns and classifies them based on their match scores. We introduce a new
pattern matching method that attempts to preserve structural properties by weighting
component pixels based on their distances to the closest edge of the prototype.

Residual coding: After substitution of cluster prototypes for the patterns, we
code the residuals. Since the residuals constitute the majority of the compressed rep-
resentation, we develop a hierarchy that exhibits desirable compression, lossy com-
pression, and progressive transmission qualities. Three coding methods are derived
from a novel idea based on structural components of the residuals. A unique advan-
tage of these codings is the reduction of image pattern variability rather than the
traditional resolution reduction to achieve lossy representations.

Rate distortion: We pursue a functional approach to the measurement of dis-
tortion as it applies to compression and transmission issues. We derive a common
platform for testing and evaluation.

Compressed-domain processing: The tasks that can be performed on images
when they are represented in the compressed domain are limited for traditional image
compression techniques. As mentioned previously, there has been some work done in
this area but the outlook for the development of a general paradigm does not look
promising. In our work we promote compressed-domain processing not only to achieve
higher compression but also to improve application-specific processing performance.
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The contribution of this idea is highly philosophical in that a true compressor should
determine redundancy in a way that reflects an underlying message. That message
should be accessible since its constituents are redundant and were captured during
compression. A noise source (uncorrelated white noise) does not carry any message,
hence it cannot be compressed; anything that can be compressed should carry a
message.

Some preliminary work has been done on extending our ideas to grayscale docu-
ment image compression. Other future work entails the extension of our techniques to
other media types in order to arrive at a hyperdocument representation suitable for
transmission and compressed-domain processing. Graphics and network extensions
are not pursued here but appear quite promising.
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Chapter 2

Basic compression and data representation

To address various aspects of compression, organization, and transmission in a uni-
form way, we need to provide a data representation model. Based on the requirements
outlined in Chapter 1, we have chosen to use a model based on a pattern matching and
substitution algorithm, but we need to analyze the available information to arrive at
a suitable organization. This is desirable for a number of reasons. One reason is that
it facilitates further research and improvements, but more immediate consequences
are identification of key algorithms, their interaction in a unified representation, and
preservation of compressed-domain analysis.

Use of pattern matching and substitution for compression requires several levels of
information. Since there exists a well-defined set of patterns within a document image
we would like to organize the patterns so that they are accessible to document analysis
tasks. Once an organization is derived, we can consider what are the constituent
processes that yield the necessary data. The most important aspect of the data
representation is its use for subsequent processing. Several levels of representation
need to be addressed for efficient access. Some algorithms require knowledge of the
positions of characters (skew estimation/correction) while other require knowledge
of their shapes (keyword searching). A representation thus needs to separate these
types of information. There exist several levels of data types, and their successful
integration is crucial to effective application-level processing.

This chapter is organized as follows. We will discuss our general approach to
compression in Section 2.1 and our representation of the document page in Section
2.2 by describing its organization in terms of data streams. We discuss in Section 2.3
the use of these streams for compression and decompression. We give some examples
in Section 2.4 followed by a summary in Section 2.5.

2.1 Approach

The first step in our symbolic document image compression method is to find an
initial set of patterns in the image which can be used to form a library. In the case of
Latin text, performing a connected component analysis on the binary image provides
a reasonable starting set. For connected scripts or text in which the basic units are
disconnected, more extensive segmentation would be necessary.

A small portion of a typical document is shown in Figure 2.1a, and the bounding
boxes of the connected components are shown in Figure 2.1b. Because these patterns
tend to appear repeatedly in the image, they form a basis for compression. In cases
where multiple characters touch to form a single component, or where a single char-
acter is split into multiple components, representing them as a new component lowers
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Figure 2.1: a) A sample document image; b) the bounding boxes of its connected
components.

the compression factor only slightly. If salt and pepper noise is present, it may give
rise to small components; this will reduce compression but will have little or no effect
on the readability of the document.

We next treat each component as an observation and try to determine a best
set of classes (clusters) of the components and to choose a prototype image for each
class. After all observations have been processed, the prototype map typically looks
like the one shown in Figure 2.2. The shapes shown in Figure 2.2 resemble English
characters because of the primarily English content of the original document. For
a document rich in mathematical symbols, some of the prototypes would resemble
mathematical symbols, and similarly for non-Latin languages the prototypes would
capture their symbol content. Clustering algorithms with different characteristics
affect the eventual symbol representation which needs special attention. A number
of algorithms are considered and discussed in Chapter 3.

Each cluster of components is represented by a prototype. Depending on the
sample space, there will exist some amount of variability in the clusters. For some
clusters, the amount of this variation may be large enough that some of the compo-
nents differ significantly from the prototype and extra information must be recorded
to remedy this. A residual map, the difference between a given component and its
prototype, is preserved and used to recover the components in a lossless form when
necessary. Examples of a component, a prototype, and the corresponding residual
map are shown in Figure 2.3. In addition to coding the prototype, we code the resid-
ual map separately so that access to individual symbols can be achieved by access to
their residual maps. The overall encoding scheme is shown in Figure 2.4.

In our work special attention is given to performing document analysis tasks in
the compressed domain, without full decompression. In many situations only parts
of the encoded information pertaining to the given task require decompression.

Our approach makes a strong case for the use of symbolic compression in document
image coding. We will show that it is possible to code the dominant symbol shapes
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Figure 2.2: Typical cluster prototypes from a textually rich image.

(a) (b) ()
Figure 2.3: a) A component; b) a prototype; ¢) the residual map.

and their locations within the image using only about one percent of the original
image data. Using only this encoding it is possible to implement a large number of
common document analysis tasks such as skew estimation/correction [11, 13, 63, 73,
84], Optical Character Recognition (OCR) [71], and layout analysis [74, 80].

In our approach, we use an indexable representation [53] composed of independent
streams for the prototypes, the locations of symbol instances, and the residual maps.
We have shown that lossy compression, progressive transmission, sub-document re-
trieval, skew estimation/correction, and keyword searching can all be done efficiently
using this representation [53].

Our contribution is in the development of a compression system that promotes
compressed-domain analysis by allowing symbol access. Although the approach works
best with clean images where patterns repeat, it is flexible enough to adapt to situa-
tions where the components correspond to arbitrary patterns in the image as opposed
to symbols, or where many symbols are mis-clustered.

14
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2.2 Compressed document representation

Prototypes are easily calculated by the formation of clusters and these prototypes are
substituted for the actual components by indexing their locations. The specification
of component location is done in two parts. For coding efficiency the page is divided
into blocks of 256 x 256 pixels each of which can be addressed by a single byte. A
component is indexed by the relative location of the upper left corner of its bounding
box with respect to the upper left corner of the block. (The number of components in
each block is also stored.) These locations and the block’s address yield the absolute
addresses of the components. This method of addressing is used in order to provide
direct access to the components. Relative position specification is used in compression
by Witten et al. [112], by specifying offset location from the bottom right of the
previous component to the top right of the next component. Their method has
smaller storage requirements but does not provide direct access to the components.

Once we have obtained clusters and chosen prototypes we need to represent the
residuals (the differences between the components and their associated prototypes).
Regardless of the clustering algorithm, we have observed that there always exist
residuals that affect the renditions of the original components, at least as regards
readability. An example of a set of residuals is shown in Figure 2.5%. A residual map
is associated with each component and in a representation based on symbol access,
the residuals are indexed based on their associated components. A small region of
an image was purposely chosen that had many components that did not cluster well.
This in not representative of common residual maps.

