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Arabic handwriting segmentation and recognition is an area of research that has

not yet been fully understood. Dealing with Arabic ligature segmentation, where

the Arabic characters are connected and unconstrained naturally, is one of the fun-

damental problems when dealing with the Arabic script. Arabic character‐recogni-
tion techniques consider ligatures as new classes in addition to the classes of the

Arabic characters. This paper introduces an enhanced technique for Arabic hand-

writing recognition using the deep belief network (DBN) and a new morphologi-

cal algorithm for ligature segmentation. There are two main stages for the

implementation of this technique. The first stage involves an enhanced technique

of the Sari segmentation algorithm, where a new ligature segmentation algorithm

is developed. The second stage involves the Arabic character recognition using

DBNs and support vector machines (SVMs). The two stages are tested on the

IFN/ENIT and HACDB databases, and the results obtained proved the effective-

ness of the proposed algorithm compared with other existing systems.
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1 | INTRODUCTION

The area of Arabic handwriting segmentation and recogni-
tion is considered as one of the motivating factors in opti-
cal character recognition (OCR) technology [1]. OCR is
used to improve many applications such as office automa-
tion, signature verification, and applications that require the
recognition of printed text such as data entry applications.
Some Arabic handwriting techniques depend on the recog-
nition of input words without segmentation. This method
reduces the ability to apply the technique on other data-
bases, and it usually uses the closed lexicon of words.
Other techniques use a segmentation algorithm, after which
they recognize the segments of the input words. The recog-
nition of Arabic scripts requires the enrichment of feature

representation in order to improve the recognition accuracy,
so the use of deep‐learning techniques is more suitable [2].
The main problem with Arabic handwriting is its connec-
tive nature, and ligatures, where they are considered
vertically or horizontally connected characters. Their seg-
mentation is considered to be a challenging obstacle. One
of the solutions to the Arabic ligature problem considers
ligatures as an additional class [3]. This method limits the
recognition of predetermined shapes of Arabic ligature,
which leads to a closed system for one database; moreover,
it increases the number of classes. In addition, some seg-
mentation algorithms depend on the structural features of
Arabic words [4]. This paper introduces a new attempt to
realize Arabic character recognition using a new Arabic
ligature segmentation algorithm and deep belief networks
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(DBNs). It aims to develop an open technique for offline
Arabic handwriting recognition. The results show that the
technique enhances the accuracy of Arabic handwriting
segmentation and recognition, and the number of classes is
reduced. This paper is arranged as follows. Section 2 pre-
sents the related work of offline Arabic handwriting seg-
mentation and recognition. Section 3 discusses Arabic
character specifications. Section 4 proposes an enhanced
algorithm for Arabic word segmentation and a new mor-
phological algorithm for ligature segmentation. Then, Sec-
tion 5 describes the Arabic character‐recognition stage.
Section 6 explains the experimentation and the results of
the system, and discusses the cases of false recognition.
Sections 7 and 8 discuss the conclusion and future works

2 | RELATED WORK

The Arabic character segmentation algorithm based on the
extraction of morphological features was introduced in [5],
and a local minima was detected in every connected compo-
nent. Some morphological rules were used to accept or reject
local minima as a segmentation point. A three‐stage segmen-
tation technique was presented in [6]. These stages are line
segmentation, object segmentation, and shape segmentation.
The problems of segmentation occurred with some characters
being divided into two or more objects, such as the character
”.ط“ The Douglas‐Peucker algorithm was applied to the
handwriting images skeleton in order to obtain piecewise lin-
ear curves [7]. The segmentation stage depends on the nature
of the Arabic script by combining the information of the writ-
ing direction and the characteristics of neighborhood geomet-
rics. Fifty percent of the segmentation errors were generated
from incorrectly connected characters [3,7]. A segmentation
algorithm was proposed for the computation of the baseline
of each subword [8]. Segmentation points were determined
by the vertical projection using the baseline and the extract-
ing descenders. However, the algorithm was unable to seg-
ment the characters “ س,ش ” ligatures, and the overlapping
characters correctly. A multiclassifier technique was intro-
duced for Arabic handwritten word recognition [9]. Cheby-
shev moments (CMs) improved with some statistical and
contour‐based features (SCF) were used for word images
description. Various classifiers that were combined at the
decision level were used. Extreme learning machine (ELM),
multilayer perceptron (MLP), and SVM classifiers were con-
sidered. Different combination principles between ELM,
MLP, and SVM classifiers were trained with SCF and CM
features. Another level of combination was also considered,
that is, merging the best three rules within the proposed ones.
An approach that is suitable for Arabic glyph recognition
using the Haar Cascade classifier (HCC) approach was
reported [10]. HCC ignores problematical steps in the

