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ABSTRACT

Text-graphic segmentation is a crucial step in document
analysis pipeline, particularly for documents that contain a
combination of textual content and graphical elements. This
paper presents an approach for effectively segmenting text and
graphic components in Tifinagh (alphabet used to write
Amazigh language) documents. The proposed method consists
of using the texture attribute to effectively detect and extract
textual areas and graphical objects. Precisely, it is based on the
design of two Gabor filter banks, where the first is configured
with high frequencies to identify texts, and the second is
designed to detect graphical components using low
frequencies.
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1. INTRODUCTION

Writing is a means of communication that represents language
through the inscription of signs on various media. Writing first
appeared over 5000 years ago in different parts of the globe,
including Mesopotamia, Egypt, China, and the Americas. The
earliest traces of writing in temples in Iraq date back to 3500
years BCE. In Egypt as well, we find writings dated to around
3300 years BCE. The emergence of writing was driven by the
needs associated with the development of civilizations and also
by requirements such as the preservation of laws, the exchange
and transmission of information, and the keeping of financial
accounts, among others. In the beginning, writings were made
on clay tablets before paper invention. Handwriting was the
only solution for communication before printing press
revolution. It was from this time that writing entered a new era,
the era of typewritten or printed writing, which has remained
dominant to this day.

Technological progress meets all needs and enables the
exchange and transmission of messages and information across
thousands of kilometers in seconds. This progress has
contributed to highlighting new areas and research axes. The
field of document analysis and recognition is one of those areas
that is currently at the center of researchers' attention. It
encompasses all techniques that enable the identification of
text, graphics, notation, symbols and also the information
extraction from all these elements.

Despite this growing interest, there are some languages whose
documents have not received sufficient attention. For example,
the Amazigh language, spoken by millions in North Africa and
the Sahel, has gained significant status in some countries like
Morocco (Amazigh language is recognized by Moroccan
constitution, effective integration of Amazigh language in
public policies, etc.). However, the Analysis of Amazigh

documents and recognition have not reached the level of
attention it should receive.

This paper's subject fits into the broader context of the Amazigh
language revitalization. More precisely, we present the process
of text/graphic segmentation of Tifinagh document based on
the texture attribute. Texture-based segmentation involves
segmenting documents into microstructures with similar
texture characteristics (text and graphic). This choice is
justified by two reasons:

e  Firstly, the text in a document can be perceived as a
texture, whereas graphical objects have a different
texture.

e  Secondly, the texture approach allows for extracting
a set of information without any required knowledge
of the context, semantics, or physical characteristics
of the studied image.

This process consists in applying a bank of Gabor filters to
characterize the textures in Tifinagh document in order to
separate them using K-means clustering algorithm. This paper
is structured as follows: the first part presents a review existing
literature on document segmentation techniques. The second
part explains the proposed methodology for texture-based
segmentation (detail the process of applying Gabor filters to
characterize textures, filters design, features extraction, etc.).
The third part shows the results obtained by texture-based
segmentation process and discusses the effectiveness and
accuracy of the segmentation technique.

2. RELATED WORKS

Document segmentation is a crucial and determining step in all
document recognition systems. It involves segmenting the
document image into homogeneous blocks (text, image,
background, etc.).”

The literature is rich with approaches and techniques for
document analysis and segmentation which have been
classified according to several criteria. Among these
classifications, we find:

Layout analysis: This involves analyzing the overall layout of
the document to distinguish between text and graphics based on
their spatial arrangement [1].

Color-Based Segmentation: Text and graphics may have
different color distributions. Segmenting based on color
features allows for the separation of text from graphics [2].

Edge Detection: Text and graphics usually have different edge
characteristics. Edge detection algorithms, such as Canny or
Sobel are applied to locate edges and separate text and graphics
based on edge information [3] [4].

