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ABSTRACT

Offline Character segmentation of text images is an important step in many document image analysis and
recognition (DIAR) applications. However, the character segmentation of both writing styles (printed and
handwritten) remains an open problem. Moreover, the manual segmentation is time-consuming and impractical
for large numbers of documents. Based on the unconstraint-cursive handwritten perspective, the auto character
segmentation is more challenging and complex. The Arabic script writing style suffers from many common
problems, such as sub-words overlapping, characters overlapping, and missed characters. These challenging issues
have attracted the attention of researchers in the field of DIAR for Arabic character segmentation. The proposed
method combines a new advanced Stroke Labelling based on Direction Features (SLDF2) technique and a
modified vertical projection histogram (MVPH) technique. This technique extracts the relationship between each
text stroke pixel and its 8 neighboring foreground pixels and labels it with the proper value before identify the
possible segmentation points. The text preparation for the segmentation process was achieved using multiple
preprocessing steps and developing an advanced stroke labelling technique based on direction features. Several
Arabic language structural-rules were made to detect the candidate segmentation points (CSP), detect many
character overlapping cases, solve the missed characters problem that appears as a result of using the text skeleton
in VPH, and validate the CSP. All techniques and methods are tested on the ACDAR benchmark database. The
validation method used to measure segmentation accuracy was a quantitative analysis that includes Recall,
Precision, and F-measurement tests. The average accuracy of the proposed segmentation method was 92.44%,
which outperforms the state-of-the-art method.

Keywords: Arabic character segmentation; document image analysis and recognition; candidate segmentation
points; stroke labelling based on direction features; vertical projection histogram

INTRODUCTION

Text script is used as a daily communication channel between people and in archiving tasks.
The script recognition process is considered to be easy for humans if they have prior knowledge
of the script’s composition structure. However, the same task becomes exhausting if a large
number of documents need processing, which has encouraged many researchers to focus on this
field with the goal of creating an automatic recognition system. Most of the recognition systems
attempt to segment the text into its basic characters as a preprocessing step before proceeding
to the feature extraction and recognition phases (Alginahi 2013; Parvez & Mahmoud 2013).
Although an extensive amount of researches has been performed in the area of offline
recognition of handwritten Latin scripts, a smaller number of works have been performed on
Arabic scripts due to the difficulties associated with Arabic handwritten text segmentation
(Alginahi 2013; Parvez & Mahmoud 2013, Firdaus, Khumaini & Utaminingrum, 2017, Ahmad et.
al. 2017).
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Segmentation becomes a vital issue for Arabic optical character recognition due to its
cohesiveness, complexity and variety of writing styles. Similar to other languages, there are
three Arabic writing styles; handwritten, printed and calligraphy. The Arabic calligraphy can
be usually found in mosques, historic buildings and museums. It is often written by professional
writers or calligraphers. Old Kufi, Kufi, Thuluth, Naskh, Rogaa, Diwani, Persian and Maghrebi
(Andalusi) are the eight major types of Arabic calligraphy. The characteristics which differ
across the calligraphy are special slanting, straightness, length and thickness (Bataineh,
Abdullah, & Omar 2012). These character fashions entail novel segmentation techniques to
explicitly overcome those unstructured challenges or difficulty. Up to date, Neural-based
method introduced by Al Hamad and Zitar (2010) neglects such cases that characters and sub-
words are overlapping. This aforementioned challenges endures from the over-segmentation
problem. Figure 1(a) through (h) show examples of a sentence (al-khat lesan al-arab) with
different structures or natures based on the type of calligraphy.

Ao AP Wb O Lo
adl ol L3 ué J,,L\»g,u;u) al Ll (

FIGURE 1. The (al-khat lesan al-yad) "the calligraphy is a tongue of hand" written in the main Arabic calligraphy types (a)
Diwani, (b) Kufi, (c) Thuluth, (d) Persian, (e) Roqaa, (f) Naskh, (g) Andalusi, (h) Old Kufi
(Bataineh et al. 2012).

In this work, the problem of segmenting the Arabic handwritten words into characters
is addressed. This paper is organized as follows: the first section is the introduction and the
second section presents the related works; the material and methods are illustrated in detail in
section 3; the experimental results and discussion are discussed in section 4; and finally, the
conclusions are presented in section 5.

RELATED WORKS

This section addresses the related works in Arabic handwritten text segmentation. Since the
earlier works of Nazif (1975), Parhami and Taraghi (1981), and Amin, Masini, and Haton
(1984), several methods have been proposed for the purpose of segmenting Arabic words into
characters. Various researchers have used Arabic handwritten text segmentation (Al Hamad &
Abu Zitar 2010; Ghaleb, Nagabhushan, & Pal 2017), skeletons of words (Al Hamad & Abu
Zitar 2010; Wshah, Shi, & Govindaraju 2009), traces of the contours of words (Abdulla, Al-
Nassiri, & Salam 2008; Wshah et al. 2009), template matching (Nidal Lamghari FSTG, Charaf,
& Said Raghay FSTG 2016), neural networks (Al Hamad & Abu Zitar 2010; Ramdan, Omar,
& Faidzul 2017), line adjacency graphs (Zidouri, 2006), morphological operations (Al-Badr &
Haralick 1995), and recognition-based methods (characters are segmented while being
recognized) (Husam A. Al Hamad & Abu Zitar 2010; Elnagar & Bentrcia 2015) to perform the
segmentation process. Many reviews and surveys of both Arabic handwritten and printed text
segmentation and recognition have been published (Ahmed et al. 2019; Radhiah et al. 2018;
Al-Helali & Mahmoud 2017; Alginahi 2013; Parvez & Mahmoud 2013).

Abdulla et al. (2008) proposed a segmentation method for Arabic handwritten text by
calculating the slope between the adjacent pixels of the text’s upper contour and extracting the
rotational invariant segment features to detect the nominate segment points. Afterward, a set of
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special threshold values and rules are applied to choose the final segment points. However, the
algorithm suffers from issues such as under-segmentation and over-segmentation. In 2009, an
algorithm for segmenting Arabic words into smaller segments was presented by Wshah et al.
(2009). It relies on finding the segment path and detects the segment points depending on the
exterior contour, skeleton and intersection points, which may contain up to three letters; also,
one character may be segmented into five pieces. However, the method did not aim to segment
the text into its exact characters. Alaei, Nagabhushan, and Pal (2010) proposed another
segmentation method based on vertical projection histogram technique after finding the
baseline of the text and straightening it. To validate the segmentation points, a set of baselines
and many dependent rules are used. However, the algorithm suffers from all the types of
overlapping, and it depends on baseline information (stroke width), where failure to find the
accurate baseline leads to failure of the segmentation process.

