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Abstract

With the emergence of digital libraries, more and more documents are stored and transmitted through the Internet in the
format of compressed images. It is of significant meaning to develop a system which is capable of retrieving documents from
these compressed document images. Aiming at the popular compression standard-CCITT Group 4 which is widely used for
compressing document images, we present an approach to retrieve the documents from CCITT Group 4 compressed document
images in this paper. The black and white changing elements are extracted directly from the compressed document images to
act as the feature pixels, and the connected components are detected simultaneously. Then the word boxes are bounded based
on the merging of the connected components. Weighted Hausdorff distance is proposed to assign all of the word objects from
both the query document and the document from database to corresponding classes by an unsupervised classifier, whereas the
possible stop words are excluded. Document vectors are built by the occurrence frequency of the word object classes, and
the pair-wise similarity of two document images is represented by the scalar product of the document vectors. Nine groups
of articles pertaining to different domains are used to test the validity of the presented approach. Preliminary experimental
results with the document images captured from students’ theses show that the proposed approach has achieved a promising

performance.

© 2002 Pattern Recognition Society. Published by Elsevier Science Ltd. All rights reserved.
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1. Introduction

With advances in Internet applications and technologies,
and particularly with the development of the world wide
web, a growing number of documents are published and ac-
cessed on-line. Nowadays, more and more information of
various types becomes available on the Internet and Web.
For example, a lot of digital libraries provide a broad collec-
tion of documents. These documents may be in either text
format or image format. Undoubtedly, the text (electronic
machine-readable code) format facilitates not only the stor-
age and transmission of documents in the Internet, but also
document retrieval. There has been active research on Web
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content extraction using text-based techniques, on which the
text retrieval community has made significant progress.

Although most of the newly generated documents are in
the text format, billions of volumes distributed in the clas-
sical libraries worldwide are in paper format such as books,
magazines, periodicals and students’ theses. The need is
evident to transfer these paper documents to their digital
domain. As an approach to automatically transferring paper
documents to their text format, optical character recognition
(OCR) has its inherent weaknesses. In particular, manually
correcting the OCR results is typically not cost effective for
transferring a huge amount of paper documents to their text
format. Therefore, storing documents in the image format
should be an alternative way.

This poses new challenges for the research of docu-
ment retrieval. To retrieve such document images, at the
present time, one has to painstakingly download them and
open/decompress them one by one to see their relevance. A
content-based document image retrieval system is required
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to retrieve effectively and efficiently information from these
document image repositories. Such a system should be able
to return, in ranked order, the documents that are most
likely relevant to the users’ query by the degree of similar-
ity with the query image. Information retrieval from such
document images provides an even greater challenge than
that from text documents because it is almost impossible to
extract and utilize the semantic information directly from
document images as what we do in the text retrieval.

Furthermore, in order to save storage space and speed
the transmission in the Internet, many document images are
stored and transmitted in compressed formats (e.g. CCITT
Group 3/4, JPEG, and JBIG2, etc.). Nowadays, great deals
of document images are compressed by CCITT Group 4 rec-
ommendations on the world wide web. For example, many
document images we can access in the Internet are packed
in the PDF files with the compression format of CCITT
Group 4.

In this paper, we present a method of retrieving doc-
ument images from the CCITT Group 4 compressed im-
ages. The feature pixels composed of the changing elements
are extracted directly from the compressed document im-
ages. The connected components are labeled based on the
line-by-line strategy according to the relative position be-
tween the changing elements of the current coding line and
the changing elements of the reference line. The word boxes
are bounded by merging the connected components accord-
ing to their relative position and size. The bounded word im-
ages constitute the word objects of the documents, whereas
the possible stop words are excluded. An unsupervised clas-
sifier is utilized to cluster all of the word objects of the two
documents. Document vectors are built by the occurrence
frequency of the word object classes, and the pair-wise sim-
ilarity of two document images is represented by the scalar
product of the document vectors. A weighted Hausdorff dis-
tance (WHD) is proposed to measure the similarity of the
word objects. Experimental results with the document im-
ages captured from students’ theses show that the proposed
approach has achieved a promising performance.