2Tn this example, we see three types of residuals - some that do not effect readability (the
silhouettes), some that do affect readability (the letter ‘K’ was replaced by prototype ‘1’), and one
that did not cluster and relies solely on the residual for rendition (the letter “W?).
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2.2.1 Page representation

In order to provide spatial access to image components in the compressed domain,
it is convenient to encode four types of information in four independent sections:
the file header section, the prototype section, the symbolic section (see below), and
the residual section. The file header contains general information which provides
indexes to the prototype, symbolic, and residual sections and an index to the header
section of the subsequent page in a multi-paged document. (In this paper we have
considered only single-page documents.) The prototype section is a collection of
prototype bitmaps and their sizes. The symbolic section provides an encoding of the
locations of components in the image and the prototype of which each component is
an instance. The residual section contains the residuals produced after substituting
the prototypes for the actual components. Each of these four sections is encoded as a
set of streams. Figure 2.6 shows the organization of the streams; they are described
in greater detail in the following subsections.

2.2.2 Streams

The file header section contains a single header stream and serves as an overall
road map for the representation, specifying global document image parameters as
well as indices to the prototype, symbolic, and residual sections and the streams
they contain. The prototype section encodes the library of prototypes and contains
two streams, the prototype size stream, which records the size of each prototype
bitmap, and the prototype image stream, which encodes the actual bitmaps. Two
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extra NULL prototypes are used to serve as indexes for small and large graphic
components which are represented in the residual stream. These prototypes are used
to specify appropriate numbers of bytes for the sizes of the graphic components so
they are indexable.

The symbolic section specifies the location of each component along with the
prototype which represents it. To reduce storage requirements in recording the com-
ponent locations, the image is divided into blocks of size 256256 and component
locations are specified relative to each block. To calculate the absolute address of a
component during decompression, the block membership stream provides a block
index and the component layout stream provides the vertical and horizontal offsets
of the components within the block along with their prototype labels. The compo-
nent layout index stream is used to index the component layout stream after it is
compressed.

The residual section stores the residual for each component and is indexed in
the same way and in the same order as its symbolic counterpart. This requires the
residual map index stream, an index into the residual map, and the residual
map stream itself.

The advantage of representing different types of information by different streams
and then indexing the streams is that applications which need access only to limited
information do not need to decompress the entire document. For tasks such as skew
estimation and correction, which may require only the locations of the components, we
need access only to the prototype size and component layout streams. For a task such
as keyword searching or OCR, the prototype needs to be accessed, and minimal access
to the residual map stream may also be needed. To extract and decode subregions
of the document image, we can access the needed blocks, and we can then access the
components in these blocks efficiently using the index structures.

The size of each stream is specified in a stream header. The header remains
uncompressed so that access to each stream is independent of access to the other
streams. Fach stream can be compressed individually or a common “dictionary”
can be implemented and made available in the header. In our implementation, we
index into the component layout stream by referencing block boundaries and into the
residual map stream by referencing individual components.

2.3 Compressing the streams

Huffman coding is used to compress the streams; it requires two steps. First the
streams are scanned to create a common Huffman lookup table. Second the individual
streams are transformed according to the newly created table. Creating indexes into
the compressed streams will be discussed below.

2.3.1 Header section

Header stream: This stream consists of indices to the streams contained in the
prototype, symbolic, and residual sections. The indices are stored as the sizes of the
individual streams; they remain uncompressed.
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2.3.2 Prototype section

Prototype size stream: Prototypes are limited to 256 x256 pixels so we can use
single bytes for their horizontal and vertical dimensions. These pairs are ordered
as a stream and compressed. The compressed size is recorded in the header. When
required, the compressed stream can be decompressed and used to index the prototype
image stream.

Prototype image stream: The prototype image stream orders the pixels of each
prototype, either by row or column. The resulting array is packed into the prototype
image stream and compressed. The compressed size is recorded in the header. For
decompression, the compressed stream is indexed by the size stream. Knowing the
sizes and number of prototypes from the prototype size stream, and the size of the
decompressed prototype image stream, the stream can be unpacked into the set of
two-dimensional prototypes.

2.3.3 Symbolic section

Block membership stream: We have divided the document image into non-
overlapping blocks of size 256x256. To index the blocks, we record the first row
and column of the block in two bytes. We create a stream for the number of compo-
nents in each block, compress the stream and record the size of the compressed stream
in the header. During decompression we extract the stream and use it to index the
blocks.

Component layout stream: For each component in a block, we append to a list its
position in the block, by specifying a horizontal and vertical offset, and the cluster to
which it belongs, by specifying the identification of its prototype. If the component
is associated with a NULL prototype, we also record its size (the height and width
of its bounding box). For each block, we compress the list and record its compressed
size in the header. We add this size to the component layout index stream (described
below) in one byte and start a new record for the next block. When all components
in all blocks are exhausted, we record the overall stream size. For full decompression,
we ignore the index stream and decompress the entire component layout stream. For
partial decompression we use the size information in the index stream and decompress
only the needed part of the component layout stream.

Component layout index stream: To index the component layout stream we
form a stream based on the compressed sizes of the component layout records. We
compress the entire stream and record the resulting size in the header. When the
information in the stream is needed, we decompress the entire stream.

2.3.4 Residual section

Residual map stream: Using the same encoding as for the component layout
stream, we order the residual maps into a stream. For each residual map, we first
pack the pixels into bytes, submit that portion of the stream for compression, record
the compressed size in one byte, and record the ending bit offset in one byte. We
do this for all residual images and record the overall size of the compressed residual
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map stream in the header. For full decompression, we extract the entire residual map
stream based on its compressed size and unpack it. For partial decompression, we
use the decompressed residual map index stream to extract the needed segments from
the residual map stream.

Residual map index stream: For the index, we form a stream based on the
compressed size of the list of residual map streams for each component. We compress
the entire stream and record the resulting size in the header. When the information
in the stream is needed, we decompress the entire stream.

2.4 Results

To test our system we used text regions from the first 122 scanned images (A001BIN.TIF
to AOO6N.TIF) in the UWASH I database which is available from the University of
Washington [32]. For synthetic images we used BWTEX-generated files from the same
database (LOOOSYN.TIF - LOOMSYN.TIF). Our basic compression package converts
binary TIFF images to and from symbolically compressed images. For synthetic,
BTEX-generated images, it took a total of 855 seconds to compress 23 files for an
average of 37 seconds. The average resulting file size was 45312 bytes compared to
57848 bytes in CCITT G4 coding and 82112 bytes in CCITT G3. For comparison,
the same images were compressed using packed bits and LZW compression, yielding
average file sizes of 198,015 bytes and 110,810 bytes respectively. With original im-
ages of 2550 by 3300 pixels, the compression ratios are summarized in Table 2.1. For
the case of scanned images, compression time was an average of 66 seconds for the
122 files of Table 2.1. (The time is for an implementation running on a SparcStation
20 with the Solaris 2.5 operating system.)

Image | Symbolic | G4 | G3 | JBIG | MG | LZW | PACK-BITS
Synthetic 23.2 18.2 | 128 | 26.9 | 39 9.5 5.3
Scanned 12.2 17.8 | 9.7 | 22.3 | 27 8.7 5.5

Table 2.1: Average compression ratios for synthetic and scanned images for differ-
ent compression schemes. The images are taken from the University of Washington
Database [32]. Averages were taken over 20 synthetic images and 100 scanned images.