An Arabic handwritten text segmentation technique based on the text skeleton was
proposed by Al Hamad and Abu Zitar (2010). A neural based process is used to validate the
segmentation points using a set of directional features from the text contour. However, the
system is unable to detect characters and sub-words overlapping, and it suffers from the over-
segmentation problem. Lawgali, Bouridane, Angelova, and Ghassemlooy (2011) proposed an
algorithm for Arabic text segmentation based on both baseline detection and vertical projection.
A set of rules are used to validate the segmentation points, such as branches points locations,
start points locations, end points locations and a threshold value between the segmentation
points and baseline. However, the algorithm depends on the baseline, which causes the
segmentation process to be affected by the accuracy of baseline detection, and it is thus a less
invariant approach. In addition, it is incapable of dealing with all the overlap cases, and it suffers
from over-segmentation.

A multi-agent system to segment Arabic handwritten text was proposed by Elnagar and
Bentrcia (2012). It detects the baseline as well as a set of featured points, such as start, end and
branch points. Afterwards, multiple steps (agents) are employed to detect the points that should
not contain any segmentation points by tracing the writing path of the thinned text. The final
segmentation points are assigned into the middle of the remaining parts of the previous filtering
process. However, their method cannot handle the overlapping problem. In addition, it cannot
address certain cases, such as u+,u=, 2and the case of multiple successive uses of end points that
look like —; it also only considers one type of style, “Naskh”.

Later, Elaiwat and Abu-Zanona (2012) proposed a better segmentation model based on
detecting the branch points on the baseline and applying a set of threshold values to find the
final segmentation points. However, the model cannot detect the segmentation points in
character overlapping cases, and it depends on the baseline detection accuracy and a set of
threshold values, which makes it very sensitive to writing style. In 2012, Eragi and Abdelazeem
(2012) presented a technique to segment Arabic handwritten text into its basic graphemes. It
applies the Douglas-Peuker algorithm on the thinned text to obtain linear curves. A set of
direction features and geometric information of the Arabic text’s nature are used to detect the
segmentation points. However, the technique suffers from the over-segmentation problem and
cannot handle the overlapping character problem.

ARABIC SCRIPT SEGMENTATION ISSUES

Arabic script is spoken by and have influenced on millions of people and a vast array of
civilizations all around the world (Gordon & Grimes 2005; Ali and Suresha, 2019). Arabic
script is a cursive font style. The characters are connected together with ligatures. A ligature is
defined as a horizontal stroke which is used to connect two characters and contains the
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segmentation point. Many DIAR applications address the separated characters instead of the
complete text/word.

In total the Arabic script consists of 28 characters, and each character takes from two to
four different shapes, depending on its position in the word (Table 1). Some unsolved issues
related to the field of Arabic script segmentation and recognition (Alginahi 2013; Parvez &
Mahmoud 2013) due to unique nature of Arabic script compared to Latin scripts, such as:

1. Itis always cursive, where each character can be joined with another character.
2. Characters can have two to four shapes according to their position in the word, which

makes the number of basic character shapes 100 instead of 28. (Table 1).

3. Characters can be written in a different shape in spite of having the same position in the

word (Figure 1-a).

4. The unconstraint of handwriting leads to the non-alignment of text components in either
vertical or horizontal space, text slope, slant and skew problems. (Figure 1-b).
Certain characters use supportive objects called dots and diacritics (Figure 1-c).
6. Two types of overlapping exist: sub-words overlapping and characters overlapping
(Figure 1-c).

o

For all of these reasons, the character segmentation phase is considered a crucial step in
any Arabic character recognition and in many document analysis applications that extract
features at the character level, such as writer identification (Chahi, El khadiri, EI merabet,
Ruichek, & Touahni 2018). In addition, segmentation has a considerable role in reducing the
complexity of recognition systems because the number of target (recognition) classes will be
limited to the number of Arabic letters only, instead of all possible Arabic words. On the
contrary, recognition systems that depend on the lexicon may contain many hundreds of
thousands of target classes for possible words that can be formed by the combination of single
letters (Alginahi 2013; Parvez & Mahmoud 2013).

TABLE 1. The Arabic Script: 28 primary characters and their shapes

Beginning Middle End Isolated Beginning Middle End Isolated
- - L i —a —a U Ua
— —_ - < —L —h L L
5 i S & Lk L L L
— — o < — — & ¢
— —— & d = —— & d
- — — c & — < o
A = o ¢ —3 = G
- - 2 2 < = S 4
- - A 3 1 1 J— Jd
- - e B — —— ~— ?
- - - J — — O o
—_— —_— U o —a —_— A °
— —i o s - - - 3

—a —a— o o= — — e ¢
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MATERIAL AND METHODS

In this section, our proposed Arabic character segmentation system is described in detail. We
proposed an Arabic Character Segmentation system using advanced stroke labelling based on
direction features (ACS-SLDF2). The method over-segments Arabic words/sub-words into
characters/sub-characters that may be processed further based on proposed Arabic language
structural rules to achieve the best character segmentation accuracy. In summary, an overview
of the various components that perform the proposed segmentation method is given in Figure
2.

A
< >y AL
Al
t] r ) _T slant
supportive
objects (dots)
@ (b)

S'I_'I.PPDI"I'i"I.-'E —_— - — -
objects (dots) Crso 5 — _ﬁ} "L)
characters

suh“.'nrdsT D"Ir'El']aPP ing
u‘verlaPP ing
(©)

FIGURE 2. Arabic Script Issues, (a) different shape of the same character us, (b) text slant problem and supportive objects
existence, (c) overlapping problem

Figure 3 shows the components of segmentation method involved and the list below are
the terminology definitions used in the Figure 3.

1. Horizontal projection histogram (HPH): Each row becomes a bin in the histogram.
The count that is stored in a bin is the number of 1-pixels that appear in that row.

2. Vertical projection histogram (VPH): Each column becomes a bin in the histogram.
The count that is stored in a bin is the number of 1-pixels that appear in that column.

3. Candidate segmentation point (CSP): The point that is located using a segmentation
method to disjoint the cursive text to its preliminary characters, which will become an
actual segmentation point after validation rules.

4. Actual segmentation point (ASP): The candidate segmentation point that is verified
using a set of rules that represent the true segmentation point.
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FIGURE 3. The components of the proposed Arabic character segmentation method

Each component will be discussed further from pre-processing step to post-
segmentation step.

PRE-PROCESSING TECHNIQUE

This research addresses offline document images that could affect during the acquisitioning
process. Many preprocessing techniques are needed to improve the results of the succeeding
steps which are binarization, noise removing, supportive object remarking, sub-words detection
and textual thinning.

