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Abstract

The automatic detection and recognition of zone text in natural images remain in-

dispensable due to the omnipresent of text information in daily human life. This

domain contoured a development of many applications specially with English lan-

guage where many systems were implemented and proved their e�ciency. Arabic

language represents a real challenge for its cursive nature and rich vocabulary. The

�rst step of our work was inspired from Gomez and Karatzas [17] on multiscript de-

tection using Gestalt theory. For the second step, we implemented three classi�ers

namely Neural Network, Support Vector machine and Adaboost. These classi�ers

were deployed to classify the group regions in images as text or non-text. To improve

the system performance an ensemble method based on majority voting was applied

where the outputs of the three classi�ers were fused. Experiments were conducted

using own image database and ground-truth and the empirical results illustrate that

the proposed method is e�cient.
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Résumé

La détection et la reconnaissance automatique des zones de texte dans des images

naturelles est indispensables en raison de l'omniprésence de l'information textuelle

dans la vie quotidienne des êtres humains. Ce domaine a contourné un développement

de nombreuses applications spécialement avec la langue anglaise où de nombreux

systèmes ont été mis en ÷uvre et ont prouvé leur e�cacité. La langue arabe représente

un véritable dé� pour sa nature cursive et son riche vocabulaire. La première étape

de notre travail a été inspirée du travail de Gomez et Karatzas [17] sur la détection

multiscript en utilisant la théorie de Gestalt. Pour la deuxième étape, nous avons

implémenté trois classi�eurs : Neural Network, Support Vector Machine et Adaboost.

Ces classi�eurs ont été déployés pour classer les régions groupées par la premiere étape

en texte ou non-texte. Pour améliorer les performances des systèmes, une méthode

d'ensemble basée sur le vote de la majorité a été appliquée sur les résultats des trois

classi�eurs. Les expériences ont été menées en utilisant notre propre base de données

d'images où les résultats empiriques illustrent que la méthode proposée est e�cace.
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 ملخص
 
 

 

الآلي للمنطقة النصية في الصور الطبيعية يعتبر أساسي بسبب وجود الدائم للمعلومات النصية  الاكتشاف و التعرف

في الحياة اليومية للإنسان. هذا المجال يعرف تطورا ملحوظا في العديد من التطبيقات الذكية خاصة مع اللغة 

 سبة للغة العربية فهي تمثل تحدي حقيقيالانجليزية حيث تم تطوير العديد من الأنظمة التي اتبثت كفاءتها. أما بالن

بسبب طبيعتها المتداخلة في الكتابة ومفرداتها الغنية. في عملنا هذا تم استلهام الخطوة الأولى من عمل 

لاكتشاف المناطق المتشابهة والممكن تواجد النص فيها وفي الخطوة الثانية تم استخدام ثلاث  ]١٧[لويس

لاصطناعية والخورزميات الخطية وادبست. هذه المصنفات تم استعمالها مصنفات وهي الشبكات العصبية ا

لتصنيف المناطق النصية من الغير نصية في الصور الطبيعة. لتحسين اداء النظام تم  دمج  مخرجات النتائج الثلاث 

نتائج   الخاصة بالمصنفات و تجميعها في  واحد  وذلك  استنادا الى اعلى نسبة من المخرجات . تم  تقييم 

.   .                                     التطبيقات  باستخدام   قاعدة بيانات خاصة بنا حيث اثبتث طريقة التجميع فعاليته

......................... 
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INTRODUCTION

In recent years, scene text detection and recognition became a very important need

due to daily presence of textual information's all around us and increasing tech-

nologies specially in mobile phone with high resolution camera. The availability

of such application can help blind person to know where he is and where he can

go for example. Also, can help foreign visitors to have a real time translation in

his native language. In automatic car driving such application can assist driver by

reading road panel and signs. . . etc. Indeed, as human to understand text we must

pass by reading process that use our visual system eyes with the combination of

visual cortex in our brain, where text is interpreted in easy way. This process of

easy reading and understanding was a consequence of long learning days acquired

from childhood. Therefore, imitation of such visual system by computer is computa-

tionally complex and challenging task despite of some nice improvement in English

languages detection and recognition applications. In contrast, many other languages

like Arabic language meet di�culties to develop such applications where it main

problems are the rich vocabulary and cursive nature. So, this cursively in Arabic

languages writing where characters are connected constituting a word or a sub-word

in the language, make the segmentation of text into set of characters very di�cult

even in speci�c kind of images with restricted conditions and without background. In

general, text detection, as a �rst important part before recognition has been treated

by many researchers this last years specially in Latin script languages. Many great

works had been done with remarquable e�ort and success to develop text detection

application but still some problems remain always due to the text nature in the wild

that pose always problem with its di�erent size, color, orientation, intensity, font...etc.
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For Arabic language detection not much works have been done for the detection

stage due to its intricacies. Therefore, the goal of this thesis is to address this

problem of Arabic language detection using Gestalt theory and machine leaning

techniques. Our proposed systems are based on Gomez and Karatzas [17] works

inspired by Perceptual Organization (Gestalt theory) where the grouping of mean-

ingful regions is based on set of proximities and similarities laws. A features set

of meaningful group regions is calculated to feed three separately machine learning

classi�ers ( support vector machine (SVM), Neural Network (NN), Adaptive boosting

(Adaboost) ) to decide which regions are more probable to be text. Also an ensemble

method based on majority voting are applied on three outputs classi�ers for better

decision on text region classi�cation. For developing and evaluating such systems

we construct our own database combined with ground truth as important step to

our system. This latter was essential due to the big lack of existing of database

containing Arabic script in natural image for public use.

In our applications we are focusing to determine regions where text exist and

not localized with bounding boxes. An evaluation metrics consisting in precision,

recall and accuracy were used to calculate our systems performance then, a com-

parative study was done between the ensemble method and each three classi�ers

separately, where ensemble method is found to be the best in precision and accuracy.

The thesis is organized in four chapters. In the �rst one we analyze the liter-

ature using three basic concepts in text detection system, the region-based, the

texture-based and the hybrid-based systems with a comparative study done on their

performance also on the most used databased. The second one resume available

Arabic databases with a description of our own database and it evaluation pro-

tocol. In the chapter three we present a theories view of our preprocessing step

with machine learning used approaches . At the end we present in chapter four the

experimental results on our database and KIAST database as segmentation test of

our four systems.



Chapter 1

LITERATURE REVIEW

In this chapter we present literature review over important works that underline our

research subject. We start with description of three based aspects of text detection

and we present some important work done in Arabic script �nally we conclude with

comparison.

1.1 Introduction:

Text detection in natural images is in general the basic part before recognition process.

A well de�ned detection method can be very e�cient for a powerful recognition steps.

Detection method is an open research domain due to its di�culties that met great

success these last years essential for detection of Latin languages'. The text zones

in image processing �eld are de�ned as repetitive object with similar and speci�c

features that distingue them from other repeated patterns and clutters like leaves,

barriers, etc. The process of detection and recognition is very complex specially in the

case of natural images where they are subject to many e�ects, �rst from the nature

of text itself where it is present in di�erent size, font, style, position, orientation

and color. Second from the outside e�ect like sun light that can blur the text or

presence of complex background also we can �nd the panel or sign that contain

text that can be destroyed, deformed or have many re�ecting sides. These e�ects

3



CHAPTER 1. LITERATURE REVIEW 4

have a direct impact in intensity distribution of foreground and background of text

for detection or recognition [1]. Di�erent approaches were developed to deal with

text detection where we can �nd some academic papers that analyze and classify

those approaches using di�erent aspect and following theirs points of interest. In

general, most of the works like of Zhao et al [2] and Grond [3] divided the detection in

three aspects, connected component based, texture based and hybrid based methods.

Another aspect of division used by Yous� [4] based on machine learning detection,

heuristic detection and hybrid one. Following our studies, the literature review is

divided in three categories as follows:

• Region-based detection

• Texture-based detection.

• Hybrid-detection.

1.2 Region-based detection:

In general text detection process aim to determine the existence or not of text in

images. This based region process use bottom-up approaches starting by evolving

all regions in images from low level pixel representation using edge detection, con-

nected component or clustering candidate region. These detected regions represent

characters grouped together to form probable text that can be �ltered using di�erent

kind of heuristics or machine learning methods applied on complex calculated set of

features. These features set characterize the text from background and others regions

using color intensity, similarity, edges and spatial layout. . . etc. [5]. In the following

we will present in details the main works done by the regions based method and brief

description for the other ones.

One of the most interesting work that use region based detection with heuristic

rules to extract text region is a state of the art works that belong to Epshtein et

al [6] where they presented a fast novel image operator that give the value of stroke

width in image. Their approach proved robustness and simplicity to detect texts with
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di�erent scale, direction and fonts of di�erent languages. They called their operator

the Stroke Width Transform (SWT), because it transforms the image data from color

values to the most likely stroke described in Figure 1.1.

Figure 1.1: �rst one show typical stroke ; second one show searching direction of gra-
dient from pixel p belonging to boundary to pixel q; the last one show the connected
pixels that constitute the width.

In the �rst stage of their system they applied canny edge detector [7] on image

then they extracted for each pixels its gradient direction. They assumed that if the

pixel belong to the stroke boundary then its direction must be quit perpendicular

to the orientation of stroke, basing on that assumption they calculated a ray from

both pixel and its orientation to follow the probable opposite pixel in the second

extremity of the stroke, if such pixel (opposite pixel to initial one) existed the SWT

assign the stroke width as distance between the initial pixel and its opposite for

each pixels within the segment. If those pixels had already another value of stroke

width then the minimum one will be considered, otherwise if no opposite pixel was

found the ray must be discarded. The next step of their approach was grouping

the pixels into letter candidates where they modi�ed the association rules in the

classical connected component (CC) [8] algorithm by using a predicate that compares

the SWT values of the pixel to group all neighborhood pixels that had a stroke

width ratio less or equal 3. The second stage of their approach was using a set

of rules on CC (grouped pixels) to extract text region by a simple calculation on

stroke width variance in same CC. If there are few variations, then the CC may

considered as text. They add some restriction for better result like setting a limit

for the ratio between the diameter of the CC and its median stroke to be less than

10 to prevent long and narrow component. They also constrained their approach by
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eliminating the two small/large components and the CC like frame and sign. Fi-

nally, they separated the lines of detected texts using horizontal histogram projection.

Using the same notion of SWT, Yao et al [9] presented both a system for detecting

text in arbitrary orientation using two level classi�cation and a database composed

with images that contain di�erent text orientation called MSRA Text Detection

500. They associated with their database a protocol that allow for a community

researchers to evaluate the performance of their system and to compare their results

with other methods.

