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ABSTRACT
The holistic approach for word recognition has become
widely accepted in Arabic text recognition research. How-
ever, the large search space limits this approach to do-
mains with small vocabularies. In this work, we present a
novel approach to generate hierarchical representation for
the shapes of Arabic continuous sub-words. The top lev-
els of the hierarchy include the coarse representations of
sub-words, and the low levels include the fine representa-
tions. The construction of the hierarchy is performed bot-
tom up; the shapes at each level are simplified and classi-
fied to generate the next level. The search for an appropri-
ate match is performed top down; at each level it traverses
sub-trees, whose roots have the highest match rate.

1. INTRODUCTION

Writing is a simple and useful mean for passing informa-
tion, it has existed for thousands of years and considerable
human heritage was handwritten. For exploiting the writ-
ten knowledge in an automatic manner, machine recogni-
tion of written (printed and handwritten) text has practical
significance.

A considerable amount of research has been devoted
to handwriting recognition, and significant progress has
been made. The vast majority of the research has been
focused on Latin and Chinese characters with much less
work on Arabic script. Arabic script is naturally cursive,
as a result, an automatic recognition of its written text
is a real challenge. Nevertheless, the huge number of
documents, which were written in Arabic in various sub-
jects ranging from science and philosophy to personal di-
aries [1] (starting from seventh century), necessitates au-
tomatic processing, including text recognition.

The research in cursive script recognition has estab-
lished two main approaches. The first approach segments
an input sub-word into individual characters, which are
recognized and then assembled to identify the written word.
Such an approach is required to maintain only a small set
of trained models, one for each letter shape, to handle
large vocabulary. The second approach, which is often
denoted the holistic approach, recognizes the input word
shape as a whole, and avoids the error-prone segmentation
process. Nevertheless, it is required to maintain and train
models for each word in the dictionary and compare the
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Fig. 1. The various level of hierarchy for a given con-
nected sub-word.

tested shape against large number of models. The absence
of consistent baselines, large variations in writing styles,
and seamless connection between letters make segment-
ing an Arabic word into individual letters almost impossi-
ble.

The most wide used approach for handwritten word
recognition is HMM approach [2], where the models rep-
resent characters or word-parts to reduce the training set
and avoid the need to segment into individual characters,
but a lexicon is needed for a good recognition performance.
Recently, the holistic approach for word recognition is at-
tracting more interest and has become widely accepted in
the handwriting recognition research community [3, 4, 5,
6, 7].

In this paper, we present a hierarchical representation
for shapes of Arabic connected sub-words, which accel-
erates the recognition procedure by reducing the search
space. The top levels of the hierarchy include the coarse
representations of sub-words (a sub-word is a whole word
or a part of a word that consists of connected characters)
and low levels include the fine representations (see Fig-
ure 1). The construction of the hierarchy is performed bot-
tom up by simplifying and classifying the shapes at each
level to generate the shapes of the next level. The search
for an appropriate match for an input sub-word, w, is per-
formed top down in an adaptive manner. The search starts
at the root level and proceeds into the sub-trees, whose
roots have the highest matches. In this paper, we limit our
approach to Arabic connected sub-words, which are per-
fectly extracted, i.e., sub-words that are complete and do
not touch each other.
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In the rest of the paper, we briefly overview closely
related work, present our approach in detail, report ex-
perimental results, and finally we conclude and suggest
directions for future work.

2. RELATED WORK

Arabic text recognition has attracted the interest of many
researchers recently [8, 2], as it poses unique and interest-
ing challenges.

The early research focused on recognizing isolated forms
of Arabic characters. Some of these approaches extract
features from the boundaries or the skeleton of the letters
to define Fourier descriptors [9, 10] or rely on the Fourier
spectrum of the characters [10, 11]. Other approaches ex-
tract features from the character strokes, which are fed to
a Bayes classifier to recognize the input character [12].

Segmentation-based approaches try to segment the in-
put word into characters or constituent strokes. Some ap-
proaches over-segment text into Pieces of Arabic script
(PAW) and then try to leverage the recognition accuracy
by iteratively merging adjacent PAWs [13, 14]. Other
methods try to identify exact character border [15, 16].
These approaches rely on vertical projection and histogram
techniques to segment words into characters. Segmenta-
tion approaches based on HMM-models [17] or morpho-
logical rules [18] were also developed. We refer the inter-
ested reader to the survey on character segmentation [19].

