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Abstract

The purpose of this work is to develop a pattern recog-
nition system simulating the human vision. A transparent
neural network, with context returns is used. The context
returns consist in using global vision to correct local vi-
sion (i.e. input data are corrected according to neural net-
work outputs). In order not to compute all the input features
during these context returns, a filter-based method was de-
signed to organize the features in clusters. This allows find-
ing a good subset of input features during each cycle, which
reduce the computations. The method interest is shown in
the case of logical document structure retrieval.

1. Introduction

Computers carry out increasingly complex calculations
but still cannot handle tasks that seem to be simple for a hu-
man. This is particularly true in pattern recognition. Indeed,
the human brain seems to be more skilful, for example,
in processing a document (read and understand) because it
uses its knowledge and its capacity to be adapted to new sit-
uations. The use of context is very helpful for humans in
solving ambiguous problems. The alliance of “primitives”
that are immediately identified with the general shape of the
pattern helps a lot in recognizing an object. This duality be-
tween local and global vision will be explored in the forth-
coming of this article and its use within the framework of
the automatic document logical structure recognition.

To carry out this task, we start from the physical layout
(the way a document appears) to deduce the logical struc-
ture (hierarchical way of content organization) from it. For
example, a document has a title, is divided into several chap-
ters themselves split up into sections, sub-sections, etc.)

It would seem that there is a certain relation between
these two structures, but it remains limited to an implica-
tion that can be summarized as follows: “there are some el-
ements of the logical structure (mainly at the macroscopic

level) which result graphically in a particular form in the
physical structure”. In the literature, we can see that it is a
challenge to connect these two structures and just a few sys-
tems achieved to extract the logical structure for a consistent
set of heterogeneous documents.

This task remains difficult even for already numeri-
cal documents like Pdf files (Portable Document Format).
Some works as [1, 5, 8, 17] have been carried out by try-
ing to find a maximum of logical elements while working
directly on the Pdf instruction stream (inner file representa-
tion [10]). However if the results seem correct on some doc-
uments, generally these techniques do not succeed in find-
ing even the raw text. This approach is as hard as beginning
the process with digitalized image.

We propose in this article a document analysis method
modelling the human perception and simulating the duality
between global and local vision. The article is organized as
follows: first, we present a brief description of a neural net-
work technique and its interest compared to other methods
with no training phase. Then, we explain an adaptation of an
existing model used to carry out more finely the recognition
task. Finally, we introduce a data categorization method, be-
ing essential in our cognitive approach.

2. Cognitive approach and transparent neu-
ral network

Looking for some methods in the literature [13], we no-
tice that the authors have tried to use expert systems [3, 9],
rule based systems [6, 11] and other formalisms using gram-
mars [4] to find the logical structure. In these works, we can
observe that they are based on the postulate that this struc-
ture is built starting from rules and should be deduced eas-
ily. However, in practice, it is really hard to extract, as there
is a quantity of logical constructions and extremely diversi-
fied physical appearances. That is the reason why, most of
the existing systems often need the DTD (Document Type
Definition) of the document or are just limited to a few quite
precise document classes in which the samples have physi-
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cal patterns that “fit” with the logical elements. As soon as
a new type of document is presented (or even a noisy one),
the system has many difficulties to adapt to this new page-
setting.

2.1. Method background

The main advantage of neural networks as classifier is
their capacity to learn a decision function from examples. It
is an asset when compared with approaches where the clas-
sification algorithm is set up manually by the user.

We chose a neural model similar to McClelland and
Rumelhart [14] one, which is called TNN for transparent
neural network (in opposition to Multi Layer Perceptron
which is compared to be a “blackbox”).

All the neurons of this network carry interpretable con-
cepts. The neurons are classified in organized layers in or-
der to split the work to be carried out. The layers represent
different steps in the logical interpretation. Moreover, the
primitives and concepts, which we will be handled, are not
numerous and we can act on their relations, allowing using
and generating, in a very flexible manner, a priori knowl-
edge.

