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Abstract
Document image retrieval is a task to retrieve document
images relevant to a user’s query. Most of existing methods based on word-level indexing rely on the representation
called “bag of words” which originated in the field of information retrieval. This paper presents a new representation
of documents that utilizes additional information about the
location of words in pages so as to improve the retrieval performance. We consider that pages are relevant to a query
if they contains its terms densely. This notion is embodied as density distributions of terms calculated in the proposed method. Its performance is improved with the help
of “pseudo relevance feedback”, i.e., a method of expanding a query by analyzing pages. Experimental results on
English document images show that the proposed method
is superior to conventional methods of electronic document
retrieval at recall levels 0.0–0.6.

1. Introduction
Document image databases (DIBs) are databases that
store document images obtained mainly by scanning paper documents. Since we have had a huge amount of paper documents and continue to produce them, the technology of DIBs gains importance in the society. An apparent
advantage of DIBs is substantial reduction of the space required for storing documents. Another important advantage
is a potential for fast and intelligent retrieval of documents,
though this has been a subject under study.
So far a lot of retrieval methods have been proposed [1].
Their indexing schemes range from feature-level indexing
for layout structure [2] to word-level indexing for OCR’d
text [3, 4]. In this paper, we focus our discussion on the
word-level indexing.
With this indexing scheme, the central issue has been
how to deal with OCR errors. This is because, once the
problem of OCR errors is solved, document image retrieval

seems equivalent to electronic document retrieval in which
extensive experience has been accumulated.
The application of methods for electronic document retrieval indicates that their document representations based
on the indexing scheme are also applied to document images. A standard representation is called “bag of words”
(BOW) in which all the structure and linear ordering of
words are ignored. This means that a lot of information
provided by OCR is discarded.
In this paper, we propose a method of document image
retrieval based on a new representation called “two dimensional term distributions”: We view each page image as a
two dimensional distribution of various terms (symbols).
The proposed method retrieves pages which densely contain terms in a query. This notion originated in the field
of electronic document retrieval [5, 6] and was extended
as a method of retrieval of Japanese newspaper images by
some of the authors [7]. In this paper, we further extend
the method by using “pseudo relevance feedback”, which
is a method of query expansion for improving the performance of retrieval [8]. The experimental results on retrieving English paper documents in the DjVu format [9] show
that the proposed method outperforms conventional methods of electronic document retrieval.

2. Representation of documents
In the field of information retrieval (IR), a standard document representation is called the “bag of words”(BOW)
model. In the BOW model, only the information about
words and their frequency is employed; other information
such as the word location is ignored. As for document image retrieval, in addition to a BOW model for documents,
we can consider a BOW model for pages in which pages are
indexed. In this paper, the former is referred to as the “document BOW model” and the latter the “page BOW model”.
When we apply OCR to document images, it is natural
to obtain layout information in addition to word symbols.
Such information includes word bounding boxes, bound-
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Figure 1. Processing of the proposed method.

ing boxes of textlines and zones. In the formats of documents such as PDF and DjVu, this information is recorded
with word symbols as hidden text. This means that we
have richer information than required for the BOW model,
though the layout information is sometimes noisy depending on the quality of images.
In this paper, we utilize the bounding boxes (location)
of words in pages in addition to symbol information and
view pages as two dimensional distributions of words. We
consider that this is an initial step towards a more fruitful
representation of document images for retrieval.

3. Two-dimensional Density Distributions
This section describes the proposed method consisting of
two kinds of processing shown in Fig. 1.

3.1. Indexing
The process of indexing is applied once when documents
are first stored in the document image database. First, terms
are extracted from all pages of documents by applying stemming and stopword elimination 1 . Each page is then stored
as a collection of terms with their location in the page.

3.2. Retrieval

1 Stemming is the process of normalizing words by keeping only word
stems, e.g., from “processes” to “process”. Stopwords are words that convey little meaning such as “a” and “the”. Words employed for indexing
after these processes are called terms.

-M/2

Figure 2. Window function.

basic functionality to improve the performance. We first
describe the details of the basic retrieval function.
(1) Query processing
A query issued by a user may be represented as a sequence of words. In the first step of retrieval process, this
sequence is analyzed to structure the query. For example,
a query “color and multimedia documents” is structured in
the form ((“color”), (“multimedia”,“documents”)). The inner parentheses indicate that, if they contain more than one
term, these terms constitute a compound word. The outer
parentheses represent the whole query which may contain
several compound and normal words.
In the following, a query is represented as q =
(q1 , ..., qm ), and qi = (qi1 , ..., qini ) where qi corresponds
to a compound word and qij is a term (after stemming and
stopword elimination) in a compound word qi .
(2) Calculation of term density distributions
The parts of page images which densely contain terms in
a query may be relevant to a query. A term density distribution represents such information for each term in each page.
The definition is as follows.
A term qij is associated with the weight called inverse
document frequency. We utilize a common definition:
idf ij = log(n/nij ) where n is the total number of documents in the database and nij is the number of documents
(p)
that include the term qij . Let Tij (x, y) be a weighted distribution of a term qij in a page p defined by:
(p)

