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Dictionary Design for Text Image Compression
with JBIG2

Yan Ye Student Member, IEEEBNnd Pamela CosmaBenior Member, IEEE

~ Abstract—The JBIG2 standard for lossy and lossless bilevel itto less lossy versions, until finally the reconstructed image be-
image coding is a very flexible encoding strategy based on pat- comes strictly lossless. A content progressive bitstream orders

ter matching techniques. This paper addresses the problem of 16 gifferent types of image content, for example, first text, then
compressing text images with JBIG2. For text image compression,

JBIG2 allows two encoding strategies: SPM and PM&S. We halftones, and finally gent—;ral graphlc§ (eg., Ilng grt). o
compare in detail the lossless and lossy coding performance using FOr these reasons, besides the obvious facsimile application,
the SPM-based and PM&S-based JBIG2, including their coding JBIG2 will be useful in a variety of different applications, in-
efficiency, reconstructed image quality and system complexity. For cluding document storage and archiving, the World Wide Web,
the SPM-based JBIG2, we discuss the bit rate tradeoff associated ire|ess communications, and printing. To accomodate the var-
with symbol dictionary design. We propose two symbol dictionary . - . - .
design techniques: the class-based and tree-based techniqueé.Ous appllcatlon need_s, J_BIGZ provides _a standardized toolkit
Experiments show that the SPM-based JBIG2 is a more efficient from which each application can select different parts based on
lossless system, leading to 8% higher compression ratios onits own system resources and requirements.

average. It also provides better control over the reconstructed A typical JBIG2 encoder will first segment an image into
image quality in lossy compression. However, SPM's advantages gjttarent regions [5] and then use different coding mechanisms

come at the price of higher encoder complexity. The proposed - -
class-based and tree-based symbol dictionary designs outperform for text and for halftones. In this paper, we are concerned with

simpler dictionary formation techniques by 8% for lossless and Compressing textimages, defined as bilevel images which con-
16-18% for lossy compression. sist mainly of repeated text characters and possibly some gen-

Index Terms—Bilevel image coding, JBIG2, soft pattern eral graphic data (e.g., Iin.e art) but. no halfton_eg. A JBIG2 en-
matching, symbol dictionary, text image compression. coder uses pattern matching techniques to efficiently compress
the textual regions. For general graphic data not identified as
text, the encoder will use a cleanup coder which is essentially a
basic bitmap coder such as specified by JBIG1 or T.6.

HE JBIG2 standard [1], [2] is the new international stan- To encode a page of text, rather than coding all the pixels of

dard for bilevel image compression. Bilevel images hawach occurrence of each character, we code the bitmaps of a rep-
only one bit-plane, where each pixel takes one of two possiligsentative subset and put them into sigenbol dictionaryWe
colors. Prior to JBIG2, compression of bilevel images was adefine asymbolas one black connected component. We can ex-
dressed by facsimile standards such as ITU-T recommendatitiast symbols from the input image using a standard segmenta-
T.4, T.6, and T.82 (JBIG1) [3], [4]. However, these recommeition algorithm [6]. Usually one symbol represents an instance of
dations provide only for lossless compression of bilevel imagescertain alphanumeric character; however, characters that con-
JBIG2 is the first one that also provides for lossy compressidiain separated parts, e.g., English letter “i,” will be extracted as
A properly designed JBIG2 encoder not only achieves higheore than one symbol. Based on how the symbol dictionary is
lossless compression ratios than the other existing standardsfeuned and how symbol bitmaps are compressed, JBIG2 de-
also enables very efficient lossy compression with almost unrftnes two modes for the compression of tgxattern matching
ticeable information loss. and substitutio(PM&S) [7] andsoft pattern matchingSPM)

Another main advantage of JBIG2 is its progressivity. JBIG28].
compliant bitstreams can be made progressive in two sensestiewing the bitmap of each symbol as a binary pattern, we
quality progressivandcontent progressiveA quality progres- can measure the similarity between two symbols using stan-
sive bitstream first provides a lossy representation of the origard pattern matching techniques. When a certain matching cri-
inal image at a relatively low bit rate, then successively refinggrion declares a match between two symbol bitmaps that ac-

tually represent two different characters, we say a substitution

. . . _ error has occurred. For the PM&S-based JBIG2 system, as we
Manuscript received June 29, 2000; revised February 22, 2001. This work wa:

supported by the National Science Foundation under Grants MIP-9617366 éﬁ’mﬁll explain shortly, adopting a pattern matching criterion that
MIP-9624729 (CAREER), and by the Center for Wireless Communication§ robust against substitution errors is particularly important.
University of California at San Diego, La Jolla. The associate editor coorg [9] a pattern matching technique is introduced that is ro-
nating the review of this manuscript and approving it for publication was Prq[{.1 t ’ inst character substitutions but ver mputationally d
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new symbol
in page?

‘ extract a new symbol‘

In Section Ill, we will discuss how to choose representative
patterns to form the dictionary for an SPM-based JBIG2 en-
coder. Prior to our work, Zhanet al. also addressed codebook
design for textimage compression [10], [11]. Their methods are
not directly comparable to ours for two reasons. Firstly, PM&S,
as opposed to SPM, is used as their framework. Secondly, their match new symbol with
work is not related to JBIG2, and so a number of system com- current dictionary
ponents, e.g., location coding, dictionary structure, and index
coding, differ significantly from ours.

This paper is organized as follows. In Section Il we elaborate

best match found 3
on the two text compression modes in JBIG2. In Section 11l we R i .
investigate the problem of symbol dictionary design for SPM- z -
based JBIG2. In Section IV we present our experimental results : -
in terms of compression performance and system complexity. s“'?%‘gg‘flfrtiﬁgary
We conclude the paper in Section V. add to current c1yn—rem symbol
dictionary
\
II. TEXT IMAGE COMPRESSION WITHIBIG2 ]
) . o ) . ’encode relative location]
In this section we explain in detail the two text coding modes F
supported by JBIG2: PM&S and SPM. First, we will explain ‘encode cleanup image‘
how these two systems work and their respective advantagesand = T
disadvantages in lossless and lossy compression. Then, we will irencode residue image!
explain how JBIG2 organizes the different types of information 7T
into segments for text image compression. Fig. 1. Flow chart of a typical PM&S system.
A. Pattern Matching and Substitution B. Soft Pattern Matching