The binary format (Binarization) and noise removing techniques are employed to
simplify the process of dealing with the document image contents (foreground “text” and
background pixels). The binarization method from the work of Bataineh, Abdullah, and Omar
(2011) is used to convert the gray scale image into a binary image (“1” indicates a foreground
pixel, “0” a background pixel). In addition, a salt and pepper filter is used to remove the noise
in the text. An example is given in Figure 4(b).

The proposed segmentation method uses the vertical projection histogram to locate the
possible segmentation points. Because the segmentation points exist only in the main text body,
it is necessary to detect and neglect the supportive objects (dots and diacritics) in segmentation
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processes by using dots (supportive objects) remarking technique. Most properly, the density
of any dot is smaller than that of any other isolated character. These dots are remarked
(relabeled) with the new value “9” instead of “1” because they will be used in the post-
segmentation (validation) stage later. This technique fails for some handwritten documents,
where some isolated characters, such as or <, are written in a small size, causing them to be
recognized as supportive objects. This disadvantage may be overcome by applying the
algorithm in the upper and lower regions of the word\line only. These regions are detected by
applying the horizontal projection histogram (HPH) using Equation 1, as illustrated in Figure
4(c). More details on supportive objects exclusion can be found in the work of Abdullah, Al-
Harigy, and Al-Fraidi (2012).

HorizontalProjectionHistogram (x) = X, P(x,y). 1)

Furthermore, the process of uniformization of the text width is a crucial step in this
research because it helps in locating the CSPs more accurately, as will be explained in the next
section. Additionally, it speeds up the entire algorithm execution time by minimizing the
number of image text pixels. A robust one pixel width thinning algorithm named as textual
thinning (stroke width estimation) technique is used, which keeps the topology and connectivity
of the text’s shape with the minimum number of foreground pixels (Abu-Ain, Abdullah,
Bataineh, & Omar 2013), as Figure 4(d).

dké,;\ (€=
=~ =

Dots

T per
repmion

Ee k1 ‘ i
Middle i s s A (_,’ {,:-\) \
e (= i5 —
(©)

(d)
FIGURE 4. Preprocessing stage results (a) Original text image (b) binarization and noise removal (c) regions detection, and (d)
skeleton/stroke extraction

PROPOSED ARABIC CHARACTER SEGMENTATION METHOD

In this research, a novel Arabic character segmentation is proposed based on advanced strokes
labelling using direction features (SLDF2) and modified vertical projection histogram (MVPH)
based on Arabic script writing structural-rules. The SLDF2 technique extracts the relationship
between each text stroke pixel and its 8 neighboring foreground pixels and labels it with the
proper value (refer to sub-sections A and B below). Afterward, a vertical projection histogram
is calculated for the labeled text skeleton to detect the possible segmentation points.

A. Text Stroke Labelling Based On Direction Features (SLDF)

The first step is assigning the text stroke direction features. After representing the text image
in the form of skeleton and binary discounting noise and dot, it defines the direction values,
which are as follows: “2” for the vertical direction, “3” for the right diagonal direction, “4” for
the horizontal direction, and “5” for the left diagonal direction (shown in Figure 5).
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FIGURE 5. Direction values used for stroke labelling based on direction features (SLDF)

Apart from Al Hamad and Abu Zitar (2010) attempt to represent text images stroke via labelling
the pattern based on direction features, this research proposes a new technique to assign and normalize
direction of the text strokes. The overall processing time is minimized, where the text image is scanned
one time only to assign the direction feature labels for all pixels in the image, instead of 4 scan iterations
as proposed by Husam A. Al Hamad and Abu Zitar (2010). Figures 6 and 7 illustrate the flow and steps
of the new technique to locate and normalize directions of each character image.

(P2 11 Pall
Ps || Pg) =2

(P2 [ Pall
Ps || Pg) =4

Mask 1
Ps| P7| Ps
Ps| Po| P1
Ps| P3| P,

| YES

FIGURE 6. The proposed flowchart of stroke segment labelling based on direction features (SLDF1)
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FIGURE 7. Steps of the new technique (SLDF1) to locate and normalize directions: (a) original stroke, (b) stroke in binary
format, (c) distinguish directions, and (d) normalize the direction (gray shaded pixels)

In reference to the basic SLDF directions as shown in Figure 5, the following masks in
Figure 8 are proposed to represent the text skeleton by assigning the direction values as follows:

X | Al X x| 0]Xx x| 0]C D00
B 0 0 0 0 where
| A | x| 0] x Clo|X 0/0/|D Ae{1, 2};
g , g , ¥ , ¥ BE{L 2,4
x [A] x x | 0] x x|0]C Djo|o0 Ce{l, 2,3, 4%
2 B B | B 0 0 0 0 De{1, 2,3, 4,5}
|A | x| 0| x Clo|X 0/0|D 0<x<5.

FIGURE 8. Masks represent the text skeleton

The following pseudo code represents the previous masks:
For each foreground pixel Po= 1, do the following (refer to “Mask 1” in Figure 6):
If (P3| P7) # 0 then Po=2
Else if (P1 || Ps) # 0 then Po=4
Else if (P4 || Ps) # 0 then Po= 3
Else if (P2 || Ps) # 0 then Po=5.

There are three steps to normalize the labelled strokes. By taking into account Figure
5’s representation, those steps are as follows: firstly, it finds spurious labeled pixels that
represent less than two successive pixels (occurring in either right diagonal or left diagonal
directions only), secondly it identifies its 8 neighboring labeled pixel values, and finally, it
replaces the spurious pixel label by the proper value as illustrated in the following Figure 9:
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E|0‘E F|0‘F where
0 0] |0 0 E€{0, 2, 4, 5);
E|0|E| [F|O]|F Fe{0,2,3,4};
G=3,;

v ' v H=5;
E|‘E F|‘F G = {if any E = 2 then G =2, else if any E=4 then G =4,
0 0 0 0 else if any E=5 then G =5)};
E|0|E| [F|O]|F H={if any F = 2 then H =2, else if any F=4 then H =4,
else if any F=3 then 4 =3}.

FIGURE 9. Labelled strokes normalization

The following pseudo code represents the prior masks:
Raster scans the entire text image from any corner
If (Poand Pj) = 3 or (Poand P;j) = 5 then do nothing
Else if Po = (3 or 5) and Pj= 2 then Pg = 2
Else if Po = (3 or 5) and Pj=4 then Po = 4
where, j€ {2, 4, 6, 8}, Pj is the 4 neighbours of target pixel Po (“Mask 1” in Figure 6).

The proposed technique performs the normalization in one step only, unlike the Al Hamad
and Zitar’s technique that takes two steps.

