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Abstract

In this paper we describe a method for classifying docu-
ment images on the basis of their physical layout. The lay-
out is described by means of a hierarchical description, the
Modified X-Y tree, that is derived by the classical X-Y tree
segmentation algorithm taking into account cuts along lines
in addition to cuts along white spaces between blocks. In
order to reduce problems due to noise and skew of the input
image, the Modified X-Y tree is built on top of regions ex-
tracted by a commercial OCR. The tree is afterwards coded
into a fixed-size representation that takes into account oc-
currences of tree-patterns in the tree representing the page.
Lastly, this feature vector is fed to an artificial neural net-
work that is trained to classify document images.

The system is applied to the classification of documents
belonging to Digital Libraries, examples of classes taken
into account are “title page”, “index”, “regular page”.
Many tests have been carried out on a data-set of more than
600 pages belonging to an on-line Digital Library. These
tests allowed us to conclude that the use of MXY trees is ad-
vantageous with respect to the classical XY decomposition
for this classification task.

Keywords: Digital Library, Page classification, Modified
X-Y tree, Tree encoding, Artificial Neural Networks.

1. Introduction

Document page classification aims at assigning an ap-
propriate label to a document image, and is helpful in many
application domains, for instance in form processing sys-
tems and in Digital Libraries. Page classification can be
considered as a sub-task of page layout analysis, since a
physical/logical meaning is assigned to each page. In lay-
out analysis, learning methods (e.g. neural networks) can
be used for classification purposes at three levels: pixel
classification (employed for binarization and region seg-
mentation), region classification, and page classification.

0-7695-1263-1/01/$10.00 © 2001 1EEE

Whereas labels for pixel and region classification are quite
standard (e.g. we can distinguish among text, graphics,-and
line drawing regions) a broad range of targets can be taken
into account for page classification. For instance, the frype
of document can concern “technical paper” or “commercial
letter”; the editor can be “IEEE” or “ACM”; the layout can
be based on 2 columns or | column; the type of page can be
“title page”, “regular page”, or “index page”.

Different representations can be considered as input to
the process of document page classification. Sub-symbolic
features, like the density of black pixels in a region, are
computed directly from the image. Symbolic features, for
instance the number of horizontal lines, are extracted from
a segmentation of the image. Structural features (e.g. re-
lationships between objects in the page) can be computed
from a hierarchical description of the document. Textual
features, for instance presence of some keywords, are ob-
tained from the text in the image recognized by an OCR.

Page classification has been addressed with different ob-
Jjectives and methods. Most work concerned form classi-
fication that is aimed at selecting an appropriate reading
method for each form to be processed. Forni classification
often take into account the presence of ruling lines in the
pre-printed form layout [9, 11, 15]. Other approaches ad-
dress the problem of grouping together similar documents
in business environments, for instance separating business
letters from technical papers [5, 14]. In the last few years
the classification of pages in journals and books received
more attention [8, 10, 13].

In this paper we describe a page classification system
aimed at splitting pages (belonging to journals or mono-
graphs in Digital Libraries) on the basis of the type of
page, considering a structural representation of the layout
of the page. This page classifier is under development in
the domain of the METAe European project'. METAe is
focused on the semi-automatic extraction of meta-data from
scanned documents of historical books and journals, in or-

'METAe: the Metadata engine. http://meta-e.uibk.ac.at



der to make the digital conversion of printed material more
reliable in terms of digital preservation. In the context of
METAe, the role of page classification is crucial for both
extracting page-level meta-data (e.g. identification of table
of contents page) and narrowing the set of pages where to
look for some specific meta-data (e.g. identifying the title
page helps to retrieve the title of a book).

The paper is organized as follows, in Section 2 we sum-
marize previous work on the encoding of graphs into fixed-
size feature vectors, in Section 3 we describe the proposed
classification method, experimental results are reported in
Section 4, while conclusions are drawn in Section 5.

2. Encoding of structural representations

Structural representations of objects are very appropriate
in the domain of document processing. For instance, printed
and handwritten characters can be described by analyzing
the contour (or the skeleton) of their strokes. Likewise,
the page layout can be represented by using graphs [16] or
trees [12]. Most trainable classifiers (e.g. decision trees
and neural networks) require a fixed-size feature vector as
input to the decision algorithm. Some approaches (briefly
outlined in the following) have been considered for the map-
ping of a graph-based representation into a fixed-size vector
to be used by a neural classifier.