2.5 Summary

We have proposed a data organization that is designed to work with symbolic com-
pression. Given that we can identify sources of redundancy and useful sources of
information we designed the organizational model to address both. In our methodol-
ogy we identified the source of redundancy as the repetition of components found in
document images. The source of useful information is found to also be in the compo-
nents, but more specifically it resides in the locations and shapes of the components.
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Redundancy is captured by determining representative classes of observed compo-
nents, which is easily done by clustering. These clusters are represented by prototypes
and are indicative of the components’ shapes. Therefore, prototypes need to be pre-
served and stored to be accessed individually, as we have described. While the shapes
of components are captured in prototypes, their locations need to be stored indepen-
dently to allow for dissemination of useful information. This was done by providing
for a symbolic layout section. The remaining information relates to the residual cod-
ing. Redundancy removal within the residual section will be addressed in Chapter 5.
Some useful information for this purpose can be obtained from the prototype image;
to make this information available we must index the residuals based on the compo-
nents. We proposed a residual coding method which is well suited for partial retrieval
and compressed-domain processing.

Having provided a specification of the data organization, we can now proceed with
specification of actual algorithms.
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Chapter 3

Clustering

3.1 Introduction

A large number of clustering algorithms have been described in the literature [4, 86].
Some algorithms, despite their wide usage for other purposes, are not applicable
to symbol clustering. The goal of symbol clustering is to identify the intra-class
similarities of the symbols. Due to size and pattern variations in the components,
some clustering algorithms may not provide a satisfactory result, as mentioned below
for two of the algorithms.

One example of an inappropriate clustering algorithm is principal component anal-
ysis, where image rows or columns are concatenated into a vector and for a given set
of symbol images a covariance matrix is computed. The eigenvalues of this matrix
give the variances along the eigenvector directions. The effectiveness of this method
depends on the rows and columns providing consistent information for all of the im-
ages. This will not be the case if the images are of different sizes. To remedy this one
can pad the observed image to a fixed size with a constant value or scale the input
image to a fixed size. The padding presents a problem when the input images are
artificially weighted to the size of the padded region. In the example shown in Figure
3.1, it can be seen that all observations have similar shapes (a circular shape will over-
lap all the observations to some degree) in the upper portion of the image, and that
the lower portions of observations 6 and 7 look the most dissimilar (one descender is
on the left and one is on the right with no overlap). However, since observations 1 to
5 are padded, the weight of the descenders in observations 6 and 7 is 2/7 of what it
should be (not as discriminating as it should be). Normalizing the components is not
a viable option, since prototype generation will not be possible in a cluster where the
sizes of the components are different. Scaling of images to a normalized size creates
a situation in which an appropriate prototype may become impossible to find. The
fact of the matter is that the size information is an effective discriminator and it can
be used to effectively separate observations {6,7} and {1,2,3,4,5} of Figure 3.1.

A second type of clustering algorithm, vector quantization [30], is also affected by
the variability in observed sizes. In vector quantization, each symbol image is first
ordered as a vector and this vector is considered to be a point in a high-dimensional
space. A small set of “prototype” vectors is arbitrarily chosen and the distances to
all the prototypes from all of the observations are calculated. We associate with each
observation the prototype closest to it. The prototypes are then refined by taking the
means of their associated observations, and the process is repeated. The prototypes
and the distance measure divide the high-dimensional space into regions of coarser
granularity; hence the name quantization. The results obtained by this method are
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Figure 3.2: Vector quantization regions in a two-dimensional sample space with a)
equal-population clusters; b) a 3:1 population difference; c¢) a 5:1 population differ-
ence.

population-dependent; more prototypes will be found in regions of the space where
symbol images occur. Figure 3.2 shows how the regions change when the number of
samples in one of the clusters is increased.

A third class of clustering methods, which we will primarily use here, are pattern
matching and substitution approaches. If a candidate pattern is a good match to an
existing prototype, it is classified as a member of that prototype’s class; otherwise, it
is considered for possible creation of a new class. The advantages of using this type
of method are that we do not need a priori knowledge about the number of classes
and that the method works with a variety of image sizes.

We can describe clustering via pattern matching more formally by first defining
notation for an observation X and a prototype P:

¥ — { g((n,m) i(;zé:‘;{:g €ER:=({1,.... No}, {1, ..., M,}) (3.1)
P(n,m) for (n,m) e R, =({1,...,N,},{1,...., M,}) ‘
P= { 0 otherwise (3.2)

where it is assumed that foreground pixels have value 1 and background pixels (and
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pixels outside the bounds of R, and R,) have value 0. A number of pattern matching
methods which can be used to define measures of closeness between an observation
and a prototype are discussed below.

The rest of this chapter deals with matching methods that can be used in our pat-
tern matching and substitution clustering process. We first discuss a simple Hamming
distance in Section 3.2. We extend this to a weighted Hamming distance in Section
3.3. A different approach is then suggested to take into account background and
foreground errors in Section 3.4. In Section 3.5 compression-based (entropy-based)
matching techniques are discussed. In Section 3.6 we propose a new matching tech-
nique based on the distance transform which has the desired property of weighting
structural components appropriately. We conclude with some remarks in Section 3.7.

3.2 Hamming distance

The simplest method of matching two binary images is to measure their dissimilarity
by the number of pixels that are not equal. An error map calculated from the exclusive
OR (XOR) of the observed image and the prototype is given by

X(n,m) @ P(n,m) for (n,m) € R, NR,

) X(n,m) for (n,m) € R, — R,
E(n,m) = P(n,m) for (n,m) € R, — Ry (3.3)
otherwise

where E(n,m) is defined for all (n,m) € R. = Ry UR,. Since the XOR operation
returns a value of 1 for a mismatch, summing the error map provides a measure of
mismatch,

M=|R.)-M= > E(nm) (3.4)

(n,m)eER.

where |R.| is the highest mismatch score and M is the actual match. In this formula-
tion, maximizing the match is the same as minimizing the mismatch of (3.4). Figure
3.3 shows three examples involving an intra-class observation, a possibly confusing
inter-class observation, and an obvious inter-class observation, along with their mis-
match scores. The amount of mismatch shows some degree of discrimination among
those cases, and by use of a threshold, we are able to identify some classes. However,
if the threshold is too high some intra-class confusion may arise, such as clustering
‘e’ shapes with ‘c’ shapes. Taking a low threshold would result in too many clusters
and would hinder compression efforts. It is desirable to use a distance measure that
provides enough separation for dissimilar shapes.

3.3 Weighted Hamming distance

Improving the distance measure to discriminate between similar images (‘e’ and ‘¢’
of Figure 3.3) is desirable; the weighted Hamming distance [85, 112] provides such
an improvement. This distance measure gives greater importance to error pixels
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which appear in close proximity to other error pixels. Error pixels which appear close
together tend to correspond to structurally meaningful features.