B. Advanced Stroke Labelling Based On Direction Features (SLDF2)

The direction features are used in the recognition of the text segment characters in Blumenstein
et al.’s technique, and as a part of the validation of the text segmentation system in Al Hamad
and Zitar’s technique. However, we observe that these direction features could be adapted, with
proper modifications, for use in the main part of the text’s character segmentation, validation
and detection of ligatures (overlapping of characters). In this research, a novel technique for
advanced text stroke labelling based on direction features (SLDF2) is proposed. The number of
extracted labels from the previously proposed SLDF was reduced from four labels to only two
labels. In addition, the closed shape (hole) is the main component of the Arabic text structure,
where 14 out of 28 letters have at least one hole such as in Figure 10. Without these
modifications, the number of rules needed to perform the segmentation, characters overlapping
and validation processes are inconceivable.

&&= I
(a) (b)

FIGURE 10. (2) and (b) the example of letters with hole

For that reason, the proposed Advanced SLDF2 is inspired by the fact that alphanumeric
text can be represented in digital (angled) form, which consists of only horizontal and vertical
strokes (Figure 11).
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FIGURE 11. Alphanumeric text (a-b) handwritten format, and (c-d) digital angled format
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The following stages are proposed to prepare the text pattern and assign the direction labels:
Stage 1: Direction labels reduction

Here, we reduce the number of direction values to two instead of four. Referring to the direction
representation in Figure 5, the following steps are proposed to reduce the number of direction
labels of the text pattern as Figure 12 follows:

% Y 3 Ig ‘lol‘ g where _
EICIEIRTSTILSR [ R

T I [ asioneor e 2 k5m
Jjo[J3] [K|o[K

FIGURE 12. The number of direction labels of the text pattern

The following pseudo code represents the earlier masks:
Raster scans the entire text image row by row two times (one from the top left corner and one
from the bottom right corner) separately using mask 1 (Figure 13(a)):
If Po = (3 or 4) then
If any of Pi = 2 then Po =2
Else if any of Pi = 4 then Po =4;
where i €{2, 4, 6, 8}.

(P2 [1Ps]]Ps||Ps)=2

For Each P, € {3, 5} ~
In Mask 1 (P2I1PallPs||Ps)=4
Yes

Ps| Po| P Po=2 Po=4

(a)

(P& Ps & Py & Pyy) # 2
& Po=4
Pg| Pg| P1g| P11 YES (Ps[IPs|lIPs|]P)=4
P7| Po| P1| P2
Ps| Ps| Pa| Ps
(b)
(Ps & Ps & Py & Pyy) # 4
Mask 3 & Po=2

Ps| P7| Ps (Ps || Ps || Ps|]P1)=2
Ps| Po| Po
P4| P1| P10
P3| P2| P11

(c)
FIGURE 13. The flowchart of the novel technique of advanced stroke labelling based on direction features (SLDF2) (a)
direction labels reduction, (b) 1st step of horizontal stroke segment normalization, (c) 2nd step of vertical stroke segment
normalization
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Stage 2: Spurious pixel normalization

Spurious pixels represent less than three successive pixels. From experiments, these pixels
affect the process of detecting the segmentation point as well as the validation process. The
following steps are proposed to detect and relabel the spurious pixels as shown in Figure 14:

Horizontal LjoJo|L LlololL
normalization : | 0 QI 0 |=| 0 qi where

mask LiojofL LlololL X=2;

y=4;

Vertical M|Io[M| [M]o|Mm Le{o, 2};
normalizatio 0 0 0 0 Me {0, 4},

n mask 0 0 = 0 0 At least one of L & M+ “0”.

M|Io[M| [M|o|lm

FIGURE 14. The detection and relabeled the spurious pixels.

The following pseudo code represents the prior masks:

1. Horizontal normalization: Raster scan the entire text image using mask 2 (Figure 13(b)):
If (Po& P1=4) and (P3 & Ps &Pg & P11#4) and (P3 || Pe || Ps || P11 =2) then (Po & P1 =2),
where the size of mask 2 is 4x3 to detect the two spurious pixels that are adjacent
horizontally.

2. Vertical normalization: Raster scan the entire text image using mask 3 (Figure 13(c)):
If (Po& P1=2)and (P3& Ps & Pg &P11# 2) and (P3 || Pe || Ps || P2=4) then (Po & P1 =4),
where the size of mask 2 is 3x4 to detect the two spurious pixels that are adjacent
vertically.

Stage 3: Closed shape (hole) detection:

Depending on Arabic script character structure, more than 50% of the characters in all possible
shapes (beginning, middle, end and isolated) contain a close shape (hole). These holes play a
significant role in our system because they are useful for avoiding the segmentation points
inside them, and they are also used in validation of the segmentation points and detection of the
ligatures (character overlapping).

In this research, we apply the connected component labelling technique (Stockman &
Shapiro 2001) on the background pixels to detect the holes. The foreground pixels that
surrounded these holes will be assigned as label “6”. The entire process for determining text
pixels’ direction and normalization is illustrated in Figure 15 below:
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FIGURE 15. Steps of the new advanced technique (SLDF2) to locate and normalize directions: (a) original stroke, (b) stroke in
SLDF1 format (light gray shaded pixels that need relabeled), (c) stroke in SLDF2 format and (d) normalizing the direction
(dark gray shaded pixels)

The following pseudo code represents the prior closed shape detection process:
1. On the first iteration:
1.1. Raster scans each pixel of the text image,
1.2. If the pixel is background,
1.2.1. Check the 8 neighbouring pixels of the current background pixel,
1.2.2. If there are no background neighbours, uniquely label the current element,
1.2.3. Otherwise, assign it to the smallest label of the background neighbour,
1.2.4. Store the correspondence between neighbouring labels.
2. On the second iteration:
2.1. Raster scans each pixel of the text image,
2.2. If the pixel is background,
2.2.1. Relabel the background pixel with the lowest correspondence label.
3. On the third iteration:
3.1. Raster scans each labelled background region in the text image,
3.2. If all the background region is surrounded with foreground pixels,
3.3. Relabel the surrounding foreground pixels with the label “6”.
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C. Candidate Segmentation Points Detection

l. Modified vertical projection histogram

Vertical projection histogram (VPH) is a popular approach for the detection of the segmentation
points. It counts the foreground pixels in each column as follows:
VerticalProjectionHistogram (y) = Y., P(x,y). (2

Areas with lower pixel density are identified as candidate segmentation points (CSPs), as shown
in Figurel6 (a). One disadvantage of using the original text image is the excessive number of
CSPs. To overcome this disadvantage, an attempt was made to segment the Arabic script
proposed by Al Hamad and Abu Zitar (2010) by using VPH based on the text skeleton, instead
of the original image, thereby minimizing the number of CSPs (Figure 16(b)). However, this
technique suffers from three main weaknesses. First, the algorithm is not capable of
distinguishing between the “ligatures” and other strokes. Second, the algorithm is not capable
of recognizing some of the characters shapes that appear as ligatures in the histogram. Third,
the algorithm is not capable of detecting characters and words/sub-words that overlap.
Therefore, a modification of VPH is proposed to overcome all the weaknesses by using the
labelled text skeleton after applying the SLDF2 instead of the original text image as shown in
Figure 16(c).