Their method was assembled from approaches that use bottom-up for grouping

text and top-down for chain analysis, They started as �rst stage by component

extraction using SWT operator [6] applied on edged image which compute per pixel

the width of the most likely stroke containing pixel, and then groupe the neighboring

pixels that had a nearby stroke width to form a CC. The second stage was classi�ca-

tion of these CC as text or non-text using a two-layer �ltering mechanism. The �rst

layer exploit the geometrical and statistical proprieties of CC such as the number

of foreground pixels, bounding box, width and height, mean and standard deviation

to classify the CC as text or non-text. The second layer was trained to identify

and reject the non-text component that was hard to remove by the �rst one. The

features of the second classi�er was calculated from certain characteristic such as

scale invariance and rotation invariance with the estimation of center characteristic

scale and major orientation of each component. These characteristics are invariant

to rotation in some degree scale and translation. A random forest was generated

from the classi�er where each component had a certain probability in the tree, the

CCs with probabilities values lower than certain threshold were eliminated and the

rest were considered as character candidates.

In the third stage, they agglomerated using a greedy hierarchical clustering

[10] the character's candidate generated by the last step respecting their similarity

features. The pairs of character candidates were merged recursively if they had
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Figure 1.2: (a) Original image; (b) Edge detection; (c) SWT; (e) Component �ltering;
(f) Interpretation; (i) Detected texts.

proximal size, color and orientation. Therefore, a classi�er was deployed using chain

level features where elevens features were created to better classify the chain as text

or non- text region. Finally, for each detected text, its orientation was calculated

and its area rectangle was estimated in Figure 1.2 di�erent process are shown. Their

algorithm was performed two times with the gradient direction and with inverse

direction image where the results was merged to make better decision.

Another interesting work region based approaches combined with machine learn-

ing classi�cation was introduced by Neuman and Matas [11] [12] where they developed

an Extremal Regions (ERs) algorithm based on inclusion relation for text detection in

natural image. Their system had two major stages, the �rst one aim to achieve a real

time performance during the detection of ERs. These ERs were constructed using

the inclusion relation, where they were evolved sequentially respecting an incremental

threshold in level-color intensity interval [0,. . . ,255]. Each ERs in a given incremental

threshold depend on its predecessors. They used in their system an incremental

computable descriptors calculated in O(1) [13] during the ERs sequential grouping

showed in Figure 1.3, these descriptors were Euler number, perimeter and horizontal

crossing. In same times, They deployed a sequential classi�er AdaBoost with decision
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Figure 1.3: (a) A source of cutted images with initial seed of the ER; (b) p(r|character)
estimated incrementally computable values in the inclusion sequences.

trees that had as input a set of features (aspect ratio, compactness, number of holes,

horizontal crossings) calculated from a cited descriptors. The output of classi�er was

calibrated using logistic correction to assign a certain probability to each region being

a character, only the region with local maximal probability was selected for the next

stage of classi�cation. In the second stage a set of more complex features was cal-

culated with feedback loop in an exhaustive search applied to group of ERs selected

by �rst classi�er. They used a Support Vector Machines (SVM) classi�er with RBF

Kernel [14] to recognize the ERs as character or non-character, the SVM was trained

using features of the �rst classi�er plus others more computationally expensive like

hole ratio, convex hole ratio and the number of outer boundary in�exion points.

A particular case of ER called MSER was introduced by Yin et al [1] as state

of the art. Their work was based on method that use a Maximally Stable Extremal

Regions (MSER) [15] for scene text detection. The �rst stage of their method

was character candidates extraction by applying a MSERS algorithm on input text

image to generate a tree that contain all di�erent image regions. A parent/children

elimination was performed in the resulting tree to prune a non-character's candi-

dates. The choice of who can be a character, child or parent was estimated by their
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Figure 1.4: (a) MSER tree of a text segment; (b) MSERs colored following the
variations (c) regularized variations; (d) linear reduction; (e) character candidates
after tree accumulation.

proposed regularization variation (RV) scheme where two algorithms for elimination

was deployed, called respectively linear reduction and tree accumulation algorithm.

The RV was achieved by penalizing the variation of regions with maximal and

minimal aspect ratios, next a linear reduction algorithm was applied to resulting

tree with the new RV values where in the case of parent that had only one child,

the reducing algorithm choose the one who had minimum variation and discard the

second. Finally, as last step in this stage, they used a tree accumulation algorithm

for the case of parent that had more than one child as Figure 1.4 show. If one of

the child's had lower variation than parent, the algorithm kept them, otherwise they

discarded them from tree. The advantages of both algorithms was in recovering

the lack of the ordinary pruning algorithm that had limitation in choosing the child

as maximal region also the both algorithms present a linear complexity in calculation.

The second stage of their method was text candidates construction using a single

link-clustering algorithm [16]. This algorithm had as input a set of started points

representing the probable character candidates resulting from the last stage and had

as output a set of clusters that correspond to the text candidates, these clusters

were grouped iteratively using a weighted features distance function that compute

the degree of similarity between data points. The features space of distance function

used in their algorithm was a vector composed from the characteristics of probable

character candidates, like width and height di�erences, top and bottom alignments,

color and stroke width di�erence. The weighted values of features and threshold were
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learned automatically using distance metric learning algorithm.

The �nal stage of their method was text candidates elimination. For each text

candidate a posterior probability was measured using classi�er where high probability

corresponds to a non-text region to be removed. The text-candidate features were

inspired from the uniformity of characters feature in the text and calculated as input

for the classi�er. These features were smoothness (average di�erence of adjacent

boundary pixels' gradient directions), stroke width, average stroke width, stroke

width variation, height and width with aspect ratio. The following Figure 1.5 show

the �owchart of their system associated with the experimental results.

Figure 1.5: Flowchart of the system and the associated experimental results.

Gomez and Karatzas [17] added gestalt theory [18] that compute the perceptual

organization of system through various laws of similarity combining with proximity

laws to have the evidence on the most meaningful groups of MSER. The pipeline of

Gomez approach for text extraction was composed from three stages. The �rst stage

consists on detecting text character using region decomposition algorithm MSER. In
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the second stage they applied in three steps the perceptual organization clustering

notion on resulting tree where in the �rst step, they combined the geometrical and

statistical features of the most meaningful groups of regions with the coordinates of

the regions centers to describe similarity and proximity relations between characters

of a word or text line. For each feature sub-spaces, a single linkage clustering analysis

was performed to build a set of nodes that constitute a dendrograms. The second

step of that stage consisted on testing the meaningfulness of dendrograms nodes using

Helmholtz principle as probabilistic approach to Gestalt Theory by automatically

detecting deviation from randomness corresponding to meaningful events. To assess

the meaningfulness of grouped regions they calculated a metric for each node with

merged regions in dendrograms using binomial distribution to know if the observed

distribution come by chance or not, the low value the metric had the most region was

meaningfulness. Then they analyzed the cluster of meaningful nodes by comparing

the values of their metrics at each node in the dendrogram. The last step consists

on accumulation by evidence [19] all maximum meaningfulness clusters of each den-

drograms using a co-occurrence matrix to perform the �nal clustering analysis of the

regions. Their notion of meaningfulness resulted in all kind of similarities detected

in the images for that it was necessary for them to �lter the result of the above stage

and keep only the meaningfulness clusters considered as text. In their �nal stage they

used a combination of two Real Adaboost classi�ers trained using di�erent scripts

with ICDAR2003 and MSRA-TD500[9] data sets. The �rst classi�er was used to

classify each region in each group being a character or not within certain probability.

Their second classi�er performed a simple statistics calculation on scores to classify

a group of regions as text/non-text group.

Gaddour et al [21] presented a modi�ed MSER algorithm to detect Arabic script

called Color homogeneity Region [22]. Their method uses two thresholds for each

color channel instead of one used by MSER, to extract candidate region by minimum

and maximum surface limit. Then, they calculated geometrical features associated

with vertical projection histogram to �lter Arabic text from non-Arabic ones. The
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histogram that modeled the ligature characteristic of Arabic word is shown in Figure

1.6 with one experimental result of their system in Figure 1.7.

Figure 1.6: (a) Vertical projection; (b) Horizontal projection (HP).

Figure 1.7: (a) All of the regions detected; (b) Region after �ltering; (c) �ltering
according to Arabic features.

Using MSER [15] and SWT [6] algorithm we �nd the work of w. Ding et al [23]

where they used MSER algorithm to generate candidate regions. For each region they

calculated SWT to localize textual component where a hierarchy was constructed us-

ing seed growing approaches. Then, they used Convolutional Neural Network to �lter

the regions as characters or not with greedy iterative search as grouping characters

search algorithm to form text lines.

1.3 Texture-based Method:

The texture-based method [1, 24, 25, 26] used in general the concept of sliding win-

dows as search method to extract patches with multi-scale windows and then analyze

it by exploiting the property of similarity and high intensity of text region using
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Gabor �lters [24] or wavelet transform coe�cient [1] or Discrete Cosine Transform

[25, 35, 36], where features are calculated for text detection or classi�cation.

One of the interesting methods was of Chen et al [26] that proposed an automatic

system for detection and recognition of text from natural scenes, their approach

embeds a multiresolution and a multiscale edge detection to detect text in di�erent

sizes where at �rst stage they used edge-based features for text detection region

by applying a multiscale Laplacian of Gaussian (LOG) edge detector that return a

set of edge patches. For each patches they calculated a features like size, intensity,

mean, and variance to eliminate some of them basing on certain criteria and then

the remaining ones was passed to a recursive procedure that merged the adjoin edge

patches with similar properties.

The high intensity contrast in gray scale images and the color di�erence in

foregrounds and backgrounds of the text made it distinguishable, they exploit these

proprieties for the second stage of their method where they applied a marginal

distributions Gaussian mixture model (GMM) on a color space for foregrounds and

backgrounds to describe each character separately rather than the entire sign for

chines characters' text. Their choices to model each character aim to prevent the

change in lighting that have impact on whole sign. They calculated the RGBHI

distribution of colors spaces as parameters for GMM to easily segment the characters

showed in Figure 1.8, also a con�dence parameters was calculated to measure the

segmentation performance of the component in each subspaces. They applied next a

layout analysis to align characters using two cluster features (intrinsic and extrinsic).

The intrinsic features were font style, color, and contrast that not change with the

camera position. The extrinsic features were character size, sign shape, etc. that

change with the camera position. This alignment helped to recover deformation of

the sign if there exists.

In the third stage of their method they used an a�ne recti�cation to recover

deformation of the text regions caused by an inappropriate camera view angle, they
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used for that a non-texture based method where they calculated the normalized

spatial direction from spatial parallels lines keeping on consideration the cases where

the projection of lines in image plane are parallel or not. Then they reconstruct a

front view of the sign from an a�ned text image by calculating the normal of the

sign plane under the camera coordinate and using B-spline interpolation.

Figure 1.8: Segmentation using di�erent components.