The remainder of this paper is organized as follows. Sec-
tion 2 briefly surveys the related research works, and the sys-
tem structure proposed in our system is introduced in Section
3. Section 4 describes feature extraction from CCITT Group
4 compressed images, and word box bounding based on the
feature pixels composed of the changing elements. Section
5 discusses the method of word object matching. Section 6
presents the document vector and similarity measure. Sec-
tion 7 gives the experimental results. Finally, conclusions
and future works are discussed in Section 8.

2. Related work

Many approaches have been proposed for categorization
and retrieval of machine-readable documents over the past
decades [1-3]. They have relied on self-evident utility of

words, sentence and paragraphs for sorting, categorizing and
retrieving texts. Furthermore, various means of suppressing
uninformative word, removing prefixes, suffixes and end-
ings, interpreting inflected forms, etc. have been developed.
However, the traditional text retrieval system is not appli-
cable for the document image retrieval.

One commonly used method for document image retrieval
is to convert the document image to its machine-readable
text using OCR first and then use the usual text retrieval
techniques. However, OCR is still not perfect for the mo-
ment, which results in errors in recognition. As a conse-
quence, manually correcting the OCR results is inevitable. It
is typically not cost effective for transferring a huge amount
of paper documents to their text format. Although some re-
searchers have tried to retrieve document with toleration of
recognition and segmentation errors caused in the OCR pro-
cedure [4,5], the retrieval performance is affected by both
the OCR and character segmentation undoubtedly. Further-
more, the research on document layout analysis and under-
standing is still immature, especially for the documents with
complex layout. These discourage the strategy of document
image retrieval by OCRing the entire documents.

An alternative approach is to retrieve these documents
based on their image contents directly without OCR [6]. A
similar research is content-based image retrieval (CBIR). In
these systems [7—11], either color features or texture features
extracted from the images are utilized to retrieve pictures
from the database. However, document images are differ-
ent from the landscape pictures. Document image retrieval
cannot rely on the color or texture features.

Several researchers have made the attempt to retrieve
information from document images directly. For example,
Chen and Bloomberg [12] described a method for automati-
cally selecting sentences for creating a summary from a doc-
ument image without recognition of the characters in each
word. They built word equivalence classes by using a rank
blur hit-miss transform to compare word images and use a
statistical classifier to determine the likelihood of each sen-
tence being a summary sentence. Liu and Jain [13] addressed
an approach to image-based form document retrieval. They
proposed a similarity measure for forms that is insensitive
to translation, scaling, moderate skew and image quality
fluctuations, and developed a prototype form retrieval sys-
tem based on the proposed similarity measure. Niyogi and
Srihari [14] described an approach to retrieve information
from document images stored in a digital library by means
of knowledge-based layout analysis and logical structure
derivation techniques, in which significant sections of doc-
ument such as title are utilized.

Moreover, in order to save the storage space and speed
during the transmission in the network, document images
are stored and transmitted in the compressed formats in
general. The CCITT Group 4 standard is one of the pop-
ularly used compression standards for document images.
Nowadays, more and more document images packed in PDF
files with compression by the CCITT Group 4 standards
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are spread worldwide through the Internet. The considerable
advantages will be realized if we can carry out document
retrieval directly on the compressed images.

Interesting research such as duplicate document detection
and OCR on the compressed images has been reported re-
cently. Hull [15] has proposed a method to detect equiv-
alent document images by matching the pass mode codes
extracted from CCITT compressed document images. He
created a feature vector that counts the number of pass mode
codes in each cell of a fixed grid in the image and equivalent
images are located by applying the Hausdorff distance to the
feature vectors. Marti et al. [16] presented a system which
is capable of reading machine printed text in images com-
pressed by CCITT Group 3 two-dimensional coding scheme.
They utilized the points marked by the pass mode as the
features for a hidden Markov model-based recognizer.