(b)

_'L_L\u‘u._. .

(©)

FIGURE 16. (a) Vertical projection histogram (VPH) of original text, (b) Vertical projection histogram of text skeleton using Al
Hamad and Zitar’s technique and (c) The proposed modified vertical projection histogram of the labeled text skeleton

1. Words/sub-words overlapping

Text words are implemented primarily from a set of connected foreground pixels. Each group
represents either a word, sub-word, supportive object or even noise. Using the VPH in the text
segmentation process leads to the false detection of segmentation points in cases where
words/sub-words are vertically overlapped. This problem can be overcome using a connected-
component-labelling algorithm to detect these components and calculate the proposed MVPH
for each of them separately.
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I11.  Missed character (fake ligature) detection
Ligatures are the horizontal primitives that are used to connect the characters in Arabic script.
In some people’s handwriting styles, the part of the text that is supposed to represent a vertical
stroke appears instead as a horizontal stroke (a ligature) in the representation of the labeled text
skeleton. These forgery ligatures take a hump (bell) shape, as shown in Figure 16. In this
research, an algorithm for detection such fake ligatures are proposed as follows:
Scan each component of the text labelled skeleton from the left-top corner, row-by-row

1. Detect the concatenated pixels labeled “4” that do not share the vertical coordinate with

any other foreground pixels in the same component.

2. Check if there are at least two height pixels (labeled “4”) that form a peak.

If such a case exists, label all the pixels that form the peak with the value “2”.

(s P Cﬁ g@w [_% G

FIGURE 17. Example of word <ig«with different writing styles (a) missing a vertical stroke, (b) not missing a vertical stroke

An example of the missing character detection is shown in Figure 17.

2

@ (b)

FIGURE 18. Example of the “missing vertical stroke detecting process” (a) before (b) after

IV.  Overlapped characters’ detection
In Arabic script, overlapped characters exist if one of four characters, s « <2 «z, are connected
vertically in the same connected component, as shown in Figure 18.
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FIGURE 19. Examples of characters overlapping in Arabic script

In this research, the proposed method is able to detect the overlapped characters that consist of
at least one loop (= «= «z). The following is the procedure:
Case A
1. Inthe labelled skeleton, look for the existence of pixels labelled “6” (loop),
2. Check if the upper side of the loop is connected with any pixel labelled “2” [vertical
connection point VCP],
3. Check if the left side of the loop is connected with any pixel labelled “4” [horizontal
connection point HCP],
4. Compute D1& D; as follows:
- D1=the vertical distance between the x-coordinate of the higher pixel of the loop and
the HCP,
- D2=the vertical distance between the x-coordinate of the lower pixel of the loop and
the HCP,
5. If D2 > D1, then mark the VCP as an actual segmentation point (ASP).
An example of the first case of overlapped characters’ detection is shown in Figure 20 (a, b).
Case B
1. Inthe labelled skeleton, look for the existence of pixels labelled “6” (loop),
2. Check if any part of the loop shares the vertical coordinate with at least two layers of
pixels labelled “4” under the loop,
3. Mark the middle pixel of the higher layer labelled “4” under the loop as an ASP.
An example of the second case of overlapped characters’ detection is shown in Figure 20 (c).

: i
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:I vep 2|
01 HCP
_pon “oon
a a n n
we  [H 5 | 4 ﬂ & |
a n a a
440 [6]6]6] o a
[ aonn aan
D2 D2
(@) (b) (© )
FIGURE 20. Examples of overlapped characters detection (a) case A: “invalid CSP” of character &, (b) case A:“valid CSP” of
subword !, and (c) case B: “valid CSP” of word

3'rd layer

CHARACTERS SEGMENTATION PROCESS

In this research, the vertical projection histogram is modified by applying it onto the gained
labelled skeleton from the proposed SLDF2 technique instead of the original image (Figure 21
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(a). The following are the steps of the candidate segmentation point (CSP) detection process.
In the modified vertical projection histogram (MVPH), look for the existence of the adjacent
columns that contain only one-pixel height labelled “4”, as shown in Figure 18(b). In the
labelled skeleton, detect the corresponding regions that present the adjacent columns from the
prior step. Each region is considered a ligature, and the CSP is located in the middle of the
corresponding original text.

FIGURE 21. Example of the candidate segmentation point (CSP) detection process: (a) text representation after applying the
proposed SLDF2, (b) the modified VPH of the text representation, and (c) the CSP detection result.

SEGMENTATION POINT VALIDATION

A set of Arabic script structural\topological rules are proposed for validating the candidate
segmentation points. These rules are presented in the form of cases that include most popular
cases.
Case A: The component starts with a horizontal stroke
In this case, many characters start with a horizontal stroke (the right-most part). Some of these
strokes are not part of a character nor a connection stroke between two characters (Figure 22).
The procedure of distinguishing between real and fake connection strokes is as follows:
1. Scan the modified VPH of each component (word/sub-word),
2. If one-pixel-height adjacent columns where the pixels are labeled “4” (horizontal stroke)
that contain a CSP exist in the right-most part of the histogram (the horizontal stroke is
not connected with the other strokes from the right side): go to step 3,
3. Scan the corresponding labeled skeleton,
4. If the horizontal stroke shares the vertical coordinate interval with any supportive object
then state the CSP as valid.
where the vertical coordinate interval = [Y _coordinate Of the examined CSP + % (Distance between
the examined CSP and the first left CSP)], if the number of CSPs in the examined component
>1. The vertical coordinate interval = [Y coordinate OF the most left of component to the Y coordinate
of the most right of component], if the number of CSPs in the examined component =1.
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FIGURE 22 . Examples of (a) valid CSP, and (b) invalid CSP in the case where the component starts with a horizontal stroke

Case B: The component ends with a horizontal stroke

Many characters in Arabic script, such as (2 <3 <, <) <1 <8 < 5), end with a horizontal stroke (the
left-most part), which contains a CSP. In fact, they are all invalid segmentation points. The
procedure of detecting is as the following:

1. Scan the modified VPH of each component (word/sub-word),

2. If one-pixel-height adjacent columns where the pixels are labeled as “4” (horizontal
stroke) that contain a CSP exist in the left-most part of the histogram (the horizontal
stroke is not connected with the other strokes from the left side): then state, the CSP as
invalid.