Ideally, in the symbol dictionary, we want one and only one As an alternative to PM&S, JBIG2 allows soft pattern
symbol bitmap to represent one certain character, such as ithegtching (SPM) [8]. Fig. 2 shows the original SPM system
letter “b.” This way each time there is another instance of th@ock diagram as proposed in [8]. In SPM, if no match is found
letter “b,” we can use a pointer to the “b” in the symbol dicin the symbol dictionary, the current bitmap is coded with
tionary to describe the bitmap of the current “b.” This leads tirect coding as in PM&S. But when a matching dictionary
the idea of pattern matching and substitution (PM&S) [7]. lentry is found for the current symbol, SPM differs from PM&S
PM&S, a pattern matching criterion is first chosen to measuie coding the new symbol with refinement coding and adding
the mismatch between two symbols. To code a new symbol, weo the dictionary.
look for the dictionary entry which has the smallest mismatch In Fig. 3, we show the JBIG2-compliant context templates
with the symbol to be coded. If that smallest mismatch is lefsr direct and refinement coding used in our implementation.
than the preset threshold, we code the symbol by using a poirlterefinement coding, to predict the color of the current pixel,
to the dictionary entry. If the closest dictionary entry is too fahe arithmetic coder not only uses knowledge about its causal
away, we code the new symbol bitmap with a JBIG1 or T.6 typeeighbors, but also draws information from the causal and non-
of entropy encoder (calledirect coding. Then we add the new causal neighbors from the corresponding pixel in the reference
symbol to the dictionary. Fig. 1 describes the typical coding prbitmap. Therefore, refinement coding achieves more accurate
cedure of a PM&S system. prediction and hence higher compression ratios. Naturally, in

Use of PM&S allows high compression ratios for text imerder to improve the prediction accuracy in refinement coding,
ages that have many repeated symbols. However, it is inhdre reference bitmap should be a close match to the current one.
ently lossy and there are inevitable substitution errors. How frelowever, we note that even using a totally mismatched refer-
quently these occur depends solely on the pattern matching erice symbol merely leads to reduced compression efficiency,
terion and threshold selected. If these errors are not acceptabt#,to any substitution errors. The residual coder mentioned ear-
JBIG2 allows the use of a residual coder which usfisement lier uses refinement coding on the entire image level rather than
coding[12]. Refinement coding refers to coding the originabn the symbol level. To transmit the current image (either the
image again with an arithmetic coder using context informatidassless one or a less lossy one), the residual coder uses knowl-
from both the lossy image transmitted and the already coded padige from both the already coded portion of the current image
of the original image. The overall compression thus achievedaad the lossy image transmitted to make prediction more accu-
better than that obtained by coding the original image by JBIGrhte.

We will discuss refinement coding further when we introduce Without the two dashed boxes in Fig. 2, SPM is a strictly loss-
SPM. Besides refining the lossy image to its strictly lossless véess system. To achieve lossy compression with SPM, [8] pro-
sion, the encoder can also elect to refine it merely to a less loggsed three preprocessing techniques to introduce information
version. loss in a restricted manner. These techniques are csledk
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'speck elimination’
iedge smoothing |
new symbol
in page?

Yes

’ extract a new symbo]l (a) reference (b) new symbol
v
match new symbol with
current dictionary "o w L
]
=]
’ | |
best match found
is acceptable? "
: i $ "
zl T
:.,Sp?.pf EQ%inEgJ (c) initial difference map (d) difference map (e) modified new symbol
direct coding between reference after isolated errors
and new symbol are removed
) Fig. 4. Example of shape unifying. The modified new symbol (e) is losslessly
‘ add to current dictionary’ coded.
| encode relative location’
[
¥ o L
‘encode cleanup image| ences); shape unifying completely eliminates such events. Fur-
thermore, except in the special case of very tiny symbols, these
Fig. 2. Flow chart of the original SPM system. preprocessing approaches do not introduce substitution errors.

The loss of visual information is almost imperceptible. Com-
pared to PM&S where the error image may contain many clus-

Context in current symbol Context for refinement bitmaps  tered errors, SPM-based lossy compression generates mostly
for direct bitmaps context in context in dispersed errors. The quality of such reconstructed images is
current symbol reference symbol

better from the point of view of character recognition and vi-

| I ] sual appearance. _ o _

< r ] If a lossless or less I_ossy version of the original image is to
be requested later, as in the PM&S case, the SPM encoder can

also use a residual coder to efficiently transmit the original or

Fig. 3. Contexts used for direct and refinement coding: To code the pixtt-ge Iess lossy image u§|n.g th.e lossy version alread.y sent.

marked X, the binary arithmetic coder forms a context using the neighboring Notice that speck elimination and edge smoothing are truly

pixels. preprocessing techniques. Shape unifying, on the other hand, is

not strictly a preprocessing procedure since it is not done until

after symbols find their best matches in the dictionary, which,
elimination edge smoothingandshape unifyingSpeck elim- for the proposed dictionary design techniques, will not happen
ination wipes out very tiny symbols or flying specks (symbolg_”t” the entire Q|ct|onary |t§elf is finally decided. Once the en-
no bigger than 2« 2). Edge smoothing fixes jagged edges byre symbol set is altered with these three a_pprogches, the page
flipping protruding single black pixels or indented single whitéS compressed losslessly; no further loss will be introduced.
pixels along text edges. Shape unifying (see Fig. 4) tries to makd €rfect Symbols:For symbols that are matched in the dictio-
the current symbol's bitmap as similar as possible to its ref@ry; PM&S transmits them using only an index pointer. SPM
erence bitmap, without introducing “visible” changes. This i§ansmits not only the index pointer, but also the refinement
achieved by flipping pixels in the current bitmap if they are isg=°ded bitmap. Therefore, PM&S encodes faster. However, in

lated areas of difference with the reference bitmap. Throughd{le 0SSy SPM case, the bitmap coding procedure can be sped
this paper, we use the term “isolated” to meana 1, 1x 2, UP by taking advantage gerfect symbolsPerfect symbols are
or 2 x 1 block of pixels. This modified current bitmap is therfhose refinement symbols that become identical to their refer-

refinement coded losslessly. ences after shape unifying. That is, the block in Fig. 4(d) is

Shape unifying gives the largest amount of improvement ovlank. For perfect symbols, the following two facts hold true:
compressing losslessly. Our experiments show that using onlyl) there is no need to send a symbol’s bitmap with refine-
the first two techniques together can improve compression by ~ ment coding if it is perfect;
around 8% over the strictly lossless case, while adding shape?) adictionary symbol that becomes perfect can be removed
unifying provides approximately 40% improvement. Shape uni-  from the dictionary.
fying is so efficient because isolated differences between theObviously, 1) saves compression time by skipping the expen-
current bitmap and its reference are very detrimental to arithive arithmetic coding procedure. Experimental results in Sec-
metic coding efficiency (even more so than clustered diffetion IV will show that shape unifying can sometimes render
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a significant percentage of perfect symbols, thereby compen-
sating for the higher complexity of an SPM encoder. As will be
discussed later, 2) can further improve compression by reducing
the dictionary size and hence bits spent on index coding.