Recently the segmentation-free methods became the
leading methods for recognizing cursive script. Lavrenko
et al.[4] presented an interesting approach to address this
problem. They described a given document using a HMM,
where words to be recognized represent hidden states. The
state transition probabilities were estimated from word bi-
gram frequencies, whereas the observations were the fea-
ture representations of word images in the document to be
recognized. Global and local features were used by Mad-
douri and Amiri [20] to recognize words for check verifi-
cation using transparent neural networks. Bidasy et al.[21]
proposed a method for on-line Arabic script recognition
using HMM, and most systems participating in the Hand-
writing Recognition Competitions [2] used also the HMM
approach.

The applicability and efficiency of the hierarchical rep-
resentation and matching concepts has been demonstrated
in several works [22, 23]. Amit et al.[23] presented an ap-
proach in which they utilize the coarse-to-fine recognition
strategy to look for shapes from multiple classes. The ro-
bustness of their method was illustrated in the application
of traffic sign detection.

3. OUR APPROACH

A typical word recognition system consists of two main
procedures: data processing and word recognition. The
data processing, which often includes word training, aims
to generate multiple classes, one of each word. For a given
query word the recognition procedure attempts to classify
the input word into one of the generated classes.

Fig. 2. A connected sub-word and its skeleton

Our approach expects an Arabic lexicon that includes
multiple pictorial representation for each sub-word. It gen-
erates multiple representations at different level of detail
for each pictorial representation and classify them at each
level. This produces a hierarchical structure that includes
coarse representations at the top levels and fine represen-
tation at the lower levels. To determine the correspond-
ing sub-word of an input pictorial representation, our ap-
proach generates its corresponding multiple representa-
tions at different level of detail, and search for the appro-
priate match along the hierarchy from coarse to fine.

Next we discuss the construction and the traversal of
the hierarchy in detail.

3.1. Hierarchy Construction

For a given set of n shapes w0, w1, ..., wn that represent
n Arabic connected sub-words, we generate a hierarchical
representation in a bottom up manner. The lowest level,
l0, includes the original n shapes and the top level, lk
(the root level) includes the coarsest representations. The
level li+1 is constructed from the level li by simplifying
the ni shapes wi

0, w
i
1, ..., w

i
ni

and clustering them into the
shapes wi+1

0 , wi+1
1 , ..., wi+1

ni+1
, which form the level li+1

(ni+1 ≤ ni). We refer to the shapes in the level li+1 as
the parents of the shapes on the level li. We do not re-
quire 1-1 mapping between the shapes in level li and their
parent level li+1; i.e., a child shape may be associated to
more than one parent, as illustrated in Figure 3. Such a
scheme provides a space for multiple clustering that en-
ables flexible search space.
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Fig. 3. A child shape associated to three parents

One should keep in mind that this construction aims
to aid sub-word recognition; i.e, the simplification and the
clustering procedures should satisfy basic requirements,
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which depend on the used sub-word recognizer. The sim-
plification and clustering procedures should satisfy the fol-
lowing: the finer representation of a given shape, s, should
exist on the sub-tree whose root corresponds to a coarser
representation of the shape s. Let us assume that the repre-
sentation si of the query shape s corresponds to the nodes
wj

a, wj
b , and wj

c , then the best match of a representation sj
(j < i) should exist on one of the sub-trees whose roots
are wj

a, wj
b , or wj

c .

3.2. Hierarchy Traversal

The search for a sub-word corresponding to a query shape
s is performed by generating consecutive representations,
s0, s1, ..., sm, of s at consecutive levels of detail, and then
traversing the hierarchy top down (note that m may dif-
fers from the height of the hierarchy, k). In this context,
consecutive means that the shape si is simplified to pro-
duce the next representation si+1. The traversal of the hi-
erarchy aims to establish correspondence between the m
shapes and the k levels.