Case C: The component ends with a horizontal stroke that is concatenated with a vertical stroke
from the left and a hole from the right
In this case, the left-most part of the component is in the order of: the horizontal stroke
(containing a CSP) connected with a vertical stroke from the left side and with a loop from the
right side. The vertical stroke is not connected with any other stroke from the left, such as ( <
¢ < <), The examined CSPs are not always valid, such as (). The steps of distinguishing the
valid CSP are as follows:
1. Inthe labelled skeleton, look for the existence of a horizontal stroke that contains a CSP
and connects with a loop from the right side and a vertical stroke from the left side.
2. Compute the following:
a. Da1= (higher-pixel v_coordinateof the vertical stroke)-(CSPY _coordinate)-
b. D;= (CSPY_coordinate)'(lOwer'piX9| Y_coordinateof the vertical stroke)-

3. If D1>(2 x D), then state the CSP as valid.
An example of this case is shown in Figure 23.
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FIGURE 23. Example of: (a) valid CSP, and (b) invalid CSP

Case D: The component ends with a horizontal stroke that is concatenated with two vertical
strokes, one from the left and the other from the right.
In this case, the left-most part of the component is in the order: horizontal stroke (containing a
CSP) connected with two vertical strokes (from the left side and from the right side). The
vertical stroke in the left is not connected with any other stroke, such as (& «= «0). The examined
CSP are not always valid, such as (J). The steps of distinguish the valid and invalid CSP are as
follows:
1. Scan the labelled skeleton, check if the component ends with a horizontal stroke that is
concatenated with two vertical strokes (one from the left and the other from the right).
2. Compute the following:
a. D3= (higher'pixelY_coordinate of the right vertical stroke) '(CSPY_coordinate)-
b. Da = (higher-pixely_coordinate of the left vertical stroke) = (CSPY_coordinate).
3. If Ds> (2 x D3), then state the CSP as valid; else, state as invalid.
An example of this case is shown in Figure 24.

csp csP

(@) (©)

FIGURE 24. Example of: (a and b) invalid CSP, and (c) valid CSP that matches case D

oo
x J}"E x
(b)

Case E: The component ends with a set of concatenated labelled strokes in order: vertical
stroke, horizontal stroke, vertical stroke, horizontal stroke and loop from left to right,
consequently.

In this case, all the CC’s end with, in order (from left to right): first vertical stroke (VS1), first
horizontal stroke (HS1), second vertical stroke (VS2), second horizontal stroke (HS2) and
Loop, such as (8 ¢« =« <o «u=a). HS2 has a CSP that is examined as follows:

Scan the labelled skeleton, check if HS1 shares the vertical interval with dots, and then the

examined CSP is valid (else it is invalid), where the HS1 vertical interval = from (most left
pixel of VS1v_coordinate), t0 (CSPy_coordinate). An example of this case is shown in Figure 22.
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Case F: The component contains a set of concatenated labelled strokes, in order: three vertical
strokes (VS1, VS2, and VS3) connected by two horizontal strokes (HS1, and HS2).
In this case, the examination procedure is as follows:

In the labelled skeleton, check if there is any dot cited in the lower HS2 vertical interval; if yes,
both CSPs are valid; otherwise, they are invalid, where the lower HS2 vertical coordinate =
from (most left pixel of VS1y coordinate) t0 (rightest pixel of VS3y coordinate) Under the HS2. An
example of case F is shown in Figure 25 and Figure 26.

‘ HS1 vertical coordinate ‘ | HS1 vertical coordinate | | HS1 vertical coordinate

O o m\m‘/

invalid CSP

"Case E” m4— Dots
invalid CSP invalid CSP
"Case " "Case £
(@)
oot — [
HS1 vertical coordinate | BRan | HS1 vertical coordinate | Banan
| ¢ | [ & | | & | | ¢ |
[ ¢ | =
[ 6] c [ ]
| 6lclelelelel [elclelelcls]
examined CSP examined CSP
invalid CSP invalid csP
“Case E" "Case E"

FIGURE 25. Examples of Case E: (a) valid CSP [ ¢#,cx, 4] (b) invalid CSP [ ue ¢ u4]

examined CSP examined CSP
HS2 vertical coordinate HS2 vertical coordinate
@)

n examined CSP n examined CSP m n examined CSP m
|HSZ vertical coordinate I |H52 vertical coordinate | |H52 vertical coordinate |
(b)

FIGURE 26. Examples of Case F:(a) invalid CSP [ = «] (b) valid CSP [<imd i <]
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EXPERIMENTAL RESULTS AND DISCUSSION

This section outlines the results obtained by using the proposed stroke labelling based on
direction features (SLDF1 and SLDF2) techniques and the character segmentation method. The
Arabic Center for Document Analysis and Recognition (ACDAR) handwritten dataset (Al
Hamad & Abu Zitar 2010; Al Hamad & Hamdi-Cherif 2012) is designed for the Arabic
document analysis domain. It contains 500 random words that where extracted from two
paragraphs covering all shapes of Arabic characters, written by 10 writers (12-50 years in age).
The total number of characters in the database is 2562. In this research, the ACDAR dataset
was used for a majority of character segmentation experiments. Figure 27 shows samples of the
ACDAR dataset.

LSS Slnp, MR | A N

FIGURE 27. Samples from ACDAR dataset (Husam, Al Hamad & Hamdi-Cherif 2012) used in experiments

STROKE LABELLING BASED ON DIRECTION FEATURES (SLDF) TECHNIQUE EVALUATION

The results from the proposed SLDF1 technique were comparatively evaluated with results
from both techniques by Al Hamad and Abu Zitar (2010) and Blumenstein et al. (2007). The
number of processed pixels needed to accomplish the strokes labelling for all 500 word images
of the ACDAR data set were used to determine technique speed using the following equations:

NPL = NFP X NIRI,
NPN = NSP x NIRI,

TNPP = NPL + NPN. 3)

where NPL is the Number of Pixels involved in the determining value (Labelling) stage; NFP
is the Number of Foreground Pixels; NIRI is the Number of Iterations of Reading (scanning)
the image; NPN is the Number of Pixels involved in the Normalization stage; NSP is the
Number of Spurious Pixels; and TNPP is the Total Number of Processed Pixels in both the
determining values and normalization stages.

Blumenstein et al.’s technique is fast in assigning the direction labels (the number of
foreground pixels involved in the determining values stage) because it scans the entire image
only one time (one iteration), where the current pixel label depends on the direction of the
previous labelled pixel. However, the labelling stage result suffers from an extreme number of
spurious pixels that need normalization. The normalization stage takes two iterations to read
the image pixels and perform the normalization.