This TNN model was already used with success for
handwritten word recognition. It contains, for example in
[7], three levels of interpretation: a local one correspond-
ing to the primitives, an intermediate corresponding to the
letters, and a final level corresponding to the words to be
recognized. This model carries out the recognition in two
steps: propagation of the physical inputs towards logical in-
terpretation and a step of back-propagation from interpre-
tation towards the physical primitives. The inputs are cor-
rected by a sliding-window technique for each cycle in or-
der to refine the result. This context return was also used by
[12] who added an additional syllable layer (between let-
ters and words). A more adapted extraction system for hu-
man vision based on Fourier descriptors was added (Fig.1).
The transparent neural network principles are kept, but we
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Figure 1. Maddouri’s system.

will adapt it for our problem extending it with a training
phase in order not to assign the weights “manually” (as the
previous authors) but to let the system find them itself. An-

other approach is also proposed for primitive extraction be-
ing even closer to the human vision.

3. System overview

The use of such a model is proposed for logical layout
analysis. As this process is not obvious, the recognition is
carried out by several perceptive cycles (Fig.2).
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Figure 2. Perceptive cycles: propagation, an-
alyse, context return, correction, input fea-
ture selection.

In the first step, the system extracts a group of physical
features (e.g. size of bounding box, a number of letters, text
fonts, etc.). This input vector is given to the TNN, which
by propagation, gives an output vector VO (e.g. title, author,
paragraph, legend, etc.) with all recognition rates of each el-
ement VOi where i ∈ J1, nK and n the number of classes,
which should be recognized.

The vector is then analyzed to determine the relevance
of the obtained solution. If none of the n patterns has a suf-
ficiently high score ‖VO‖∞ > ε or has no high score com-

pared to the others Γ(VO) =
n((
P

VOi
)2−
P

V 2
Oi

)

(n−1)(
P

VOi
)2 > η, the

system points out an ambiguity. It operates a context re-
turn (facilitated by the neuron transparency) to find the bad
recognition source. When the faulty input features are de-
tected, the extraction algorithms are re-tuned by taking into
account the context. The input is corrected or refined. A new
propagation is computed with the new input and the output
Γ(V new

O ) is compared with the old one Γ(V old
O ).

If ambiguity disappears Γ(V new
O ) < Γ(V old

O ) we stop
the cycles. At the end of several cycles, if confusion per-
sists, we use therefore a new group of indices (more infor-
mative) to try to differentiate the classes.

When the TNN was presented in [7, 12], the weights and
the activation thresholds were all manually fixed. This was



possible because the data size was limited and did not share
complex relations. In order to generalize this approach, we
carry out a training of the network by using the gradi-
ent back-propagation technique. However, we perform er-
ror correction just between consecutive layers, as the value
of each neuron is known. There is thus a “series” of percep-
trons with several outputs. We currently work on another
training approach using a mixture between the traditional
MLP topology with TNN one’s but work is not yet advanced
enough to be published and will be it in a future work.

To determine the network architecture, it is necessary to
try to generalize the concepts and to gather the objects hav-
ing common physical and/or logical properties. For exam-
ple, if the sections, sub-sections and sub-sub-sections have
to be recognized, these three patterns can be gathered in a
concept “title” in a following layer, which can belong it-
self to the concept “lines of text”. The DTD of the docu-
ment can be helpful. It is much easier to build the network
hierarchy if it is present.

We will present in the following section another im-
provement that we brought to TNN so that the system be-
comes even closer to human perception.

4. Input data categorization

In most of the approaches, neural or others, all input fea-
tures are considered on the same level and all of them are
extracted for each pattern to be recognized.

We added to the TNN an input data categorization mod-
ule in order to adapt the amount of computation according
to the difficulty of the form to be recognized. Categoriza-
tion is carried out in agreement with human perception. We
will create feature groups according to criteria such as phys-
ical pattern recognition speed and the informative capacity.
If we have some knowledge about the field, we can build
sets “ad hoc” (as we have done initially (Fig.3)). However,
it is generally very difficult to process manually all the in-
terdependences when the number of variables is high. While
extraction time can be easily quantified, there is no precise
method to evaluate the discriminating capacity. We propose
a statistical method to qualify it in a better manner.