The weighted Hamming distance operates on the error map of (3.3) by summing
over a neighborhood of each error pixel:

Ey(n,m) = E(n,m) x Z E(k,1) (3.5)
(k1) EN (nym)

where NV (n,m) is the 3 x 3 neighborhood of the (n,m)th pixel. With this weighting
strategy, error pixels that occur in a group will give a higher mismatch than iso-
lated error pixels. Figure 3.3 also shows the results of using the weighted Hamming
distance measure for the same observations and prototype. Note that the small dif-
ference between observations A and B is now much larger when the mismatch score
is calculated by (3.4) and using the weighted error map £,

3.4 Sum of weighted AND-NOTSs

When we use an XOR operation the source of the errors is not considered. In par-
ticular no distinction is made between errors in foreground pixels and errors in back-
ground pixels. It may be desirable to give more importance to the foreground pixels
since most of the information is contained in them. This can be done by using the

AND-NOT measure. The weighted AND-NOT map is defined by

Foun = {(X AP)nm)x Y (X AP)(E, z)]
(k,[)EN (n,m) (36)

v [(YAP)(n,m)x 3 (YAP)(k,z)]

(k,[)EN (n,m)

This map is useful in cases where the weighting has elevated the mismatch level due
to misalignment, as illustrated in Figure 3.4.

3.5 Compression-based template matching

Compression-based template matching [43] is a method of matching which attempts
to measure the mutual information between the prototypes and the observations.
This is can be done by minimizing the entropy of the residual. The entropy of a
binary signal £ = {e;,1 =1,...,|R.|} of distribution P(e) is

1

H(E) = = Y P(e)logy( P(e)) (3.7)

e=0

P(e) is estimated given E. Equating H(F) to a mismatch value favors conditions
where the complexity of F is low which translates into cases of mostly zeros or mostly
ones. This is rather different from previous approaches in which the number of pixels
in the residual map is minimized. In compression-based template matching, the idea
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mismatch as weighted XOR and as weighted AND-NOT.

is to keep the residual pixels non-random with respect to each other and achieve a
lower entropy for the residual map. An immediate enhancement is to replace the
probability with one that is conditioned on the formed clusters. Mutual information
is then measured by

1(Ek) =~ Y log, P(E(n,m)|k) (3.8)

n,mERe

where k is the cluster index. While this probability can be estimated from the mem-
bers assigned to the cluster, it can also be estimated as a function of the prototype
image (convolution with some filter [116]).

3.6 Distance-based template matching

Our final method of matching attempts to weight each error pixel according to the
probability that it was corrupted by degradation or noise. In this way we give lower
weights to error pixels which are likely to have resulted from noise and higher weights
to others.

In studies of document image degradation at the character level it was observed
that pixel errors occur more often close to the edges of characters [48]. The probability
of a pixel changing its value decays as a squared exponential with the distance to an
edge. Specifically [48], the probability of a pixel changing value from background to
foreground at distance d from an edge is given by

P(1|d, o, b) = 1 = P(0]d, a, b) = e=% (3.9)
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Figure 3.5: Plot of entropy for a binary signal as a function of sample probability

where « 1s the background decay rate and b denotes the fact that the pixel in question
really belongs to the background. Similarly, for foreground pixels, the probability of
changing value is

P(0ld, 3, f) =1 = P(1|d, 3, [) = ¢ ** (3.10)

We can use this fact to conclude that observed differences which occur between a
prototype and a candidate pattern away from the edge of the prototype are more
likely to be the result of meaningful structure and not noise and should therefore be
considered with higher priority during matching.

We can use this degradation model as a basis for a matching model which assigns
weights based on relative distances from the prototype edge. To simplify the model,
we assume that « is equal to 3 and calculate the weight matrix as a distance trans-
form. This greatly reduces the computational requirement by avoiding a scan to all
components to determine a and [ and by removing an extra exponential operation.
We also use only a relative distance measure; this allows us to avoid the computation
of two squares and a square root.

To compute the distance transform, consider a prototype P. Let F be the set of
indices for the foreground pixels of the prototype, and B the set of indices for the
background pixels. Knowing that F N B = ), the square-of-the-distance transform,
or distance map, of prototype P is calculated by

D(n,m) =min (0= K+ (m— 1|
(k,l) e F, (n,m) € Bor
(k,l)e B, (n,m) € F} (3.11)
This measures the closest (squared) distance of an unlike pixel to the current pixel.
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Figure 3.6: Example of a) an observation, b) a prototype, c) a residual map, and d)
the distance map of the prototype.

The study of distance transforms dates back to the late 1960s. A classical reference by
Rosenfeld [87] discusses a number of algorithms for its computation, while for images
represented by quadtrees one can use a method suggested by Samet [90]. Other recent
algorithms to compute distance transforms can be found in [16, 33, 60, 104, 107].

Figure 3.6 shows a typical prototype and a map of the distances to the edges.
(Figure 3.3 showed the distances overlayed on the prototype image.) Summing the
error pixels weighted by their distance values provides a better separation for inter-
class observations. For the intra-class observations in Figure 3.4, it is easy to see
that the distance-weighted mismatch is 26 since all error pixels occur on the edges
and there are only 26 such pixels. Distance weighting separates the closest inter-class
observations shown in Figure 3.3 by 11 and 44.

It should be pointed out that distance-based template matching could easily be
adapted to other clustering techniques, at the cost of more computation. An example
is adaptation to vector quantization. Consider the clusterings of Figure 3.2, and
suppose that for high values of x and y we would like to weight the z values more
heavily, and for low values we would like to weight the y values more heavily. This
would shift the region boundaries of Figure 3.2a in such a way that at the top right we
would have vertical thin regions and at the lower left we would have horizontal thin
regions. The result would be a partition that is dependent on location in the space
as well as on the population of observations in that area of the space. The distance
ordering has a number of desirable properties, and provides a good framework for
document image processing and handling.

3.7 Summary

In this chapter we considered a number of clustering algorithms that might be used
in our compression system. Due to the size variability of the input images and the
unknown number of clusters, we choose a match-and-classify approach. This ap-
proach allows for the use of different matching functions so that specific features of
observations can be exploited. Prototype generation is easy once a set of clusters is
determined. We simply average the cluster members to arrive at their representative
prototypes.

The simplest match criterion tested was the sum of the Hamming distances, which
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was immediately improved to a weighted sum of Hamming distances. While Hamming
distance sums the mismatch value as the number of pixels that were unequal, weighted
Hamming distance puts more weight on groupings of pixels which were unequal. This
provided a reasonable improvement. We also considered an alternate distance, namely
AND-NOT distance. The reason for considering AND-NOT is that for the XOR
function, the output is independent of the fact that foreground and background pixels
of either the prototype or the component may not match. There may be situations
where a slight misalignment contributes a large amount toward the mismatch value.
By using the AND-NOT function, the groupings of unequal pixels are weighted based
on their foreground and background memberships.

Another class of matching functions tested was entropy-based. This class main-
tains a low level of complexity for the residuals; however, it is not guaranteed that
the prototypes resemble meaningful components. The matching measure is the com-
plexity of the residual image. A simple count of residual pixels yields a probability
mass distribution that is used to calculate an entropy measure. This measure was
adapted to include a condition that the entropy of the residuals belonging to a class
be minimized. Since all pixels are not created equal, especially for document images,
the entropy contributions of all pixels cannot be uniformly combined; they need to
be weighted based on their potential contribution toward appropriate prototype gen-
eration. Entropy-based template matching may contribute towards the compression
of images, but it is more desirable to create prototypes which contribute toward cor-
rect recognition. Once a clustering algorithm can guarantee correct assignment of
components to clusters (i.e. all clusters consist of components which would be recog-
nized as the same symbol as the prototype by a human reader), we can then employ
compression-based clustering to further minimize residual complexity while keeping
recognition intact. Such performance has never been achieved; most researchers in
this area confirm that correct prototype representation is possible only for document
images that are of good quality.