One approach (e.g. [1]) is based on the assignment of
some pre-defined slots of the feature vector to each node and
edge of the graph. In order to represent features of nodes
and edges more slots correspond to each item. This ap-
proach is appropriate when the maximum size of the graph
is bounded, and when a robust ordering algorithm of nodes
and edges is available. One advantage is the property that
the mapping from the graph to the vector is without loss of
information, and that real attributes in nodes and arcs can
be taken into account.

A different approach for dealing with structural repre-
sentations relies on the encoding of the graph structure into
the architecture of the network, instead of representing the
graph (or the tree) into a fixed-size vector. This approach
is based on recursive neural networks [7] which are exten-
sions of recurrent networks, and have been used for logo
recognition [6]. In this case attributes of the nodes can have
real values, however a limit of the approach is that the max-
imum number of children for each node must be known and
pre-fixed.

Another method, that is appropriate when node and arc
attributes have discrete values, is based on the computation
of the occurrences of each possible combination of attribute
values of nodes and edges of the graph. For instance, in [4]
the skeleton of handwritten characters is represented by a
set of circular arcs and described with an ARG (Attributed
Relational Graph), whose nodes (described by 3 features)
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represent the circular arcs, whereas edges represent rela-
tionships between pairs of connected arcs (described by a
2-tuple). In the proposed encoding each combination of
values of the 3-tuple, and each combination of values of the
2-tuple, corresponds to one item of the feature vector. The
value of each item is the number of occurrences of the cor-
responding tuple in the description of the character. With
this method variable size graphs can be taken into account,
however the structure of the graph is lost during the encod-
ing, and only discrete attributes can be considered for both
nodes and arcs of the graph.

A related approach for statistical document modeling is
based on generalized N-grams [2]. In this paper, the tree
structure of logical documents is represented by probabili-
ties of local tree node patterns similar to mono-dimensional
N-grams, which are generalized in order to deal with trees.
The generalization proposed in [2] is obtained by consid-
ering “vertical” N-grams (describing ancestor and child re-
lations) in addition to the more usual “horizontal” N-grams
(corresponding to sibling relations). With this approach, the
local structure of the tree is partially preserved, since the re-
lationships among nodes are taken into account.

3. Page classification

In this paper, page classification is performed with a se-
quence of operations that is aimed at encoding the hierar-
chical structure of the page into a fixed-size feature vector.
The structure of the page is described with a Modified X-Y
tree (MXY tree in the following) [3] that is built consider-
ing the regions extracted by a commercial OCR, instead of
dealing directly with the document image. MXY trees are
encoded into a fixed-size representation that takes into ac-
count the occurrences of some specific tree-patterns in the
tree corresponding to each document image. Lastly, this
vector of features is fed to an MLP that is trained to clas-
sify document images according to the labels assigned to
training data.

3.1. Symbolic building of Modified X-Y tree

The X-Y tree [12] is a top-down data-driven method for
page layout analysis. The basic assumption behind the X-
Y tree segmentation is the property that elements of the
page (columns, paragraphs, figures) are generally laid out
in rectangular blocks. Furthermore, the blocks can usually
be grouped in such a way that blocks that are adjacent to
one another within a group have one dimension in common.
In the basic X-Y tree algorithm the root of the tree corre-
sponds to the whole document, that is then split into regions
separated by horizontal or vertical white spaces, which are
found by looking for “valleys” in the horizontal or vertical
projection profile computed from the image. Each region



corresponds to a child of the root, and the algorithm is re-
cursively applied on each subregion.

The MXY tree extends the basic X-Y tree approach by
taking into account splitting of regions into sub-parts by
means of cuts along horizontal and vertical lines, in addi-
tion to the classical cuts along white spaces. Each node of
an MXY tree is associated either to a region of the page or to
a horizontal or vertical line. In particular, internal nodes can
have four labels (corresponding to two cutting directions,
and two cutting ways), and leaves can have four labels.

Segmentation capabilities of the X-Y tree algorithm (and
also of the MXY tree) depend on the level of noise in the
image, and are heavily affected by the presence of skew. In
order to overcome these problems of the X-Y segmentation
algorithm, but preserve its powerful hierarchical represen-
tation, we combined the MXY tree algorithm with the seg-
mentation provided by a commercial OCR. To this purpose
we developed a symbolic algorithm that builds the MXY
tree starting from homogeneous regions extracted by acom-
mercial OCR, instead of dealing directly with the image.
Since horizontal and vertical lines are not provided by the
OCR, we look for them in zones of the image not covered
by regions found by the OCR. Segmentation points corre-
sponding to horizontal and vertical white spaces, are located
by computing an approximate projection profile. This pro-
file is obtained by considering an uniform contribution from
each region either in the horizontal or vertical direction. The
amount of contribution to the profile depends on the average
number of black pixels in each region, and this value can be
either extracted directly from the image or estimated on the
basis of the number of characters in the region, and their av-
erage size. A side effect of this approach is that noise in the
image (not included in segmented regions) does not affect
the building of the MXY tree.

