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based on the histograms of gradient vector directions
and luminance levels. Rule-based classification
based on physical block structures such as width,
height and ratio width to height has been used by
Shih et. al. [2] which classify the segmented blocks
into text, horizontal/vertical lines, graphics and
pictures. Etemad et. al. [3] classifies the segmented
blocks into image, text and graphics based on
moments of wavelets. Graphics, photographs and
text were classified in [4] based on color, texture and
shape.

Abstract
Artificial Neural Networks (ANN) are a classic
pattern classifier and widely applicable to various
problems and are relatively easy to use. Three of the
most popular ANNs are Multilayer Perceptron
(MLP) with Backpropagation learning algorithm,
Self Organizing Map (SOM) and Recurrent Neural
Network (RNN). Support Vector Machines (SVM)
have gained great interest in the last few years in
pattern recognition. Thus, this research compares
the recognition performance of text and non-text
images (text, table, figure and graph) from technical
document images based on the pixel intensity of
various zones between BPNN, SOM, RNN and SVM.
Symmetrical and non-symmetrical zoning algorithms
were compared as input. 400 different datasets have
been tested and the experiments indicate that SVM
classification is superior to the other three
classifiers. The experiments also indicate that the
combination of symmetrical and non-symmetrical
zoning design is better than non-symmetrical or
symmetrical zoning only.

This research applies zoning to extract features
and act as input to four different classifiers, namely,
a Multilayer Perceptron (MLP) MLP with back
propagation learning algorithm, Self-Organizing
Map (SOM), Recurrent Neural Network (RNN) and
Support Vector Machine (SVM) as they have been
applied to various classification applications. Zoning
has been chosen since it seems to be one of the most
effective approaches for feature extraction in pattern
recognition [5]. Zoning is an example of statistical
feature compared to structural features like strokes
and their directions where an n x m grid is
superimposed on the binary image and information
for each n x m grid is calculated and is usually
applied to alphanumeric character recognition [6],
[7], [8].
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The main objective of this research is to conduct
a comparative study among BPNN, SOM, RNN and
SVM to classify the text, tables, graphs and figures
from technical document images based on zoning.
The result of this classification, especially, figure
classification, could be processed by the recognition
module which is not discussed here. Figure 1 shows
examples of the images used in this research that
have been cropped manually from technical
documents.

1. Introduction
A technical document usually consists of
information that may be represented in different
components such text, tables, graphs and figures. By
segmenting and classifying these components
separately, they could be input to search and retrieval
systems.
Research in automated document
processing has been conducted for quite some time.
Imade et. al. [1] conducted segmentation and
classification of printed characters, handwritten
characters, photographs and painted image regions
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distance normalization for each zone.
Each
classification has its own vector distance and can be
shown in a feature vector graph. Authors in [24] use
8 x 8 symmetrical zones where the percentage of
black pixels in each zone is calculated while in [25],
the total number of black pixels is calculated
separately for each line in the horizontal and vertical
direction for each zone. Authors in [26] and [27]
develop a non-symmetrical zoning, with very good
results.

Figure 1 Sample data used for training and testing.
Artificial Neural Networks (ANN) are a classic
pattern classifier and widely applicable to various
problems and are relatively easy to use [9], [10]. In
fact, current research in various applications is still
being conducted using ANNs. The result in [11]
indicates that BPNN outperforms Naïve Bayes and
Nearest Neighbor algorithms in filtering the relevant
information from digital documents. SOM has been
applied in [12] to classify the bryophytes in the Tatra
national park in Poland. A comparative study
between BPNN and the Grow and Learn (GAL)
algorithm has been performed in [13] and the
experiment shows that both of these techniques
provide similar result in classifying different types of
heart sound. Authors in [14] compare BPNN with a
Radial Basis Function Network (RBFN) in
classifying defects on aluminum foil and the
experiments indicate that BPNN classifies better than
RBFN. River water quality classifications have been
conducted in [15] using SOM, Cluster Analysis and
Principal Component Analysis and the results show
that SOM is better than the other two methods.
RNN has been used in [16] for Arabic speech
recognition while in [17] RNN has been used to
detect the real extent of snow in mountainous
regions.
SVM has been used in [18] for
hyperspectral image classification and [19] for
classification of remote sensing classification.

This research develops a combination of
symmetrical and non-symmetrical perceptual zoning
as shown in figure 2. Twenty different combinations
have been tested where the total intensity of the
black pixels in each zone is computed. Then, these
values are entered into the ANNs and SVM to
determine the optimal zoning design in classifying
the images into text, tables, graphs and figures.

Figure 2 Different type of zoning design.