The approach of Slimane et al [27] consisted on printed Arabic text recognition

using Hidden Markov Models (HMM) improved by a minimum and a maximum

duration models [28]. The improvements contributed to build a system working in

open vocabulary mode, without any limitations on the size of the vocabulary. Their

system was composed from two stages, training and recognition based on Hidden

Markov model Toolkit (HTK). They proceeded �rst by features extraction of words

that were already extracted from images. The word vector features was calculated

from sliding window passed along the word from right to the left shifted by one pixel,

where for each window the number of black/white of connected component and the

ratio between them, the perimeter, compactness and gravity center of the windows

were calculated. To add more features to the word vector they normalized the size

of windows to 20 pixels height, then they computed the horizontal and vertical

projection values resulting in a vector of 53 coe�cients.

They converted the extracted features vectors to a compatible �le using HTK that

initialized HMM for the learning stage where a sub-model was associated with each

trained word. They choose the procedure Baum-Welch iterative estimation in HTK
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for embedded training, that evolve two operations alternatively proceeded where one

increase Gaussian number and other re-estimate Gaussian parameters. Finally, at

the end of training stage a duration models was derived to alter the HMM topology.

In the recognition stage many transition from sub-model to another were allowed to

recognize any word in an open vocabulary fashion using a Viterbi procedure in HTK

that look for the best state sequence. some miss classi�cation occurred representing

a major drawback of their method. The big advantage using duration model for

topology of HMM was the capability to reduce drastically the recognition errors of

the system.

From the older works that used texture-based we �nd the work of li et al [29]

for text detection and tracking in video frames. The �rst stage of their work was a

sliding windows search. Therefore, for each windows they calculated Haar features

fed to Neural Network for text or non-text classi�cation, the detected text was then

tracked across video frames. Using the same notion of Neural Network Lienhart and

Wernicke from [30] calculated and scaled di�erent edge orientation in images and

presented them as input to NN for classi�cation. They used also a region bounding

box growing algorithm where each rows and columns are checked to be text or not

within the bounding boxes. More recent works [31, 32, 33] use Convolutional Neural

Netwok (CNN) for text detection basing always on sliding windows. As example we

�nd the work of Yous� et al[4, 32] where they used three machine learning methods for

text detection. The �rst one was the Convolutional Neural Netwok (CNN) where no

preprocessing have been done due to its cursive characteristics by extracting features

from patches images and then classify those patches in same time. The second one

was using two multi-exit asymmetric boosting cascade on Multi-Block Local Binary

Patterns (MBLBP) [34] and Haar features to classify blocks to text or non-text.

Their methods proved high rate performance on large database of Arabic TV channel

videos. The following Figure 1.9 show two examples of their experimental results.
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Figure 1.9: Example of text localization using CNN-based method.

1.4 Hybrid based Method:

Hybrid method is the mixed of CC-based and texture methods that can merge

between the advantage of the both and is more popular like CC-based than sliding

windows.

Moradi and Moza�ari [25] proposed a new hybrid method for Farsi /Arabic text

detection and localization in video frames. In the �rst stage of their method they

extracted edge and stroke from I-fram video using Sobel edge detector that result in

high-edge density in text areas. Then, they performed some statistics on the stroke in

4 directions (vertical, horizontal, diagonal and anti-diagonal) to eliminate a non-text

edges, as result they obtained four text stroke maps for each directions. Next they

exploited the characteristic of periodical gradient existence in Arabic/ Farsi text

by creating a set of arti�cial corners from the intersection of the four dilated maps

strokes then, they applied a Gaussian kernel in image to reduce the sensitivity of font

where they had as output an image with higher arti�cial corner density. From this

image a horizontal and averaged value histograms was calculated with the number of

arti�cial corners to remove the histogram bins that are less than average representing

the non-text region, �nally the font size was estimated by calculating the average

width, where if the estimation was 50% larger or smaller than the initial font size (
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�xed to 20 pixels height in their approaches) they rescale the estimated fonts until

they became with the same size of the proposed initial font.

The second stage was extracting the texture of the image following the intensity,

they applied for that a Discrete Cosine Transform (DCT) on the gray-scale input

image, the coe�cients of DCT were determined for extracting Farsi/Arabic text lines

and combined with a selected quadratic weight that gave the frequency importance

of component. Next, they introduced an operator that measure the local contrast

for e�cient texture classi�cation called Local Binary Pattern ( LBP). They applied

LBP on gray-scale image where another image was created in which each pixel value

represented the texture pattern of the respective pixel. For more precision and for

describing edge patterns they used a horizontally emphasized LBP (HELPB) and

a vertically emphasized LBP (VELBP) operators to extract horizontal text strokes

pattern and vertical text strokes pattern respectively the process is shown in Figure

1.10. The threshold of both HELBP and VELBP was adaptive, calculated using

probability density function of the image's DCT coe�cients [35,36].

The �nal stage consists on text identi�cation using a SVM with radial basis func-

tion RBF. The SVM had as input a set of hybrid features extracted from both a

texture intensity image and arti�cial corners image for each block of the height equal

to the font size and width equal to font size *2. These hybrid features represented the

energy, entropy, homogeneity, inertia, mean, variance, third-order central moment and

the background complexity of each block. Finally, they performed a horizontal and

vertical projection on the DCT coe�cient-based texture intensity image to estimate

the bounding box of text region.

In the work of Zhao et al [2], they presented a robust hybrid method that use

both top-down and bottom-up processing for text detecting in natural images. �rst

they used learning-based Partial Di�erential Equations (PDEs) [38, 39] to construct

con�dence map in faster way, where the complexity of this method is much better

then sliding windows and is order only O(N), they applied on this map a connected

component clustering to detect text region. Then, they used a two-level classi�cation
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Figure 1.10: Candidate text region with corresponding horizontal and vertical texture
projection.

to �lter non-text regions.

Pan et al [40] they presented a hybrid approach to detect and localize texts in

natural images. They �rst estimated the scale information in image pyramid and text

position to detect text region, then they used a conditional random �eld (CRF) model

with supervised learning to �lter the non-text regions. At �nal stage they grouped

regions �ltered into text lines using energy minimization method. The following

�gures 1.11 and 1.12 shows the main processing of their method.
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Figure 1.11: (a) Original image; (b) text con�dence maps for the image pyramid; (c)
the text con�dence map for the original image; (d) binaries image.

Figure 1.12: (a) component neighborhood graph; (b) components text with the
learned CRF model.

1.5 Comparative studies:

The main advantage of Region-based techniques is time performance they can achieve

a high precision in text detection much less then texture based techniques that con-

sume more time for the search of text using high scaled sliding windows. Also, due

from the low-level process they can segment mutiscript in di�erent orientation and

scale in contrast of texture-based that demand a training in speci�c languages to

detect text.
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For the advantages of texture-based methods we �nd a good localization of the

text even in images with low resolution where we cannot di�erentiate background of

the text from foreground specially in video sequence images. However, this advantage

remain disadvantage for region-based method where we cannot easily segmentate and

localize the text. Following the advantages of the both technique a Hybrid method

was introduced from many researchers for a better performances and results.

In the following we present a comparison between the performance of methods

that we described above in each three approaches.

For region-based we have three comparison following the nature of dataset used

to test the performance of each methods Ding[23], Newman and Matas [12] and

Yin et al [1] they evaluate their approach using a public data set of ICDAR11 [37]

where Ding method showed more performance then Newman and Yin et al. the

performance of each one are respectively 86.3, 86.29 and 73.1 as precision. 77 , 68.26

and 64.7 as recall. 81.4, 68.7 and 76.22 as f-score. For the ICDAR 2013 [41] the same

performance of Ding was better then Yin. For the MSRA-TD500 [9] dataset, Yao et

al [9] and Gomez [17] methods showed a very remarquable performance with large

di�erence than Epshtein [6] and Chen. The performance of each method are given

respectively 63 , (58, 54 Gomez), 25 and 05 as precision and recall with 60,56, 25 and

05 as f-score. For texture-based method the work of Yous� [32] was tested in two

kind of dataset called ES1 and ES2 without a comparative study with other methods.

Their ES1 dataset was an ensemble of 201 images taken from Al-Arabiya, Al-Jazeera

and France 24. They tested on ES1 their three approaches. The �rst approaches

was detecting text using CNN, the second was using Haar-ada and the last one was

MBLBP where CNN proved more e�ciency then others where respectively the re-

sult are 75, 66 and 25 as precision. 77, 75 and 72 as recall. Finally, 76 ,70, 37 as f-score.

Slimane et al [27] evaluated the impact of duration models on HMM using syn-

thetic database of word images composed of 20630 words. Their best results for

recognition without using the duration model was 93.1% obtained with 6 states for
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each sub-model. For minimum duration models they evaluated two cases, in the �rst

case the value of minimum duration was measured manually from all letters and

used in system where the rate of recognition was 81.5. In the second case the value

was inferred from training stage and the recognition rate was 91.9%, the advantage

in introducing such minimum duration was for less memory footprint and less CPU

calculation.

Their experiment was on a varied database composed of news video from di�erent

Arabic channels. The recall and precision for TV7 Tunisia were 89.66% and 88%, for

Al Jazeera 90.53% and 93.3% and for Al Arabia 10 hours 93.45% and 91.22% with

all duration about 10 hours. For the hybrid-based method of Moradi and Moza�ari

[25] trained their SVM using 4917 Farsi/Arabic text lines, then they evaluated their

approach on their own dataset of 50 videos containing di�erent clips, movies, and

animations where recall, precision and f-score were respectively as follow 91.38, 87.22

and 89.25. The Yin et al [1] region-based method with scheme-IV showed more

e�cacy than Pan et al [40] hybrid-based method for the Multilingual dataset where

respectively the results are for the precision's 82.63 and 64.5. Then, for the recalls

are 68.45 and 65.9. Finally, for the F-score are 74.58 and 65.2.



Chapter 2

ARABIC DATA BASE

In this chapter we present an overview of di�erent Arabic databases from character

OCR to real world images passing by handwriting and at the end we describe our

own database with its ground truth and evaluation protocol.

2.1 Introduction:

Arabic is a language that is spoken by more than 422 million people around the world

[42]. Due of its rich vocabulary and its importance for all Muslim in the worlds,

developing computer and mobile application to detect and recognize Arabic script

remain indispensable nowadays. In general, text script database is the �rst stone

for the development of any such identi�cation and recognition systems. However,

for Arabic language we �nd few real world database unlike other languages in the

world where we �nd a benchmarks specially for Latin languages like ICDAR [37, 48],

MSRA-TD500[9], Chars74K [43], IIIT-5K Word [44] and SVT [45]. . . etc. The optical

character's recognition OCR and handwriting Arabic databases had more attention

then real world scene Arabic text images, these databases were used for bank check

processing, mail sorting, signature veri�cation...etc. More details about the nature

and the size of theses database are described in details in section 2.3 of the chapter

with the few real world scene video text images databases like Alif [46], AcTiV [47]

AcTiV 2.0 [58] that are used more for recognition with free segmentation due to the

22
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nature of text in video frames that we can’t diffirenciate it eassly from  backgroud. 