preprocessing, recognition, and character segmentation
stages. A method for Arabic handwriting recognition using
the deep‐learning model was introduced, and it is dependent
on SVM, and is called deep SVM (DSVM) [11]. An Arabic
handwriting method was proposed for the recognition by
extracting scale invariant feature transform (SIFT) descrip-
tors [12]. First, images were segmented into five frames ver-
tically. Then, the descriptors were extracted from each frame,
and they were compared with the descriptors that were
extracted from training words using the Euclidean distance.
A multistage approach of Arabic handwriting recognition
using the hidden Markov model (HMM) was presented [13].
The system separated the Arabic image into core components
and diacritics, and two separate HMM models were used to
recognize them. Then, the scores are combined from the rec-
ognizers to obtain the final word hypothesis. A technique for
handwritten Arabic word recognition was introduced and
depends on SVM classifiers [14]. The technique is based on
the word level. A DBN for Arabic handwriting recognition
using gradient structural concavity (GSC) features, Gabor
features, and raw data was proposed [15]. The best result was
obtained when using GSC and Gabor features. A method for
Arabic handwriting recognition using the synchronous multi‐
stream hidden Markov model (MSHMM) was proposed [16].
First, some statistical and structural features were extracted
using a sliding window. Then, the recognition system was
trained using two approaches. MSHMM was created for each
word in the first method. The words share the same structure
and the parameters are dissimilar. Each word has its specific
model by joining its character models in the second method.
Then, a technique for Arabic handwriting recognition using
structural methods was introduced [3]. First, words/subwords
and dots were extracted. Then, the slant‐correction algorithm
was applied. Segmentation algorithms are based on the nat-
ure of Arabic writing. Arabic characters are modeled by
“fuzzy” polygons, and are recognized by the matching algo-
rithm of fuzzy polygons.

3 | ARABIC SCRIPT
SPECIFICATIONS

The specifications of the Arabic script are challenging [17].
The basic structure of Arabic characters involves the charac-
ter form and the character marks. The different shapes and
positions of Arabic characters are shown in Figure 1.

FIGURE 1 Arabic character shapes
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The character form is the body of every character
;س;ح“ ”.و The marks include dots, diacritics, Letter Kaf,
Hamza, and Madda, as shown in Figure 2. Dots in the Ara-
bic language are divided into five categories: one, two, or
three points above the character, and one or two points
under the character. Diacritics are classified as three differ-
ent types: nunation, vowel, and shadda.

The Arabic ligatures are two or three characters that are
connected in a horizontal or vertical way. Some shapes of
ligatures are shown in Figure 3.

4 | ENHANCED TECHNIQUE FOR
ARABIC HANDWRITING
SEGMENTATION

This section introduces an enhanced Arabic character segmen-
tation technique that is inspired by the work presented by Sari
[5]. It consists of two main stages. The first stage comprises
an improved segmentation algorithm for the separation of Ara-
bic word images into characters. This algorithm solves some
cases of common Arabic handwriting segmentation problems.
The second stage involves a new morphological ligature seg-
mentation algorithm, where the main purpose of this stage is
the separation of Arabic ligatures into characters.

4.1 | Arabic handwriting word‐segmentation
algorithm

Different segmentation algorithms are implemented in Ara-
bic handwriting recognition [5–8]. Segmentation problems

include over‐segmentation, under‐segmentation, misplaced‐
segmentation, broken and touching characters, overlapping,
and ligatures. First, preprocessing of the input word image
is applied. Second, parts of Arabic words (PAWs) are
extracted, the baseline is detected and secondary parts of
each PAW are classified. After that, the structural features
of each PAW are extracted. Finally, each PAW is subdi-
vided into different characters, and they are prepared for
the recognition stage. Figure 4 illustrates these various
stages. The algorithm reduces some cases of over‐segmen-
tation, and successfully separates some touching characters.
Then, it reduces under‐segmentation cases.

4.1.1 | Preprocessing

Preprocessing is an important stage in Arabic handwriting
segmentation. First, a thinned Arabic word is obtained to
normalize the different thickness of words to one pixel
width [18]. Then, the vertical projection of the word image
is used to extract PAWs. Next, a group of columns is
detected, where the sum of each column in this group is
more than zero. Finally, the left point of subword segmen-
tation is the first column, where the sum of this column is
more than zero. Furthermore, the right point of segmenta-
tion is the first column, where the sum of this column
equals zero. This process is illustrated in Figure 5 [19].
The major part and the secondary parts of each PAW are
detected [3].