3.2. Tree encoding and classification

In this paper, we propose an encoding method that is
used for the classification of trees describing the page lay-
out. The idea that is behind this encoding is the observation
that similar layout structures often have similar sub-trees
in the corresponding MXY representation (for instance see
Figure 3).

In real cases, however, we cannot expect to find exactly
the same sub-tree in all the trees of a given class. For in-
stance, a block of text can be sometimes split into two or
more sub-parts, for other documents. Due to this variabil-
ity in the size of the common sub-trees, we describe each
tree by counting the occurrences of some tree-patterns com-
posed by three nodes. This approach is somehow similar
to the encoding described in [4] and to the generalized N-
grams [2]. The main difference with respect to generalized
N-grams is that the tree-patterns taken into account are com-
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Figure 1. A simple page with the correspond-
ing MXY tree, and the four balanced tree-
_patterns found in the tree. Non adjacent
nodes are considered in the last pattern.

[HL][HL]

posed by three nodes connected one to the other by a path in
the tree. On the contrary, generalized N-grams include also
patterns made by three siblings without taking into account
their parent. Trees composed by three nodes can have two
basic structures: one composed by a root and two children
(referred to as balanced tree-pattern), and one composed by
a root, a child, and a child of the second node. Four labels
can be assigned to each internal node: hs, vs (for cuts along
spaces), hl, vl (for cuts along lines). Each leaf can have four
labels: HL (horizontal line), VL (vertical line), T (text re-
gion), and I (image). Leaves of tree-patterns can correspond
either to a leaf of the MXY tree or to an internal node, con-
sequently internal nodes of a tree pattern can get four val-
ues, and leaves can have eight values. Taking into account
all the combinations of labels, 384 possible tree patterns can
be defined. v

A special care is required by the balanced tree-patterns.
Since siblings in the MXY tree can be ordered according to
their horizontal or vertical position (depending on the cut-
ting direction described in their parent), the relative position
between contiguous blocks is preserved in this description.
However, due to noise (or simply variable layouts of the
documents), one sub-tree can differ from the reference one
only for a node that is inserted between two representative
siblings. In order to overcome this problem, when comput-
ing the tree-patterns appearing in a MXY tree, we look also
for non-adjacent children (Figure 1), and this is another dif-
ference with respect to generalized N-grams.



The encoding just described takes into account only dis-
crete attributes in the nodes of the tree. In order to consider
also some information about the size of regions considered
in the nodes, we added four values in the feature vector, that
take into account the size of textual blocks belonging to the
same tree-pattern. Textual blocks are labeled as *“small” or
“big” depending on the ratio of their area with respect to
the area of the page. Blocks with area lower than a fixed
threshold are labeled as “small”, whereas larger blocks are
labeled as “big”. Therefore each tree-pattern containing tex-
tual leaves can belong to one of four classes according to the
possible combinations of size labels of the leaves. The four
features bringing size information are obtained by comput-
ing the relative distribution of each of the four combinations
in the encoded MXY tree.

After extracting the vectorial representation of the MXY
tree corresponding to a page, various algorithms can be
used for the classification. In this paper we addressed the
problem with a classical MLP-based classifier (trained with
the Backpropagation algorithm), which takes the normal-
ized feature vector as input, whereas outputs describe, with
an one-hot coding, the membership of each example. One
problem with such an approach (that is common to other
classification methods) is the large size of the feature vec-
tor, since many combinations of node labels can be consid-
ered. From a practical point of view, we can easily find out
that not many tree-patterns are found in actual documents
of a given data set, as we will analyze in the next section on
experimental results.