Last year  Jain[31] and Tounsi[49] presented their real world scene text images  that 

can be used for text detection. However, For the lack of this kind of database,    we 

also  developped our own constitued from 220 images with their ground truth and we 

defined a performance protocol that mesure precision, recall and accuracy. 

 

2.2  Arabic language characteristics: 
 

The nature of Arabic language is a cursive language where characters are connected 

constituing  a word or a sub-words in the language vocabulary,  written from the right 

to the left.  This connection is designed in manner  forming an imaginary line, called 

baseline as Figure 2.1. The Arabic language vocabulary is very rich and complex 

where a single word that have a specific meaning can be composed by a multiple  sub-

words with other meaning therefore  a recognition process remain complex. These 

sub-words are formed from a set of 28 main characters, each character can have  

different shapes following their position in the word (begenning, middle, end) where  

seven of them cannot be  joined  to their left neighbours.  We find  three letters have 

three dots (ث, ش) four  letters have two dots (ة, ي, ت, ق) and eight letters have one dot  

 The position of these dots are very determinant to the meaning .(ض, ف, غ, خ, ب, ن, ز,ظ)

of the words, a simple changing in position of one dot give totally a different meaning 

for characters where region of character stroke remain the same but the  meaning and 

pronunciation are totally different “Ba: ب ” and “thaa: ت ”.  

 

Also the word can contain “Hamza: ء” called secondary characters  (complementary), 

like these four characters, which can take the secondary nature “ alif : إ ,أ”,  “waw: ؤ”,  

“kaf:  ك”  and “ya: ئ”.Finally,  they are a specific diacritics marks for Arabic language  

that we find in the top or bellow letter and  represent a short vowels like   Fat-hah, 

Dhammah,  Kasrah , sukkun, Tanwen and shaddah.. Fig 2.1 lists these diacritics.    

Also in Arabic language there is not uppercase and lowercase but there                            

are a long letters and short  letters in general the long letters are  composed  from two 
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Figure 2.1: Arabic words component 

 
letters to prolonge the sound of the initial letter like “Laa :لا ”, “mii: مي” , “boo: بو”  . 

The shape of letter in Arabic words can change following its position at the beginning, 

middle or at the end as figure 2.2 shows. 

 
            

           2.3 Arabic Databases: 
 

Due to the intracacie of arabic language the process of its detection and recognition  

in natural images is hard. For those process a database containing arabic words from 

language vocabulary must be contructed. Several work was introduced these recent 

years by many researchers specially for hand text recognition and photo   OCR. Where 

we find the work of  Muhtased et al [42]presented for preparing databases and 

benchmarks for Arabic text recognition research a novel minimal Arabic script that 

covers  different shapes of Arabic alphabet in all positions. The importance of their 

script was the ability to cover a total of 125 different shapes in only three lines 

ensuring a minimum occurrence for each letter. The script can help to build a more 

accurate recognizer  trained with dataset that contain hand writing text with their 

minimal script collected from different writers.  Due to the lack of  public  Arabic  

Text database their script can help in  constructing	
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Table 2.1: Arabic character forms
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both hand writing and typed databases using di�erent fonts and size.

The motivation that was behind constructing a minimal Arabic script was their

analyzing of some available database, where they discover that some character ap-

peared 50 times more than other characters. The di�erence in occurrences have a

great impact in rate of recognition. They gave a concrete example to prove that lack,

by referring to a trained Hidden Markov Model recognizer using an arbitrary 2500

lines of Arabic text where some character had low occurrences around 8 and other

had over occurrence around 1000 occurrences.

In their paper they cited the characteristics of Arabic language as cursive language

with 28 basic alphabets where some characters have four di�erent shapes following

their position in the word (standalone, initial terminal, medial form). The diacritics

(short vowels) are often present in Arabic words either on top or below of the letters.

A simple changing of the position of this diacritics may change a complete meaning

of a word. The Standardization and Metrology Organization ASMO-449 and ASMO-

708 with ISO 8859-6 de�ned 36 Arabic letters for easy use in computer and following

the nature of Arabic letter that can be written in four di�erent shapes, the set of

alphabet can be extended about 126 characters to represent all basic alphabets with

their di�erent shapes too for most of them.

The CORPORA database de�ned by Muhtased et al contained 4.25 million

characters, used to analyze and extract the minimum script. Their database was

created from Arabic text of Arabic lexicons of two Hadith books and another lexicon

containing the meaning of Quran. The algorithm that was deployed to extract the

minimum script, proceed by a random selection of the word in CORPORA database,

then by a validation of the word using a simple test, if the word not belong to the set

of minimal text, then a contextual analysis algorithm was used to decode the word

in a proper letter shapes, after they checked if there were multiple occurrences of

letters in the selected word, if the case the word was rejected. Finally, their algorithm

checked each letter of the word with the letters table that contain di�erent shapes
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of Arabic alphabet, if one entry of table was �agged then the word was ignored

otherwise the word was added to the minimal text and the process was repeated

until all letters in table �agged. Their algorithm was modi�ed several time taking in

a count several criteria for more improvement of minimal text. Their �nal minimum

script is not unique it can be constructed from di�erent others words.

Another work of Slimane et al [50] where, they proposed a new database called

APTI contained Arabic printed text images in large scale around 45313600 single

words (250 million characters) synthetically generated using a lexicon of 113284

words, 10 Arabic fonts, 10 font sizes and 4 font styles. The text font selected for

ATPI database contained di�erent complexity for representing Arabic word, started

from simple font with less ligature and overlap to complex one with multiple ligature

and overlap. The 10 used fonts were Andalus, Arabic Transparent, AdvertisingBold,

Diwani Letter, DecoType Thuluth, Simpli�ed Arabic, Tahoma, Traditional Arabic,

DecoType Naskh and M Unicode Sara. These fonts were represented in di�erent

size (6, 7, 8, 9, 10, 12, 14, 16, 18, 24 points) merged with di�erent style (plain,

italic, bold, italic and bold). The text images were automatically generated from

a high resolution gray-scale input images down-sampled to a low resolution using

antialiasing �ltering, with di�erent variability in fonts, sizes, styles, height of each

word image also with various forms of ligatures and overlaps. . . etc.

They associated an XML �le containing a ground truth information about char-

acters in detailed way with each image word, where they speci�ed the transcription of

the word, the number of Paws and its sub-elements with the sequence of characters,

also they speci�ed the name font, style and size. The XML �le contain also some

�elds left for future extension of database, like �eld containing e�ects (noise, defor-

mation...) that may be added in future, plus the name of procedure that generated

the speci�c word image, for their ATPI database they used only one procedure called

in XML �le downsampling5. The database was divided into six equilibrated sets;

each set contain a near number of occurrence of each letter within di�erent words.

The �ve �rst sets are available for the scienti�c community and the sixth one set
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was kept internally. Their six sets division was generated automatically using a

distributed procedure that counted the number of letter occurrences in each word

and then classi�ed words in each set. This distribution remains very important to

improve the accuracy of any classi�er that use their database, because that allow

to know which character is under-represented and try to recover the lack. They

associated with their database a set of robust benchmarking protocols (20 protocols)

to evaluate its use, these protocols proposed a well decomposed sets of training and

testing dataset, each set have a speci�c and objective aim, for example one of their

protocol aim to measure the capability of system to recognize muti-font text. . . .etc.

.

We found also some others works [51, 52 ] where in theirs papers they gave an

interesting statistic about some Arabic text databases. They mentioned the source,

quantity, nature and usage of some of them. Most of these database unfortunately are

not for public access and was prepared for speci�c domain like bank-checks, signature

veri�cation...etc. The following are some cited examples by them:

1. A database containing 26459 Arabic names of 937 Tunisian town/village, hand-

written by 411 di�erent writers. [53, 54]

2. A public limited database constructed by 100 writers, each one contributes by

writing 67 literal numbers, 29 most popular words, three sentences representing

numbers/quantities used in checks, around 4700 handwritten words produced

by 100 writers [55].

3. A small database for digits where 17 writers contributed by writing 10 digits 10

times [56].

4. A 220000 handwritten forms �lled by more than 50000 writers was used to

construct Arabic and Persian isolated characters database [57].

5. Database contain 29498 images of sub-words, 15175 images of Indian digits and

image samples from 3000 real-life bank checks [59].
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6. A database for bank-checks with 70 words of Arabic literal amounts extracted

by 100 writers from 5000 checks [60].

7. Printed database consisting of 946 Tunisian town names [61].

8. A database containing 360 handwritten addresses of 4000 words [62].

9. A database consisting of more than 17820 names of 198 cities of Iran [63].

10. A database with signatures containing 37000 words, 10000 digits, 2500 signa-

tures and 500 free-form Arabic sentences [64].

11. DARPA Arabic Corpus consists of 345 scanned pages of printed text in 4 dif-

ferent fonts [65].

For the databases that contain natural images and scene scripts video images

with their associated annotation to calculate their performances and comparison

we �nd the following examples.

12. AlIF dataset include 6 532 text lines images cropped from video frames of Al-

Arabiya, Al-Jazerra and Tunisia news channels [46].

13. AcTiV dataset contain 21 520 text lines images from video frames of Arabic

news images [47].

14. Google Images o�er freely a 2000 Arabic words images with natural background.

15. ARASTI database constructed from 374 images with 1687 words cropped and

11615 characters segmented [49].

2.4 Our Database:

For the development of our system we were obliged to construct our own database,

due to the lake of real world images database that contain Arabic scripts. However,

the process of detection of Arabic script in natural images is very challenging due to

the nature of the languages and its large vocabulary too. Therefore, for the nature
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of the script the detection process can omit small important characteristic of Arabic

characters like diacritics and points. Also, for the large vocabulary between 60, 000

and 12, 000,000 di�erent words [66] compared with other languages can lead to serious

problem in size to construct databases for both detection and recognition processes.

Hopefully, for scene text world images we are subject to a small set of words that can

be repetitive. For that we collected our database from natural images that contain

Arabic text and few English text too, taken from di�erent sources like indoor, outdoor,

books, brochures. . . etc. These images are photographed under di�erent conditions.

The following Figure 2.3 show di�erent images that contain Arabic script

Figure 2.2: Images taken from di�erent sources
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For each image in database we associated a ground truth image that have been

generated semi-manual as shown in Table 2.2 below. These images are trivial for

calculating the performance of our system and others too, using a speci�c protocol

associated with it.

Original image Ground truth

Table 2.2: Original image with its ground truth

Therefore, we created two training dataset for our each two kind classi�ers.