4.1.2 | Baseline detection

The baseline detection is a crucial stage, and depends on
many methods, such as vertical projection and linear
regression [20]. In this study, the baseline is detected in
each PAW to classify the secondary parts according to
their position on the baseline [21]. Baseline detection is
shown in Figure 6.

4.1.3 | Secondary part classification

The secondary parts are classified by their positions relative
to the baseline. Nine classes are used to classify secondary
parts. These classes are dot above baseline (DAB), dot
under baseline (DUB), two dots above baseline (2DAB),
two dots under baseline (2DUB), Madda above baseline

FIGURE 2 Marks of the Arabic characters

FIGURE 3 Various shapes of ligatures

Preprocessing Baseline 
detection

Secondary parts 
classification

PAWs 
segmentation

Preparing 
characters for 
classification

Structural 
features  

extraction

Arabic word

Segments and 
characters FIGURE 4 Main steps of Arabic

handwriting segmentation
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(MDAB), Shadda, Hamza under baseline (HMUB),
Hamza above baseline (HMAB), triple dot (3D), and Alif.
Classification rules of secondary parts depend on the
detected structural features that describe them. Table 1
contains the classification rules of each secondary part
and its position. If the secondary part is classified as
Madda or Shadda, which are diacritics, then this sec-
ondary part is removed.

4.1.4 | Structural feature extraction

This stage explains that all of the Arabic characters are
described using defined structural features. The PAW seg-
mentation and the ligature segmentation depend on this
property for the detection of the suggested segmentation
points. Therefore, various structural features are extracted
as shown in Figure 7.

These features are endpoint (EP), loop (L), ascender
(As), and cavities, and they are used to describe the taxon-
omy of all Arabic characters, as shown in Table 2.

The loop is detected by extracting four connected com-
ponents of the image complement [22]. A connected com-
ponent having pixels on the image edges is removed. To
detect As features, a group of pixels having end points
above the baseline and its height is more than twice its
width, and these pixels are called As pixels. Different

cavities in four cardinal directions are also extracted from
the image complement [23]. North cavities (NCs) are
black pixels that are surrounded by white pixels located in
the south, east, and west. South cavities (SCs) are black
pixels that are rounded by white pixels located in the
north, east, and west. East cavities (ECs) are black pixels
that are surrounded by white pixels located in the north,
west, and south. West cavities (WCs) are black pixels that
are rounded by white pixels located in the north, east, and
south. The pixel coordinates of north, west, south, and
east cavities are calculated according to (1), (2), (3),
and (4).

NC ¼ S∩E∩W∩ ðZE-NÞ; (1)

WC ¼ N∩E∩S∩ ðZE-WÞ; (2)

SC ¼ N∩E∩W∩ ðZE-SÞ; (3)

EC ¼ N∩W∩S∩ ðZE-EÞ; (4)

where N, S, W, and E denote matrices of black pixel coor-
dinates that are surrounded by white pixels located in the

FIGURE 5 Subword extraction

FIGURE 6 Baseline detection

TABLE 1 Classification rules of secondary parts.

Class Rules Position

2DAB Width > height&&
width/height > n, n > 1

Above baseline

2DUB Width > height&&
width/height > n, n > 1

Under baseline

Alif Height > 2 × width Under baseline

3D Or
HMAB

South cavity or West cavity Above baseline

HMUB South cavity or West cavity Under baseline

MDAB North cavity and South cavity Above baseline

Shadda North cavity or South
cavity and North cavity

Above baseline

DAB If it is not classified in
any of the previous classes

Above baseline

DUB If it is not classified in
any of the previous classes

Under baseline

FIGURE 7 Different structural features
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north, south, west, and east, respectively. ZE refers to all
black pixels.

Arabic characters have more than one position. These
positions are begin (B), middle (M), end (E), and isolated
(I). The secondary part classes consist of two parts. The
first part includes the secondary parts. The second part
includes their locations as follows: above baseline (AB)
and under baseline (UB).

4.1.5 | PAW segmentation

The basic idea of the PAW segmentation algorithm is
based on the description of Arabic language characters in a
set of structural features. The detection of these features
estimates the proposed segmentation points. The suggested
segmentation algorithm consists of three stages. First, struc-
tural features are extracted, such as ascenders, loops, EPs,
and cavities for each PAW image. Then, the borders of
each feature are determined (minimum column, maximum
column). Finally, the first columns that have the vertical
projection of zero or one after the maximum columns of
these structural features are considered the primitive seg-
mentation points (SPs) as shown in Figure 8.

