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Abstract

In this paper we present three dassfiers used in auo-
matic forms classidentification. A first category of clas-
sifier includes the kNearest Neighbous (kNN) and the
Multi-Layer Perceptron (MLP) classfiers. A seaond cate-
gory corresponds to a new structural classfier based on
tree @mparison. On ore hand, a low leved information
based on a pyramidal decomposition of the document
image is used by the KNN andthe MLP classfiers. On the
other hand, a high levé information represents the form
content with a Herarchical structure used by the new
structural clasdfier. Experimental results are presented.
Same strategies of classfier co-operation are propased.

1 Introduction

A form processng system automaticaly extrads and
understands the content of the forms. Such a system is
based onthe knowledge of locaion and meaning d areas
on the form and consistency links between them which
define the reading model. Most of form processng sys-
tems have to be set up by the reading model to processa
given form. Our approach is based onan automatic form
classidentificaionto seled the reading model (Figure 1).
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Figure 1 :Form processing system evolution

The identificaion modue extrads a low level infor-
mation wsed by classcd classfiers, and a structural repre-
sentation o the form content used by a new clasdfier.

In sedion 2 the information extradion modue is de-
veloped. Classficaion methods using the low level in-
formation is presented in sedion 3 Sedion 4 presents a
new structural clasdficaion method tesed ontree @m-
parison. Experimental results concerning ead classfier
are detailed in sedion 5. Finally, strategies of hybrid
approaches are presented in sedion 6
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2 Information extraction

In this sdion we present the two kinds of information
extraded by the identification module.

2.1 Image pyramidal decomposition

This pyramid construction is based on a reaursive cut
of the binary image into redanguar regions in which
black pixel density is caculated. The pyramid presents
several cut levels with a different granularity. The first
level corresponds to the blad pixel density in the whole
image, the seacond level gives black pixel densty in 4
redanguar cuts, the third level cuts the image in 16
... A 5 level cut returns a 341 (1+4+16+64+256)
dor used by the MLP and kNN clasdfiers.

FiguFe 2 :aform and its 5 level cut

2.2 Hierarchical structure extraction

A high level information describes the organisation o
the form content with a hierarchicd structure (modelled
by a tree which represents the hierarchicd links between
ead element of the form (Figure 3).
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Figure 3 : hierarchical structure

The etradion is organised in five main processs. A
segmentation phese is performed on the form image and
returns homogenous blocks [1] [2]. Then, the blocks are
labelled (text, graphic, line segment, table). The text-
blocks are segmented in sub-blocks representing text-
lines. The relative locaion d text-lines in the block al-
lows to perform a logicd labelling of the text-blocks
(paragraph first line, paragraph line, paragraph last
line...). The extraded elements are organised in order to



obtain a tree structure in which nodes are labelled (loca
tion, dimension, layout and logicd attribute). For more
detail ed information on structure extraction see[1] et [2].

3 Two classic classification methods

The k-Neaest Neighbours [3] and the Multi-Layer
Perceptron wse & an inpu the feaure vedor expressng
the pixel density at different resolution. The principle of
clasdfiers are reminded in the foll owing paragraphs

3.1 K-Nearest Neighbours

The kNN classfier is based onthe fad that if two ele-
ments are dose in their representation space they proba
bly belong to the same dass As mentioned before, each
form is represented by a fedure vedor which represents
its co-ordinates in a multi-dimensional representation
space In order to identify the dassof a form, the form
classof itsk neaest points in the representation spaceis a
significant information.

It is commonly admitted that the reliability increases
with k. A strict rule is to impose that the k nearest neigh-
bous belong to the same dassto take adedsion. This
rule reduces the number of errors, but it leads to many
rejeds. It can be smoothed by weighting the voting d
ead neighbour acwrding to its rank or distance The
main drawback of this clasdfier is the number of cdcula-
tions needed to find the k neaest neighbous. Some im-
provements are proposed in [4].

3.2 Multi Layer Perceptron

The MLP is a layer-organised neural network. Only
conredions between neurones of two conseautive layers
are dlowed. The neurone output is cdculated as the
weighted sum of its inpus to which is applied a non-
linea sygmoid function. Synaptic weights are usually
determined in a leaning phese using bad-propagation
algorithm [5]. The MLP is known for its dedsion speed
andits good generali sation capadty.

4  Structural classification method

This method performs the form classidentificaion by
comparing a treerepresenting the form (sedion 2.2) with
treerepresentation d the form classes.

Many tree @mparison methods exist. Some of them
(Selkow’s algorithm [6], Thomason and Gonzdez [7])
are based on an isomorphism and label similarity meas-
urement. Others are graph matching algorithms [8] [9]
which can be applied to trees (particular cases of graphs).

Finaly, we propose an iterative dgorithm. Roots of the
treesto be wmpared are first examined. If they are equal,
equality is looked for among their sons. Then the sub-

trees whose roots are equal are compared, and so on..
Nodes are @mnsidered as equal if the difference between
their label does not exceed a threshdd. Finaly, this gives
the largest tree ®mmon to the cmpared trees.

Sedion 4.1 presents the form class identificaion
method The onstruction of trees representing form
classs is detailed in sedion 4.2. An organisation
model tree database which improve identificaion in term
of computationtimeis presented in sedion 4.3.

