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Abstract
Determining the similarity of document images is an im-
portant first step for several document retrieval tasks, such
as document classification, information extraction, and re-
trieval based on visual similarity. In this paper, we propose
a method to describe and compare the content and layout
of a document given only an image of the document. A
tree structure is used to capture the hierarchical structure
of the document. Two documents are then compared using
a tree matching strategy.

1. Introduction

Determining the similarity of document images is an im-
portant first step for several document retrieval tasks, such
as document classification, information extraction, and re-
trieval based on visual similarity [5]. These document re-
trieval tasks are important when dealing with large databases
of document images. For example, document retrieval is
necessary when a database user wants to find documents
in the database which are similar to a particular example
document. Document classification could be useful in de-
ciding where to file a document image being added to the
database, or in choosing the most appropriate document
model, if the models are different for various classes. All
of these tasks require some notion of document similarity.
When assessing what makes document images similar, we
consider both of the following to be important: the content
of the document (words, pictures, etc.) and the layout of
the document (how the content of the document is orga-
nized). In this paper, we propose a method to describe and
compare the content and layout of a document given only
an image of the document. A tree structure is used to cap-
ture the document’s hierarchical structure. Two documents
are then compared using a tree matching strategy.

The document comparison problem has been studied
for some time. Some methods depend only on the text
content of the document, as in [2, 3, 7]. Such methods
have proven to be very effective for comparing documents
which are all or mostly text, but they do not take into ac-
count either the pictures and graphics that might be present

in the document or the physical layout of the document.
Srihari, Zhang, and Rao [10] give an example of a method
that uses both text and picture information to query a doc-
ument database, but this method still does not make use of
the layout of the document. The method of Hu et al. [5]
classifies documents based on the layout of text regions,
but does not take into account the content of the text re-
gions or picture regions. All of these methods either do
not take the document layout into account or do not de-
scribe the layout in a hierarchical manner. An example of
describing the layout of a document using a hierarchical
structure appears in [6], which uses a stochastic regular
grammar to produce a segmentation of the document.

We introduce a method to describe both the layout struc-
ture and the content of a single-page document image. We
begin by partitioning the document into meaningful re-
gions and calculating several features of these regions. We
then define a distance between regions, and as in [8], we
recursively merge the two nearest regions until all regions
have been merged. Thus we create a binary partition tree
whose nodes correspond to regions in the document and
contain features to describe these regions. The leaves of
the tree correspond to the various small regions of a docu-
ment such as paragraphs, images, captions, etc., while an
internal node of the tree corresponds to a logical group-
ing of all the leaf regions descending from it. For exam-
ple, an internal node could correspond to a column of text,
which is the union of several paragraphs. While the gen-
eral idea of describing an image with a binary tree is sim-
ilar to [8, 9], our definition of features and of the rules for
merging regions are novel and specific to our application.

We then compare two document images by comparing
their document trees. The criterion for this comparison
is based on an extension of the concept of edit distance
between trees [11].

The organization of this paper is as follows. Section 2
describes how the document trees are constructed, Sec-
tion 3 describes how the distance between two documents
is measured, Section 4 presents preliminary examples il-
lustrating our algorithm, and Section 5 contains some con-
cluding remarks.
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Figure 1: Document tree illustration. (a) A document with three
text regions and two image regions. (b) The regions of the doc-
ument before region merging. (c,d,e) The document tree and
remaining regions of the document after two, three, and four
merges, respectively. (f) The final document tree describing the
image in (a).

2. Forming the Document Tree

The document tree is a binary tree which describes both the
content and the layout of the document. It is formed by first
segmenting the document into meaningful regions, then
calculating features of these regions, and finally defining a
distance between regions based on these features. The dis-
tance is then used to merge the regions recursively into a
binary tree describing the document. Fig. 1 illustrates this
concept. Given a document and a partition of the document
into meaningful regions, we recursively merge similar re-
gions. In Fig. 1(f), the root node corresponds to the entire
document, which is split into background and content. The
content is split into text and image regions, which are then
split into their smaller components.

The recursive region merging procedure used to create
the document tree implies the following: (i) the document

Raw
Input
File

Useful
PartitionPreprocess

Segmentation
Algorithm Postprocess

Figure 2: Block diagram of segmentation procedure

has been segmented into regions, and (ii) there exists a way
to discern which regions are “closest”, that is, which re-
gions should be merged first. Task (i) can be accomplished
with any image segmentation program that partitions the
image into several regions. To accomplish task (ii), we
first define for each region several features to describe the
region. We then define a distance function between re-
gions that depends only on the feature vectors of the two
regions being compared. This distance function is the cri-
terion for deciding the order in which regions are merged
while forming the document tree. The region pair with
minimum distance is merged recursively until only one re-
gion remains.

2.1. Segmentation

The procedure for segmenting a document is illustrated in
Fig. 2. The raw input file goes through a preprocessing
step to produce an image that can be passed to the partic-
ular segmentation algorithm that was chosen. The output
of this segmentation algorithm is then passed through a
postprocessing step that removes any unwanted noise or
insignificant details in the segmentation, yielding a useful
segmentation of the document. The regions defined by this
useful segmentation of the original document become the
leaves of the document tree.

Note that this strategy does not specify the use of one
specific segmentation procedure. Any reasonable segmen-
tation procedure with appropriate preprocessing and post-
processing steps could be used. We chose to use the Train-
able Sequential Maximum a Posteriori (TSMAP) segmen-
tation algorithm in [1] to perform the segmentation of the
documents. The TSMAP algorithm uses Bayesian multi-
scale techniques to find an estimate of which class should
be assigned to each pixel in a grayscale image. We trained
the TSMAP algorithm to assign one of the following four
classes to the pixels of the image being segmented: header
text, body text, image, and background. The output of the
TSMAP segmentation step is then an image whose pixels
contain the class numbers assigned to the corresponding
pixels in the original document.