The traversal starts by comparing the coarsest repre-
sentation, sm, with each node in the root level, and based
on that it prunes sub-trees and prioritizes the search among
the rest. The properties of the hierarchy guides the traver-
sal toward sub-trees whose roots are the closest to the cor-
responding representation of the query shape s. We re-
fer to the nodes on the propagation front as the front (see
Figure 4). The nodes which are too far from the corre-
sponding representation of s are removed from the front,
i.e, the front includes the nodes with the best match so far.
Such a scheme not only reduce the search space and the
recognition time, but also provide the top ρ matches for
free.

Traversed Area

The Front

Fig. 4. The propagation of the traversal and front nodes

Since the number of representations generated form
the query shape s may not match the height of the hier-
archy, h, the progress on h and s is done in mutual co-
ordination. To proceed from the representation si, which
corresponds to the level hj on the hierarchy, to the next
representation si−1, we need to determine the hierarchy
level hj−d that corresponds to si−1 (see Figure 5). We
traverse the subtree of hj until the similarity si−1 and the

hierarchy levels decreases; and select the best match.

si

si-1

sm

s0

Correspondence

Correspondence

w0
i w0

u

w k
l

jwx

j-dwy

Fig. 5. Correspondence between hierarchy levels and
query shape representations.

4. IMPLEMENTATION

To implement the presented framework, one needs to pro-
vide a simplification and clustering procedure that com-
plies with the hierarchy requirements(above).

We have implemented our framework using a simpli-
fication and clustering procedures which are based on the
outer contour and the skeleton of sub-words. For off-line
text recognition, we describe extracting the skeleton of a
connected sub-word and for online text recognition, the
input points sequence is taken as the “skeleton”. Next we
discuss the two procedures in detail.

4.1. Simplification

Skeleton-based representations include the shape features
and topological structures of original objects. It is impor-
tant for object representation and recognition for various
application in different areas, such as computer graph-
ics, character recognition, and image processing. Many
skeletonization algorithms have been developed to repre-
sent and measure different shapes. In this work we have
adopted the skeleton pruning method, which is based on
contour partitioning approach [24]. The obtained skele-
tons are stable, insensitive to noise and shape variations,
and maintain topology.

The skeleton of the sub-word is extracted from the dis-
tance transform on the image domain using the skeleton
growing algorithm presented by Choi et al. [25]. A skele-
ton seed is defined by the pixel with the maximal distance
value. The skeleton grown from a seed by recursively
adding pixels that lie on the ridges of the distance map.
The skeleton continues growing in this way until it reaches
an endpoint of a skeleton branch.

The contour of a query sub-word is iteratively simpli-
fied to generate a hierarchy of contours in a way similar to
the Discrete Curve Evolution [26, 24]. At each iteration
the vertex with the least importance, v, is removed, where
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Fig. 6. Consecutive level of detail of an Arabic connected
sub-word. The outer contour is shown in red and the skele-
ton in white.

importance is defined using in Eq. 1, where vp = vi−vi−1

and vn = vi − vi+1.

vi = |vp × vn| (1)

The pruning of the skeleton branches is guided by the
contour hierarchy. The transition from a contour instance
to a simpler one, which is performed by vertex removal,
enables pruning the branch ends at that vertex.

Fig. 7. The skeleton hierarchy for the sub-word appearing
in Figure 2.

The main idea of the hierarchy is to gradually elimi-
nate features based on their saliency in a given continu-
ous sub-word. In such a scheme, small and inconsistent
features are removed first and appear only on the fine de-
tail level, while robust and salient features remain on the
coarse levels.

The levels of the hierarchy are constructed by remov-
ing small branches and small loops from the skeleton, as
these features vary among different writers. Small branches
often represent a noise or small teeth, which is common
in many letters in the Arabic script. Loops size varies and
some of them are too small or closed, and may not be
identified as a loop.

We utilize the relation between the skeleton branches
and contour convex points to build the branch hierarchy.
The vertices of the contour and the skeleton are combined
in the same heap, which is ordered by vertex importance.
At each iteration a vertex is extracted from the heap and
removed from the corresponding curve. The simplifica-
tion goes between the contour and skeleton in a transpar-
ent manner. The removal of a vertex on the contour leads
to pruning the corresponding branch and the removal of a

vertex on the skeleton simplifies the skeleton. Such an ap-
proach simplifies the contour and the skeleton in a seam-
less manner.

4.2. Clustering procedure

In handwriting sub-word varies according to writer and
writing style, which often lead to the generation of sub-
words with tiny variations. To overcome this we cluster
the nodes in each level of hierarchy, while maintaining
parent-child relation among consecutive levels.