Machine Learning Approaches: Supervised or unsupervised
machine learning techniques, such as Support VVector Machines
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(SVM), Random Forests, or clustering algorithms are used to
classify text and graphics based on features extracted from
images. [5] [6]

Semantic Segmentation: Utilizing semantic information, such
as the meaning or context of text and graphics, can aid in their
segmentation [7] [8].

Hybrid Approaches: Combining multiple segmentation
techniques, such as texture analysis with color-based
segmentation or edge detection, improves segmentation
accuracy.

Other authors have classified these methods into two main
categories (classical and texture approaches):

Classical approaches: These are based on prior knowledge
and image analysis (bottom-up methods, top-down methods,
and mixed or hybrid methods).

e  Bottom-Up segmentation: These methods are based
on an analysis that starts with low-level components
(pixels) and aims to merge them to construct the
logical structure of the document (VVoronoi diagam,
Docstrum). [9-10-11-12]

e  Top-Down segmentation: The analysis starts at the
global level to refine the regions. In other words, the
analysis proceeds from the highest level to the lowest
level (Run length smearing algorithm, X-Y Cut
algorithm). [13-14-15-16-17-18-19]

Texture-based approaches: These methods allow segmenting
document images into areas with the same texture
characteristics and without any prior knowledge of the context,
physical characteristics, or semantics of the image. In this
context, we introduce some works that we find interesting:

e Lin et al.[20] presented a method for segmenting
documents into three blocks (text, graphic, and
space) based on the Gray-Level Co-occurrence
Matrix (GLCM). For feature extraction, the authors
used five Haralick properties (energy, entropy, sum
of entropies, difference of entropies, and deviation).
The document image is segmented into blocks, each
characterized by the five Haralick features.

e Etemad et al. [21] proposed a method based on the
wavelet transform. For pixel classification, they
proposed a fuzzy classification system.

e  Eglin[22] proposed a technique based on the analysis
of compactness, entropy, and autocorrelation

e Nicolas et al. [23] proposed an approach based on
Markov fields.

e  Etemad etal. [24] proposed a method based on multi-
resolution analysis and wavelet trees for region
classification.

e Journet et al. [25] presented a technique for ancient
documents segmentation. They extracted texture
features for each pixel based on the compass rose,
autocorrelation function, wavelet transform, and
Fourier transform. They chose to calculate these
features at four different resolutions.

e Wangetal. [26] introduced an approach based on the
observation of black/white pixel sequences for
graphic region detection.

3. METHODOLOGY

In this work, we have chosen to exploit the texture attribute in
order to segment Tifinagh documents into homogeneous
microstructures (text and graphics). Precisely, this approach is
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based on the principle of defining two banks of Gabor filters:
the first one is designed for detecting textual areas by applying
high frequencies, while the second is designed for determining
graphic areas with low frequencies. Once the features of each
pixel are extracted, the K-means algorithm is used to determine
the optimal cluster assignments (text or graphic).

3.1 SYSTEM ARCHITECTURE
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Fig 1: The main steps of the proposed approach
3.2 PRE-PROCESSING

The improvement of image quality is a crucial step in all
document recognition systems because it helps overcome
issues related to document quality (paper quality, humidity
stains, etc.) and problems related to the document scanning
process (image acquisition, scanner quality, skew, brightness,
noise, etc.).

To ensure the success of Tifinagh document segmentation
process, these techniques are essential [27]:

e  Median filter for image noise removal
e Radon transform for skew detection and correction
e  Normalization

3.3 GABOR FILTER

Gabor filters have attracted considerable attention of
researchers because it is inspired by the human visual
processes, which decomposes the image into a significant
number of filtered images. Furthermore, these filters possess
optimal localization properties in both spatial and frequency
domains. A Gabor filter can be considered as a sinusoidal

41



function of specific frequency and orientation, modulated by a
Gaussian wave.

In the case of the two-dimensional spatial domain, the Gabor
filter can be written as follows:

1 2 yZ
h(x,y) = exp(— > (? + ?))cos(Znuox)
x Oy

Where:

e 0, : Standard deviation of the Gaussian envelope
along x direction.

e o, Standard deviation of the Gaussian envelope
along y direction.

e u, : Frequency of the sinusoidal plane wave along x-
direction.

e  Arrotation of the x - y plane by angle 6 will result in
Gabor filters at orientation 6.