4. Experimental results

We carried out a set of experiments in order to evaluate
the classification results that can be achieved by taking into
account the information about the relative size of textual
blocks, by using cuts along lines in addition to the classi-
cal cuts along white spaces, and by considering also non-
adjacent leaves when computing occurrences of balanced
tree-patterns. The experiments are made with a data-set of
pages belonging to a historical journal: the American Mis-
sionary journal, that is available in the on-line Digital Li-
brary Making of America®. We considered five classes hav-
ing different layout, and appearing in each issue of the Jour-
nal. Samples of the 5 classes are shown (together with the
corresponding MXY trees) in Figure 3. Some classes have
a very stable layout (e.g. the “first page” and the “index
page”), whereas other classes have a more variable layout
(e.g. the “advertisement” class) and give rise to most er-
rors. For each experiment the documents are split into two
classes: one is used for training the neural network, and the
other is considered for testing purposes. The training set

2Document images can be downloaded from the web site of the collec-
tion: http://cdl.library.cornell.edw/moa/.
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was furtherly divided into three sub-sets in order to perform
a three-folder cross validation that allowed us to find the
optimal number of ephocs required for MLP training. In or-
der to reduce the size of the MLP input, a feature selection
step was performed by removing from the feature vectors all
the items that never appear in the training set. In this way
we used a feature vector containing no more than 274 tree-
patterns, instead of the 384 possible combinations of labels
assigned to nodes. The classification results obtained with
the basic features (by means of an MLP having 274 inputs
20 hidden nodes, and 5 outputs) are summarized in Table |
B). A pattern in rejected when the difference between the
highest MLP output and the next one is lower than 0.2 (the
outputs are in the range [0,1]).

Method Number of Test pages
features Right | Wrong | Reject

A) Basic and 278 281 17 7

size features

B) Basic features 274 281 19 5

only

C) Without cuts 63 186 33 86

along lines

D) Only contiguous 168 277 14 4

siblings

Table 1. Comparison of the results obtained
with various approaches. See the text for
more details.

As described in Section 3, in order to take into account
the size of textual blocks, we added to the basic features
four block size features. We selected the most appropriate
threshold (discriminating among “small” and “big" blocks),
by evaluating the results with different threshold values.
The results of this analysis are summarized in Figure 2, and
from this experiment we selected a threshold of 10 % as an
optimal one (the corresponding confusion matrix is reported
in Table 2). Analyzing Table 1 A) we can scc that few errors
are made when introducing the information about the arca
of blocks.

Output class
True class advert | first | index | receipts | regular Reject
advert 38 0 1 2 5 3
first 0 56 0 0 2 1
index 1 0 52 0 0 0
receipts 1 0 1 57 0 1
regular 0 2 0 2 78 2

Table 2. Confusion table of the test set, when
adding the textual block size features consid-
ering a threshold of 10 %.



30 45 50

Figure 2. Classification error (%) with differ-
ent threshold values, when using XY trees
(top line), and MXY trees (lower line).

In order to evaluate the benefit of using cutting lines
(MXY trees) in addition to the classical XY tree represen-
tation, we made another experiment, representing the doc-
ument images in the data set with the classical XY tree de-
composition algorithm. In order to obtain an uniform com-
parison, also in this case we extracted the tree starting from
the same blocks located from the commercial OCR in the
case of MXY tree building. A new test with a variable
threshold value was considered for encoding XY trees. The
results are compared with the standard one in Figure 2, and
clearly show that better results are obtained when taking
into account cuts along lines (see also Table 1 C)).

A further experiment was performed to evaluate the gain
that can be achieved when considering tree-patterns of the
MXY tree generated from non-adjacent siblings. In this ex-
periment we generated feature vectors considering only ad-
jacent siblings, and still taking into account the four textual
block size features. The results are summarized in Table 1
D), and more trees are rejected with the other approaches.

5. Conclusions

We propose a method for classification of document im-
ages belonging to digital collections of monographs and
journals. The method is based on a vectorial encoding of
the MXY tree representing the document image. Each item
in the feature vector describes the occurrences of some tree-
patterns in the tree corresponding to the document. Some
conclusions can be drawn after an extensive test on a data-
base of more than 600 pages belonging to 5 classes. First,
the use of cutting lines in addition to the classical cutting
along spaces made in XY segmentation allows us to im-
prove the classifier performance. Second, an encoding that
takes into account non-contiguous siblings, and that uses
information on the relative size of textual siblings, is ap-
propriate. Future work is related to the use of less naive
feature selection approaches, and on a massive experimen-
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tation on larger data sets. Moreover, other classifiers will
be taken into account in place of the MLP-based classifier
considered in this paper.

We would like to thank Oya Y. Rieger from Cornell Uni-
versity for her unique help in collecting data taken into ac-
count for our experiments.
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Figure 3. Some examples of the five classes taken into account in the experiments on the American
Missionary journal. For each page we report also the corresponding MXY tree (see Section 3.2 for a
description of the meaning of labels in nodes of the trees). In the first row (left to right) we show two
examples of first pages and two index pages. In the second row we have two examples of receipts,
one regular page and one advertisement page.
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