C. JBIG2 Segments 179{?1?{????}1}371
When a symbol bitmap is extracted from the input image, extract symbols and extract symbols and
its location information is obtained at the same time. These  |form PM&S dictionary) form SPM dictionary

different types of information are organized into JBIG2 seg- d¢d' .

H o sen 1rec
ments._ For a typrc_al page qf text, a group _of dictionary sym- : dictionary segment
bols will be transmitted first in theymbol dictionary segments _ send direct I
[1]. There are two types of symbol dictionariefitect dictio- dictionary segment send refinerment
nary andrefinement/aggregate dictionarintries in the direct dictionary segment
dictionary are symbols that do not refer to any other symbols. |
Their bitmaps are Huffman coded or arithmetically coded using '
direct coding. Entries in the refinement/aggregate dictionary are match symbols on

page with dictionary|

symbols that refer to some other dictionary symbol (either in

the direct or in the previous part of the refinement/aggregate sond toxt

dictionary). Their bitmaps are arithmetically coded using re- region segment

finement/aggregate coding. Aggregate coding is a special mode ]

of refinement coding that allows the current bitmap to use two send generic

or more bitmaps at the same time as its reference. Symbols in region segment

the dictionary segments are arranged into classes with the same poooooooooo- ¢ fffff S !

height; inside one height class symbols are usually sorted by 1sendr§§?::§e§£2§?em¢

width, making transmittal of size information more efficient. ~ ooeoomereemomeeeeee
After the dictionary segments, next are encodedtéxé re- &

gion segmentsn which the makeup of the input page is de-

scribed to the decoder. Each text region segment consists of Fig.5. PM&S- and SPM-based JBIG2 systems.
narrow horizontal coding strips. In the transpose mode, coding

strips are vertical. The symbol instances whose reference cor-

ners (e.g., the lower left corner) lie inside the coding strip are en- : o
coded together. To describe each symbol instance, several thifd character. This way all distinct characters get represented

are transmitted: its vertical offset relative to the top of the cuf"d N0 bitmap and index resource is wasted representing some
rent strip, its horizontal offset relative to the previous symbgharacters repeatedly. For an SPM-based JBIG2 encoder, the
instance, its dictionary index, a one-bit flag to signal wheth@@@! is not as obvious. In SPM, a matching dictionary symbol
its bitmap is refined from the dictionary symbol it refers to, ant§ Not directly substituted for the current symbol; rather, it pro-
its refinement coded bitmap if the previous bit is one. We cafjdes useful prior knowledge to guide the refinement coding of
the refinement coding of bitmaps that happens in the text regil} current bitmap. A more accurate match means less expen-
segmentembedded codingn PM&S, no embedded coding isSVe refinement coding. Therefore, the symbol dictionary should
used. be seen as a pool of useful reference information rather than as
Since a typical text image can also contain line art that qascoller:tipn of distinct characters that occur rn the image. An
not identified as text, such general graphics are encoded in $RM dictionary can have several symbolsirnsrde it representing
generic region segmentSeneric region segments are encodefl€ Same character, as long as each provides some useful refer-
with the cleanup coder, a basic bitmap coder such as specifidtfe information. Furthermore, sometimes it may be efficient to
in JBIG1 or T.6. refine a symbol representing one character from a symbol rep-
If the page image described so far is lossy, and the loss|&&§enting a_drfferent character. For examplg, the letters ‘c” and
image or a less lossy one is desired, the encoder transmits fie@r€ Similar enough that the current "c” is better off being
refinement information irgeneric refinement region segment§0ded by refining the previous “o” than by direct coding.
using a residual coder. In SPM, the basic bit rate tradeoff associated with symbol
In Fig. 5, we show the order in which different types of JBIG#lictionary design is as follows. If one puts more symbols into
segments are sent in PM&S and SPM systems. We note thatipg dictionary, all dictionary symbols have a longer index. Thus

PM&S system does not need to send a refinement dictionéﬂﬁjex codingwill require more bits. However, with more dictio-
segment. nary symbols, all symbols will have a broader range of choices

for more accurate matches, and herefsnement codingan be
made less expensive. Therefore, to resolve the tradeoff at a fa-
vorable point, our goal is to design a reasonably small dictio-
For a PM&S-based JBIG2 encoder, ideally, we want one andry that can still provide comprehensive and accurate refer-
only one symbol bitmap in the dictionary to represent one ca¥nce information. This involves not only choosing a good rep-

I1l. SymBoL DICTIONARY DESIGN FORSPM-BASED JBIG2
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Fig. 6. Super-class merging process. Shaded areas indicate three existing super-classes. Black symbols are super-class leaders. Thirhamrefesestoaw t
relationship within each super-class. Removal of the dashed thin arrows breaks the unique loop in each super-class. Thick arrows show hoadthes three le
matched at the next round. Removal of the dashed thick arrow breaks the new loop. The three existing super-classes are merged into one neltmupewclass.
leader is the black “e” in the middle.