3. System overview

In this paper, we present a method of retrieving documents
from the CCITT Group 4 compressed document images.
Fig. 1 illustrates the diagram of the system for measuring
the similarity of two CCITT Group 4 compressed document
images.

The changing elements of the compressed images, which
are the feature pixels of the subsequent processing, are
extracted directly from the compressed images first. The
connected components are labeled based on the line-by-line
strategy according to the relative position between the
changing elements of the current coding line and the chang-
ing elements of the reference line.

Prior to bounding the word boxes based on the connected
components according to their relative position and size,
some pre-processing is carried out. First, those connected
components with too small area or too large area, which
are noise, graphics or table regions, are excluded for further
processing. Then the punctuations, such as commas and full
stops, are marked and eliminated as well based on their rel-
ative positions with their preceding connected components.

The stop words are detected according to their shapes,
and are excluded from further processing. The remainder
of the bounded word images constitute the word objects
of the documents. An unsupervised classifier is employed
to cluster all of the word objects of the two documents.
The occurrence frequency of each class in each document,
which is normalized by dividing it by the total number of
word objects in the document, builds the document’s vector.
Finally, the pair-wise similarity of two document images is
represented by the scalar product of the document vectors.

To meet the requirement for fast processing, a hierarchical
system is constructed to speed up the word object matching
process. The first stage is a coarse-matching procedure. In
the second stage, a modified Hausdorff distance (MHD) is
employed to measure the similarity of the two word object
images.

Compressed
document imagel

v

‘ Changing Elements |

Compressed
document image2

| Changing Elements ‘

‘ Connected components| | Connected components‘

v v

| Word bounding | | Word bounding |

| Stop word marked | | Stop word marked |
Word objects Word objects
Document Word object Document
vectorl (4| clustering [ vector2

v v

| Similarity measure |

Fig. 1. Diagram of document image similarity measure.

4. Feature extraction from CCITT Group 4 compressed
images and word box bounding

4.1. Feature extraction from CCITT Group 4
compressed images

The CCITT Group 4 coding scheme for binary images
uses a two-dimensional line-by-line coding method [17], in
which the position of each changing element on the current
coding line is coded with respect to the positions of corre-
sponding reference elements situated on either the coding
line or the reference line which is immediately above the
coding line. A changing element is defined as an element
whose color (i.e. black or white) is different from that of the
previous element along the same line.

In the CCITT Group 4 standard, there are three coding
modes: pass mode (P), vertical mode (V(0), VR(1), VR(2),
VR(3), VL(1), VL(2), VL(3)), and horizontal mode (H).
One of the three coding modes is chosen, according to the
changing element and its reference elements, to code the
position of each changing element along the coding line.

According to the CCITT Group standards, each coded
position indicates that the current pixel color is different from
its previous pixel, except for the following coded positions
of the pass mode. In our work, we give our attention to
these changing elements in the CCITT Group 4 compressed
document images, because they can be easily obtained from
the compressed images directly.

Fig. 2 gives a part of an original document image and
Fig. 3(a) demonstrates the changing elements extracted
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Fig. 3. Feature extraction and word bounding in the compressed image: (a) feature representation by changing elements, (b) bounding boxes
of connected components, and (c) word bounding boxes.
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directly from its corresponding CCITT Group 4 compressed
image, in which the changing elements following a pass
mode are removed because they are not the actual changing
points according the CCITT Group 4 standards. It can be
seen that the features composed of the changing elements
are roughly similar to the characters’ profiles.

In the document images, black pixels generally represent
the characters’ strokes. We define the black changing ele-
ments to correspond to the changing elements that change
from white pixels to black pixels. On the other hand, the
white changing elements correspond to the changing ele-
ments that change from black pixels to white pixels. The
black changing elements and white changing elements can
be easily discriminated while we extract the feature pixels
from the compressed images.