The �rst training dataset was constituted from positive and negative examples that

represent characters and non characters cropped from images. The second training

dataset represent words and region text cropped too from images. Further, to ex-

pand our training dataset we used synthetics words of Slimane [50] dataset. For each

words with each extracted characters, words and text lines we applied some image

processing like rotation with di�erent angles, changing background, dilatation, skew,

scaling etc.
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The training dataset that feed character and non- characters' classi�ers was con-

stituted from geometrical descriptors calculated on 4324 images cropped and 11 713

rendered total of 16037 images. The same for the training dataset that feed text

and non-text classi�ers a set of statistical descriptors was calculated on 77370 images

cropped and rendered with image processing functions. The Table 2.3 and Figures

bellow gives an overview for some characters and words with theirs main geometrical

and statistical values
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Characters stroke_mean stroke_std std/mean area Perimeter N_holes

2.46139 1.219792 0.49557 510 43 1

3.385405 2.069415 0.611275 651 52 0

3.291951 1.80477 0.548237 644 65 0

8.275565 5.286153 0.638766 490 37 0

2.147783 1.088603 0.50685 313 62 1

4.890975 2.784823 0.56938 2462 88 1

4.754728 2.635169 0.554221 1494 108 0

2.891414 1.534396 0.530673 316 38 0
Non-characters stroke_mean stroke_std stroke_std / area Perimeter Num holes

1.675532 0.890874 stroke_mean 136 80 1

1.292929 0.455106 0.531696 67 42 2

1.449438 0.636197 0.351996 59 48 0

1.49763 0.633761 0.438927 156 77 3

1.447155 0.756578 0.423176 104 40 2

3.608794 2.464918 0.522804 925 74 2

1.28125 0.51444 0.683031 64 43 1

1.461929 0.6943 0.474921 140 81 2

Table 2.3: Geometrical descriptors for positives and negatives examples of our �rst
training dataset
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Figure 2.3: Words images examples extracted from images in database

Figure 2.4: Non text examples

Figure 2.5: Synthetics words in the left transformed using rotation in middle and
changing background in the right

2.5 Evaluation protocol:

In some real world problems, calculating the performance of system basing only on

accuracy is not a trivial metric. Like our problem where the performance was most

based on the precision and the recall to a real evaluation of our system. Therefore,

that leaded us to construct our own ground truth images associated to each one in

database. Although, any detection system cannot exactly extract all text regions like

ground-truth ones, for that to measure the performance we base on precision because

only positive regions (character/text line) interest us for the process of detection,
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Also the recall that tell us how well our system do to �nd positive regions.

The performances of our system was calculated basing on pixels' information.

Therefore, the detection process performance description using low level pixels can

result in four cases as confusion matrix shown in Table 2.4 where the true positives

pixels are the ones correctly predicted as region (character/text) comparing with

the ones in the ground truth [67]. The false negatives are the ones predicted as

non-region (character/text) and they are really the pixels that belong to region

(character/text) in the ground truth. For the true negative they are pixels that not

belong to region(character/text) and predicted correctly in contrast of False positive

where they are predicted as region(character/text) and they are not comparing

always with ground truth.

Predicted classes Predicted classes
y=+1 y=-1

Actual classes y=+1 True Positive False Negative
y=-1 False Positive True Negative

Table 2.4: Confusion matrix.

In general, the precision in our case was de�ned as the ratio between the sum

of true positive predicted pixels as text and the total number of pixels predicted as

region text [68, 92].

precision =
true positives

true positives+ false positives
(2.1)

For the Recall was de�ned as the ratio between the sum of true positive pixels

and total number of positive pixels belonging to ground truth images.

recall =
true positives

true positives+ false negatives
(2.2)
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The Accuracy was calculated as ratio between true positive pixels de�ning de-

tected text plus true negative pixels de�ning the background over the sum of all

pixels in image.

accuracy =
true positives+ true negatives

true positives+ false positives+ true negatives+ false negatives
(2.3)

Finally, the good classi�er is the one that can balance between a recall and

precision. The excellent classi�er is the one that can lead both precision and recall

to the value 1.0, well this is not reached in the real world problems like our problem.

We �nd during our test of classi�ers that we can have two extremes that we get rid of

them. The �rst extreme called in optimistic classi�er where we had very high recall

and low precision due that classi�er predict all kind of positive pixels (false ones and

true ones). The second extreme called too pessimistic classi�er was in the case where

fewer positive are predicted but with the high con�dence that are only true ones,

such case leaded us to high precision but low recall.
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THEORY

In this chapter we present The theory used to develop our systems starting by seg-

mentation of region as preprocess step using the Gomez notion. Then we will explore

machine learning methods by de�ning the concept of Adaboost then Neural Network

and �nally Support Vector Machine.

3.1 Introduction:

Today, data amount presented is huge with increasing of technologies. Therefore, to

deal with this data for better understanding of human world, the classical methods are

not suitable. for that a new method are deployed called machine learning, that have

capability to deal and learn a considered amount of data and present a suitable result.

One recent de�nition of machine learning is introduced by Tom Mitchell, where he

says: �a computer program is said to learn from experience E, with respect to some

task T, and some performance measure P, if its performance on T as measured by

P improves with experience E� [69]. In the �eld of image processing specially scene

text detection many method of machine learnings were used, specially in the case of

texture based detection, when they used sliding windows to extract patches fed to

machine learning methods for a speci�cs tasks following researchers interest. In our

systems we used region-based detection notion to �rst preprocess our images and get

meaningfulness regions probable to be region text. Then, we apply some calculation

37
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on these regions to feed machine learning methods (SVM, NN, AdaBoost), where

these latter are trained on labeled data to detect if region is character/text. The

labeled data used by supervised learning algorithms (machine learning concept) are

the ones used by our systems for classi�cation. Where we de�ned two sets of training

sets and each example of training sets are associated with the label de�ning its as

character/Non-character or text/non-text. In the following we will give de�nition of

essentials theory that we used.

3.2 Gestalt theory:

Gestalt theory inspired from cognitive science start with the fact that human retina

identi�es a subset of grouped objects. These objects are grouped by active laws in

visual human perception. The �enigmas of perception�, introduced by Gaetano [70]

consists on identi�cation of certain subgroup of perceptum and some physical object

following laws and principals that describe Gestalt theory. This theory is based in

general on two main organizing laws the �rst one is grouping laws where agroups are

constructed from image, starting from atomic level described by characteristics like

color, shape or direction. For the second one is the con�icts laws, where the con�icts

can occur in grouping laws and lead to di�erent interpretation, specially if the

grouping laws compete where one win and omit the other, or they act simultaneously

giving an overlapping groups or noting. For grouping laws are described by some

principal in computer vision like Shannon sampling principle, Wertheimer contrast

invariance principle and Helmholtz's principle. Gaetano [70] presented a basic list

of grouping laws that can be applied in a recursive way from atomic data to global

gestalts passing by partial gestalts. This list is presented as follow:

Vicinity: mean connectedness of spots or cluster when distance between them is

very small comparing to the Rest (Figure 3.1).
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Figure 3.1: Vicinity illustration in (b) by adding point to (a)

Similarity: group similar objects from low level to high one, following color, shape,

texture, orientation (Figure 3.2).

Figure 3.2: The similarity is illustrated by two homogeneous regions (circles, rect-
angles).

Amodal completion law: applies when T-junction is detected in general by the

presence of some object occlusion in images. Where, the leg of the T is then extrap-

olated and connected to another leg in Figure 3.3 show good continuation law (same

direction) by the connection of two T-legs.
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Figure 3.3: T-junctions legs connected constituting an amodal completion.

Closure: based on constitution laws, which an object is de�ned by an interior

part of plane surrounded by a closed contour. Where the exterior part de�nes a

background. As shown in Figure 3.4.

Figure 3.4: The interior of the curve is an object and its exterior is the background.

Constant width: this laws is often used to group two parallel curves, that de�ne

the boundaries of a constant width object. Figure 3.5 illustrate this laws.
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Figure 3.5: Width constancy law applies to group two parallel curves.

Tendency to convexity: The convex contours de�ne the boundary of a convex

body even is not connected. Figure 3.6 illustrate convex curve de�ning circle on the

black background.

Figure 3.6: White circle curves on black background.

Symmetry: used to group symmetric objects to a straight line as Figure 3.7 show.

Figure 3.7: Symmetry law illustration.
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Past experience: we can group object that de�ne for example circles, rectan-

gles. . . etc. in such familiar way that they were in our past experience.

However, these grouping laws consist on geometrical statistical calculations that

belong to primary process by the visual system. But nowadays, no one presented a

biological explanation on why they work. In computer vision several works addressed

this calculation to solve many problems [71,72,73,74] In the following we will present

one principle that de�ne Gestalt theory and used by Gomez to construct meaningful

regions.

3.2.1 The Helmholtz principle and hierarchical clustering:

The Helmholtz principle can be de�ned in two contrarious sense The �rst one is �we

do not perceive any structure in a uniform random image� [75]. The second one is

�whenever some large deviation from randomness occurs, a structure is perceived�.

Attneave [76] was the �rst gestaltist that used the �rst sense in his research about the

random noise digital image. The second de�nition are used also by many researchers

like Dosolneux [72] where Gomez and Karataz derived their approaches to extract

meaningful regions.

Helmholtz presented three examples to show the perception principal in his

research study. Therefore, to show the concept of visual grouping following various

modalities like same color, orientation or position. . . etc. Helmholtz assumed that

atomic objects O1 , O2 , . . . , On are present in an image with k of them, O1 ,.

. . , Ok that have a common feature. This assumption lead to a dilemma: �Is this

common feature happening by chance or is it signi�cant and enough to group O1 , .

. . , Ok ?�. He used a mental experiment to answer this question where he assumed

a priori that the considered quality had been randomly and uniformly distributed

on all objects O1 , . . . , On . then mentally assume that the observed position of

objects in the image is a random realization of this uniform process. Where he �nally

ask the question: Is the observed repartition probable or not? If not, this proves a
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Figure 3.8: The Helmholtz principle in human perception: Left contains no meaning-
ful alignment, while the right one contain meaningful alignment

contrarious that a grouping process (a gestalt) is at play. The Helmholtz principle

states that the grouping of these object are signi�cant if expectation of the observed

con�guration O1,. . . , Ok is very small in image (Figure 3.8). He used for that the

following De�nition:

De�nition : ( ε-meaningful event). We say that an event that is ε-meaningful

if the expectation of the number of occurrences of this event is less than under the

a-contrario random assumption. When 1, we simply say that the event is meaningful.

Figure 3.8, illustrate the true principle of Helmholtz where events is perceived

if and only if they are meaningful (or Gestalt) respecting the above de�nition . To

assess the ε-meaningful de�nition using mathematical model, he proposed to use the

tail of the binomial distribution, assuming that a given object Oi has a considered

quality equal to p. Under the independence assumption, the probability that at least

k objects out of the observed n have this quality in common is random assumption.

When ε ≤1, we simply say that the event is meaningful.