We took as a starting point methods applying for the se-
lection of groups of input variables (feature subset selec-
tion). In a first step, our method uses the principal compo-
nent analysis or more precisely the Karhunen-Loeve trans-
form as in the majority of the space reduction approaches.
We go further than the PCA because we want neither to
merge the variables nor to remove some. We only sort them
by importance into clusters.

The method proceeds as follows: the correlation matrix
CRMat = (cor(i, j))i,j∈J1,nK of the input vectors X from
the training base is built.
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Figure 3. Neural network layer decomposition
and input features division in cluster.

cor(α, β) =
1
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√
1
n
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The CRMat is split into product V ×L×V T with V con-
taining the eigenvectors of CRMat. L is the diagonal matrix
of the eigenvalues in descending order. We use QR method
(generally regarded as being most robust and most power-
ful) while profiting of the fact that the correlation matrix is
symmetric. The PCA stops by choosing the first q columns
of V to reduce space X in Y = V T ×X space.

Choosing the greatest eigenvalues guarantees the error
prediction minimization Y towards X but this rule can
choose variables containing redundant information [2]. We
should thus not consider the eigenvectors independently to
build a group. As we want to use all the variables, it is bet-
ter to build clusters containing “complementary” variables
i.e. which represent different axes. We will then be able to
construct clusters of features keeping most of the informa-
tion.

In [16] the author proposes, for example, a wrapper
based method using a genetic algorithm. He tries to find the
best variable subset but its solution uses the final classifier
for the subset evaluation. We propose a filter-based method
that does not use the classifier for the evaluation, as we want
firstly to construct the clusters and at the end the classifier.
Let Vi be the row vectors of V . Two variables a and b are
correlated if Va and Vb (consider absolute value of the vec-
tor components) have close relations within the meaning of
the Euclidean distance (‖|Va| − |Vb|‖ < γ).

The group creation algorithm is held as follows: first, the
number k of group is chosen. A Kohonen map of k neurons



Ni is used to classify Vi in k classes. The k neurons Ni rep-
resent the centre of each class of Vi. For each Ni, the nearest
Vi and its associated variable xi are looked for. The xi is put
in one of the k variables groups. A new Vi close to the cen-
tres is once again searched. The 2nd then the 3rd group of
variables is progressively filled until a nth (Fig.4). There are
thus n ≈ card(V )

k groups having each complementary vari-
ables and the groups are sorted by descending order of pre-
dominance of their variables.
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Figure 4. Data categorization according to
predictive capacity.

Once these groups are formed, they can directly be used
to form the groups used during the perceptive cycles. In-
deed, the most informative variables are generally the most
difficult to extract. As another solution, we can consider, as
in our case, that the extraction time of each feature is not
constant. Then it is possible either to arrange the groups ac-
cording to the total computation time of each one, or to re-
make other variable groups according to extraction time and
by regarding, in a second time, the variable membership to
an old group as an indicator of predictive capacity.

5. Experimental results

We tested the method on two different data sets. The first
uses MNIST database to have “continuous” data (images of
digits), and a MLP (Multi Layer Perceptron) was used as
classifier. Image pixels are taken as input vector. We evalu-
ate our groups with those obtained by choosing the best re-
sult of a thousand random subsets. It is difficult to assess
the effectiveness of the method compared to the optimum
solution (as there is no method available). It would be nec-
essary to make an exhaustive search (exponential complex-
ity), which would require testing for example C10

49 > 8 ·109

subsets to choose a subset of 10 elements among 49.
We can see in Table 1 that this filter approach manages

to keep more than half of the information by keeping less

Method
# features Random Our selection

49(max) 100% 100%
35 94.2% 99.3%
25 81.2% 88.6%
15 56.2% 70.5%
10 43.9% 55.2%

Table 1. Digits classification accuracy while
decreasing the number of features

than the quarter of features. The results are good in spite of
the strong influence of each pixel on the classifier.