In the succeeding discussion, the changing elements will
be utilized to segment and bound the word objects, and for
measuring the similarity of two document images.

4.2. Word bounding in CCITT Group 4 compressed
images

The strategy used for segmenting characters from doc-
ument images can be divided into two categories, viz.,
top-down and bottom-up [18]. Each has its own advantages
and disadvantages. The top-down approach breaks down
the document images into different blocks such as head-
lines, text lines, graphics, tables, etc. Then the characters
are extracted from the headlines and text lines. The knowl-
edge of the document layout, therefore, is much important
during the processing. This approach is simple and fast. It
is very effective for processing the documents that have a
specific format.

On the other hand, in the bottom-up approach all of the
connected components are detected first. The connected
components are merged according to their relative location
and size. This approach is possible to develop algorithms
which are applicable to a variety of documents, but it is
time consuming.

In the previous literature, the top-down approach has
been mainly employed for segmenting the machine printed
characters and words, based on the use of X—Y projection.
However, this approach is not capable of coping with docu-
ments with graphics and tables. To deal with the document
images with complex layout, a bottom-up algorithm is uti-
lized in this present approach to bound the word objects in
the images. Moreover, the word objects are bounded based
on the black and white changing elements that are directly
extracted from the compressed images.

First, all of the connected components in the document
image are labeled. The connected components are de-
tected line by line, which is similar to the procedure of
compressing/decompressing the CCITT Group 4 document
images. In a coding line, the pixels between one black
changing element B¢ and its following white changing ele-
ments W¢ undoubtedly belong to one connected component.

Reference Line Bgr Wr

Coding Line B¢ We

(a)

Reference Line Br Wr

Coding Line Be We

(b)

Reference Line Br Wr

Coding Line B¢ We

(©)

Reference Line Br Wr

Coding Line B¢ We
(d

Fig. 4. Some typical examples in which the changing elements in
the coding line belong to the same connected components with the
changing elements in the reference line: (a) B, is located between
Bpr and Wp, (b) W, is located between Br and Wg, (c) W, just
underlies Bg, and (d) W, just underlies Wg.

Moreover, we can assign the same label to the changing el-
ements in the coding line if their relative positions with the
changing elements B and Wy in the reference line indicate
they belong to the same connected component. Some ex-
amples are illustrated in Fig. 4. Based on above processing,
the connected components of Fig. 3(a) can be detected, as
shown in Fig. 3(b).

Second, the connected components with small areas are
eliminated as noise. The connected components larger than
a threshold, which may be graphics or table regions, are
ignored too.

Then, the punctuation, such as commas and full stop, are
marked based on their relative position with their preceding
connected components.

Finally, the connected components are merged to gener-
ate the bounding boxes of word objects, according to their
relative position and size. Fig. 3(c) demonstrates the results
of word bounding boxes.

Furthermore, some common words called stop words in
the linguistics are detected according to their shapes. Al-
though width estimates of single words are unreliable for
stop word identification, stop words tend to be short and are
composed of a few characters. Suppose that w and 4 repre-
sent the width and height of a word object, respectively. If
w/h of a word object is less than a certain /, it may be a stop
word. In our experiments, A is set as 2.0. These stop words
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will be excluded from further processing such as the word
object clustering and the document feature computation.

5. Word object matching

To meet the requirement for fast processing, a hierar-
chical system is constructed to speed up the word object
matching process. The first stage, which is a coarse-matching
procedure, is simple and fast to execute, but is not powerful
enough to distinguish between similar patterns. In the sec-
ond stage, a MHD is employed to match two word object
images.

5.1. Coarse matching

A character can be divided into three parts, i.e. ascen-
der, mid-zone and descender. Similarly, we can divide a
word object into different zones, namely A-zone, M-zone
and D-zone. The top-left positions and bottom-right posi-
tions of the connected components in the word object image
are utilized to decide the boundaries between two different
zones, as shown in Fig. 5.