A distance-based approach is suggested here to address some concerns regarding
the pixels’ contributions. A model based on character degradation is used for this
purpose. This model suggests that pixels close to edges of components are most likely
to change in value due to degradation effects. We extend our model to hypothesize
that pixels far from edges must contain large amounts of recognition information.
This is supported by the fact that most document images that are degraded are still
readable. Therefore we associate a distance measure with each pixel and weight its
difference from the prototype based on that distance. This allows discrimination
of shapes that are fairly similar but have strongly dissimilar structural components.
This favors the clustering of similar structurally significant patterns. While we still
cannot guarantee that cluster members will all be recognized as the same symbol, we
have contributed toward achieving a single recognizable component per cluster.

There exist several clustering algorithms which vary in performance, but there
exists no clustering algorithm that performs perfectly. Therefore, it is essential to
include at least partial residual information to assure a representation that allows for
correct recognition of characters. Distance-based matching provides good clustering of
components based on their structural features and readability, but it does not operate
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perfectly, so residual coding is needed to address concerns beyond clustering. This
will be covered in Chapter 5. Another concern is the quality of the input components.
In Chapter 4 we revisit component segmentation to see if the input components are
well suited for our clustering methods.
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Chapter 4

Segmentation-based clustering

4.1 Introduction

Enhancements to clustering, such as the work done by Bloomberg and Vincent [14]
and Zhang and Danskin [116], can greatly improve performance both in lossless and
lossy compression. While there have been efforts to improve clustering in the symbolic
compression of document images, it is unrealistic to expect clustering alone to address
all aspects of prototype generation. For characters that are connected or broken in
the document image, a segmentation based on connected components will not yield
isolated characters after clustering, no matter how good the clustering is. In this
case the resulting set of prototype image maps contains a certain level of redundancy
which was not adequately captured by the segmentation and clustering algorithms.
If a clustering algorithm does not require the output of the segmentation routine, it
is considered to be a joint segmenter and clusterer and does not fall in the category of
simple clustering algorithms. An ideal clustering routine would interact intelligently
with the segmentation routine and derive the best possible prototype images while the
segmentation routine provides a better segmentation given the underlying prototype
maps. Eventually, in residual coding, which involves a majority of the data, the data
can be efficiently organized and coded, as has been demonstrated by Howard [37] and
as shown in Chapter 5.

For the general symbolic compression problem, segmentation has not been a major
issue. This is because any component regardless of shape and size will be coded
appropriately, although not as efficiently as it could be. With the introduction of
small amounts of degradation in the original image, the structural integrity of the
character shapes degrades and the components either start touching or breaking apart.
It is therefore necessary to review alternative methods of segmentation to improve
compression performance for such documents. An example of such a document is
shown in Figure 4.1.

Initially we used a connected component algorithm for segmentation. Although
such segmentation can be done quickly, the process is sensitive to connected or bro-
ken characters. While most of the spatial features of connected characters are still
preserved, their segmentation remains a non-trivial task. In symbolic compression,
fundamental character shapes are identified and clustered to generate prototypes that
embody the constituent patterns of the image. In cases of touching characters, clusters
will be created for observed instances and constituent shapes will not be identified.
We propose to use the prototypes obtained in the first pass to perform partial match-
ing and an alternative segmentation on those components which have not clustered
well. The output of the segmentation is fed into the clustering routine again for an
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Figure 4.1: Example of a document image containing a large set of connected char-
acters.

enhanced set of representative prototypes. This process can be repeated to improve
the compaction of the prototype library.

To improve clustering, compression, and processing of document images we con-
sider an integrated segmentation and recognition approach where the initial segmen-
tation and identification of clusters identifies stable prototypes. We then iterate a
process to refine both segmentation and clustering of components. The prototypes
from the original clustering are used to re-segment the previous components and gen-
erate a new set. The new set of components is clustered to form new prototypes, and
so on. This process is performed iteratively with varying degrees of segmentation to
determine the set of prototypes for the image that yield the best compression.

This chapter is organized as follows. In Section 4.2 we describe our general ap-
proach toward a joint segmentation and clustering methodology. In Section 4.3 we
describe how subcomponent matching is performed to arrive at possible segmentation
alternatives and in Section 4.4 we describe the segmentation method itself. In Section
4.5 we study the integrated process of segmentation and clustering which provides a
basis for enhanced segmentation. In Section 4.6 we present the results and in Section
4.7 we summarize and make comments about the algorithm, including its limitations
and future enhancements.

4.2 Approach

To provide integrated segmentation and clustering, we take the connected components
of the document image as the first guess at the components, cluster them, and gen-
erate a prototype set as shown in Figure 4.2. Using these prototypes, we attempt to
resegment larger components by considering all possible segmentations of the compo-
nents, matching and attempting to identity sub-instances of the previous prototypes
(Figure 4.3). The entire list of components is visited and all combinations of vertical
cuts are considered in order to determine the best possible match. The list of match
values associated with each segmentation is recorded. During segmentation, the best
match of a sub-component to a prototype is chosen and the associated cut-point is
used to create a new observation. After considering all components for segmentation,
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Figure 4.2: Example of a prototype set that is rich in touching components.

a new component list is created which reflects the new instances. These components
are then used for clustering and to create a new set of prototypes. The process of
segmentation and clustering is repeated several times to allow for segmentation of
large components.

4.3 Subcomponent matching

For components that consist of touching characters, we assume that prototypes resem-
bling the characters which they contain are present and that we need to identify them
and locate their positions. To identify these sub-instances, it is necessary to match
smaller components with parts of larger components. The two factors in finding this
match are shape and position. A number of other factors need to be discussed; how-
ever, the general methodology is to obtain the largest-size set of prototypes that are
independent. This is required since blind decomposition of patterns into their small-
est constituents results in a set of the smallest prototypes, such as periods. Figure
4.4 shows several prototypes from the library in Figure 4.2. It is clear that the “ted”
cluster, having a number of observed instances assigned to it, is composed of touching
components, but how to define the set of its sub-components is unclear. It is clear
that decomposition of the “e” prototype (Figure 4.4d) is desired; however, a better
decomposition is that of the “ed” prototype (Figure 4.4e), since it is a constituent

(1]

but one that is bigger in size than the “e” prototype. The reason for this is that if
most instances of “e” appear as “ed”, then representing “ed” is more efficient than
representing “e”. Since this is not the case for the most part, we can conclude that
the “ted” pattern should first be decomposed into “t” and “ed” and then “ed” should
be decomposed into “e” and “d”. The components shown in Figure 4.4c and f are
also constituents but this level of decomposition is clearly undesirable.