resentative small subset from the entire extracted symbol sgmbols that refer to other symbols but are not referred to by
as the dictionary, but also deciding the reference relationshgrsy one else. They can be removed from the refinement dic-
among dictionary symbols so that we can efficiently compretienary and relegated to the text region segments for embedded
the dictionary itself. That is, how should we decide the referenceding. We will refer to the dictionary formation method that
relationship between them in such a way that each dictionarycludes direct and refinement singletons asdingleton ex-
symbol can have an accurate reference and thus be compressigsiondictionary. Forming this singleton exclusion dictionary
efficiently? is still essentially one-pass in the sense that each symbol finds
In this section, we will first introduce two simple existingits best match only among previous symbols.
methods for dictionary formation, and then we will elaborate

on the two proposed dictionary design techniques, one basednClass-Based Symbol Dictionary Design
the concept of classes, the other based on minimum spannin% )
ecause a JBIG2 encoder has access to the entire set of ex-

trees. o .
tracted symbols before any actual coding is carried out, each
A. Simple Methods for Dictionary Formation symbol can find its best match amoall other symbols. There-

As shown in Fig. 2, the original SPM system proposed bfore each symbol can potentially find a more accurate reference

Howard [8] described a sequential way to form the dictionar%/ymbOI‘ In our class-based symbol dictionary design technique

As each symbol is extracted from the page, its bitmap is matchéé ], we define a cIa;s to be a set O_f symbols for which
with the existing dictionary entries (this match is prescreened 1) €ach symbol in a class has its best match symbol also
by size) and transmitted with direct or refinement coding de- __ Within the class; o .
pending on whether the best match found in the dictionary is 2) Fhere is no way of subdividing t'he class into su'bgroups
acceptable. Then, the new symbol is added to the dictionary. N such away that each symbol in a subgroup still has its
The dictionary size keeps increasing as the page gets processed. Pest match in the subgroup.
By the end of the page, the dictionary contains every extracted®ne way to partition the entire symbol set into classes is to
symbol. We refer to this asne-passlictionary formation. point each symbol to its best match. This way the symbol set is
The one-pass dictionary inevitably contasiagletons[6], partitioned into small pieces of connected graphs with very sim-
[13], i.e., dictionary entries that are never referenced by otH&" Symbols clustered together. These connected graphs have
symbols. They are detrimental to compression efficiency in th4€ighted edges where the weights are the mismatch scores be-
they provide no useful reference information, yet dictionary ifween each pair of symbols. Since class members are very sim-
dices are allocated to them, thereby increasing the length ofiif only one dictionary symbol is needed to provide reference
dictionary indices. Singletons are of two typBirect singletons information for one class. This dictionary symbol is called the
are symbols that neither refer to other symbols nor are refer/@@ss representativaVe choose the class representative as the
to by other symbols; usually they are “strange” symbols in trymbol with the smallest average mismatch within the class.
image, e.g., a company logo in a business letter. Direct singleAfter a dictionary consisting of class representatives has
tons can be removed from the direct dictionary and relegat@gen formed, we follow a similar procedure recursively to
to generic region segments (the cleanup coder) to be codedsfiiciently compress the dictionary itself. First, each dictionary

gether with other general graphid@efinement singletorsre Symbol is pointed to its best match among other dictionary
symbols, so the dictionary symbols are partitioned into small
1L ater in [2], the authors described the SPM system as conditionally addipgnnected graphs. Each graph has exactly one Ioop inside;

the new symbol into the dictionary after coding its bitmap but did not give more Il th d b | Fia. 6
detail. Here, we only consider the simpler case where each symbol is added ¥ Call these connected grapkaper-classegsee Fig. 6).

the dictionary. Each loop is broken by eliminating the edge with the highest
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weight (i.e., biggest mismatch score); this generates o
super-class leader for each super-class. At the next rou

these super-class leaders go out and find their best matc = ﬂ

among other super-classes (not just other super-class leadd “-'f.- - a0 A
In this way super-classes are merged together. For each m4 & s o '

we will have another unique loop within the newly generatg ‘.-"‘--'_________-

super-class, which is broken in the same manner as before. ~ a

repeat this “match—merge—break” iteration recursively until r] 0z < .______.--""

super-class leader can find an acceptable best match am d 005

the other super-classes, i.e., the smallest mismatch score is
longer below the preset threshold. At this point the dictional
symbol set is partitioned into disjoint super-classes that g B
sufficiently dissimilar from each other. We have obtained
suboptimal solution to the reference relationship among t

dictionary symbols. The final super-class leaders go into t b

direct dictionary and other class representatives go into t ;,’.‘;-._\ b ____“_M--:' b

refinement dictionary. The natural order by which symbo

are extracted has been changed, and we will need to reor 0.1 ™ 10 il
the dictionaries so that each symbol comes after its refere b - - ¥
symbol. b

C. Tree-Based Symbol Dictionary Design

In the dictionary design technique based on minimum

spanning trees [_15]’ we first consider all the extra(_:ted Sym_bclllls. 7. Minimum spanning trees constructed from original matching graphs.
as a set of vertices. We try to connect each pair of verticCggken edges existed in the original graphs but are discarded by Kruskal’s
with an edge whose weight is the mismatch score betwedgprithm.

the corresponding symbols. Because weights can not exceed

the preset mismatch threshold, there is no edge connectg}gj index coding cost. For refinement coding, once an MST is
symbols that have unacceptable mismatch. Therefore, the eniiiesircted, the total amount of mismatch this tree carries (this

extracted symbol set is represented by a number of undirecieflafined as the sum of the weights of all the edges) is fixed re-

graphs. Strictly speaking, these graphs are not undirected as QFdIess of the choice of root. Although mismatch score based
mismatch from symbol A to symbol B is not necessarily th

. n Hamming distance does not correspond directly to refine-
same as the mismatch from symbol B to symbol A. Howevehon coding efficiency, experimentally it is observed that this