The distance between two connected sub-words is per-
formed on the skeleton level. The similarity of two skele-
tons graphs is performed using the approach proposed by
Bai and Latecki [27]. In this work we assume words and
sub-words have nearly horizontal orientation, which sim-
plifies computing the start and end of a skeleton. Under
this assumption the left most and the right most end points
on the longest branch correspond to the start and end of a
sub-word.

For each skeleton graph we compute the list of short-
est paths between end points. The path between the start
and end points is called the main path, which is used to
normalize the rest of the paths on the skeleton graph. The
distance between two paths pa and pb is computed by re-
sampling the two paths at uniform resolution and com-
puting the shift distance (using Dynamic Time Warping
(DTW)), between them. The cost match of two end nodes
vi and ui on two skeleton graphs Gv and Gu is computed
based on partial similarity of sequences [28] of the cor-
responding paths emanates from vi and ui using optimal
subsequence bijection [27].

5. EXPERIMENTAL RESULTS

We have adopted the online Arabic text recognizer pro-
posed by Saabni and El-Sana [29], which is based on Dy-
namic Time Wrapping (DTW) and does not require train-
ing phase. We extracted the same features, but from the
skeleton instead of the polyline (the input point sequence).
The recognizer is used to establish correspondence be-
tween the level of detail of the query shape and the levels
of the hierarchy. It is applied to compare a query shape
representation si with the candidate shapes wj

x at the level
lj in the hierarchy to determine the nodes to ignore and
the subtrees to continue the search through.

We have performed several experimental tests on var-
ious datasets and received encouraging results. Since this
is an ongoing research, we wanted to estimate and ver-
ify the reduction in the search space. We scanned text
books and web-pages, which include three million words.
Processing these words lead to the generation of 292, 000
distinct words that include approximately 85, 000 differ-
ent continuous sub-words. We believe this is roughly the
number of continuous sub-words in the Arabic languages.
In this work, we ignore dots above and below sub-words.
The removal of dots unifies similar sub-words and reduces
the set of sub-words to approximately 40, 000 sub-words.
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Fig. 8. Samples of the simplified shapes. The shapes in
row 2k and 2k + 1 were clustered into the same class at
some higher level of detail.

We select sample sets from these sub-words, where
each set includes hundreds of sub-words. For each set
we build the level-of-detail hierarchy by simplifying and
clustering the sub-words in each level to generate the sub-
words in the next level. Our experiments show that mod-
est simplification leads to the clustering of 4-8 shapes into
one class on the next level. This simplification and cluster-
ing produce a hierarchy of height 5-7, approximately. A
hierarchy of height 5 requires approximately 5 × 6 = 42
pattern tests, if one candidate shape is selected at each
level. In practice, several candidates are selected at each
level, and the clustering across the levels is not disjoints.
Our preliminary experiments show that the search space
is reduced to less that 5% without sacrifying the recog-
nition accuracy. Figure 8 shows several levels of detail
for several shapes. The shapes in row 2k and 2k + 1 for
k = 0, 1, 2, 3 were clustered into the same class at some
higher level of detail.

6. CONCLUSION AND FUTURE WORK

We have presented a hierarchical representation for Arabic
connected sub-words, which accelerates the recognition
procedure by reducing the search space. The top levels
of the hierarchy include the coarse representations of sub-
words and low levels include the fine representations. The
construction of the hierarchy is performed bottom up by
simplifying and classifying the shapes at each level to gen-
erate the shapes of the next level. The search for an appro-
priate match for a sub-word, w, is performed top down in

an adaptive manner. The search starts at the root level and
proceeds into the sub-trees, whose roots have the highest
matches. In this paper, we limit our approach to Arabic
continuous sub-words, which are perfectly extracted; i.e.,
sub-words are complete and do not touch each other. The
reduction in the search space is essential to bring down
recognition applications to interactive rate.

This is an on-going research and the scope of future
work is very wide. We plan to apply intensive experi-
mental study on large Arabic lexicon, and explore various
simplification and classification schemes and their rela-
tion to the used recognition algorithms. We plan to study
approaches to establish correspondence between the hier-
archy and the level of detail of the input shape.
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