The technique established by Al Hamad and Abu Zitar (2010) modifies the process of
determining the direction labels of pixels to minimize the spurious pixels by scanning all of the
images about four times whereby one time for each direction (vertical, horizontal, right
diagonal, and left diagonal). However, the overall processing period is high due to repetitive
times of image scanning process in both the labelling and normalization stages. The proposed
technique scans the image one time to assign the label of each pixel and another time to
normalize the spurious pixels by detecting their relationship of 8 neighbouring pixels and
changing their labels in the same iteration subsequently.
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EVALUATION METHOD

This section discusses the effectiveness of the proposed character segmentation method called
SLDF2. Due to unavailability of a benchmark dataset with a ground truth table that provides
the location of the correct segmentation points, an expert validated the segmentation results. A
quantitative analysis was conducted for the proposed method’s results. The following equations
of the Precision, Recall, Accuracy and F-measurements were used to determine segmentation
accuracy:

Recall = TP
T TP EN
Precision = TP
recision = TP+ FP ,
A _ TP
Y T TP Y FP+EN
F — Measure = ZxReca”XPTe.Cl'smn (4)
(Recall+Precision)

The dataset is divided into 10 sets (writers). For each set, we specify the true positive value
(TP) as the correct detected segmentation point, the false negative (FN) as undetected all
segmentation points (missed/under-segmentation), and the false positive (FP) as more than one
undetected segmentation point for each character (over-segmentation). Then, we calculate the
overall Recall (RC), Precision (PR), and F-measures (FM) of the proposed method as in
Equation 2. Table 2 below shows the results for all competing labelling techniques.

TABLE 2. Detailed results of (a) Blumenstein et al.’s labelling technique, (b) Al Hamad and Zitar’s labelling technique, (c) the
SLDF1 labelling technique, and (d) an average results of all competing labelling techniques

(a) (b) (c)

Writer  NPL NPN TNPP NPL NPN TNPP NPL NPN TNPP
1 22,604 12,002 34,606 90,416 1,884 92,300 22,604 942 23,556
2 25354 12,644 37,998 101,416 2,190 103,606 25,354 1,095 26,456
3 30,072 15450 45522 120,288 2,398 122,686 30,072 1,199 31,295
4 19,141 10,168 29,309 76,564 1,302 77,866 19,141 651 19,799
5 24,108 12,580 36,688 96,432 2,020 98,452 24,108 1,010 25,146
6 24,612 13,462 38,074 98,448 2,340 100,788 24,612 1,170 25,801
7 22,119 12,708 34,827 88,476 1,816 90,292 22,119 908 23,034
8 29,170 13,688 42,858 116,680 2,174 118,854 29,170 1,087 30,267
9 32,577 16,762 49,339 130,308 2,304 132,612 32,577 1,152 33,737

[ERN
o

25390 11,310 36,700 101,560 1,830 103,390 25,390 915 26,298
Total 255,147 130,774 385,921 1,020,588 20,258 1,040,846 255,147 10,129 265,389

Method NPL NPN TNPP Number of iteration (image scanning)
Blumenstein 255,147 130,774 385,921 3 (1 for labelling + 2 for normalization)
Al Hamad 1,020,588 20,258 1,040,846 6 (6 for labelling + 2 for normalization)
Proposed 255,147 10,129 265,389 2 (1 for labelling + 1 for normalization)

(d)
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TABLE 3. Results summary of the proposed character segmentation method

Writer  Actual segmentation points TP FN  FP PR RC Accuracy FM
1 348 331 13 4 96.11% 98.81%  95.01%  97.44%
2 332 300 16 16 94.96% 94.96%  90.40% = 94.96%
3 387 338 28 21 92.44% 94.15%  87.42%  93.29%
4 309 271 33 5 89.02% 98.27%  87.65%  93.42%
5 302 275 20 7 93.07% 97.58%  90.97%  95.27%
6 353 329 16 8 95.29% 97.59%  93.10%  96.43%
7 312 303 8 1 97.35% 99.61%  96.98%  98.47%
8 350 321 13 16 96.13% 95.39%  91.86%  95.76%
9 355 344 6 5 98.42% 9857%  97.03%  98.49%
10 301 283 17 1 9435% 100.00% 94.35%  97.09%

Total 3349 3096 170 83 94.71% 97.49%  92.48%  96.06%

The following measurements were calculated using the proposed segmentation method: PR =
94.71%, RC = 97.49%, Accuracy= 92.48% and F-measure = 96.06%, as reported in Table 3.
Sample images from the dataset and segmentation points detected using the proposed method
are displayed in Figure 28.

d s

(b)
FIGURE 28. Segmentation points (SP) detected by the proposed method (a) Correct SP, and (b) missed SP

COMPARISON BETWEEN THE PROPOSED AND AL HAMAD AND ZITAR’S CHARACTER
SEGMENTATION METHODS RESULTS

The average correct segmentation accuracy of the proposed segmentation method was 92.48%.
We compared our proposed method with Al Hamad and Zitar’s method presented in Al Hamad
and Abu Zitar (2010), where they used the same dataset. Their proposed segmentation method
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is neural-based to validate the segmentation points detected via vertical projection histogram of
the text skeleton with 82.98% average correct segmentation accuracy.

Table 4 and 5 show a results summary of the Al Hamad and Zitar’s method and the
comparison results between the proposed ACS-SLDF2 and the Al Hamad and Zitar’s methods.
The findings justify stating that the proposed method outperforms the Al Hamad and Zitar’s
method. The proposed method is able to detect segmentation points based on SLDF2 and the
modified vertical projection histogram, which leads to producing fewer candidate segmentation
points, which are validated via a set of proposed language structural-rules. Different from the
proposed method, the Al Hamad and Zitar’s method detects segmentation points based on the
text skeleton and modified vertical projection histogram, which leads to producing more
candidate segmentation points, which are validated via a set of direction features and neural
networks.

TABLE 4. Results summary of the Al Hamad and Zitar’s character segmentation method

Writer Actual segmentatlon P EN  FP PR RC Accuracy EM
points

1 348 297 18 34 89.73% 94.29%  85.10%  91.95%
2 332 269 14 49 8459%  95.05%  81.02%  89.51%
3 387 318 11 60 84.13% 96.66%  81.75%  89.96%
4 309 270 10 29 90.30% 96.42%  87.37%  93.26%
5 302 247 23 32 8853% 91.48%  81.79%  89.98%
6 353 284 20 49 8529% 9342%  80.45%  89.17%
7 312 263 10 40 86.80% 96.34%  84.03%  91.32%
8 350 284 28 38 88.20% 91.03%  81.14%  89.59%
9 355 284 12 59 82.80% 95.95%  80.00%  88.89%
10 301 263 14 25 91.32% 94.95%  87.09%  93.10%
Total 3349 2779 160 415 87.17% 9456%  82.98%  90.67%

TABLE 5. Comparison of results between the proposed and Al Hamad and Zitar’s character segmentation methods