this dlﬁergnce is small, and so yve trgat the two scores as eqlfﬁ'llsmatch score is a fairly accurate indicator of the actual re-
To obtain the reference relationship among all symbols suffae ment compression efficiency. Therefore, refinement coding
able for compression, many edges in the graphs must be eligi 4 not be affected significantly by choosing different nodes
nated. This is because as the root.
1) each symbol needs only one symbol as its reference;  However, index coding cost does directly relate to the choice
2) symbols can not refer to each other circularly, i.e., thef root. Since the leaves of the trees are refinement singletons
final graphs must be acyclic. which will not get assigned dictionary indices, more leaves
The final matching graphs should be trees spanning all theeans lower index coding cost. For each MST, we choose
symbols. Furthermore, for the compression to be efficient, thebitrarily any node with degree greater than 1 as its root (a
overall weight (i.e., mismatch) of the trees should be small. Tiede’s degree is the number of connecting edges it has). This
minimal overall weight solution is given by the classic minimunis because the following theorem is true (proof is trivial).
spanning tree (MST) algorithm. We use Kruskal's Algorithm Theorem 1: For a tree withh nodesyn of which are degree-1
[16]. First, we take out all the edges from the initial graphsiodesm < n, it willhavem—1 leaf nodes if any degree-1 node
leaving only vertices. Then we put back the next edge with tigchosen as the root, and hawdeaf nodes otherwise.
smallest weight provided that it does not introduce cycle into MSTs give us the optimal reference relationship between ex-
any of the current graphs. We continue until we can add no maracted symbols. After we have chosen the tree roots, we con-
edges into the existing graphs. That gives us the final MSTstruct the symbol dictionary and calculate its size. Suppose al-
Fig. 7 shows the initial matching graphs and the MSTs cotegether/V symbols are extracted (i.e., the undirected graphs
structed. The isolated nodes in the picture represent “strangpive V vertices). Using Kruskal's algorithn?, trees are con-
symbols that resemble no other symbol; they are direct singi#ructed. Out of th&” trees, T’ — T trees have only one node,
tons and will be coded in generic region segments. and7y have more than one node. For thetrees with more than
After the MSTs are obtained, we need to decide a root nodee node, assume we choose their roots as just described and get
for each MST. See the “a” tree and the “b” tree in Fig. 7. W& leaf nodes in total. The symbols represented byfthe 1}
would like to choose the root that gives the lowest refinemesingle-node trees are direct singletons. Thieaf nodes from
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theT} multinode trees are refinement singletons. These singl ROOT
tons do not go into the dictionary. All tHE, tree roots go into

the direct dictionary; the remaininy — 17" — L internal nodes
. . . 0.0 0.01
go into the refinement dictionary. /
D. Changing the Dictionary Size e T =
Using “good” dictionaries (reasonably efficient suboptima 0.03 - /(;.06 0'0?/ 003 0.09
dictionaries) with different sizes, we can analyze the bit tradec L
problem, and try to resolve it at a favorable point for a particule L7
page image. In this section, we explain how to modify sizes fc ‘<"‘“~~\ 0.05
the class-based and tree-based symbol dictionaries. 0 01/ 0.06
1) Class-Based DesignThe mismatch threshold deter- ) 0.05
mines the number of classes and therefore the cIass-ba:@ @ @
dictionary size. The size can be modified by merging simile

classes before putting their representatives into the dictionary. o ,
To o this we find the two existing classes that are the s % Te2 medfieaton process, Soli amous stw he curent s,
similar, i.e., their representatives have the smallest mismatchebf is 0.03 for “a” and 0 for “d.” Node “d” is first turned into a leaf. Its child
these two classes are sufficiently similar, we merge them intg5% goes to “c.” Then “a” is turned into a leaf. Its child “c” goes to "b.” Note
new one. We then choose the new representative as the syrilbi € 1akes its children *1,"2," and *5" together with it
with the lowest average mismatch within the new class. We
repeat this until a desired dictionary size is reached or until we
can find no similar classes.
2) Tree-Based DesignThe initial dictionary constructed
from the MSTs has7; direct dictionary symbols and
N — T — L refinement dictionary symbols. The direct dictio-
nary size cannot be changed unless we use a different mismatch
threshold. The refinement dictionary size, however, is reducible . i .
by increasing the number of leaf nodes. To do this, we consider PIX€lS, while NO3H has size 2480 3508 and S012 2536
each internal node as a leaf candidate. To change an internal  * 3308.
node to leaf, we neeq to r_elocate allits children_ to other intern'g‘\_l PM&S versus SPM
nodes. For each child, its next best parent is chosen as the ) )
internal node that gives the next lowest mismatch and is not!n this section, we compare the lossless and lossy coding per-
this child’s offspring (otherwise we will introduce a cycle). formance of the PM&S-based and SPM-based JBIG2 systems.
Therefore, for each internal node, we can defineciist as  FOr the pattern matching criterion, we used the percentage of
leafas the sum of all the mismatch differences its children wilhismatch based on Hamming distance in both systems. For the
suffer by being relocated to their new parents. Sometimes WM&S system, our experiments show that a mismatch threshold
may not find a new parent with an acceptable mismatch. In t/5£0.1 (meaning that at most 10% of pixels have different colors)
case the child can not relocate; its parent’s cost as leaf is infini@2ds to rare substitution errors. Therefore, unless otherwise
Fig. 8 illustrates the tree modification process. Starting froffated, we preset the mismatch threshold to 0.1 for PM&S. In
the initial MSTs, we calculate every internal node’s cost. wge SPM system, the mismatch threshold is not directly related
choose the node with the lowest cost as leaf, relocate its childf@rfhe number of substitution errors, and our experiments show
to their new parents, and make this node a new leaf. The dictipat the overall compression differs by less than 1% with dif-
nary size decreases by one. By doing so, the parent_oﬁsprfﬁbent thresholds between 0.1 and 0.2. The optimal value occurs
relationship for some nodes has changed and we need to redkpund 0.15; therefore 0.15 is used as the mismatch threshold for
culate their cost as leaf. We continue this greedy process ufir SPM results.
some target dictionary size is reached, or until no more valid1l) Lossless Compressiortable | lists the total lossless bit
leaf candidates can be found and the minimum dictionary si#d€s and corresponding compression ratios on the 12 test im-

is attained. This allows us to obtain symbol dictionaries with aR9es for the PM&S- and SPM-based JBIG2. For SPM, singleton
most arbitrary sizes. exclusion dictionaries are used to obtain the bit rates shown in

this table. (The more sophisticated SPM symbol dictionary de-
sign methods give further compression gains at the expense of
greater complexity.)

In this section we show our experimental results on textimageFrom Table | we see that the SPM-based JBIG2 achieves
compression using JBIG2. Our encoder is fully JBIG2-coninore efficient lossless coding. The last row gives the total
pliant. Our test images are from two sources. number of bytes needed for the two systems to compress the

1) Two CCITT images that are mainly textual: fO1_200 anti2 test images losslessly. The total number of uncompressed

f04_200. Their resolution is 200 dpi, size 1328339 bytesis 11700 164. The compression ratios (CRs) are 23.5 for
pixels; PM&S and 25.6 for SPM, respectively. This amounts to about

2) Ten images selected from the University of Washington
Document Image Database | [17]. This database contains
about 980 scanned document images. The 10 images we
selected are mostly streak-free, not obviously skewed,
from various sources, and contain mainly text, little line
art and no halftones. All of them have 300 dpi resolu-
tion. Eight of the images have the same size 258300

IV. EXPERIMENTAL RESULTS
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Fig. 9. Original and reconstructed images from lossy PM&S and SPM. Test image is S012.