For the tests concerning the logical document structure
retrieval, we chose as principal database the Siggraph 2003
conference [15]. The documents are scientific articles hav-
ing numerous and diversified logical structure elements.
Thus, we can carry out interesting tests. We find in these
74 documents 21 structures (Title, Author, Email, Local-
ity, Abstract, Key words, CR Categories, Introduction, Para-
graph, Section, SubSection, SubSubSection, List, Enumer-
ation, Float, Conclusion, Bibliography, Algorithms, Copy-
right, Page number and Acknowledgments) and this repre-
sents more than 2000 objects.

We tested the same method on this database of numeri-
cal documents. We extracted physical information from the
document layout (size of the bounding box, font, number
of words, etc.) There are 56 features holding geometrical,
typographical, and morphological information and we use
once again a MLP classifier.

Method
# features Random Our selection

56(max) 100% 100%
35 86.9% 99.3%
25 65.0% 79.6%
15 51.8% 80.1%
10 35.1% 83.8%
5 17.9% 44.9%

Table 2. Logical elements classification accu-
racy while decreasing the number of features

We can observe, through the results in Table 2, that this
type of data better lends itself to this feature classification
as we were expecting. We notice that the method is prof-
itable when the number of features is rather small (we do
not force it to choose useless variables) and can be very
powerful in this case (we keep more than 83% of informa-



tion by dividing the number of variables by more than 5).
On the other hand this filter-based selection is not as power-
ful as the PCA (here with 5 variables we lose more than half
of information) but it should not be forgotten that the PCA
merges the features (they are lost) and that we want to se-
lect a subset of them.

We have started to implement the tools which execute the
document physical and logical analysis work. We can give
some synthetic results already. We still miss tools, in par-
ticular those which make it possible to correct the input, we
thus made only tests by correcting the problems involved in
the segmentation. We have also to classify our features in
three groups with the method mentioned above. We used 44
documents for the training and 30 for the test and we com-
pared the result of a MLP with that of our TNN at the end of
four perceptive cycles. The Table 3 shows the result of sim-
ulation.

Recognition TNN
rates MLP C1 C2 C3 C4

All elements 81.6% 45.2 78.9 90.2 91.7%
Best class 86.9% 66.7 85.3 85.3 99.3%

Worst class 0.0% 0.0 0.0 4.0 28.6%

Recognition time
(MLP as reference) 100% 70% 145% 185% 240%

Table 3. Logical elements classification by
MLP an TNN with perceptive cycles

The perceptive cycles increase the recognition rates (af-
ter 4 cycles the classifier reach 91.7%). A TNN without
perceptive cycles is worse than a MLP (45.2% instead of
81.6%) because TNN does not have many constraints in its
intermediate layers. With perceptive cycles, the context re-
turns makes it possible to gain in precision while multiply-
ing only, in our case, the computing time by about 2.5.

6. Conclusions

We concentrated our attention in this article on the fea-
tures selection, which is an essential part of our work con-
cerning retroconversion (transform a paper document into
a numerical one) based on the transparent neural network
concept. This method allows us to generate automatically
variable groups keeping a maximum of information. The
method, although directly implemented without optimiza-
tions nor fine parameter settings (MLP, Kohonen map, vari-
ability of the data to be retained), gives already encouraging
results.

Thanks to this method, we could start to test our ap-
proach with transparent neural network and perceptive cy-
cles. Although the implementation of a certain number of
functions, especially in the data correction, still remains, the
results are already better than those of a simple MLP, with-
out necessarily adding heavy computations.

In our future works, we will propose to finalize these
methods and to test them on a more consequent database.
We will present also a method, which is actually being de-
veloped, to deal with the final cases of rejected patterns.

References

[1] A. Anjewierden. Aidas: Incremental logical structure dis-
covery in pdf documents. ICDAR, 2001.

[2] K. Balci and V. Atalay. Pca for gender estimation: which
eigenvectors contribute? ICPR, 2002.
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