41 Form classidentification

To identify the dass of a given form, comparisons
between the tree representing the form and the model
trees representing al classes are performed. Each com-
parison returns the mmmon tree between the spedfic and
the model tree Threefedaures are extraded at ead com-
parison : the number of nodes of the wmmon tree ad the
overlap rates of the common treein the compared trees.
These rates limit the density variation influence between
classes and the variability problem in each class The
examination of these feaures allows to determine the
neaest model tree The fedures of the seleded model tree
are submitted to a threshold presented in 4.2. When the
fedures extraded from the tree @mparison do not satisfy
the threshold, the form is considered as belonging to an
unknown class

4.2 Model treesconstruction

Eacdh form classis represented by a model tree. It in-
cludes the most frequently encountered fedures in trees
representing forms from the considered class

The forms are hand-fill ed. Hand-written data ae alded
in predefined areas cdled «adive aeas ». Data variations
and writers multiplicity involve alow stability on corre-
spondng nodes contrary to passve aeas. Model trees are
constructed in a learning supervised phese. In afirst step,
the most frequently encourtered nodes in a training set
containing trees from the same dass are listed. Nodes
which are not significant enough (low appeaance fre-
guency) are removed from the list. In a seand step,
model trees are anstructed from thislist by linking nodes
of two conseautive levels with compatible labels.

Once onstructed, the fedures presented in sedion 41
are extraded from comparisons of trees of the training set
with the model tree obtained. A dtatisticd study hes
shown that the feaures follow a Gausdan law. For each
model tree mean m and standard deviation ¢ are cdcu-
lated. The identificaion process determines the dassfor
which the model treeis the neaest from the inpu tree
The returned classis kept as the identificaion result if the
fedures are over m-2g, else, the form is rejeded as be-
longngto an urknown class The automaticaly computed
threshold differs for ead class and represents the differ-
enceof density and stability in and amongthe dasses.



4.3 Thehierarchy of models

The form classidentificaion is improved with a hier-
archicd organisation d the model tree database which
reduces computations. The hierarchy is constructed by
reaursively grouping common feaures in metamodels.
The obtained hierarchy is a binary tree where the non-
terminal nodes correspond to meta-models and the termi-
nal nodes correspond to models.

The form classidentificaion is performed by finding a
path leading to a termina node. The path seach is per-
formed at each node of the hierarchy by comparing the
inpu tree with the two meta-models to find the nearest
one. An agorithm which allows to simultaneously ex-
plore the k best paths is used to make the identification
more reliable.

The path seach involves a lower comparison number
than for the whole model database exploration. Moreover,
because of its lower number of nodes, comparing a tree
with ameta-mode is faster than with amodel.

5 Experimental results

In this edion, the experimental results concerning the
discussd clasdfiers are presented.

5.1 Classical classfiers

The results (Table 1) concern 570 forms from 27 df-
ferent clases. This st has been cut in equaly sized
leaning and test sets. For ead form 2, 3, 4 and 5level
pyramids have been generated. The KNN clasdfier has
been set with k=1 and wses Euclidean distance The MLP

has been set with 1 hidden layer containing 27 neurones.
Pyramid Recognition (%) Reject (%) Error (%)

Level kNN MLP kNN MLP kNN MLP

2 96.84 94.04 0.00 1.75 3.16 4.21

3 99.65 99.65 0.00 0.00 0.35 0.35

4 100.00 99.65 0.00 0.35 0.00 0.00

5 100.00 | 100.00 0.00 0.00 0.00 0.00

Table 1 :Classical classifier results
5.2 Structural classifier

The results (Table 2) have been observed on a 1420
form set. 1300 d these belong to 26 leaned classes and
120 kelong to urlearned classes. Otherwise, the leaning
phase has been performed with 10, 20, 30 or 40 forms per
class These results show a good cgpadty in rejeding
unknown forms and no error in the identification of forms
from known classes with an interesting recogriti on rate.

Trees in the Known classes (%) Unknown classes (%)

training set | Recogn Reject Error Reject Error
10 87.31 11.54 1.15 100 0.00
20 94.62 5.38 0.00 100 0.00
30 97.31 2.69 0.00 100 0.00
40 99.23 0.77 0.00 100 0.00

Table 2 :Results of the structural classifier

The number of forms used in the model tree @nstruc-
tion seans to be an important parameter (better perform-
anceswhen it grows).

6 Conclusion

In this paper, we have presented three different class-
fiers used in form classidentification. Clasdcd classifiers
(k-Neaest Neighbours and Multi-Layer Perceptron) use a
low level information on the binary image of the form. A
new structural clasdfier exploits a tree structure repre-
senting the form content organisation. This classfier is
based ontreecomparison.

The three dasdfiers $row good recognition rates.
Moreover, these results highlight the pertinence of the
used fedures even if it will be necessary to test their per-
formances on more representative test set.

Finally, our prospeds are based onthe set up of a das-
sificaion strategy which consists in combining both clas-
sifier types. A first strategy corresponds to use the dass-
cd clasdfiers as pre-clasdfier to reduce the number of
candidate das®s. Then, the structural classfier will be
applied to find the corred class A second approach con-
sists in co-operation where both classfiers suggest an
ordered list of candidate dasses from which correa class
isthen seleded byavote.
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