TABLE | TABLE I
COMPRESSEDFILE SIZES (IN BYTES) FOR LOSSLESSPM&S AND SPM LOSSLESSCOMPRESSIONRATIOS FROM OUR ENCODER AND UBC/IMAGE
JBIG2 SSTEMS POWER JBIG2 ENCODER
PM&S SPM (SINGL. EXCL.) PM&S SPM
CCDED SIZE CR CODED SIZE CR TCTAL BYTES CR TCTAL BYTES CR

£01.200 10,762 46,9 10,484 48 .2 QURS 496,885 23.5 457,710 25.46
f04.200 25,412 14.3 33,504 15.1 UBC/IMAGE POWER 566,369 20.7 498,097 23.5
IGOH 47,262 22.6 43,635 24.5
JO0C 50,709 21.1 45,393 23.6
NO3F 38,527 27.8 35,029 30.5 . . . .
No3H 35,345 317 31754 =13 strip size of eight pixels; and they both treat symbols smaller
NO3M 56,441 ] 18.9 51,601 20.7 than 2x 2 as specks and code them with cleanup coding, etc.
NO46 28,634 37.3 25,792 41.5 . .
e 35927 25 5| 33 390 51 We see that our encoder compresses more efficiently.
NO4H 32,695 |32.70 29,763 35.9 2) Lossy CompressionTo achieve lossy compression using
NO57 55,039 19.4 50,085 21.3 . .
O T e s T SPM-based JBIG2, the encoder preprocesses the input image
TOTAL 496,885 [23.5] 457,710 25.6 using the three techniques described in Section II-B. The

encoder then encodes the preprocessed image losslessly. This

8% better compression for SPM over PM&S. SPM is mofgads to compression approximately 40% more efficient than
efficient because it successively refines the symbol bitmafit strictly lossless case, while guaranteeing the reconstructed
on-the-fly by referring them to the best reference bitmaps it c4Rage to be different from the original mostly at isolated pixel
find at the current moment. The PM&S encoder takes care Rf#Sitions. For PM&S, using the Hamming distance matching
refinement coding only after all symbols have been transmitt€fit€rion, we would not have this nice property because the
at a lossy level. It then uses the residual coder to bring up tBacoder will indiscriminately introduce clustered errors as well
image quality. This is equivalent to refinement coding a grous isolated ones. This can be seen by combining the results
of symbols based on only one reference. Therefore, pmd&ig Table I1l which lists the compressed file sizes in bytes and
provides each refinement bitmap with less accurate referel@gé percentages of flipped pixels and Table IV which lists
information. Even though SPM usually generates a largéle percentages of single-pixel errors, double-pixel errors and
symbol dictionary and hence has higher index coding cost,CltJStered errors (cont.alnlng thr.ee or more conneqted error
achieves better overall compression. A larger dictionary is alBbels). To obtain a valid comparison in Table IlI, we fine tune

one reason why SPM has longer encoding time as we will sh&@ mismatch threshold used in the PM&S system to make the
soon. compressed file sizes very close to those generated from SPM.

In Table ||, we compare our lossless encoder with arEfom Tables Il and IV we see that although the reconstructed

other JBIG2-compliant encoder by University of Britisft’M&S images contain fewer error pixels, the percentages
Columbia and Image Power, Inc. This encoder is available &t clustered errors are significantly higher in PM&S than in
http:/spmg.ece.ubc.caljbig2/ as binary executables for seve?EIM (27% compared to 4%). Isolated errors are not only less
OS platforms. Currently it has only lossless mode. Althougfisually perceptible, but also less likely to cause character
detailed information about the UBC/Image Power encoder hgibstitutions. The enlarged portions of the original image and
not been made publicly available, we attempted to set the éfi¢ reconstructed ones from PM&S and SPM are compared
coding parameters to values that correspond to our encoder. i80rig. 9. Visually the SPM image looks closer to the original
example, the two systems use the same context templatesiftRge. It also looks more appealing because edge smoothing
direct and refinement coding; they both have the same codiig§noved the protruding or indenting single pixels, making the
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TABLE Il TABLE IV
COMPRESSEDFILE SIZES (IN BYTES) AND PERCENTAGES OFFLIPPED RECONSTRUCTEDIMAGE QUALITY FOR PM&S AND SPM. ALL
PIXELS FORLOSSYPM&S AND SPM S/STEMS NUMBERS ARE IN PERCENTAGES
PM&S SPM PM&S SPM
CODED SIZE | % FLIDPS CODED SIZE | % FLIPS SINGLE | DOUBLE | CLUSTERED || SINGLE [ DOUBLE | CLUSTERED
£01-200 61 19 20 68 28 3
£01.200 6,748 0.17 6,760 0.25 £04_200 70 17 12 67 30 3
£04_200 18,980 0.72 18,947 1.22 IGCH 55 21 24 62 35 3
IGOH 26,362 0.56 26,291 0.72 Jggo 65 ;7 ;2 i 32 3
NO3F 57 1 55 4 5
J000 23,530 0.63 23,633 0.92 N3 78 8 v 5 75 -
NO3F 21,052 0.53 21,032 0.59 N o 72 55 =2 77 G
NO3H 19,339 0.40 19,070 0.54 NO46 37 21 42 35 39 5
NO3M 31,665 0.71 31,148 0.87 NO4D 47 22 20 58 36 5
NO4H 45 23 32 57 38 5
NO46 17,338 0.35 17,301 0.37 NoTS e = 55 =5 Tz z
N04D 19,174 0.48 19,036 0.57 S013 5c 51 53 o3 22 3
NO4H 19,437 0.36 19,522 0.43 AVERAGE 52 21 27 61 35 ]
NO57 30,811 0.69 30,579 0.81
5012 38,341 0.89 38,147 1.13
TOTAL 272,777 6.49 271,466 8.42 TABLE V
EXECUTION TIME (IN SECONDS AND PEAK MEMORY USAGE (IN MEGABYTES)
FOR THELOSSLESS ANDLOSSYPM&S AND SPM S/STEMS
text edges more continuous and smooth. The superiority of LOSSLESS CODING || LOSSY CODING