B(n, k, p) =
n∑
i=k

(ni ) pi(1− p)n−i (3.1)

Also, Helmholtz associated statistical testing noted by Nconf (number of di�erent

possible con�guration) to the search of gestalts, where he considered that the event

can be de�ned as ε-meaningful if the number of false alarms NFA(expectation of
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number of geometric events happening by pure chance) is very small. The equation

of NFA is given as follow:

NFA = NconfB(k, n, p) < ε (3.2)

Gomez [77] introduced this idea to construct a Hierarchical Clustering, where in

each merge of its node he measured the meaningfulness by using the above NFA. In

the following we will explore the Gomez work in constructing Hierarchical Clustering

using agglomerative approach.

3.2.2 Hierarchical clustering:

Hierarchical clustering is method that group similar objects together in progressive

way using Bottom-up or Top-down approaches. The �rst approach called also agglom-

erative tend to group similar objects from cluster containing single object to larger

clusters using similarity function measure. This latter is represented in three popular

methods, the �rst one group two clusters following the closest object (Single-link), the

second one group two clusters using the farthest objects(Complete-link) and in the

last one the groupement is based on average of all objects in cluster (Average-link).

Therefore, for the Top-down approaches called divisive the hierarchical clustering is

formed by partitioning the data into smaller clusters basing in general on k-means

concept. Gomez in his research used agglomerative approaches to construct meaning-

ful region in image. He chooses single-linkage algorithm to merge two clusters basing

on gestalt law of proximity and similarity and Euclidean distance metric. However,

we can use other two linkage clusters with others distance metrics calculation where

that will lead us to de�nitively di�erent results.

Gomez introduced the concept of maximal meaningful clusters using NFA to measure

the meaningfulness in each branch of the tree. This concept get rid of the main weak-

ness of Hierarchical Clustering that constraint us to use some heuristics to decide in

the �nal results, These heuristics oblige us to select �xed number of clusters within

the partition that have maximum lifetime in dendrogram.

Gomez used Evidence Accumulation to improve the results given by unsupervised
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solutions, this method was introduced by Fred et al. [78]. He deployed this method

to solve the problem of the �nal decision of meaningful clusters. Where the char-

acters were grouped for text detection under di�erent features(color, stroke width,

size. . . .etc.) resulting in di�erent dendrograms that lead to the question about the

best solution of the best feature clustering. Therefore we cannot decide on the best

solution for one feature or a set due a to natural problems that can exist in images

like (blur, distortion. . . etc).

Gomez used co-occurrence matrix (similarity matrix) D to vote on combined

solutions of di�erent clustering's. The voting formulas is given as following:

D(i, j) =
mij

N
(3.3)

Given a set of N initial clustering's, mij is the number of times the feature vectors

i and j are assigned to the same cluster among the N initial clustering [77]. Finally, a

Hierarchical Clustering was applied on the co-occurrence matrix D to decide on �nal

clusters.

Figure 3.9 show examples of Gomez experiment using maximal meaningful cluster

on decomposition of maximally stable extremel Region ( Seen in Chapter 1) MSER

illustrated in (b). Two dendrograms were constructed following two features the

�rst one is intensity mean of the inner region + x,y coordinates of the region center

illustrated in (c ) and the second one is stroke width of the region + x,y coordinates

of the region center (d)
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Figure 3.9: (a) Original image; (b) extracted MSER region; (c ) and (d) text region
with their associated dendrogram below.

3.3 Machine learning:

3.3.1 Adaptive boosting:

Adaptive Boosting (Adaboost) is an approach of Machine learning, introduced by

Scharpire and Freund in 1996 [79]. Addressing the conjecture question of Kearns and

Valiant in 1988 who was the �rst in this domain by asking question �Can a set of weak

learners be combined to create a stronger learner?�. Scharpire and Freund combined

a weak learners to create a strong one using voting scheme to improve accuracy.

AdaBoost contoured a great success with many applications, in biology, image pro-

cessing, and speech processing. Adaboost learning algorithm is based on supervised

learning called base or weak learning algorithm. The boosting process call this

latter algorithm repeatedly to improve its performance. A labeled training dataset

is presented to the weak learning algorithm producing a weak classi�ers where their

error rates are better than classi�er based random guess in every prediction process.

Therefore, this lead to assumption that the base learner produces a weak hypothesis

representing the central study of boosting and called weak learning assumption. The
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�rst Adaboost was based on majority voting upon three weak learners only and by

the work of Schapire in [80], the elementary Adaboost was extended to multiple

hypothesis [81]. The word `adaptive' means that each weak learner (hypothesis) tries

to overcome the mistakes of the previous one. This process is done by training each

subsequent hypothesis on a new dataset in which the examples misclassi�ed by the

previous hypothesis.

The most used Adaboost algorithm is the one based on con�dence-rated predic-

tions, written by [82]. Where, he considered that AdaBoost is an ensemble learning

technique, combined with weighted values result on a strong classi�er H.

The Adaboost is trained given a set of N training examples where each input

xi ∈ X is associated with yi ∈ Y as label and a number M of iterations (round).

We deal here with classi�cation problem for two classes -1 and +1 following our text

detection systems.

We denote a weak learner as h(x) , so

ŷ = h(x) (3.4)

Where, a set of weak classi�ers are noted by hi(x) and can take the values +1

or -1. Then, the output of weak classi�ers are combined using learned coe�cient wt.

These latter are called con�dence coe�cient, associated to each weak learner given

in equation 3.1, if the value of wt is higher it mean that weak learner contribut most

in �nal decision. wi is base on weighted error, the less error is the higher is the

con�dence.

wt =
1

2
log

(
1− εi
εi

)
(3.5)

The equal weight assigned in �rst iteration to all training examples is denoted

byD1
i = 1

n
. The training process is based on training each weak learner on a new

dataset in which the weights of misclassi�ed examples by the previous weak learner
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are increased and the weights of the correctly classi�ed examples are decreased by

updating the weight of each hypothesis or weak learner. This training process by

reweighting the weights show stability and e�ciency [83].

Therefore, in each round t, the weak learner learn ht to minimize the weighted

misclassi�cation error and using the voting weight this error is added to others.

εt =
∑

i:ht(xi)6=yi

Dt
i (3.6)

Then, also in each time step t+1, the distribution Dt is updated and normalized

over all other distribution. The two equations are given as following:

Dt+1
i = e−yiwtht(xi) ×Dt

i (3.7)

Dt+1
i =

Dt+1
i∑N

j=1D
t+1
j

(3.8)

In general, the learning process terminate when the maximum iteration M is

reached or a weak learner with εt <
1
2
cannot be found. The �nal prediction predict-

ing on one example xk of training dataset can be denoted as H(xk) . And given by

the following equation:

H(xk) = sign(w1h1(xk) + w2h2(xk) + ...+ wihi(xk) (3.9)

So, the output prediction for all dataset X set of weak learners is given by:
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H(x) = sign(
M∑
t=1

wtht(xi)) (3.10)

Finally, the details of AdaBoost algorithm can be described as following :

Input: Training Data {(x1,y1 ),. . . ,(xN , yN)}, Maximum number of rounds M.

Training:

D = 1
n
, for i=1,2,. . . ,N.

for t=1 to M do

εt =
∑

i:ht(xi)6=yi D
t
i

De�ne a hypothesis htthat minimizes εt and satis�es the condition εt <
1
2

wt = 1
2
log
(

1−εi
εi

)
Dt+1
i = e−yiwtht(xi) ×Dt

i

Dt+1
i =

Dt+1
i∑N

j=1D
t+1
j

End for Prediction H(x) = sign(
∑M

t=1wtht(xi))

3.3.2 Neural Network:

Arti�cial Neural Network was inspired from cognitive science, that studied human

brain components and functions. The human brain is a complex and nonlinear system

with highly parallelized processing information done by huge amount of connected

components called neurons [82]. The biological structure of neurons are constituted

from 1) dendrites where their structure looks like hair, they receives the signals from

other neurons these signals are electrical impulse. 2) The cell body that contains the

nucleus of the neuron, it makes a summation of the signals received as input and

following the result obtained provides a current as output. 3) The axon, serves as

conductors of electrical signals from the output of one neuron to the input (synapse)

of another neuron these synapses are the connection points between neurons. The

classical function presented by the biologist of the neuron cell is that a summation

is done using the impulses nerve transmitted by the dendrites, if the result of this

summation exceeds a certain threshold, the neuron responds with impulse nerve
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(potential action), else if the summation is below the threshold, it remains inactive.

The way and the how that human brain handle information is done by acquiring

knowledge through learning processes that start from childhood.This biological struc-

ture and function was imitated by �rst Macchllogh and Pitts in 1943[83] where they

invented the �rst formal neuron. In 1950, Rosenblatt created the perceptron endowed

with the faculty of learning for classi�cation tasks. In 1960, Muniskey and Perpert

added multiple layer of neurons to perceptron to resolve more non-linear problem.

An Arti�cial Neural Network (ANN) is an imitation of human brain in the struc-

ture and also in the way of how to handle information where the structure is imitated

by using a set of neurons with multiple layers and for how to handle information,

multiples learning algorithm where deployed and classi�ed in general to supervised

learning and unsupervised learning, we are interested here in the �rst way of learning

due to our application in text detection. The learning process for ANN is done by

presenting an amount of information as input associated with output ( supervised

learning), where the learning is based on adjusting weight values of ANN in iterative

way. These weight are associated to each inputs neurons storing the knowledge

learned. The ANN contoured a great success to solve non-linear problem with an

e�cient generalization and they are more used in image processing domain.

In the following we will give a formal representation of ANN and its learning

process. ANN is trained given a set of N training examples where each input xi ∈ X
is associated with yi ∈ Y as label and a number M of iterations (round). As

mentioned in Adaboost section we are interested in problem classi�cation of two

classes -1 and +1. With hypothesis function based on sigmoid (logistic) activa-

tion noted as follow for a single neuron representation (Figure 3.10) with assumption

that vector weight associated to this neuron is noted wT where T is the transpose [84]:

h(xi) =
1

1 + ewtxi
(3.11)
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To generalize the representation for ANN with multiple layers L (input, hidden

and output layers) with multiple neurones ml in each layers we denote by aji the

activation of neuron i in layer j and Θj the weights matrix. Therefore given a layer

j we denote a variable Z as following :

Zj = Θj−1aj−1 (3.12)

The variable Z is used to calculate the activation of neurons in layer j by applying

sigmoid on variable Zj as follow :

hΘ(x) = aj = g(zj) (3.13)

This activation clalculation are propagated from layer 1 to L layer in ANN. Adding

all intermediate layers in ANN produce more complex and interesting non-linear hy-

pothesis. After propagation of the values we de�ne the following cost function for

learning process:

J(Θ) =
1

2

N∑
i=1

‖ŷi − yi‖2 (3.14)

where ŷi is predicted value for example xi and is also the associated label to same

example. Then, in the following we present a Backpropagation algorithm like the

same one used in our application. This algorithm minimize the above cost function
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using an optimal set of parameters in theta as following :

given an output yi associated with input example xi , we compute the di�erence er-

ror for last layer representing the predicted classe with the correct classi�cation using:

δL = aL − yi (3.15)

Where aL is the vector of outputs values of the last layer. To compute the delta

values of the layers before the last one, we use an equation that steps us back from

right to left: therefore to compute δL−1,δL−2, ...,δ2 we use.