3. ANN and SVM

A comparative study between SVM and FFNN
has been conducted in [20] for fault detection and the
results indicate that the performance of SVM is
better than FFNN. Besides that, the training time is
also less for SVM compared to FFNN. Comparable
results were obtained in [21] between SVM and
BPNN for credit rating analysis and in [22] for traffic
speed prediction. Thus, the objective of this research
is to investigate the potential of SVM in text and
non-text zone classification compared to BPNN,
RNN and SOM.

BPNN and RNN are two supervised neural
networks which require training sets with input
vectors and target vectors associated with the input
vectors. The NN learner makes adjustments to the
weight values to match as much as possible the
desired target vector with the calculated target
vector.
A BPNN receives input signals and
propagate these signals through all the layers to
obtain the output of the NN. It is an example of a
connectionist paradigm that relies on local
computations to discover the information-processing
capabilities of neural networks [28]. On the other
hand, RNN has feedback connections from the
output layer to the input layer. This feedback
provides extra learning capability to the neural
network.

2. Zoning
Various zoning algorithms have been developed
in the literature especially for character and digit
recognition. Each zone of an image can be either
symmetrical or non-symmetrical. A perceptual
fuzzy-zoning algorithm has been developed in [23]
where the image is divided into nine symmetrical
zones but the boundaries of the zones are fuzzy.
Then, the computation of the sum of the vector
distance of all pixels from the origin for each cell is
performed followed by the operation of vector

Figure 3 illustrates the architecture of the BPNN
and RNN used in this research. By referring to
Figure 3, the dotted lines indicate the backward flow
of the computation. A sigmoid function is used with
one hidden layer. According to [28], the size of the
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between a “support vector” and the vector is drawn
from the input space [28]. Figure 5 illustrates the
architecture of SVM.

hidden layer should be smaller than the size of the
output layer. Thus, since the size of the output layer
in this research is only four, the size of the hidden
layer is less than or equal to four. Different sizes for
the hidden layer and the number of epochs have been
tested and the maximum classification rate is
recorded.

Input
vectors

bias

Input layer

Hidden layer with
Radial-Basis
Function

Input layer
Hidden layer
Output layer

BPNN

Output layer

RNN

Figure 5 Architecture of SVM

Figure 3 Architecture of BPNN and RNN

4. Experimental results and conclusion
100 datasets from each category have been
cropped from technical document images which
totals up to 400 datasets, and 50% of the datasets
have been used for training while the other 50% have
been used for testing.

SOM is an unsupervised neural network that
represents a feedforward structure with one
computational layer with no target vectors required.
It is based on competitive learning where the output
nodes compete among themselves to be activated. It
starts with input node initialization. For each input
node, the discriminant function is computed which
provide the basis for competition among the nodes.
The winner of the competition is the node with the
largest value of the discriminant function. The
winning node determines the spatial location of the
topological neighborhood of activated nodes which
provides the basis for cooperation among the
neighboring nodes.
Then, the values of the
discriminant function can be adjusted to produce
better winning nodes [28]. Figure 4 illustrates the
SOM topology.

Figure 6 illustrates the zone content classification
result for the text, tables, figures and graphs while
Table 1 summarizes the best classification rate for all
classifiers. By looking at Figure 6 we can see that
SVM classification is better for all zoning designs
with the best classification rate of 92.5%. SOM
appears to classify the worst compared with the other
two ANNs while RNN classifies better than BPNN.
By looking at Table 1, we can see that the
combination of the symmetrical (design 6 in Figure
2) and non-symmetrical zoning design (other designs
in Figure 2) would be a better input feature compared
to only using the symmetrical or non-symmetrical
zoning design for this research.

Output layer (with
winning neurons)

Our future research will investigate extracting
other features for zone classification and integrate
SVM with RNN since both of these classifiers
perform better than the other two classifiers. It is
hoped that by integrating both the SVM and RNN,
the classification result could be enhanced.

Input layer

Figure 4 SOM topology
SVM is a supervised feedforward network that
constructs a hyperplane as the decision surface where
the margin of separation between positive and
negative examples is maximized.
It is an
approximate implementation of the method of
structural risk minimization [28].
The learning
algorithm used in this research is the radial-basis
function because it is the most common learning
algorithm for SVM where the inner-product kernel
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Table 1 Best classification rate for each classifier.
Classifier

Best
Classification
Rate

Zoning Design

BPNN

78

Design 2 & 6

SOM

75

Design 1

RNN

80.5

Design 2 & 4

SVM

92.5

Design 3 & 6
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Figure 6 Testing result for BPNN, SOM, RNN and SVM for zone content classification.
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