. . PM&S SPM PM&S SPM
the lossy SPM system comes at the cost of encoding time and oSS s T oo 0. S T o s oo

system complexity. The complexity gap between PM&S and  MEMORY UsagE (MB) [ 17.1 17.8 17.3 | 17.6

SPM is even bigger than in the lossless case because lossy

PM&S does not need the residual coder, while lossy SPM has

to perform the three preprocessing steps on the whole imag as to encode most of them (about_75% of all the symbols, see
3) System ComplexityAs shown in Figs. 1 and 2, PM&S able VI). Also, PM&S takes less time to match the symbols

and SPM share very similar structures. Building blocks schfth the dictionary because it retains a smaller dictionary with

as symbol extraction, location and other numerical data codir® ’Iy_dlre.ct symbols; SPMadds every symbolinto the dictionary,
aking it grow much faster.

and cleanup page coding are basically the same. The big di S ds about 2—4% | hvsical han S
ence is that PM&S does not do refinement bitmap coding. ForPM& needs about 2-4% less physical memory than SPM.

lossless coding, the PM&S system needs the residual codeP8" sys;emsg&e;_a page bUffeBr, V\;]hiCh, depenlding ondthhe image
the very end. For lossy coding, the SPM system needs to prep?g—e'tls a ?Ut_ h n our(;ests. gt hsystems a ? nee .t ekz)s;me
cess the inputimage. In real applications, when using PM&S fgpmber of arithmetic coders and the same coding strip bufer

lossy coding, extreme care should be taken in selecting a pro ﬁ?d for tﬁXt region segr?ehnts. St;)rlng the Fi|;:]t|on]:51ry only takltlas
pattern matching criterion so that the system suffers minim a small percentage of the total memory; therefore, a smaller

character substitution. Usually this means a more sophistica %{Onﬁry n _IF_)'\gf‘sv?nly Iei.a?ihto margln?I savmfgs. foct
pattern matching technique that takes longer to compute [ inaily, In fable Vi, we list the percentages ot pertect sym-

However, in our experiments, we use the same Hamming d ls generated in lossy SPM. This is a measure of how much
' ' ﬁrﬁcoding time is saved by not coding the bitmaps of the perfect

tance matching criterion for both systems. We set the misma . . .
threshold to be low for the PM&S encoder to suffer rare subsﬁymbOIS' While the percentage is image-dependent and varies

tution errors. a great deal (from 3% to 57%), we see on average 25% of the

Our experiments are done on a Pentium Pro 200 MHz rlfj,,xmbols are perfect. Omitting the arithmetic coding procedure
o

ning Red Hat Linux 6.0, with 64 MB physical memory. Suc ' Or(‘f qutf_;lrter ﬁlf ?” metsymbolzsavestat\ nonttrtlwal z:_m(_)unt of
a system is far from state-of-the-art, however, we can still ophcocing time. iNote that we made no attempt to optimize our

tain a valid relative comparison between the PM&S and SPﬁﬂCOd?r.ttOW?rd g(tanertat;]ng Pp]orde_ p;grfect symbo(;ls. Eacfh Sr?/ Tr? ol
systems. Our code was not optimized for speed or memory f.ors lolis closestmaich inthe dictionary, regardiess ofwhether
this reference will make it a perfect symbol or not.

ficiency.

We use execution time (Unix “time”) and peak memory usage . o ]
(“top”) to measure the system complexity. Table V shows tﬁ%‘ Different Symbol Dictionaries for SPM-Based JBIG2
execution time (in seconds) and peak memory consumption (inin this section we first investigate the effects on coding ef-
megabytes) of the two systems, in lossless and lossy mod&sency of using different symbol dictionaries for SPM-based
averaged over the 12 images. The timing results vary slight8IG2. We then change the dictionary sizes to obtain the dictio-
each time the program is run; therefore we run each test imagey size versus compression tradeoff curves.
three times and take the average. 1) Lossless and Lossy Compression Ratidable VII com-

Singleton exclusion SPM is about three times slower thamares the total number of bytes required to encode the test im-
PM&S in lossless coding and two times slower in lossy codingges using the four symbol dictionary designs discussed in Sec-
PM&S encodes only direct bitmaps, which, in our experimentgon IlI: the one-pass, singleton exclusion, class-based and tree-
account for an average of only 12% of all extracted symbolsased dictionaries. The percentages of improvement over the
lossless SPM has to encode all extracted symbols and lossy S&iviplest one-pass design are shown for each of the other three



YE AND COSMAN: DICTIONARY DESIGN FOR TEXT IMAGE COMPRESSION WITH JBIG2 827

TABLE VI
PERCENTAGE OFTOTAL PERFECTSYMBOLS GENERATED BY LOSSY SPM S/STEM

h
=1
=

£04 [ IGOH | JOOC | NO3F | NO3H | NO3M [ N046 [ N04D [ NO4H [ NO57 | s012 [ AVE.

47 |57 | 25 | 46 | 5 [ 24 | 13 | 3 [ 16 | 15 | 17 | 33 | 25
§ o7x10° ‘ 5 4x10° ‘
—6— tree-based —— tree-based
_1.06r —— class—based 1 . —— class-based
2 $7.2-
=1.05 =
2 =3
81.04 87
[} (2]
=1.03 =6.8
3 3
51.02 °
8 86.6
1.01¢
1 6.4 ‘ ‘
0 200 400 600 0 108.0. 2000 3000
dictionary size ictionary size
(a) f01_200 (b) S012
Fig. 10. Dictionary size versus compression tradeoff curves on two test images.
TABLE VI viding about the same amount of useful reference information

TOTAL COMPRESSEDFILE SIZES FORLOSSLESS ANDLOSSY SPM SYSTEMS even though they are much smaller. This explains the compres-
WITH THE FOUR DICTIONARIES R . . .
sion improvements obtained in Table VII.