Since we are dealing with rectangular bounding boxes to segment regions of com-
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Figure 4.4: Set of observations considered for segmentation (a-c) and corresponding
proposed constituents (d-f).
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ponents and the text lines are horizontal, we consider only vertical cuts. The al-
gorithm to generate segmentation hypotheses is as follows. For each vertical cut,
we determine the minimum bounding boxes of the two resulting components. The
resulting components are then matched to all prototypes which they may contain.
The mismatch is measured by the sum of unequal pixels weighted by the distance
transform. Given the distance transform of (3.11),

Di(n,m) =min{ (0 )+ (m— 1)
(k,l) e F, (n,m) € Bor
(k,l)e B, (n,m) € F} (4.1)
the mismatch M is calculated by

= Z E(n,m) x Da(n,m) (4.2)

n,m

=

where F(n,m) is the error between the segmented component X (n, m) and prototype

P(n,m) (3.3),

(X & P)(n,m) (n,m) € R,NR,

— X(na m) (na m) €Re — RP
E(n,m) = P(n,m) (n,m) € R, — Ra (4.3)
0 otherwise

A match is identified if the minimum mismatch is lower than a threshold. Figure 4.5
shows the best segmentation, where the segmented portion matched to an existing
prototype. In such a scenario, if one segmented component shows a good match, the
cut is kept regardless of the match between the other component and any existing
prototype. This is necessary in order to decompose larger components which have
more than two constituents. For components having three or more constituent ele-
ments, decomposition can take place from the right or left and can proceed to the
middle.

To ensure proper segmentation and avoid over-segmentation as was shown in Fig-
ure 4.4c and f, several factors are considered. The first factor is the position of the
segmentation cut. It is undesirable to segment a component at its extreme right or
left edges. If cuts at these locations are picked, they are most likely due to small
prototypes which do not result in an adequate decomposition. The distance of the
cut from the middle of the segmented component takes this factor into account.

The second factor is favors components that are touching along small numbers
of pixels. The number of foreground pixels that coincide with the segmentation cut
takes this factor into account.

The remaining factors are based on size. It is more desirable to decompose larger
components, so we take the size of the component considered for resegmentation into
account. It is more desirable to decompose a component into the biggest prototypes
that are smaller (at least in area) than the given component, and so the area of the
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Figure 4.5: Best proposed segmentation cut for an observation and a corresponding
template that was matched based on the distance transform.

prototype considered for best segmentation is taken into account. Figure 4.6 shows
examples of these factors. In terms of weights, we use a mismatch value of

Weighty x Weighty

M,=M
8 Weights x Weighty

(4.4)

Upon completion of component matching, the best cut, the mismatch value, and
the closest matched prototype are kept. The segmentation process then uses these
values to determine the best segmentation.

4.4 Segmentation

For segmentation, we need to consider the cuts considered in partial matching for
cases of touching characters. Each component is visited and from among all possible
cuts, only the cut that yields the best partial match is considered. Note that only one
cut 1s allowed per visit, greatly reducing the complexity of segmentation versus the
more general two-cut scheme. Using two cuts, a number of fail-safe mechanisms need
to be considered to avoid empty objects and residual objects created by taking a cut
that is not exactly on the edge of a neighboring constituent component. The best
match is then thresholded to either keep the cut or discard it. Various thresholding
constants were used with varying amounts of effect on compression. Examples of
components that were segmented in this way are shown in Figure 4.7.
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Figure 4.6: Mismatch weighting by considering (a) the cut position, (b) overlap with
foreground pixels, (c) component size, and (d) prototype size.
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Figure 4.7: Examples of segmented components.
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Figure 4.8: Prototypes of document image associated with Figure 4.2 after integrated
segmentation and clustering.

4.5 Integrated segmentation and clustering

After the original segmentation (connected component analysis) and clustering, fur-
ther segmentation is performed by specifying a threshold on the partial matches to the
components. All initial components are considered for segmentation. If the mismatch
value is below the threshold, the initial component is divided into two parts. After
all components have been considered for segmentation and divided as necessary, the
clustering algorithm is applied to the new set of observations. This process is iterated
repeatedly to allow for sufficient decomposition of large connected components. The
prototype library originally shown in Figure 4.2 looks like the one shown in Figure
4.8 after processing.

Integrated segmentation and clustering is also applicable to the case of discon-
nected characters. A reverse approach needs to be taken in which combining com-
ponents is done instead of dividing them. A nearest neighbor approach is used to
combine components, and the results are matched to the prototype library. The clos-
est match is kept if its mismatch value is below a threshold. The same methodology
is used as in the matching of partial components to prototypes except that the cost
factor associated with a cut is replaced by one that is associated with component
combination. Prototype instances that are larger than the broken component (prior
to joining) are considered and the smallest such prototype is favored. This alternative
method of resegmentation is also beneficial.

4.6 Results

The algorithm can be evaluated in terms of its performance in prototype generation,
component decomposition, effectiveness of prototype library generation, and residual
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Compressed Library Pointer Residual
Size Size Size Size

Fle [ 0 [ 0 | @ [ [ [0 0[O
S1 44260 | 41552 | 4550 | 2642 | 3158 | 3948 | 34038 | 31931
S2 39828 | 38240 | 5600 | 5160 | 2258 | 2443 | 20088 | 28648
S3 27300 | 26041 | 3563 | 2703 | 1579 | 1921 | 20763 | 19833
S4 30397 | 28926 | 4640 | 2481 | 1787 | 2069 | 22377 | 22633
S5 27014 | 26416 | 2705 | 1971 | 2818 | 3198 | 19318 | 18834
S6 25050 | 24489 | 3347 | 1748 | 2254 | 2950 | 17648 | 17537
ST 34818 | 33941 | 3724 | 3448 | 3207 | 3393 | 25537 | 24648
S8 40100 | 38207 | 3544 | 3252 | 3856 | 3984 | 29811 | 27985
59 1713 | 49778 | 4520 | 4116 | 3927 | 4340 | 40280 | 38084
SA | 23978 | 22987 | 3331 | 2812 | 1715 | 2035 | 17459 | 16490

Total | 390678 | 376527 | 44630 | 34896 | 30468 | 34551 | 281618 | 280648
% A ()% (23)% 14% (:3)%

Table 4.1: Statistics of selected files with initial (I) and final (F) compression char-
acteristics after applying integrated segmentation and clustering algorithm.

image generation. While the overall gain in compression is important, it is also
important to see how this gain is achieved.

Table 4.1 shows statistics for a selected group of document images. For debugging
purposes we considered small samples of document images which had large numbers
of connected components. Images that did not have high numbers of connected
components showed only a small amount of improvement. For the examples in Table
4.1 we performed symbolic compression with and without segmentation to study
the amount of improvement. We used a representation that stored the prototype
library, symbol location, and residual information separately, so that the effects of
segmentation could be studied across all aspects of the symbolic compression.

The overall compression factor was observed to have decreased by 4.5%. However,
this was due to the small image sizes; the clustering process was not able to use the rich
population of observed components available in larger images. The compression factor
is expected to increase for large images where there exist large numbers of components
as well as instances of touching characters that span a large number of characters.
The interesting result is in the reduction in the size of the prototype library. Since
the prototype library is a small part of the representation, it does not affect overall
performance but it is the major portion of the lossy compression representation. For
lossy compression consisting of only the prototype images, we need to code 66083 bits
when we do not use segmentation, but only 60614 bits when we do use it, resulting in
an 8% increase in compression. The effects of segmentation on processing are clear,
in that the prototypes are more representative of the characters and provide a better
symbolic representation. Basically, any result that is obtained by compressed-domain
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processing is more dependable with segmentation than without.