To roughly evaluate the similarity of the word object P
and the word object Q, the distance of each zone is cal-
culated, respectively, first. Each zone (A4-zone, M-zone and
D-zone) is divided from left to right into M sub-zones. Here
M =4 in our experiments. The ratio of the number of chang-
ing elements to the area of sub-zone is employed as the fea-
ture. The distance between two corresponding sub-zones of
two word objects is calculated as

S5 P,O)=rN(P) = KN(0), m=1,2,...,M, (1)

where X represents the A-zone, M-zone or D-zone. ry is
the ratio of the number of changing elements to the area of
the mth sub-zone of X-zone. Then the distance of X-zone
between P and Q is defined as

M
S5 P,0) = su(P,0). )

m=1
The distance between P and Q is defined as

S(P,0) = max(S*(P,0),8"(P,0),5"(P,0)). 3)

If S(P, Q) is greater than a threshold 4, P and Q belong
to different classes. Otherwise, P and Q are further classified
by the method based on the WHD.

5.2. Character image matching based on WHD

Hausdorff distance has been widely applied in two-
dimensional image matching, especially in the area of
object matching [19,20].

The distance (e.g. Euclidean distance) between two points
a and b is defined as d(a,b) = |ja — b||, and the distance

between a point a and a finite point set B = {by,..., by, } is

commonly defined as

d(a,B) = min |a - || (4)
Given two finite point sets 4 = {ai,...,ay,} and B =

{b1,..., by, }, the Hausdorff distance is defined as

H(4,B) = max(h(4,B), h(B, 1)), (5)

where h(A4,B) and h(B,A) represent the directed distance
between two sets 4 and B. The directed distance h(4, B) is
traditionally defined as

(A4, B) = max d(a, B)
ac4

= max min d(a, b) = max min||a — b||. (6)
acA beB acd beB

The function 4(4, B) identifies the point a € 4 that is far-
thest from any point of B and measures the distance from a
to its nearest neighbor in B. The Hausdorff distance H (4, B)
measures the degree of mismatch between two point sets 4
and B.

Dubussion and Jain [20] presented the MHD measure by
employing the summation operator over all distance, rather
than the maximum operator:

hamp(A, B) = Ni > d(a,B). (7)
acA

The MHD was proposed for the purpose of object match-
ing in the areas of computer vision, object recognition and
image analysis.

As discussed above, a word object can be divided into
different parts, i.e. A-zone, M -zone or D-zone. We propose a
WHD to investigate the application of Hausdorff distance to
word object matching, in which the contribution of different
parts of the word object to the Hausdorff distance is not the
same. The directed distance of WHD is computed as

hwip(A, B) = Nl > “w(a) - d(a.B), (8)

9 ac4

where }_ _, w(a) = N,.

—» ascender

—» mid zone
—» descendexr

Fig. 5. Different zones in the word object.
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Table 1

Corpus used in the experiments

Group Number Topic

A 16 Programmable digital filtering based on the TMS320C30 digital signal processor
B 25 Method for multiphase equilibrium calculations

C 13 Error probability of continuous-phase FSK with discriminator detection

D 17 Frequency optimization using genetic algorithm

E 33 Adaptive equalization in teletext reception

F 20 Computation of phase and chemical equilibrium by direct search optimization
G 16 Three-dimensional model of drug delivery to brain tumors

H 17 Using marching cubes for real time surface rending

I 15 Micro-refrigerators for cold electronics

The weight of the different zone in the word namely
w(a), w(m) and w(d) correspond to the A-zone, M -zone or
D-zone, respectively. In our experiments, they are set as

w(a) =w(d) =2 x w(m). 9)

6. Document vector and similarity

An unsupervised classifier is employed to cluster all of
the word objects (except the stop words) of the two doc-
uments to K object classes. The occurrence frequency of
each class in each document builds the document’s vector.
The occurrence frequency is normalized by dividing it by
the total number of word objects in the document.