3.4 FILTERS DESIGN

The main idea of this approach is to design a filtering process
that is particularly selective in terms of frequency and
orientation in order to effectively characterize various textures.

To achieve this, we designed two filter banks. The first one uses
four high frequencies (16V2, 32v2, 64\2, 128+2) aimed at
detecting textual areas. Conversely, the second one relies on
four low frequencies (1V2, 2V2, 472, 832) to determine graphic
areas. Regarding the second parameter, we opted to use four
orientations 0°, 45°, 90° and 135°.

3.5 FEATURES EXTRACTION

After designing the two filter banks, the Gabor features are
calculated from each Gabor response matrix. For a grey-scale
image 1(x,y) and Gabor filter G, (x,y) defined by its centre
frequency f, and orientation 6, we calculate their convolution
Cuv(xy) and the filter magnitude response M, ,(x,y) as
follows:

Cu,v(x' y) =1(x,y)* Gu,v(x' y)

Mu,v(xr y) :\/Eu,v(x: Y)Z + Ou,v(xr Y)Z

Where:
Eu,v xy) = Re[Cu,v ay)/

Ou,v(x' y) = Im[cu,v(x' n/

This process allows extracting  a significant number of
features. This led us to reduce the high-frequency components
as well as apply principal component analysis in order to obtain
an intensity value for each pixel of the image.

Finally, based on the obtained features, the K-means algorithm
is applied to group similar pixels in order to obtain
microstructures with the same texture characteristics.

4. RESULTS

To provide an objective evaluation of this approach, we have
prepared a set of images that include Tifinagh documents
containing texts and graphic parts. Each image was processed
through this system, with the orientation parameter 6 being
adjusted each time to determine the values that would allow for
a more efficient segmentation of the document.
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The values of orientation parameter had a significant impact on
the accuracy of the text-graphic segmentation, as shown in the
following images:
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tXQIR A SAHEQ, EHEOIMoCol OF 09 0019
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RS oCCo® | 80XXS X HHEOCI0Al IAHECI
ZCoV1eH A tEloUZI A ECHEOO3H | +AQoUt |
$0LI0R X 8YoUlo® oCot? o R0 tColloOt |
1000,

Fig 2: Text-graphic segmentation with two orientations
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Fig 3: Text-graphic segmentation with four orientations
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Fig 4: Text-graphic segmentation with eight orientations

The table below summarizes the results obtained by applying
the proposed approach to our database of Tifinagh document
images. These results are presented according to the number of
orientations used in the design of the two filter banks.

Table 1. Text-Graphic Segmentation rate of Tifinagh
Documents

Text-Graphic segmentation rate (%)

Two orientations | Four orientations | Eight orientations

87.5 94.4 97.7

These results show that the text-graphic segmentation rate
becomes more accurate as the number of orientations increases.
But this also makes the processing time longer.

5. CONCLUSION

Text-graphic segmentation of documents is a process aimed at
dividing a document into several distinct regions by separating
textual elements from graphic elements. This segmentation is
crucial in the context of document recognition, indexing, and
information extraction. It allows for better organization of the
information contained in a document for more efficient analysis
or indexing. Generally, it allows documents structuring,
preparation for OCR (Optical Character Recognition) and
facilitating information retrieval.

In this work, this segmentation process has been applied to
Tifinagh documents, which have not yet received the
importance they deserve, as these are documents related to a
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language spoken in several countries rich in significant
scientific and cultural heritage.

This process is based on an approach that involves defining two
Gabor filter banks: the first is intended for the detection of
textual areas using high frequencies, while the second is
dedicated to the localization of graphical areas using low
frequencies. Regarding the orientation parameter, we opted to
use four orientations based on the results of the experiments
conducted (segmentation rate and processing time).
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