2.2. Features

Once the document has been split into regions, we need
to define the feature vectors and a corresponding distance
function which will be used to create the document tree.
To do this, we need to have some measure of similarity
between regions. Of course, this measure of similarity is
dependent on the application, giving rise to many possible
feature vectors and distance functions. For this paper, we
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restrict our measure of similarity to depend on the follow-
ing five characteristics of the regions: class, size, position,
color, and text content.
Class: The segmentation program assigns to each region
one of several classes. Our measure of similarity depends
on class in the following way. The classes of the regions
being compared determine how heavily to weight the other
four closeness factors. For instance, the text content of
the regions is much more important in a comparison of
two body text regions than in a comparison of two image
regions.
Size: Small regions should be merged before large regions.
For instance, we want the various text regions of a docu-
ment such as paragraphs to merge with each other into one
large text region before any of them merge with a huge re-
gion such as the background.
Position: Region pairs which are spatially close should be
merged before region pairs which are spatially far from
each other. For instance, in a column of three paragraphs,
the first merge should not be the top-bottom pair.
Color: Regions with similar color characteristics should
be considered close.
Text Content: Regions with similar text content should be
considered close. This applies more to regions containing
much text than to regions containing little or no text.

We emphasize that these five measures of similarity are
assumptions specific to our particular example, and that for
other applications, other assumptions guiding the measure
of similarity could be more appropriate.

The regions of the image are defined as the connected
components of the postprocessed segmentation of the im-
age. Several features are defined in [4] that describe the
region in terms of the five similarity characteristics above.
Once the features are calculated, they are the only informa-
tion about the regions that is saved and used. The features
alone determine the distance [4] between regions when the
document tree is formed, and each node of the document
tree contains the aggregate features that describe the sec-
tion of the document descending from that node. We define
the distance function between regions in [4] to implement
the above assumptions about what makes regions similar.

3. Distance Between Document Trees

In a document database, each document can be charac-
terized by a binary tree as described in Section 2. Then
the similarity between documents can be defined by the
distance between their corresponding trees. This section
describes the similarity criteria that we use in our docu-
ment processing system. To define the distance between
two trees, we extend the concept of edit distance [11].

We let r(T ), L(T ), and R(T ) be the root node, the left
subtree, and the right subtree of a tree T , respectively. |T |

denotes the number of nodes in the tree T . We define the
yield Y (T ) to be the set of all leaf nodes of tree T . A
yield-partitioning set of any tree T is defined to be a set of
subtrees of T whose yields form a partition of Y (T ).

We first define the distance between two trees for sev-
eral simple scenarios, and then generalize to any pair of
trees using a recursive formula. First, the distance be-
tween a tree and itself is 0, ‖T,T‖ ∆

= 0. If two trees T and
T̂ consist of a single node each, we set the distance be-
tween them to χ(r(T ),r(T̂ )) where χ [4] is an application-
specific function which is symmetric (χ(x,y) = χ(y,x)).
For the general T and T̂ , we use the recursive definition
in Eq. (1), where γ(T, T̂ ) is a function which penalizes the
dissimilarity between yield-partitioning sets of T and T̂ ;
δ(R(T )) and δ(L(T )) represent the costs of pruning R(T )
and L(T ), respectively; and w is an application-specific
weight such that 0 ≤ w ≤ 1.

The intuition behind the recursive part of formula (1)–
i.e., the second term–is as follows. One situation when
we would like to say that T and T̂ are similar is if their
roots correspond to similar regions, and their set of leaves
describe similar sets of subregions. We would therefore
like to compare the respective roots of T and T̂ as well as
their yield-partitioning sets. This is what the last line of
Eq. (1) does. Another case when we would like to say that
two regions are similar is when one of them is a subregion
of the other, provided that the difference between these two
regions is not significant. The rest of the recursion is an
implementation of this comparison.

As suggested by Eq. (1), the distance between two trees
can be calculated using a recursive algorithm. To avoid re-
dundant computation, whenever the distance between two
subtrees is computed, it is stored. The distance between
each pair of subtrees is thus computed only once. The time
complexity of this algorithm is O(NN̂) where N and N̂ are
the numbers of nodes in the trees T and T̂ , respectively.

4. Preliminary Evaluation

In the previous sections, we have described a general strat-
egy for forming and comparing hierarchical document de-
scriptions called document trees. This section describes
some results of applying this specific strategy to documents
in our database.

The database we used for the experiment consisted of
41 one-page documents in PDF format. We converted each
one to a 400 dpi (157.5 dpcm) color image to obtain 41
page images to test our method. We then formed a docu-
ment tree to describe each of these document images. The
first step of forming the document tree is to segment the
document into regions. The images were first put through
the segmentation procedure whose block diagram appears
in Fig. 2. Once we had a segmentation of the original im-
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age, we found the connected components of the segmenta-
tion to define the regions of the document and recursively
merged these regions to form the document tree. Using
these trees, we then calculated the distances between doc-
uments using the method explained in Section 3.

For testing our system, we chose a document and cal-
culated the distance between its document tree and all the
other document trees. Fig. 3 shows the test document and
the document closest to this test document. Also below
each document, their corresponding document trees are
provided. In Fig. 4, the 2nd through 10th closest docu-
ments to the test document are shown, arranged in the or-
der of increasing distance from the test document.

5. Conclusions

We have proposed a general framework for capturing and
comparing the hierarchical structure of document images.
Our preliminary experiments show that our method pro-
duces results that make sense intuitively. Our future work
will focus on training the weights in the distance functions
and evaluating the importance of features.
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