ONE-PASS SINGL. EXCL. CLASS-BASED TREE-BASED H H H
I e 2) Bit R_ate Trao_le(_)ff CurvgsFlg. 10 shows _overall bit rate
LoSSLESS || 479,714 | 457,710 | 4.¢ | 442,185 | 7.6 | 240,107 ] 5.2 as a function of dictionary size for two test images, f01_200
LOSSY 303,648 | 271,466 10.6] 250,322 1 17.6 ] 255,421 ]15.°  gnd S012. Image f01_200 contains only 1088 symbols which is
the least among all images, while image S012 contains 5653
TABLE VIl symbols, the most among all. Starting with big dictionaries,
AVERAGE DICTIONARY SIZES AND REFINEMENT COMPRESSIONRATIOS . . . .
(RCRS) FOR THE THREE DICTIONARIES we follow the procedures described in Section IlI-D to shrink

their sizes. For the class-based design, we start from the initial
:?;ST ERXCCRL‘ g??gi*?i? STIRZEEE‘chEi classes and try to merge the most similar ones subject to the mis-
match threshold. For the tree-based design, the biggest size cor-
igzzfss 1323 152"6158 gég 153"6020 Eg; 152"6847 responds to the initial MSTs. We relocate tree nodes till we get
down to the smallest possible size for which all the tree branches
] o ) still have weights below the mismatch threshold. The images
designs. The one-pass dictionary gives the poorest comprgss compressed using these dictionaries of different sizes. We
sion. By adopting the singleton exclusion dictionary, on ay;iot the size versus bit rate curves in Fig. 10. The tree-based
erage 5% and 11% of improvement can be achieved for 10g%jes have rather broad flat floors. For both images tested, the
less and lossy compression, respectively. More 50ph'5t'cafﬁférallcompression stays nearly constaf 5% off the lowest
dictionary designs lead to greater improvements.. Ip the. |0§1%{|ues) over about 50% of the entire size ranges. So the com-
less case, the class-based and the tree-based dictionaries Bt is not very sensitive to the particular dictionary size
achieve around 8% of improvement on average. In the 10S8)osen as long as it is within a reasonable range. However, the
case, the class-based dictionary is the most efficient, aCh'eVE&npression can be hurt by 4-6% if the dictionary is too big or
18% of improvement; the tree-based design is not as efficientgs gmal|. The class-based curves sit above the tree-based ones
the class-based design but still very comparable, improving thg4 cover narrower size ranges. They also shoot up faster at the
compression by 16% on average. left end, leading to 6-12% rate loss when the dictionary is too

Table VIIl compares the sizes and corresponding refinemest o1 Both designs achieve the best compression at a size very
compression ratios (RCRs) obtained from the three symbol diGase to the initial size of the class-based design.

tionaries. RCR is defined as the number of bits used to store the
raw bitmaps of all refinement symbols divided by the number of
bits spent on refinement coding these bitmaps. The one-pass dic-
tionary is no longer listed for comparison because of its inferior In this paper, we investigate compression of textimages using
performance. In lossless coding, the class-based and tree-balsedIBIG2 standard. First we compare the PM&S-based and
dictionaries achieve very close RCRs (5.62 and 5.64 compa®@@M-based JBIG2 systems, in terms of their coding efficiency,
to 5.65) with only half as many symbols as in the singleton execonstructed image quality in lossy compression, and system
clusion dictionary (644 compared to 1365). For lossy coding veemplexity. The SPM system achieves on average 8% more ef-
have similar results. Therefore, these two dictionaries are pfiient compression in the lossless case. In the lossy case, at

V. CONCLUSION
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comparable bit rates, the SPM system also has a better cop4] Q. zhang, J. M. Danskin, and N. E. Young, “A codebook generation
trol over the reconstructed image quality, making clustered er- ~ @lgorithm for document image compression, Hroc. 1997 IEEE Data

likel H he SPM ad Compression ConfSnowbird, UT, Mar. 1997, pp. 300-309.
rors very unlixely to occur. However, the advantages COmﬁZ] K. Mohiuddin, J. Rissanen, and R. Arps, “Lossless binary image com-

at the cost of higher system complexity: 2—4% higher memory  pression based on pattern matching,Irin Conf. Computers, Systems,
consumption and two to three times longer encoding time. We _ Signal ProcessingBangalore, India, Dec. 1984, pp. 447-451.

. . . . 3] Xerox Proposal for JBIG2 CodindSO/IEC JTC1/SC29/WG1 N339,
also examine the bit rate tradeoff problem associated with SP ] June 1996? "

symbol dictionary design. We propose two new dictionary de{14] Y. Ye, D. Schilling, P. Cosman, and H. H. Koh, “Symbol dictionary de-
sign techniques: the class-based and tree-based design. We test Sign for the JBIG2 standard,” iroc. 2000 IEEE Data Compression
h d hni 12 . d find th Conf, Snowbird, UT, Mar. 2000, pp. 33-42.
the proposed tec n.'ques onaseto 'te.Xt Images an . Indt ] Y. Ye and P. Cosman, “JBIG2 symbol dictionary design based on min-
to outperform the simplest one-pass dictionary formation by an  imum spanning trees,” iffroc. 1st Int. Conf. Image Graphics (ICIG)
average of 8% in lossless compression and 16-18% in lossy Tianjin, China, Aug. 2000, pp. 54-57. o _

. 6{ %] R. Gould,Graph Theory Redwood City, CA: Benjamin Cummings,
compression. We also propose methods to change the class- and 19gg cn 3 pp. 68-72.
tree-based dictionary sizes, and plot the bit rate as a function @f7] E. S. Askilsrud, R. M. Haralick, and 1. T. Phillips, “A quick guide to
dictionary size. Over a very broad size range (50% of the en- UW English document image database I, v. 1.0.,” Intelligent Syst. Lab.,
. . h I .. . Univ. Washington, CD-ROM, August 1993.
t”.'e Slze ran.ge), t € overall compression IS npt very sensfuvg 98] C. Constantinescu and R. Arps, “Fast residue coding for lossless tex-
dictionary size, but it can be hurt by 4-6% using symbol dictio-  tualimage compression,” Rroc. 1997 IEEE Data Compression Conf.
naries which are too small or too big. Finally, the tradeoff curves ~ Snowbird, UT, Mar. 1997, pp. 397-406.
for the two dictionaries show that the initial class-based dictio-
nary size falls into the optimal dictionary size range. For future
work we will look at extending the proposed dictionary design
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