The choice of these SPs causes over‐segmentation in
the isolated shape of some characters ;ى;ن;ل;ق;ف“

”ض;ص and different forms of other characters “ س,ش ”
Some morphological and logical rules are used for the
acceptance or rejection of a SP to reduce the problems of
Arabic handwriting segmentation. These rules are discussed
in detail as follows:

• Rule 1. If SP is followed by an As, a loop, a WC, an
EC, or an EP that is located above the baseline, then it
is a final SP. Examples of WCs and ECs are shown in
Figure 9 [5].

• Rule 2. If there are three coming EPs and the area con-
taining these points have a 3D, which represents the
morphology of some characters “ ش,س ” then only the
last SP is accepted. An explanation of this case is shown
in Figure 10. The red circle represents the wrong case,
and the green circle represents the right case of this rule
[5].

• Rule 3. If the WC precedes the SP, and this WC has an
EP under the baseline, then it is rejected. This particular
case of the WC is shown in Figure 11 [8].

• Rule 4. If the first valid SP is determined after the EC
or after the EP, then it is rejected. This case is explained
in Figure 12 [8].

TABLE 2 The features that describe all characters.

Shape of
character

Position of
character Vertical features

ن,ث,ت,ب B, M, E, I (1|2) EP + (DUB|2DAB|3D|DAB)

خ,ح,ج B, M, E, I WC + (DUB|DAB|none)

ذ,د B, M, E, I WC + (DAB|none)

ز,ر B, M, E, I EP + (DAB|none)

ش,س B, M 3EP + (3D|none)

ش,س E, I EC + WC + 3EP + (3D|none)

ض,ص B, M L + (DAB|none)

ض,ص E, I EC + WC + L + (DAB|none)

ظ,ط B, M, E, I As + L + (DAB|none)

غ,ع B, M, E, I EC + (DAB|none)

ق,ف B, M L + (DAB|2DAB)

ق,ف E, I EP + L + (DAB|2DAB)

ك B, M WC

ك E, I EP + As + HMAB

و,ه,م B, M, E, I L

ا,آ,إ,أ B, M, E, I As + (HMAB|HMUB|MDAB|none)

ل B, M As

ل E, I EP + As

ى B, M EP + (2DUB|none)

ى E, I EP + WC + (2DUB|none)

FIGURE 8 Primitive segmentation points

East cavity

West cavity

FIGURE 9 East and west cavities

FIGURE 10 Wrong and right cases of rule 2
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4.1.6 | Preparing characters for classification

When there is an overlap between two characters, as shown
in Figure 13A, then the results from segments of PAW's
segmentation “S_PAW” contain unwanted segments from
other characters, as shown in Figure 13B. This stage
checks whether or not S_PAWs contain a genuine character
for the preparation of the classification stage. The number

of connected components that are not secondary parts is
computed for each S_PAW. It is assumed that each
S_PAW contains both primary and secondary parts. If
S_PAW contains more than one connected component that
is not a secondary part, then there is an additional compo-
nent, which is removed. The pixels, which are surrounded
by a red circle, are the additional elements, as shown in
Figure 13B, and are removed as shown in Figure 13C.

4.2 | Proposed algorithm for ligature
segmentation

Previous segmentation algorithms do not provide a solution
to separate Arabic ligatures into characters [5–8]. The pur-
pose of the ligature segmentation algorithm is to separate
the characters that make up the Arabic ligatures. Specific
Arabic characters ;ح;خ;ج“ ”ى;م are used to produce
different Arabic ligature shapes [24]. S_PAWs are passed
to the ligature segmentation algorithm. Furthermore, these
characters are described using the common structural fea-
tures such as loop and WC. Therefore, a segment contains
ligatures if it is described by these standard features and
other features that represent any Arabic character horizon-
tally, as shown in Figure 14. For example, the Arabic liga-
ture shape consists of two characters, as shown in
Figure 14B. One of them is involved with specific charac-
ters that form ligature ”,م“ which is described by a loop
feature. The other one is an Arabic character ”,ح“ which is
defined by the WC feature. The WC and loop are the
shapes surrounded by green and red rectangles, respec-
tively, in Figure 14B. The horizontal SPs of Arabic ligature
shapes are identified after the structural features that
describe ligatures. An analysis of ligatures [25] was pre-
sented, and a universal list of Arabic ligatures was
grouped. The recognition experiments are implemented on
a database to determine the impact of ligature annotation
on Arabic databases. Guidelines for the design of Arabic
databases from the perspectives of ligatures are proposed.

The steps involved in the detection of the proposed hor-
izontal SPs for ligature segmentation for each segment
“S_PAW” are summarized as follows:

FIGURE 12 Explanation of the case in rule 4

(A)

(B)

(C)

FIGURE 13 Pure characters of overlapping shapes

FIGURE 11 Explanation of the case in rule 3

(A) (B)

FIGURE 14 Ligatures features (A) ligature with three features
and (B) ligature with two features
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• Step 1. Determine what features exist in each segment
“S_PAW” such as the features previously extracted from
each PAW image in section 4.1.4.