4.7 Summary

It is logical to consider alternative methods of segmentation in addition to the ba-
sic method of connected components. In most cases, document images are of high
quality and the connectedness of characters is preserved. This cannot be guaran-
teed, however, and it is desirable to devise a method that can gracefully deal with
degradation. Because proportional fonts are often used in typesetting, and because of
the point spread functions of scanners, we observe a larger reduction in performance
due to touching components than due to broken components. In this chapter we
have described a method that can segment connected components using the shapes
of dominant components. This method has the desirable characteristic that a stable
level of representation is achieved in component shape and size. It also improves
compression by 4%. It is important to note that this method is independent of the
clustering algorithm [116] and data representation [53, 112] used, and that it can
benefit from, and contribute to, their operation. For example, a better clustering
algorithm that can achieve a higher level of separation can provide better prototypes
to be used in partial matching. Better segmentation results can increase the per-
formance of compressed-domain processing in tasks such as key-word searching and
skew detection.

The method presented here has not been optimized in any way, but it performs
compression in a few minutes on a SparcStation 20. The images used for testing it
were derived from the University of Washington Database CD ROM [32], by cropping

images to contain rich text content, without scanning and copying artifacts.
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Chapter 5

Residual coding

The primary contribution of this chapter is in the development of new methods of
residual coding. These methods provide a hierarchical representation and allow for
compression and compressed-domain processing, with natural extensions to lossy com-
pression and progressive transmission.

5.1 Introduction

In the previous chapters, we considered a number of methods of determining suitable
prototypes. Since the components that appear in document images contain several
levels of ambiguity, it becomes unrealistic to pursue a conservative approach towards
prototype generation. The advantage of a prototype generating process that guaran-
tees a high level of correct recognition of components is that it results in a large set of
prototypes. The factors that affect the choice of an ensemble of prototypes are image
degradation, shape redundancy/variability, cluster membership, and an acceptable
level of residual complexity.

Considerable complexity exists in the residual images. It is desirable to code the
residuals so as to achieve as high a level of compression as possible and provide a
hierarchical representation that degrades gracefully and provides correct recognition
of components. Much like the preservation of structural components during the pro-
totype generation phase, it is possible to structurally order the residuals of the image
components and achieve a graceful degradation of their structural components [52].
We pursue three methods of coding based on structure. We first consider a distance-
based coding method that preserves structural components when residuals are coded,
and we also consider two other methods that attempt to capture the structural com-
ponents when residual pixels are coded.

The remainder of this chapter is organized as follows. In Section 5.2 we discuss the
basic distance-ordered code. In Section 5.3 we extend the basic distance ordering to
structural ordering. In Section 5.4 we analyze the code in terms of its compressibility
by performing an entropy analysis. In Section 5.5 we present the results of the
analysis. In Section 5.6 we conclude with some final remarks.

5.2 Distance-ordered residual coding

The nature of the residuals is clearly dependent on the quality of the original image,
i.e. how well symbols can be clustered, and on the quality of the clustering algorithm
itself. In clean document images, components are, for the most part, isolated from
each other and they can easily be segmented and clustered to form well-defined groups.
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When the components and their prototypes are very similar, little contribution from
the residual maps is necessary to accurately encode the symbols. As the images
degrade, however, noise is introduced and characters tend to either merge to form
bigger components or break into multiple pieces. This increase in the variability of
the components in the clusters results in an increase in the complexity of the residual
map.

An issue independent of how the residuals may change is how well the clustering
algorithm performs in the presence of increased noise. A clustering algorithm needs to
capture meaningful similarities between degraded symbols. For document images, the
structural aspects of symbols are the most meaningful when the ability to recognize
or read the symbols is considered. Whatever levels of image quality and clustering
quality are achieved, it is desirable to code the residuals so that a compact and usable
representation is achieved.

Document image degradation research suggests that the edge pixels of an ideal
image are most susceptible to noise degradation. Nagy et al. [72] and Sarkar [91]
used a point spread function to determine the effects of degradation on characters
in processes like OCR. Kanungo et al. [48] used a quadratic exponentially decaying
function to model the probabilities that foreground and background pixels are affected
by noise. Extrapolating their findings, it can be hypothesized that 1) pixels close to
edges are more likely to be affected, and pixels at the same distance from edges
have similar noise probabilities; 2) pixels far from edges contribute the most to the
structure (and recognition) of the components. In support of the second hypothesis,
it can be observed that most document images are still readable after introducing a
large amount of degradation at or near edges.

The above degradation formulation can be used to create a model that attempts
to distinguish noise pixels from informative structure-contributing pixels during clus-
tering and coding. The formulation predicts that pixels farther from an edge of a
component contribute more to the readability of the component than do close ones.
We therefore order the residual map by distance so that the pixels which contribute
the least to recognition will be coded last. This is implemented by taking the distance
transforms of the prototypes and ordering the residuals by distance, from farthest to
closest. Consider the definitions of observation X, prototype P, error map F, and
distance transform given in (3.1)-(3.3) and (3.11). The contents of E are ordered
based on the distance transform of the prototype D%(n,m).

A typical prototype, cluster member, residual map, and distance transform map
are shown in Figure 5.1. The residual in this example conforms well to the model since
the prototype and observation are of the same class and most of the residual pixels lie
close to the edges of the prototype. It is clear that for the examples in Figure 5.1 the
residual pixels are primarily noise since the prototype and the cluster member both
resemble the character ‘d’. However, if an ‘0’ were clustered with the ‘d’, the residual
content would contribute significantly to the ability to recognize it correctly. Given
these observations, a distance ordering is necessary to exploit the residual statistical
distribution and allow residual pixels with the smallest contributions to recognition
to be coded last.

An example comparing column-major and distance ordering is shown in Figure
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Figure 5.1: Example of a) prototype, b) cluster member, c) residual map, and d)
distance transform of prototype image.
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Figure 5.2: Coding of residual in Figure 5.1 for a) column-major ordering and b)
distance ordering.

5.2. The column-major order results in residual components being spread throughout
the code. In the distance order the relative probability of a residue increases as the
code progresses (from left to right, provided the clustering is correct), as can be seen
in Figure 5.2b. The ordering results in entropy reduction during compression and
allows us to first transmit pixels which contribute the most to symbol recognition.

The quality of the clustering algorithm affects the residuals’ complexity; there
may exist components that have been matched to prototypes of different shapes.
Figure 5.3 shows an example of this situation where a ‘w’ was classified as a ‘v’. The
distance-ordered code is complex. Figure 5.4 shows the progressive reconstruction of
this component by using fractional portions of the code. It can be seen that from the
start of the code, structural components that differentiate a ‘v’ from a ‘w’ are being
formed, aiding in the correct recognition of the component. It can also be seen that
this residual map does not fall into the same category as the residual map shown in
Figure 5.1. From a degradation point of view, there exists a large amount of noise far
from edge pixels and the distribution does not fit the model. Similar results would
be obtained whenever a ‘w’ is misclassified as a ‘v’.
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Figure 5.3: Example of inter-class observation: a) cluster prototype, b) observation,
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c) residual map, and d) distance-ordered residual stream.
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Figure 5.4: Structural contribution of the residual stream shown at reconstruction of

a) 30% b) 60% and ¢) 90% of the residual stream.
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Figure 5.5: a) Low, b) medium, and c¢) high structural impact.