Tij (x, y) =



idf ij
0

if qij occurs at (x, y),
otherwise ,

(1)

where (x, y) is the center of the bounding box of a term.
(p)

A density distribution Dij (x, y) is a weighted distribution of qij smoothed by a window W (x, y):
(p)

The process of retrieval is composed of five steps shown
in Fig. 1. Steps (1)–(4) are the steps that constitute a basic
retrieval function. The step (5) is for an extension of the

M/2

Dij (x, y) =


u,v

(p)

W (x − u, y − v)Tij (u, v) .

(2)

In this paper, we utilize a pyramidal function with the window width M shown in Fig. 2.
(3) Calculation of query density distributions
The next step is to combine term density distributions
to obtain density distributions of a query. First, a density
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Figure 4. Finding terms for expansion.
(p)

distribution Di (x, y) of a compound word qi is obtained
by multiplying those of terms qij in qi :
 (p)
(p)
Di (x, y) =
Dij (x, y) .
(3)
j

This means that a compound word exists if all of its terms
exist.
The density distributions D(p) (x, y) of a query is likewise obtained:
 (p)
D(p) (x, y) =
Di (x, y) .
(4)
i

Summation is utilized since parts of pages may be relevant
to a query if some of its compound words occur frequently.
(4) Presentation
Based on the query density distributions, a score
score(p) of a page p is obtained:
score(p) = max D(p) (x, y) .
x,y

(5)

Finally, the user receives a list of pages sorted according
to the score. Note that query density distributions help the
user browse the results of retrieval, since relevant parts can
be found as the parts whose density is high.

3.3. Pseudo relevance feedback
An important limitation of the above basic function is
that retrieval performance for some queries is not high
enough. This is due to query terms less effective to find
relevant documents.
In the field of IR, researchers have tackled a similar
problem. A well-known method for the problem is called
“pseudo relevance feedback”(PRF). Figure 3 illustrates a
process of PRF for electronic documents. First, an original
query is utilized to obtain an initial list of documents sorted
according to the degree of relevance to the query (Figs. 3 (a)
and (b)). Next, some top-ranking documents are assumed to

be relevant and terms that characterize those documents are
extracted (c). Then, the original query is expanded using the
terms (d). Finally, the expanded query is utilized to improve
the ranking (e).
We introduce PRF for retrieving document images based
on the density distributions. The key is how to obtain terms
for expansion. We consider that the terms contained in the
parts whose density is high would be useful for expansion.
The details are as follows. First, top Np pages are selected from the initial list of pages. Then terms are selected
from the pages based on query density distributions.
Figure 4(b) shows contour lines of a query density distribution for Fig. 4(a). In order to extract terms, we use a
small window of size sW × sH whose center is at:
(x∗ , y ∗ ) = arg max D(p) (x, y) .
(x,y)

(6)

Then we extract terms that are not in the original query and
whose center is in the small window.
Let {tk } be a set of extracted terms from the top Np
(p)
pages, and Ek (x, y) be the term density distribution of a
term tk in a page p obtained by Eq. (2). The density distribution D̂(p) (x, y) of the expanded query is given by:
 (p)
D̂(p) (x, y) = D(p) (x, y) + α
Ek (x, y) .
(7)
k

where α is a parameter. The results of PRF are obtained by
ranking pages according to the scores given by D̂(p) .

4. Experimental comparison
4.1. Methods for comparison
We compared the proposed method experimentally with
the following representative methods of electronic document retrieval: the simple vector space model (VSM) and
the latent semantic indexing (LSI).
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The VSM is a standard way of retrieving electronic documents [8]. In this method, we utilized the TF-IDF weighting scheme with log-TF and log-IDF. As the representation of documents, we employed both the document BOW
model and the page BOW model, which are referred to as
VSM(doc) and VSM(page), respectively.
The latent semantic indexing is an extension of the VSM.
LSI employs the singular value decomposition (SVD) of a
term-by-document matrix [8]. Reducing the dimensionality
of the original term-by-document matrix based on the result of SVD enables us to uncover latent semantic relation
among terms. This often results in obtaining better ranking
of documents. The parameter of this method is the dimension κ. We also applied methods with two representations
that are indicated as LSI(doc) and LSI(page).
In addition, we utilized the proposed method without
PRF for comparison. This is referred to as 2D-DD; the proposed method (with PRF) is 2D-DD/PRF.