The similarity score between two document vectors is de-
fined as their scalar product divided by their lengths. A scalar
product is calculated through summing up the products of
the corresponding elements. This is equivalent to the cosine
of the angle between two document vectors seen from the
origin. So the similarity between document X and Y will be

Z/Ile Xk * Vk

,
\ Zf:l x; Zf:1 i

where, X and ¥ are the document vectors of image X and
Y respectively. K is the dimension number of document
vector, and X = (xl,xz,...,xK)T, Y= (yl,yz,...,yK)T.

S(X,Y)= (10)

7. Experimental results

Experiments were conducted to verify the validity of the
proposed approach to retrieving documents from the CCITT
Group 4 compressed document images.

The document images are selected from the scanned
students’ theses that are provided by the Central Library
of the National University of Singapore. The document
images are packed in the PDF files, and compressed by
CCITT Group 4 standards. These articles address nine
different kinds of topic, respectively. They are composed
of the students’ theses pertaining to electrical engineering,

chemical engineering, mechanical engineering, medical
engineering, etc. Their topics and numbers used in the
experiments are listed in Table 1.

For each group, we take the first one as the query docu-
ment (reference document). Similarity of all the document
images with the respective nine reference document images
is carried out. To demonstrate the validity of the proposed
approach, the similarity of nine query documents with the
first three documents taken from each group is tabulated in
Table 2, in which the similarities with document B1 and D1
are illustrated in Figs. 6 and 7, respectively. From the results,
we can see that the similarity represented by the proposed
approach is effective for document image retrieval.

The retrieval performance of each group are tabulated
in Tables 3—5 with respect to different similarity thresh-
old a. The system achieves an average of precision rang-
ing from 78.12% to 96.52% and an average recall ranging
from 71.45% to 97.56% depending on different similarity
thresholds. The three tables show the effect of o on preci-
sion and recall. A lower o allows more relevant documents
to be retrieved (hence higher recall) but at the expense of
false alarm (hence lower precision). The reverse is true for
a higher o. Thus, if the goal is to retrieve as many relevant
documents as possible allowing irrelevant ones to be rejected
by manual reading, then a lower o should be set. On the
other hand, for low tolerance to false alarm, then o should be
raised.

8. Conclusions and future works

With the emergence of digital libraries, document image
has become a widespread information format of storage and
transmission in the world wide web, in which a huge amount
of document images had been compressed by CCITT Group
4 standards. There is thus an urgent need for effective doc-
ument image retrieval system.

Undoubtedly, it is quite time consuming to retrieve the
documents based on their image format directly, compared
to the traditional document retrieval based on their text for-
mat. A feasible scheme is computing the similarity measure
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Table 2
Document similarity
Al Bl Cl D1 El F1 Gl H1 1