• Step 2. Detect the boundary (lower raw, upper raw,
lower column, upper column) that limits each feature, as
shown in Figure 15A.

• Step 3. Compute the number of structural features in
each segment “S_PAW.”

• Step 4. Determine whether the number of these features
>1, and if there is an intersection of extracting features,
as shown in Figure 15B.

‐ Step 4.1: As the only features that describe the char-
acters ;ح;خ;ج“ ”ى;م are loop and WCs, the number
of loops or WCs is computed and used to verify the
existence of ligatures in a segment.

‐ Step 4.2. If the number of loops is at least one, add
the lower raw that limits the loop feature to the pro-
posed horizontal points for ligature segmentation for
each loop feature, as shown in Figure 15C. When
there is only one loop, this indicates the absence of
ligatures in a segment such as the character ”.م“

‐ Step 4.3. If the number of WCs is at least one, add the
lower raw that limits the WC feature to the proposed
horizontal points for ligature segmentation for each
WC feature, as shown in Figure 15D. When there is
only one WC, this indicates the absence of ligatures in
a segment. The character ”ح“ is an example.

• Step 5. If there are no features above the first SP, then
it is removed, as shown in Figure 15E. There is one
horizontal SP that splits the segment of ligatures into
two segments, as shown in Figure 15F.

In some cases, when there are two or more loops or
WCs in a segment, there are more than one horizontal SPs,

as discussed in steps 4.2 and 4.3. Poor Arabic ligature seg-
mentation is found in three cases. The first case emerges if
the character ”م“ contains a closed loop. Moreover, the
character ”م“ includes two shapes of loop features that
describe it. The first shape is a hollow loop, as shown in
Figure 16A, while the second shape is a closed loop, as
shown in Figure 16B.

The second case occurs when some characters
”ض;ص;ش;س“ are written in a way that is similar to
some Arabic ligature shapes “ ” as
demonstrated in Figure 17.

The similarity between the loop feature of the characters
“ م,ط ” leads to the wrong separation of the ascender and

FIGURE 15 Steps involved in ligature
segmentation

(A) (B)

FIGURE 16 Two loop feature shapes in character ”م“

(A) (B)

FIGURE 17 Similarity between the character shape ”ص“ and
the ligature shape ”ىص“ (A) Arabic character ”ص“ and (B) Arabic
ligature with two characters “ ى,ص ”
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the loop of the character ”ط“ when the algorithm tries to
separate the two characters that form the Arabic ligature
shape, as shown in Figure 18A.

5 | ARABIC CHARACTER
RECOGNITION

Many previous works have recognized Arabic ligatures as
additional classes. In this work, every character forming
Arabic ligatures is classified based on their segmentation.
Figure 19 illustrates the Arabic character‐recognition stage,
which consists of two main steps: training and testing. The
training step includes the design of the training database,
feature extraction, and training. The recognition step
includes preprocessing, PAW segmentation, ligature seg-
mentation, and Arabic character recognition.

5.1 | Feature extraction

Histogram of oriented gradient (HOG) [26] and speeded up
rubout feature (SURF) [27] features are extracted.

5.2 | DBN training

A classifier DBN is trained by a 400‐500‐500‐2000‐37
structure, where the first layer possesses 400 features from
20 × 20 image pixels. The last layer is related to 37 char-
acter labels, and the other three layers are hidden layers
with stochastic binary neurons. Figure 20 shows a classifier
DBN with three RBMs layers, where the last RBM is a
classifier [28]. The contrastive divergence (CD) algorithm

is a sampling method that is used for the computation of
gradients [29]. The system is implemented using a
MATLAB toolbox called DeeBNet (V3.0) [30], which is
an object‐oriented toolbox. There are 37 class labels,
including the main 28 Arabic characters. The additional
classes are “ أل,إل,ال,مل,ئ,أ,إ,آ,ة .” These classes include
four ligature shapes, and the number of classes is reduced.

6 | RESULTS

In this paper, a new algorithm for the Arabic ligature seg-
mentation issue is presented, and its effectiveness is
demonstrated. A new method for Arabic character recogni-
tion was developed using HOG, SURF features, and raw
data for the feature‐extraction stage. DBN and SVM classi-
fiers [31] were used for the recognition stage. Figure 21
summarizes all of the steps in the segmentation technique,
which were explained in previous sections.

The results are presented using version (v2. 0p1e) of
the IFN/ENIT database [32]. The database consists of five
sets and contains 32,492 city names, as shown in Table 3.