δl = ((Θl)T δl+1 ∗ g(zl) (3.16)

Then, the delta values of layer l are calculated by multiplying the delta values

in the next layer with the theta matrix of layer l and with the derivative of the

activation function g evaluated with the input values given by Z l :

g′(Z l) = al. ∗ (1− al) (3.17)

An accumulator noted ∆ is used to accumulate back propagated errors to calcu-

late partial derivative of cost function, the value of ∆ is given for every neurons in

each layer ∆l
i,j as following with the vectorized form too for each layers.

∆l
i,j = ∆l

i,j + aljδ
l+1
i (3.18)

∆l = ∆l + δl+1(al)T (3.19)
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Finally, we compute for back propagation algorithm the partial derivative. As

follow.

∂

∂Θl
i,j

J(Θ) =
1

n
∆l
i,j (3.20)

The details of back propagation algorithm is described as following:

Input: Training Data {(x1,y1),. . . ,(xN ,yN)}

Set ∆l
i,j = 0 for all l,i,j.

For i=1 to N do

Set a1 = x1

Perform forward propagation to compute alfor l=2,3,. . . ,L

Using yi, compute δL = aL − yi

Compute δL−1,δL−2, ...,δ2

∆l
i,j = ∆l

i,j + aljδ
l+1
i

End for

Compute ∂
∂Θl

i,j
J(Θ) = 1

n
∆l
i,j

3.3.3 Support Vector Machine (SVM):

Another machine learning technique that meet a great success to solve non-linear

problems is the Support Vector Machine (SVM) was �rst introduced in 1992 [85]

and was popular after the work of Bottou et al [86] in handwritten digit recogni-

tion. The SVM combine many concepts together, using statistical learning theory

[87], classi�cation and regression analysis. Therefore, this combination result in

a discriminant classi�er which distinct the various classes of data by the use of a

hyper-plane. SVM model take as input the training data (each example associated

with its label classes) and gives as outputs an optimized hyper-plane to separate data
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with maximal margin, which lead to reduce the generalization Error and give a very

high level of accuracy.

Figure 3.10: The linearly separable problem.

In the Figure 3.10 The Red and Blue are the classes of labelled training data

points, classi�ed using linear hyper-plane with optimal margin= 2
‖w‖ . However, the

SVM can also be used to classify a non-linear problems using kernels the following

Figure 3.11 show the non-linearity problem that can be separated.
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Figure 3.11: The linearly inseparable problem

Given a set of N training examples where each input xi ∈ X is associated with

yi ∈ Y as label with classi�cation problem for two classes -1 and +1 following our

text detection systems. With W as coe�cients values that must be optimized. Then,

the linear separating hyperplane classi�er is:

f(x) = sgn(w.x− b) (3.21)

Therefore, the maximum separating hyperplane margin of two classes HP : y =

w.x � b = 0 is calculated with two hyperplanes parallel to it and with equal distances

to it given as following,

HP1 : y = w.x�b = +1 and HP2 : y = w.x�b = �1 (3.22)
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With the condition that distance between HP1 and HP2 is maximized with no

data in between. The goal is to maximize the distance between HP1 and HP2 where

HP1 contain positive examples and HP2 contain negative examples. These examples

are called support vectors because only they participate in the de�nition of the

separating hyperplane [88].

In 2D dimension, the distance from a point (x0, y0) to a line Ax+Bx+ C = 0 is

de�ned as follow:

| Ax0 +By0 + C |√
A2 +B2

(3.23)

In the same context, the distance from the hyperplane HP1 to HP : w.x � b = 0 is

de�ned as follow:

| w.x− b |
‖ w ‖

=
1

‖ w ‖
(3.24)

Where the distance between HP1 and HP2 is 2
‖w‖ .

Then, to maximize the distance, we should minimize ‖ w ‖= wTw with the

condition that there are no data points between HP1 and HP2 w.x − b ≥ +1, for

positive example yi = +1 and w.x− b ≤ −1, for negative example yi = −1.These two

condition can be combined into:yi(w.x−b) ≥ 1,. So the problem can be formulated as

minw,b
1

2
wTw (3.25)

subject to yi(w.x− b) ≥ 1,
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This is a convex, quadratic programming problem where we can use Lagrange

multipliers α1, α2 . . . αn ≥ 0, in the following way:

L (w, b, α) ≡ 1

2
wTw −

N∑
i=1

αiyi (w.xi − b) +
N∑
i=1

αi (3.26)

For non-linear problem like our problem in text detection, the two classes are

non-linearly distributed where SVM can transform the data points to another high

dimensional space such that the data points will be linearly separable. We de�ne

the transformation in high dimensional space as Φ(.) function. Then we solve the

following.

LD ≡
N∑
i=1

αi −
1

2

N∑
i=1

αiαjyiyjΦ(xi).Φ(xj) (3.27)

Suppose, in addition, K(xi, yj) = Φ(xi).Φ(xj). That is, the dot product in that

high dimensional space is equivalent to a kernel function of the input space. So, we

need not be explicit about the transformation () as long as we know that the kernel

function K(xi, yj)is equivalent to the dot product of some other high dimensional

space. The Mercers's condition can be used to determine if a function can be used

as a kernel function: There exists a mapping Φand an expansion

K(x, y) =
∑
i

Φ(xi).Φ(xj) (3.28)

if and only if, for any g(x) such that
∫
g(x)2dx is �nite, then∫

K(x, y)g(x)g(y)dxdy ≥ 0 (3.29)
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The possibility of using di�erent kernels allows viewing learning methods like

Radial Basis Function Neural Network (RBFNN) or multi-layer Arti�cial Neural

Networks (ANN) as particular cases of SVM despite the fact that the optimized

criteria are not the same. SVM optimizes a geometrical criterion, which is the

margin and is sensitive only to the extreme values and not to the distribution of

the data into the feature space. The SVM approach transforms data into a feature

space F that usually has a huge dimension. It is interesting to note that SVM

generalization depends on the geometrical characteristics of the training data, not on

the dimensions of the input space. Training a support vector machine (SVM) leads

to a quadratic optimization problem with bound constraints and one linear equality

constraint. Vapnik shows how training a SVM for the pattern recognition problem

leads to the following quadratic optimization problem [88].

Minimize:

w(α) = −
l∑

i=1

αi +
1

2

l∑
i=1

l∑
i=1

yiyjαiαjk(xi, xj) (3.30)

Subject to

∀i : 0 ≤ αi ≤ C
l∑

i=1

yiαi (3.31)

Where l is the number of training examples is a vector of l variables and each

component corresponds to a training example (xi, yi). The solution of (3.29) is the

vector for which (3.29) is minimized and (3.30) is ful�lled.



Chapter 4

IMPLEMENTATION AND

RESULTS

In this chapter we present our four implemented systems in details with experiment

results done over our data set and also over KIAST dataset to test the segmentation

performance of our systems.

4.1 Introduction:

Our proposed system is based on Gomez and Karatzas [17] for detection using gestalt

theory. A features set of meaningful group regions is calculated to feed three classi�ers

SVM, NN, Adaboost. An ensemble method based on majority voting are applied on

three outputs to decide which regions are more probable to be text. Then, we did

a comparative study with the ensemble method and each three classi�ers separately,

where ensemble method is found to be the best in precision and accuracy. We also

illustrate the results on our own dataset constructed from natural images that contain

Arabic script and their ground-truth collected from many sources (indoor, outdoor,

book, brochure. . . ) with di�erent sizes and shapes, that can be used for detection

and recognition of Arabic Text. Finally we tested our systems on KIAST dataset

that contain English and Korean photos with their ground-truth, where the ensemble

method shows it e�ciency.

59
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4.2 Pipelines of four systems:

The bellow Figure 4.1 represent the pipelines of our three systems where we replace

the classi�cation methods by either SVM or NN or Adaboost. For the Ensemble

Approaches' the pipeline is di�erent and is shown in the section 3.3.5. The system has

as an entry a natural image with Arabic scripts so, we apply Maximal Stable Extremal

Region decomposition to get an image region decomposition and then we cluster the

meaningful regions using some statistical and geometrical descriptors calculated on

those regions and then feed the classi�ers with these desciptors. The output of the

classi�ers will be an image �lled with probable regions as text.

Figure 4.1: Pipelines of our three system SVM, NN and Adaboost

4.3 Machine learning based classi�ers and majority

voting:

4.3.1 Pre-processing step:

Following cognitive science, the nature of text detection by the human perceptual

system is based on perception of atomic objects groups with the same characteristics,

this notion leaded to introduce a theory called Gestalt theory. Gomez and Karatzas

[17] used a set of hypothesis that compute the perceptual organization through var-

ious laws of similarity combined with proximity laws, to have the evidence on the

most meaningful group regions. The �rst step of our work begins with the detec-

tion of meaningful regions that can constitute a text [17]. In the �rst stage of this
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detection, a region groups tree is constructed using Maximally Stable Extremal Re-

gions (MSER) decomposition algorithm. In the second stage, a set of features are

calculated on group regions of resulting tree where geometrical and statistical features

(bounding box area, number of pixels, diameter of the bounding circle, mean intensity

value, mean L*a*b* color of the region and its outer boundary) are combined with

the coordinates of the regions centers to describe similarity and proximity relations

between characters of a word or text line. For each feature sub-spaces, a perceptual

organization clustering is applied using bottom-up agglomeration approach to build a

set of nodes that constitute a dendrogram. The meaningfulness of each node is tested

using Helmholtz principle as probabilistic approach to Gestalt Theory by automati-

cally detecting deviation from randomness corresponding to meaningful events using

the trial of binomial distribution as metric. To perform the �nal clustering analysis

of the regions a co-occurrence matrix is used as last stage to accumulate by evidence

all maximum meaningfulness clusters of each dendrogram. In the second step, we im-

plemented three classi�ers and an Ensemble classi�er to �lter these meaningfulness

clusters as text or non-text.

4.3.2 Support Vector Machine (SVM):

A features set of meaningfulness clusters resulting from accumulating evidence are

calculated and fed to SVM classi�er. The �rst classi�er is used to classify each

region in each group being a character or not, the second one classify a group of

regions as text/non-text group. In general the linear separability using hyperplane

to separate two classes with important margin is the basic idea of SVM to classify

linear problems. For the non-linear problem SVM solve it using kernels that can

use high dimensional space to transform data points into others, to make it linearly

separable. Some problems like our problem are not linear separable for that we use

two SVM's with RBF kernel [14]. The �rst one was trained to classify regions to

be character or not with training set containing examples representing geometrical

descriptors. In general, these descriptors de�ne the common nature of characters,

that have near similar shapes with near same intensity values in image like ( stroke
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Figure 4.2: Training error for the second SVM

Count predicted label Target label

683 1 -1
904 -1 1
60777 -1 -1
15006 1 1

Table 4.1: Confusion matrix for 77370 trained examples

width, area, perimeter, bounding box of the region. numbers of holes, compactness of

the region) plus some statistical values on these descriptors like standard deviation,

mean of stroke width, aspect ratio between perimeter and area [2]. The second SVM

use the label classes and the same descriptors of the �rst one calculated on text-lines

with others statistical values (standard deviation, mean and ratio between them) on

each descriptors to classify a region groups to be text or non-text. The two classi�ers

were trained using our own Dataset, where we extracted a set of characters and text

lines. To increase the size of training set, we also added some synthetic words and

fonts with certain geometrical transformation in width and high plus dilation, rotation

and changing background [3]. Figure 4.2 and Table 4.1 show the training statistics of

Second SVM with 98% accuracy.