4.2. Test collection
In order to make experiments on the proposed method, it
is necessary to employ a test collection of document images
with bounding boxes of words. To our knowledge, however,
there is no such collection. Thus we prepared it using the
DjVu files of the Proc. ICDAR 2001 [9].
We defined queries based on the titles of the oral sessions
shown in the table of contents of the proceedings. The complete list of the queries with their structure is shown in Table 1 2 . Documents are determined to be relevant to a query
if they are assigned to the corresponding session. Statistics
about the test collection are shown in Table 2.

4.3. Evaluation
A standard way of evaluating the retrieval performance
is to compute recall and precision [8]. Let X and Y be a set
of retrieved documents and a set of relevant documents for a
query, respectively. The recall and the precision for a query
are defined by R = |X ∩ Y |/|Y | and P = |X ∩ Y |/|X|,
respectively. In addition, it is sometimes convenient to utilize a single value summary of retrieval performance. The
mean average precision over all relevant documents [10] is
one of such measures.
In order to determine the values of parameters in a
less biased manner, we applied cross-validation as follows.
First, queries were divided into four sets Q1 = {1, ..., 4},
Q2 = {5, ..., 9}, Q3 = {10, ..., 14}, and Q4 = {15, ..., 19}.
The values of parameters for a test set Qi was determined
2 In defining the queries we skipped some sessions such as “Non-Latin
Alphabets”, and merged some sessions whose contents overlap such as
“Document Analysis Systems and Check Processing” and “Postal Automation and Check Processing”.

Table 1. Queries
query id
1
2
3
4
5
6
7
8
9

10
11
12
13
14
15
16
17
18
19

terms and their structure
((“ handwriting”, “ classifiers”))
((“ image”, “ processing”))
((“ OCR”), (“ document”, “ understanding” ))
((“ handwriting”, “ features”),
(“ writer”, “ identification” ))
((“ evaluation”), (“ datasets”))
((“ word”, “ recognition”))
((“ classifiers”), (“ learning”))
((“ graphics”, “ recognition”))
((“ document”, “ analysis”, “ systems”),
(“ check”, “ processing”),
(“ postal”, “ automation”))
((“ applications”))
((“ online”, “ handwriting”))
((“ tables”))
((“ classification”), (“ language”, “ models”))
((“ forms”))
((“ segmentation”))
((“ web”, “ documents”), (“ video”))
((“ information”, “ retrieval”),
(“ word”, “ spotting”))
((“ color”), (“ multimedia”,“ documents”))
((“ image”, “ quality”), (“style”))

Table 2. Statistics about the test collection.
no. of terms
7022
no. of doc.
129
673
no. of pages
ave. doc. len.
1507 terms
289 terms
ave. page. len.
no. of queries
19
ave. query len.
2.37 terms
ave. no. of rel. doc. per query 6.79

as the values that maximized the mean average precision for
the rest of query sets (learning sets). Table 3 lists the ranges
of parameters from which the best values were selected.

4.4. Results
The results are shown in Table 4 and Fig. 5. The following are the summary of the results.
• From a viewpoint of the mean average precision,
LSI(page) was the best among the conventional methods 3 .
3 This indicates that the physical structure of “pages” available in document images is effective. We consider that pages play a role of passages
in passage retrieval, which often improves the retrieval performance[6].
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Table 3. Parameters.
method and param.
range
LSI(doc)
κ
10∼ 120 step 10
LSI(page)
κ
10∼ 600 step 10
2D-DD
M
100 ∼ 700 step 100
2D-DD/PRF M
600
Np 4 ∼ 7 step 1
α
0.002 ∼ 0.01 step 0.002
0.01 ∼ 0.1 step 0.01
sW 50 ∼ 62 step 4
sH 14 ∼ 30 step 4

0.5
0.4
0.3
0.2
0.1
0

Table 4. Mean average precision.
VSM(doc)
0.3154
VSM(page)
0.2902
(−8.0%)
0.3011
(−4.5%)
LSI(doc)
LSI(page)
0.3372
(+6.9%)
2D-DD
0.3440
(+9.1%)
2D-DD/PRF 0.3551 (+12.6%)
( ) : difference to the VSM (doc)

• The proposed method (2D-DD/PRF) was the best
among the methods and 2D-DD was the second best.
• As shown in Fig. 5, at recall levels 0.0 – 0.6, 2DDD/PRF yielded the best results.
• At recall levels 0.3 – 1.0, 2D-DD/PRF outperformed
2D-DD.
• At recall levels more than 0.6, LSI(page) was the best
method.
From these results, 2D-DD/PRF can be considered to be
the best choice among the tested methods for the users who
are interested in the results at lower recall levels up to 0.6.

5. Conclusion
We have presented a new method of document image retrieval based on two dimensional density distributions of
terms. The proposed method employs “pseudo relevance
feedback” to expand an original query so as to improve
the performance of retrieval. From the experimental results
on document images, it has been shown that the proposed
method is superior to the conventional methods. Future
work includes further investigation with a larger number of
documents and queries as well as to improve the way of
selecting terms for expansion.
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