About 4,935 PAWs have different ligature shapes of all
sets of the IFN/ENIT database. The proposed segmentation
algorithm was applied to sets a, b, c, d, and e of the IFN/
ENIT database. The results of PAW and the ligature seg-
mentation steps were calculated by counting the number of

(A) (B)

FIGURE 18 Arabic ligature and Arabic character shapes have
similar structural features (A) Arabic ligature with two characters
“ م,ل ” and (B) Arabic character ”ط“

PreprocessingArabic 
word

PAWs
segmentation

Ligatures
segmentation

Recogtion 
of Arabic
characters

Arabic 
characters 

classes

Recognition step

Training step

Isolated
characters

Feature 
extraction DBN training

FIGURE 19 Illustration of Arabic
character‐recognition stage

Classifier layer

RBM 2

RBM 1

FIGURE 20 A classifier deep belief network with three RBMs
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samples used in each step, and then by calculating the per-
centage of correct segmentation, under‐segmentation, over‐
segmentation, and misplaced‐segmentation. Moreover, if
the number of PAWs segmented is correct, then the seg-
mentation accuracy is high. When the number of segments
in a PAW is greater than the real number of expected seg-
ments, it is called over‐segmentation. When the number of
segments in a PAW is less than the actual number of
expected segments, it is called under‐segmentation. The
misplaced‐segmentation of a PAW occurs when the number
of segments is correct, but the segmentation points are
incorrect. The experimental results of the PAW segmenta-
tion stage are shown in Figure 22.

Over‐segmentation occurs in some shapes of characters
“ ش,س,ض,ص ,” as shown in Figure 23.

Under‐segmentation appears in touching characters as
well as in some PAWs where the characters have incorrect
writing, as shown in Figure 24A. Some cases of correct
touching character segmentation are shown in Figure 24B.

Results show that 78.33% of 4,935 PAWs that have
ligatures, are properly segmented, as shown in Figure 25.

The precision and recall [34] of ligature segmentation are
computed with the samples of Arabic ligatures in Table 4.

In this stage, over‐segmentation cases appear in shapes
of the characters “ ش,س,ض,ص,ظ,ط ,” where the algo-
rithm detects the intersection between two detected

features, as shown in Figure 26A. Most cases of under‐seg-
mentation appear in ligatures having the character ”م“ with
the closed loop feature shown in Figure 26B. A lower
accuracy of ligature segmentation is achieved when the
PAWs have specific ligature shape “ ال,الل,أل,إل .” The cor-
rect segmentation of these shapes appears when the charac-
ter ”ا“ of ligatures “ ال,الل,أل,إل ” is classified as a secondary
part. In this particular case, the algorithm treats the charac-
ters “ ل,ا ” as independent characters.

TABLE 3 Statistics of the IFN/ENIT database [33]

Set
Number
of words

Number
of PAWs

Number
of characters

Number of
ligatures in PAWs

A 6,537 28,298 51,984 1,029

B 6,710 29,220 53,862 1,095

C 6,477 28,391 52,155 989

D 6,735 29,511 54,166 1,053

E 6,033 22,640 45,169 769

Total 32,492 138,060 257,336 4,935

Over 
segmentation

Under 
segmentation

Correct 
segmentation

Misplaced 
segmentation

100%

90%

80%

70%

60%

50%

40%

30%

20%

10%

0%

Accuracy of PAWs 
segmentation

FIGURE 22 Accuracy of PAW segmentation

Input word

PAWs extraction

PAWs segmentation

Ligatures segmentation

FIGURE 21 Overall segmentation technique steps

(A)

(B)

FIGURE 24 Examples of correct and incorrect touching
character segmentation

Correct
segmentation

Over
segmentation

FIGURE 23 Some examples of correct and over‐segmentation
of some characters
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The ligature segmentation stage is tested using the
HACDB database [35], and the precision and recall of
seven different shapes for ligature segmentation are shown
in Table 5.

The experiments of the whole segmentation technique
on the IFN/ENIT database show that 92.29% of 138,060
PAW images are segmented correctly. Therefore, 93.56 of
32,492 word images are properly segmented. A comparison
between the proposed segmentation algorithm and the pre-
vious work is presented in Table 6.

The proposed algorithm solves the problem of the incor-
rect segmentation of the characters “ س,ش .” The case of
the wrong separation of the character [6] ”ط“ is limited to
the writing of the character ”,ط“ as shown in Figure 27B.
The proposed algorithms treated this writing as a segment.
The PAW in Figure 27B consists of two segments. The
second segment consists of the main body and a secondary
part, the segment contains the character ”,ط“ and it is rec-
ognized well. The error of the proposed algorithm appeared
in the shape in Figure 27A, where there is an intersection
between the loop and ascender features.