4.3.3 Neural Network (NN):

In our second approach we keep the same pre-processing model but this time we use

two Neural Network classi�ers to �lter the resulting meaningfulness clusters. As we
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discuss in Chapter 3, the Arti�cial Neural Network is inspired from cognitive science,

exactly imitating the human brain where it is modeled as a non-linear computational

model based on a set of connected arti�cial neurons. These neurones are de�ned by

a mathematical function called activation function and connected to each other with

weighted values. In the learning process of these model the weights are updated or

adjusted following the information passing through and respecting certain learning

algorithms[89]. We used a simple NN with backpropagation learning algorithm and

sigmoid activation function. Therefore the inputs of the �rst classi�er are the same

set of features described in SVM to classify the region as character or not. The output

of this classi�er is used with the same set of features described by SVM to classify the

meaningful region groups as text or non-text. The training accuracy of second NN

was 98% . The Figure 4.3 and Table 4.2 illustrate the training errors and confusion

matrix.

Figure 4.3: Training error for the second NN

Count Predicted label Target label

61393 -1
2661 -1 -1
67 1 1

13249 1 1

Table 4.2: Confusion matrix for 77370
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4.3.4 Adaboost:

Adaboost is a strong classi�er based on the combination of weighted week learners

that gives a set of hypotheses during the learning processes [90]. Adaboost then try

to �nd a linear combination of these weighted week classi�ers to produce a strong

hypothesis about the classi�cation problem. With Adaboost the training was very

fast with an accuracy of 100%. Figure 4.4 and Table 4.3 shows the training error and

confusion matrix respectively.

Figure 4.4: Training error for the second Adaboost classi�ers

Count Predicted label Target label

61460 -1 -1
15910 1 1

Table 4.3: Confusion matrix for 77370 trained examples

4.3.5 Ensemble Approach (EA):

An ensemble classi�er approach shows a great improvement by combining a set of

classi�ers (base learners) to classify a set of data using majority voting or averaging

[91]. In our work, we opted for majority voting class to decide on the �nal output

of ensemble classi�ers (SVM, Adaboost, NN). Figure 4.5 show the architecture of

architecture of the ensemble model. The idea is that the meaningful group resulted

from clustering stage is presented to the three group classi�ers where each classi�er

give a class for this region and the the major class presented as output from the three
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classes is chosen. For example, if SVM and Adaboost vote positive for the text region

and NN (negative) the �nal outcome will be decided as positive.

Figure 4.5: Pipeline of ensemble approach.

4.4 Results:

We constructed our database set of 300 images taken from indoor, outdoor and books

most of them containing Arabic text with few English text too. From this database,

we extracted a training set for character and text classi�ers. We expanded this

training set by adding transformed synthetic fonts and words for more accuracy in the

training stage of the system. The size of training set for character classi�er was 16037

examples containing most Arabic characters and few English letters with important

negative examples representing non-character images. For the training set of text

regions, the size of dataset was 77370 examples containing Arabic and few English text

lines images too with negative examples as non-text regions. To asses the performance

of the developed systems we calculated for each one the precision, recall, and accuracy

at pixels' images stage, where we use ground-truth images for every image presented

for detection. The precision is de�ned as the ratio between the sum of pixels correctly

detected as text and the total number of pixels detected as text. Recall is de�ned

as the ratio between the sum of text pixels correctly detected and the sum of actual

text pixels in ground-truth image. Finally the accuracy is de�ned as sum of pixels

correctly detected as text plus sum of pixels correctly detected as background over

the sum of all pixels in image. Table 4.4 shows that the performance of the ensemble

method, which is better than others with 96% accuracy and 60% precision. If we
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compare the three classi�ers without ensemble, we �nd that Adaboost performance is

better with 52% in precision and 95% in accuracy. Figure 4.6 shows the comparative

performance and Table 4.4 illustrate the results of text region detection for two images

from the Dataset.

Figure 4.6: Comparative accuracy graph between all classi�ers

Precision Recall Accuracy

Ada-boost 52% 32% 95%
SVM 47% 59% 93%
NN 45% 59% 93%

Ensemble 60% 53% 96%

Table 4.4: Test on Arabic Dataset with 220 images
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Figure 4.7: Original images from our Dataset.
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Figure 4.8: Results of text regions detection with SVM classi�er.
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Figure 4.9: Results of text regions detection with NN classi�er.
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Figure 4.10: Results of text regions detection with Adaboost classi�er.
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Figure 4.11: Results of text regions detection with Ensemble approach.
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We tested our four classi�ers on KAIST dataset [93] as segmentation level test.

The KAIST dataset consisting on 3000 natural scene images, Those images contain

most Korean languages and in the remaining images we found Mixed ones (Korean

and English). For our experiments we use 2000 images corresponding to all kind of

images of KAIST dataset. Table 4.5 blow show the obtained results on the KAIST

dataset.
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Original

NN

SVM

Adaboost

EA

Table 4.5: Results of text regions segmentation with all classi�ers on KAIST ex-
amples.



CONCLUSION:

This thesis addresses the problem of Arabic text detection by proposing four systems

based on machine learning to solve the problem in natural images. Our goal was to

cover the lack of the existing of such system for Arabic language also the lack of the

existing of database containing natural image with Arabic text script. In our work,

we constructed �rst a database containing natural images with Arabic text regions

taken from di�erent sources with complex background and under di�erent natural

condition like blurring, low resolution and distortion..etc. Next, we implemented four

systems that can detect Arabic text regions with di�erent size, color and orientation.

Our contribution is the combination of probabilistic method with machine learning

methods to solve the detection problem. The �rst method use Gestalt theory based

on set of proximities and similarities associated with hierarchical clustering to gather

all meaningful regions probable to be text. Then, an ensemble of machine learning

methods were implemented to classify the meaningful regions to text or non-text.

For that, a set of features were calculated on these meaningful regions and presented

as input for the four classi�ers. The �rst one used SVM that was better in recall, the

second one used NN and the third one was Adadboost where it gave a better precision

and accuracy. For the last one the ensemble approach combined the three classi�ers

where the performance was the best over all. As major advantage of using perception

principal of Gestalt theory is that the resulted group regions are not restricted to a

speci�c kind of size, orientation..etc. This invariance helps to use our four systems

as segmentation systems also. Therefore, we performed some experiments on KAIST

database to test the degree of segmentation of our system where ensemble approach

74
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gave better performance.

The perspectives of our work will be introducing words level recognition using

the input regions detected as text to construct end-to-end system detection and

recognition of Arabic script. Also we can improve and enhance the detection step

by introducing the localization notion using the bounding boxes. Also, associate an

annotation �le to each image in our database to be able to test the performance

of our systems with our database and others database available online like ALIF,

AcTiV. . . etc.
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Abstract 
 
The automatic detection and recognition of zone text in natural images remain indispensable 
due to the omnipresent of text information in daily human life. This domain contoured a 
development of many applications specially with English language where many systems were 
implemented and proved their efficiency. Arabic language represents a real challenge for its 
cursive nature and rich vocabulary. The first step of our work was inspired from Gomez and 
Karatzas [17] on multiscript detection using Gestalt theory. For the second step, we 
implemented three classifiers namely Neural Network, Support Vector machine and Adaboost. 
These classifiers were deployed to classify the group regions in images as text or non-text. To 
improve the system performance an ensemble method based on majority voting was applied 
where the outputs of the three classifiers were fused. Experiments were conducted using own 
image database and ground-truth and the empirical results illustrate that the proposed method 
is efficient.  
 
 
 

Résumé 
 
La détection et la reconnaissance automatique des zones de texte dans des images naturelles 
est indispensables en raison de l'omniprésence de l'information textuelle dans la vie 
quotidienne des êtres humains. Ce domaine a contourné un développement de nombreuses 
applications spécialement avec la langue anglaise où de nombreux systèmes ont été mis en 
œuvre et ont prouvé leur efficacité. La langue arabe représente un véritable défi pour sa nature 
cursive et son riche vocabulaire. La première étape de notre travail a été inspirée du travail de 
Gomez et Karatzas [17] sur la détection multiscript en utilisant la théorie de Gestalt. Pour la 
deuxième étape, nous avons implémenté trois classifieurs: Neural Network, Support Vector 
Machine et Adaboost. Ces classifieurs ont été déployés pour classer les régions groupées par 
la premier étape en texte ou non-texte. Pour améliorer les performances des systèmes, une 
méthode d'ensemble basée sur le vote de la majorité a été appliquée sur les résultats des trois 
classifieurs. Les expériences ont été menées en utilisant notre propre base de données d'images 
où les résultats empiriques illustrent que la méthode proposée est efficace. 
 
 

 ملخص
 

النصية في الصور الطبيعية يعتبر أساسي بسبب وجود الدائم للمعلومات النصية في الحياة اليومية الاكتشاف و التعرف الآلي للمنطقة 

للإنسان. هذا المجال يعرف تطورا ملحوظا في العديد من التطبيقات الذكية خاصة مع اللغة الانجليزية حيث تم تطوير العديد من 

ة فهي تمثل تحدي حقيقي بسبب طبيعتها المتداخلة في الكتابة ومفرداتها الغنية. الأنظمة التي اتبثت كفاءتها. أما بالنسبة للغة العربي

لاكتشاف المناطق المتشابهة والممكن تواجد النص فيها وفي  ]١٧[في عملنا هذا تم استلهام الخطوة الأولى من عمل لويس

رزميات الخطية وادبست. هذه المصنفات الخطوة الثانية تم استخدام ثلاث مصنفات وهي الشبكات العصبية الاصطناعية والخو

تم استعمالها لتصنيف المناطق النصية من الغير نصية في الصور الطبيعة. لتحسين اداء النظام تم  دمج  مخرجات النتائج الثلاث 

ات  باستخدام   الخاصة بالمصنفات و تجميعها في  واحد  وذلك  استنادا الى اعلى نسبة من المخرجات . تم  تقييم  نتائج  التطبيق

   ..                                     حيث اثبتث طريقة التجميع فعاليته قاعدة بيانات خاصة بنا

................ززززززززززززززز.......................  