Al 1.0000 0.0467 0.1653 0.1755 0.3190 0.4008 0.2263 0.3529 0.2456
A2 0.4189 0.1185 0.3021 0.2442 0.2494 0.2504 0.2635 0.3021 0.2517
A3 0.4074 0.1252 0.2318 0.1303 0.3207 0.3359 0.1250 0.3639 0.3441
Bl 0.1281 1.0000 0.1935 0.0656 0.1630 0.0629 0.1676 0.1990 0.3497
B2 0.1146 0.4036 0.3196 0.0993 0.2243 0.1072 0.2443 0.3902 0.3382
B3 0.1333 0.4566 0.1835 0.0552 0.2280 0.0746 0.2776 0.2452 0.3188
Cl 0.1896 0.2480 1.0000 0.1265 0.2670 0.1162 0.3050 0.4156 0.2406
Cc2 0.3448 0.2566 0.4939 0.2235 0.3345 0.1612 0.1655 0.4481 0.3496
C3 0.2776 0.1969 0.5107 0.1533 0.2840 0.1388 0.1607 0.3947 0.3872
D1 0.0517 0.0266 0.0712 1.0000 0.2217 0.2445 0.0646 0.1004 0.0581
D2 0.1167 0.0452 0.1409 0.4055 0.2390 0.2776 0.1767 0.1445 0.1086
D3 0.1514 0.0489 0.1134 0.4526 0.2095 0.2245 0.1842 0.1748 0.1137
El 0.2203 0.1155 0.2388 0.2618 1.0000 0.3174 0.2576 0.3523 0.3098
E2 0.2594 0.1324 0.2635 0.2110 0.4148 0.2584 0.3410 0.3458 0.3261
E3 0.1578 0.0090 0.0719 0.2954 0.3990 0.3687 0.1617 0.1382 0.1476
F1 0.1640 0.0258 0.0690 0.2926 0.3641 1.0000 0.1808 0.2590 0.1598
F2 0.1992 0.0436 0.1626 0.3142 0.3370 0.4672 0.1841 0.2983 0.1611
F3 0.2164 0.0538 0.1212 0.3241 0.3419 0.4930 0.2035 0.2068 0.1717
Gl 0.2873 0.1520 0.2391 0.2052 0.2756 0.3257 1.0000 0.3885 0.2443
G2 0.2076 0.1530 0.2828 0.1362 0.2751 0.2428 0.4373 0.2627 0.2747
G3 0.2948 0.0711 0.2724 0.1748 0.2751 0.3355 0.3526 0.3683 0.1953
H1 0.3536 0.1672 0.2877 0.2260 0.3298 0.1954 0.3102 1.0000 0.3334
H2 0.3215 0.2501 0.3304 0.1039 0.3062 0.1803 0.2444 0.4776 0.3884
H3 0.2901 0.1269 0.3797 0.1988 0.3094 0.1484 0.1630 0.3928 0.3633
11 0.2474 0.2175 0.2796 0.0845 0.2082 0.2568 0.2500 0.3604 1.0000
12 0.2632 0.2576 0.2693 0.0857 0.3140 0.1844 0.1683 0.3592 0.4559
I3 0.2609 0.1942 0.1826 0.1039 0.3391 0.1940 0.2082 0.3177 0.3776
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Fig. 6. The similarity with document B1.
between any two document images in advance off-line. Then image and any other document image from the database
the retrieval can be carried out according to the correspond- acts a crucial role in the retrieval systems. In this paper,
ing index information. we have presented an approach to gauging the similarity
Commonly used retrieval method is query by example. between CCITT Group 4 compressed document images.

How to measure the similarity between the query document The feature pixels are extracted from the changing ele-
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Fig. 7. The similarity with document D1.

Table 3
Retrieval performance for oo = 0.32

Group A B C D E F G H I
Recall (%) 100.0 92.00 92.30 100.0 96.97 100.0 100.0 88.24 100.0
Precision (%) 75.36 75.15 C 72.48 68.34 70.83 78.62 65.23 77.52 69.98
Table 4

Retrieval performance for o = 0.36

Group A B C D E F G H I
Recall (%) 87.50 84.00 76.92 82.35 81.81 85.00 87.50 76.47 73.33
Precision (%) 87.50 80.77 76.92 83.33 81.25 93.75 78.57 90.91 83.33
Table 5

Retrieval performance for o = 0.40

Group A B C D E F G H I
Recall (%) 75.00 64.00 69.23 70.59 72.73 75.00 68.75 58.52 73.33
Precision (%) 92.30 100.0 100.0 85.71 92.30 100.0 91.67 100.0 100.0

ments of the compressed images. Word objects are bounded
based on the changing elements directly. Weighted Haus-
dorff distance is proposed to match word objects. The
experimental results have show that the method can mea-
sure the similarity between CCITT Group 4 documents
effectively.

Document image retrieval is a challenging problem. In
this research, only the occurrence frequency of word objects
is employed as the vector feature of document, whereas the
semantic information is not used. In further work, we want to

extract such information from document images to improve
the retrieval performance.
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