Many experiments are executed in order to choose dif-
ferent parameters for training DBN. The recognition rates
of sample of words of the IFN/ENIT database using differ-
ent features and the different number of epochs for each
feature are compared, as shown in Table 7.

If the recognition rate is high, the optimal number of
epochs is chosen, and the experiment shows that the opti-
mum number of epochs is 50. The next experiment aims to

Over 
segmentation

Under 
segmentation

Correct 
segmentation

Misplaced 
segmentation

100%

90%

80%

70%

60%

50%

40%

30%

20%

10%

0%

Acceuracy of PAWs 
segmentation

Accuracy of ligatures segmentation of 
(4935 PAWs in the whole IFN/ENIT database)

FIGURE 25 Accuracy of ligature segmentation on 4935 parts of
Arabic words (PAWs)

TABLE 4 Accuracies of ligature segmentation

Shapes of
ligatures

Ligature
characters

Number
of
samples

Accuracy
(%) Precision Recall

ح+م+ل 70 70.00 0.95 0.97

ح+ت 4 100.00 1.00 1.00

م+ت 8 100.00 0.78 1.00

م+ل 640 68.75 0.96 0.99

ج+ل 663 92.60 0.99 0.99

ح+ن 101 100.00 0.95 1.00

ح+ل 420 93.09 0.99 0.99

خ+ل 352 92.89 0.98 0.99

ى+ت 12 100.00 0.91 1.00

ى+ف 3 100.00 1.00 1.00

ح+ص 8 100.00 1.00 1.00

ى+ن 30 100.00 1.00 1.00

ح+م 17 82.35 0.92 0.92

م+ح+ل 2 50.00 0.50 1.00

ح+ي 2 100.00 1.00 1.00

ج+ح+ل 3 100.00 1.00 1.00

أ+ل 376 68.08 0.66 0.69

ا+ل 1,175 52.34 0.98 0.98

ى+ب 10 100.00 1.00 1.00

ى+ق 11 100.00 1.00 1.00

م+ك 3 100.00 1.00 1.00

ى+ل 21 100.00 1.00 1.00

ى+ح 15 100.00 0.93 1.00

م+ح 40 72.50 0.93 0.96

م+ع 5 60.00 0.80 1.00

خ+م 3 66.66 1.00 1.00

ج+ع 2 100.00 1.00 1.00

م+ج 2 50.00 1.00 1.00

ى+س 3 100.00 1.00 1.00

ج+ن 4 100.00 1.00 1.00

ج+ح 1 100.00 1.00 1.00

ى+ط 4 100.00 1.00 1.00

ى+ج 2 100.00 1.00 1.00

ج+م 2 100.00 1.00 1.00

إ+ل 120 66.66 0.88 0.93

ا+ل 801 0 — —
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determine the optimal number of hidden layers according
to the maximum recognition rate, which is 3, as shown in
Table 8.

Multiple SVM is used in the recognition stage [31].
Thirty‐seven SVM classifiers are used to separate the char-
acters from each other. The SVM classifier that gives the
maximum output is used to determine the class label for
the input character. The word recognition rates of the test-
ing set are computed according to (5).

Word recognition rate ¼Number of correctly recognized

words=Number of words.

(5)

The proposed recognition technique is implemented
using five tests of the IFN/ENIT database, and the recogni-
tion rates are as shown in Table 9.

The wrong recognition of the characters appears in
many cases [15]. One case appears when the segments
have more or less than the expected dots of a character, as
shown in Figure 28A. Another instance is produced
because of the similarity between the shapes of the charac-
ters ;د“ ”ذ and the characters “ ز,ر ,” as shown in Fig-
ure 28B. The conflation between the character ”ش“ shape
written without notches and the character ”ث“ is as shown
in Figure 28C.

The loss of the shape of the character leads to character
misclassification. Moreover, this appears in the wrong
recognition of the characters ;ر“ ;و ”ص;ض;ز as the charac-
ters ;س“ ”,ح;خ;ن;ر as shown in Figure 29.

A comparative study of the advanced method and mod-
ern methods based on the testing of set e of the IFN/ENIT
database is provided in Table 10.

The system was trained using 5,280 images, and it is
tested using 1,320 images of the HACDB database. The
results show that 98.03% of characters are classified cor-
rectly. A comparison between the proposed work and
DSVM is presented in Table 11. The number of used
classes of ligatures is reduced to two classes “ ال,مل .”