5.3 Structural coding

In the previous section we hypothesized that residual pixels that are farthest from the
prototype’s edge contribute the most to the correct recognition of the component. In
coding the residual, we ordered the pixels by their distances. We can do better if we
take into account the structure of the residual, as discussed in this section.

5.3.1 Continuous ordering

The structure of a residual involves more than its distance ordering. Structure is
a hierarchical concept; a group of pixels has structure, while a single pixel can only
contribute to structure. We will not attempt to give a general definition of “structure”
here, but we will suggest some principles which are applicable to the character domain.
To illustrate these principles, consider the three examples in Figure 5.5. All three
cases show about the same number of residual pixels, and include pixels that have
large distances from the component. In 5.5a, the pixels are randomly scattered; in
5.5b they are tightly clustered to form an almost connected group; in 5.5¢ they form
a group which is almost connected to the prototype. They clearly exhibit a varying
degree of structural impact.

We have experimented with a simple residual encoding algorithm based on the
fact that structurally significant residual pixels are often connected to the prototype.
Our algorithm is based on distance-ordered transmission. When we transmit the first
residual pixel (farthest from the prototype), we connect it (by a digitized straight
line segment(s)) to the pixel(s) of the prototype closest to it, yielding an augmented
prototype that now includes the original residual and the line segment(s). The resid-
ual too then changes; 1’s that belong to the augmented prototype now need not be
transmitted, but 0’s that belong to it (i.e. pixels on the line segment that have value
0 in the image) are now residual pixels and need to be transmitted. As we continue to
transmit residual pixels in (the original) distance order, we connect them to the (orig-
inal) prototype with line segments consisting of 1’s or 0’s; when the latter occurs, it
may cause 1’s to change back to 0’s. Note that such changes affect only pixels that are
closer to the prototype; thus the distances to residual pixels never increase, and the
process eventually terminates when the closest residual pixels have been transmitted.
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Figure 5.6: Three examples of structural coding using various percentages of the
maximal distance.

The results of using this simple algorithm show that (at least) the widths of struc-
tural elements are captured correctly. Figure 5.6 shows three examples of components
represented by using a percentage of the maximal distance. The first example is an
‘m’ component that was misclassified as an ‘n’ prototype. The original residual map
consisted of a structural component that was connected at the top of the prototype.
The representation of this component using residual pixels having distances within
25% of the maximal distance shows a large number of errors in structure estima-
tion. However, subsequent transmissions correct the estimation and produce a shape
close to that of the component. The second example, an ‘v’ misclassified as a dotless
1’, benefits a great deal from the structural ordering; from the onset of coding, the
represented shape is very close to the original component. The third example, a ‘y’
misclassified as a ‘v’, does not take as great advantage of the structural ordering.

5.3.2 Packet-mode ordering

An enhanced variation of this approach transmits the residual pixels in distance-
ordered packets (of user-defined size). When the first packet is transmitted, the
closest pixels in each connected component of the packet are joined to the prototype
by straight line segments. This defines an augmented prototype and a new residual;
the next packet can then be transmitted. Examples of coding based on packet-mode
ordering are shown in Figure 5.7 for packet sizes of 100 and 60 pixels. The size of
the packet should be based on the size of the component and should be large enough
that a packet can contain residuals having a range of distances, and small enough to
allow a number of structural coding steps to take place.

The efficiency of the coding using packet mode ordering, in terms of both com-
pression and representation, falls between those of continuous ordering and distance-
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Figure 5.7: Three examples of packet-mode structural coding using various percent-
ages of the maximal distance, and using 100-pixel (middle row) and 60-pixel (top and
bottom rows) packets.

ordered transmission, since a packet of size 1 implies continuous ordering, and a packet
size as big as the prototype implies distance ordering. For intermediate values, our
results show that both entropy and rendition quality are more favorable, especially
for large components.

5.4 Analysis

It is desirable to analyze the residual code to determine the expected amount of
compression that may be achievable by these and similar coding methods. This can
easily be done by either measuring the entropy as the alphabet approaches infinity,
or by using probabilistic measures. In this section we will pursue both approaches by
setting up a simple model and then extending it to our coding method.

5.4.1 Entropy

Distance ordering has a number of desirable properties, with the compactness of the
code being the most significant. The characteristics and complexity of the residual
map are directly related to the clustering algorithm. For a clustering algorithm that
is optimized based on the degradation effects, the residual pixels can be characterized
as having a distribution consistent with the degradation model. For unoptimized
clustering algorithms residual maps might contain significant structural components.
Assuming that the clustering algorithm is consistent in making cluster assignments,
residual maps that contain a significant amount of structural information will have
consistent mappings. In general, a clustering algorithm that can group similar shapes
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Figure 5.8: System realization of unordered and ordered binary code obtained from
four independent and statistically different sources.

will be able to capitalize on the consistent distribution of residual pixels, particularly
for residual maps that have significant structural components.

Up to now, the consistent distribution of the residual pixels has been shown only
by observing the resulting code and verifying that the beginning of the code has
consistently contained zero values in components that are clustered well. We can,
however, do better. Assume that our residual pixels are samples of binary sources
with varying distributions that depend on the distance model (i.e., residual pixels
having distance d from an edge are samples of the same binary source). Since com-
ponents belonging to the same cluster are not necessarily of the same size, the row
or column ordering of the residual pixels can be regarded as a random selection from
the binary sources. The distance ordering is an attempt to improve this random se-
lection. A hypothetical scenario with only four binary sources is shown in Figure 5.8.
In reality, the number of sources is unknown and the randomizer R is non-uniform
and dependent on the prototypes. Let the unordered code be denoted by U and the
ordered code by O.

To quantify the compactness of O over U we need to determine their entropies.
The entropy of a discrete binary signal B can be calculated by

Hyg(B) =) _ —Pp(b)log,(Pp(b)) (5.1)
beB
where B is the binary space {0,1}, and Pg(b) is the distribution of the samples based
on the binary signal B. This measure of entropy is valid for a binary signal that
is stationary and independent. For signals involving dependency or non-stationary
processes, this measure does not show the true entropy. Consider the entropy of a
discrete signal X with samples in X',

) = oot
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= Y —Px(x)log, (Px(z)) (5.2)

rzeX

For X = {0,1}! we achieve the first-order entropy which is identical to the entropy of
(5.1), and for X = {0,1}" we achieve the nth-order entropy, H,(X). In other words,
a signal X which consists of samples belonging to an alphabet of size [{0,1}"| = 2"
needs at least H,(X) bits per sample (in alphabet) to be coded without any loss.

Then for the n-bit alphabet, the compression factor is the inverse of the

@
entropy rate). For the stationary and independent random variable, the entropy rate
stays constant, but for our ordered binary source the entropy rate decreases as the

order increases. For these signals the true entropy is

H(X) = lim ~H,(X) (5.3)

n—oo n

5.4.2 Simulation

Computing the entropy for U and O is not easy since in calculation of H,(X) we
need to estimate the distribution of symbols in an alphabet of size of 2", which is very
large. For example, for n = 15 the alphabet size grows to 30,000 symbols, and a good
estimate of the probability of each symbol requires a sample of size at least 3 million.
For small values of n, we simulate the entropy of U and O as shown in Figure 5.8,
using four binary sources with the probability assignments of {57, Ss, S3, .54} shown
in Table 5.1. We can then calculate the entropy rates shown in Figure 5.9. Note
that the first order entropy rates of both codes 