Correct Segmentation Under-segmentation Over-segmentation

Writer  Proposed Al Hamad-Zitar Proposed Al Hamad-Zitar Proposed Al Hamad-Zitar

1 94.98% 85.34% 3.85% 4.89% 1.43% 9.77%
2 90.40% 81.02% 4.80% 4.22% 4.80% 14.76%
3 87.30% 82.17% 7.14% 2.33% 5.56% 15.5%
4 87.64% 87.38% 10.81% 3.24% 1.54% 9.39%
5 90.98% 81.79% 6.77% 7.28% 2.26% 10.39%
6 93.10% 80.45% 4.60% 5.67% 2.30% 13.88%
7 96.98% 84.29% 2.64% 2.88% 0.38% 12.82%
8 91.85% 81.14% 3.70% 8% 4.44% 10.86%
9 96.89% 80% 1.56% 3.38% 1.56% 16.62%
10 94.35% 87.38% 5.65% 4.32% 0.01% 8.31%
Average  92.48% 82.98% 5.15% 4.6% 2.43% 12.42%

STROKE LABELLING BASED ON DIRECTION FEATURES RESULTS DISCUSSION

In this section, the results of stroke labelling based on direction features techniques were
compared under many measurement criteria:

1. Number of foreground pixels involved in determining the direction value (labelling) stage,
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2. Number of iterations needed to complete the labelling stage,
3. Number of foreground pixels involved in normalization of the spurious pixels stage, and
4. Number of iterations needed to complete the normalization stage.

Based on the measurement criteria results of the techniques of Blumenstein et al. (2007),
Al Hamad and Abu Zitar (2010), and our proposed SLDF1, it is clear that the proposed SLDF1
technique is superior in performance as follows:

1. Blumenstein et al.’s technique labels the strokes of the text image in one iteration, which
make the number of pixels involved in the labelling stage equal to the number of actual
text image foreground pixels. However, the technique suffers from an extreme number
of spurious pixels due to the used labelling technique where each foreground pixel takes
the label value based on the direction of its eight neighbouring former labelled pixels.
Moreover, the technique takes two iterations to normalize the spurious pixels (one for
detecting the spurious pixels and one for changing the pixel label) which make the pixels
involved in this stage equal to double the number of spurious pixels.

2. Al Hamad and Zitar’s technique labels the strokes of the text image in four iterations to
minimize the number of spurious pixels, where each foreground pixel takes a value
based on the direction of its 8 neighbouring foreground pixels in a predefined direction
priority (one iteration for each direction). However, the technique suffers from an
extreme number of pixels involved in the labelling stage, which is equal to four times
the number of text image foreground pixels. Moreover, the technique takes two
iterations to normalize the spurious pixels (one for detecting the spurious pixels and one
for changing the pixel labels) which makes the pixels involved in this stage equal to
double the number of spurious pixels.

3. Our proposed SLDF1 technique was able to label the strokes of the text image in one
iteration, which makes the number of pixels involved in the labelling stage equal to the
actual number of text image foreground pixels, where each foreground pixel takes a
value based on the direction of its eight neighbouring foreground pixels in a predefined
priority in one single iteration. Moreover, the technique takes only one iteration to
normalize the spurious pixels by detecting the spurious pixels and changing the pixel
label based on the same predefined direction priority used in the labelling stage.

ARABIC CHARACTER SEGMENTATION RESULTS DISCUSSION

Comparing the handwritten character segmentation results with that of other researchers in the
literature is not a simple task. The central complications that arise are the variances in
experimental approach, experimental settings, and the experimental dataset. Generally, most
Arabic character segmentation methods are part of character recognition systems, where the
system accuracy is measured in terms of the entire character recognition system instead of just
the character segmentation method.

In this section, the results of Arabic character segmentation methods of Husam, Al
Hamad and Abu Zitar (2010) and the proposed ACS-SLDF2 were compared under many
measurement criteria, correct segmentation accuracy rate, under-segmentation rate, over-
segmentation rate, words/sub-words and characters overlapping avoidance capability and
missed character detection success rate. To present a clear evaluation of the proposed ACS-
SLDF2 and Al Hamad-Zitar methods, both of them are applied on the ACDAR dataset (Al
Hamad & Hamdi-Cherif 2012). As shown in Figure 29, the proposed ACS-SLDF2 method
outperforms the Al Hamad-Zitar method based on the measurements criteria results as follows:

1. The Al Hamad and Zitar’s method was able to detect the correct segmentation points of
the ACDAR dataset with a 82.98% success rate. The achieved accuracy rate is slightly
low due to multiple reasons: First, the method suffers from the words/sub-words
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overlapping and characters overlapping problems. Moreover, it suffers from many
popular cases of missed characters (that are caused by using the text skeleton to present
the vertical projection histogram) where some characters are represented by a horizontal
stroke instead of a vertical stroke. All of these disadvantages increase the undesired
percentage rates of over-segmentation and reduce the overall correct segmentation
percentage rate.

Our proposed ACS-SLDF2 method was able to detect the correct segmentation points
of the ACDAR dataset with a 92.48% success rate. The high accuracy rate is achieved
due to multiple reasons: First, the proposed method overcomes the words/sub-words
overlapping problem by separating each of them using a connected component labelling
technique before starting the segmentation process. Moreover, it can detect many
popular cases of characters overlapping and detect the missed characters (that are caused
by using the text skeleton to present the vertical projection histogram) by taking
advantage of using the text skeleton after applying the direction features, which reduce
the under-segmentation percentage rate. In addition, many character segmentation point
validation rules are proposed to eliminate invalid segmentation points. All of these
advantages reduce the undesired percentage rates of both under- and over-segmentation.

Overall results of ACS-SLDF2 and Al Hamad-
Zitar methods
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FIGURE 29. Comparison between the proposed ACS-SLDF2 and Al Hamad-Zitar methods (a) summary of the overall results,
(b) detailed correct segmentation percentage rates for each writer, (c) detailed over-segmentation percentage rates for each
writer, and (d) detailed under-segmentation percentage rates for each writer

CONCLUSION

An Arabic handwritten character segmentation method is introduced in this paper. It consists
of many phases, such as labelling the text skeleton, detecting the candidate segmentation points
(CSPs) via a modified vertical projection histogram, and verifying the validity of CSPs based
on proposed language structural-rules. In addition, the SLDF1 algorithm offers various
improvements, including decreased execution time and a reduction of the labelling values to
only two values. An experiment was conducted to show the performance of our method in
solving several challenges in Arabic text segmentation, such as characters and sub-words
overlapping. Experimental results of the proposed stroke labelling technique and segmentation
method are promising. The following segmentation accuracies were achieved using the
proposed method: PR = 97.45%, RC = 94.73% and F-measure = 96.07%. Excellent writing is
an impact factor in succeeding in the character segmentation process and in reducing the error
rate, as well. In addition, avoiding overlapping characters in writing plays a significant role in
increasing the overall correct segmentation rate.
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