7 | CONCLUSION

An Arabic handwriting recognition technique using DBN
and a morphological Arabic ligature segmentation

(A) (B)

FIGURE 26 Over‐segmentation and under‐segmentation of the
ligature segmentation stage

TABLE 5 Results of ligature segmentation in HACDB

Ligature shape Ligature characters Number of samples Accuracy (%) Precision Recall

ح+ل+ا 100 93 0.89 0.95

ا+ل 200 55 0.87 0.90

ا+ل 100 0 1.00 1.00

ح+ل 100 100 1.00 1.00

م+ل 100 96 0.98 1.00

ح+م+ل 100 92 0.79 0.96

ح+م 100 100 1.00 1.00

TABLE 6 Accuracies of the proposed segmentation algorithms
and the other algorithms

Method
Number of words
(IFN/ENIT database) Accuracy (%)

Morphological features [5] 100 86.000

Three segmentation
stages [6]

300 78.000

Local writing direction [7] 1,402 91.274

Baseline extraction
and descenders [8]

800 87.900

Proposed 32,492 93.560

SG1 SG2

(A) (B)

FIGURE 27 Two shapes for the character ”ط“
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algorithm are presented. The main stages of the system are
the enhanced technique for Arabic word segmentation, liga-
ture segmentation, and Arabic character recognition. The
system was tested on the IFN/ENIT and HACDB data-
bases. The results show the efficiency of the proposed liga-
ture segmentation algorithm compared with other methods.
The experiment shows that 93.56% of 32 492 words have
accurate segmentation. In ligatures segmentation step, it is
found that 78.33% of 4935 PAWs having ligatures are seg-
mented correctly. The proposed algorithm therefore helps
to solve over‐segmentation problems. Under‐segmentation
cases are reduced by ligature segmentation. One problem
with the proposed system is the disappearance of the open-
ing part of the character ”.م“ The likeness of some Arabic
characters with a ligature shape and the similarity between

the shapes of some characters “ ط,م ” leads to incorrect
character segmentation. The system does not provide any
hypothesis to solve the problem of Arabic ligature shapes
“ أل,إل,ال .” In the Arabic character‐recognition step, the top
result shows that 94.99% of 6033 words are recognized
correctly. The results of the HACDB database show that
98.03% of the characters are recognized correctly.

8 | FUTURE WORK

A new method for Arabic handwriting recognition and an
algorithm for morphological ligature segmentation have

TABLE 7 Recognition rates for DBN using various numbers of
epochs and features.

Number of epochs Features Recognition rate (%)

50 HOG 87.56

SURF 88.19

Raw data 91.13

100 HOG 73.20

SURF 68.78

Raw data 88.79

200 HOG 71.15

SURF 68.78

Raw data 84.96

TABLE 8 Recognition rates for DBN using various numbers of
hidden layers and features

Number of hidden layers Features Recognition rate (%)

2 HOG 78.30

SURF 64.12

Raw data 88.54

3 HOG 85.51

SURF 79.20

Raw data 91.13

TABLE 9 Recognition rates of the datasets of the IFN/ENIT database using the deep belief network (DBN) classifier and support vector
machine (SVM) classifier

Training sets Testing set

Recognition rate Precision Recall

SVMs DBN SVMs DBN SVMs DBN

b, c, d, e a 85.6% 89.5% 0.97 0.97 0.98 0.99

a, c, d, e b 91.7% 91.5% 0.98 0.98 0.99 0.99

a, b, d, e c 83.2% 84.4% 0.96 0.97 0.98 0.98

a, b, c, e d 90.2% 92.6% 0.98 0.98 0.99 0.99

a, b, c, d e 92.1% 94.9% 0.99 0.99 0.99 0.99

FIGURE 28 Incorrect writing of some characters

FIGURE 29 Arabic characters with shape loss

TABLE 10 A comparative study of the proposed method and
recent methods

Method Testing set Accuracy (%)

FATF with set‐medians [3] Set e of the
IFN/ENIT database

79.58

Synchronous multi‐stream
HMM [16]

82.91

HMM [13] 94.93

Proposed 94.99

TABLE 11 Comparison of the proposed work and DSVM

Method Number of classes Accuracy (%)

DSVM [11] 66 91.36

Proposed 20 ( م,ل,ك,ح,ء,ه,ف,د,ب,ا,ع
ال,مل,ى,و,ط,س,ص,ر,ن )

98.03
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been proposed. However, there remain possible extensions
of this study. We aim to suggest an enhanced algorithm to
solve the problem of Arabic script segmentation such as
touching‐character segmentation, in the process reducing
the segmentation problems such as over‐segmentation,
under‐segmentation, and misplaced‐segmentation. We aim
to enhance the Arabic handwriting recognition rate using
different features and techniques such as deep Q‐networks
and compound hierarchical‐deep models.
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