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Abstract. A system is presented for spotting and searching keywords
in handwritten Arabic documents. A slightly modified dynamic time
warping algorithm is used to measure similarities between words.
Two sets of features are generated from the outer contour of the
words/word-parts. The first set is based on the angles between
nodes on the contour and the second set is based on the shape con-
text features taken from the outer contour. To recognize a given word,
the segmentation-free approach is partially adopted, i.e., continuous
word parts are used as the basic alphabet, instead of individual char-
acters or complete words. Additional strokes, such as dots and
detached short segments, are classified and used in a postprocessing
step to determine the final comparison decision. The search for a key-
word is performed by the search for its word parts given in the correct
order. The performance of the presented system was very encourag-
ing in terms of efficiency and match rates. To evaluate the presented
system its performance is compared to three different systems.
Unfortunately, there are no publicly available standard datasets
with ground truth for testing Arabic key word searching systems.
Therefore, a private set of images partially taken from Juma’a Al-
Majid Center in Dubai for evaluation is used, while using a slightly
modified version of the IFN/ENIT database for training. © 2013
SPIE and IS&T [DOI: 10.1117/1.JEI.22.1.013016]

1 Introduction
Over 90 million documents were written in Arabic script
between the seventh and fourteenth centuries. About
seven million documents, in various disciplines, survived
the years. During the last 300 years, only 300,000 manu-
scripts have been revised and edited. The advances in digital
scanning and electronic storage have driven the digitization
of historical documents for preservation and analysis of cul-
tural heritage. This process enables important knowledge to
be accessible to the general public, while protecting historical
documents from deterioration by frequent handling. These
documents are usually stored as a collection of images, an
approach that complicates searching them for a specific
word or phrase. To optimally utilize the digital availability
of these documents, it is essential to develop an indexing

and searching mechanism. Currently, indexing is manually
constructed and the search is performed on the scanned
pages, one by one. Since this procedure is expensive and
time consuming, an automation process is desirable. One
may consider using off-line handwriting recognition to con-
vert these document images into text files. However, the
research on off-line handwritten script recognition has
been limited to domains with small vocabularies, such as
automatic mail sorting and check processing. Historical
documents add a further level of complexity resulting
from lower quality sources due to diverse aging-related
and deteriorative factors, such as faded ink, stained paper,
dirt, and yellowing. These reasons make a word-spotting
approach1 a practical alternative for keyword searching in
images of documents. Spotted words, their position within
the document, and their textual representation are used to
index keywords.

In this paper we present a novel approach for spotting key-
words in Arabic historical documents. The pictorial represen-
tation of predefined keywords are manually selected by a
human operator and assigned the corresponding textual repre-
sentation. The spotting algorithm relies on two sets of features,
which are used in two consecutive dynamic-time-warping
(DTW) based classifiers. The first set is extracted from the seg-
ments of the simplified contour of the word-parts and the sec-
ond is extracted from the closed curve representing the outer
contour of the input component. DTW relies on the
Euclidean and χ2 distance metrics to measures the similarity
between two feature vectors, using the first and second feature
sets, respectively. Fortunately, large amounts of the Arabic his-
torical manuscripts heritage are well preserved and their quality
is reasonable. Therefore, in this research we choose to work
with handwritten Arabic document with good quality, and con-
centrate on the difficulty of reading cursive handwritten Arabic
texts. In the rest of the paper, we will first review closely related
work and subsequently present our approach, followed by
experimental results. Finally, we draw conclusions and suggest
directions for future work.

2 Related Work
Word spotting algorithms aim to reduce the tedious and time-
consuming manual annotation applied to the pictorial
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representation of the input document’s words. It commences
by clustering similar pictorial representation (images) into
classes. For each class, ci, a human operator assigns a textual
representation or declares the class as insignificant and
ignores it. The annotated clusters are used to construct a par-
tial index for the processed documents.

Keyword spotting as detecting a word in an image has
been initially proposed in Refs. 2 and 3 for printed and hand-
written text, respectively. The core of any word spotting pro-
cedure is a word-matching algorithm, which measures the
distance between pictorial representations of words. Word-
matching algorithms roughly fall into two categories:3

pixel-based matching and feature-based matching. Pixel-
based matching approaches measure the similarity between
the two images on the pixel domain using various metrics,
such as Euclidean distance map, XOR difference, Scott and
Longuet-Higgins distance, Hausdorff distance or the sum of
square differences.3–7 In feature-based matching, images are
compared using representative features extracted from the
images. Similarity measures, such as DTW and point corre-
spondence are defined on the feature domain.8–14

The DTW technique was implemented and evaluated
using various sets of features15–17 and yielded better results
than competing techniques.3 Rath and Manmatha15 prepro-
cessed segmented word images to create sets of one-
dimensional features, which were compared using DTW.
Rath and Manmatha18 describe an approach called word
spotting which involves grouping word images into clusters
of similar words by using image matching to find similarity.
They automatically build an index that links “interesting”
words to their locations. To compute image similarities
they compare a number of different techniques including
DTW. The word similarities are then used for clustering
using both K-means and agglomerative clustering tech-
niques. Alternatively, different approaches were presented
to spot words within lines when the document is first seg-
mented into lines only,19,20 or working on completely unseg-
mented pages of text, treating the spotting task as an image
retrieval task.21–23 Recently, hidden Markov models (HMM)
24–26 and neural networks27,28 were used in much research for
keyword searching and spotting tasks.

Rothfeder et al.7 presented an algorithm to draw corre-
spondences between points of interest in two word images
and utilizes these correspondences to measure the similarities
between the images. Srihari et al.29 developed a word-spot-
ting system that retrieves the candidate words from the docu-
ments and ranks them based on global word shape features.
Yalniz and Manmatha30 present an efficient word-spotting
framework to search text in scanned books. SIFT descriptors
are extracted over the corner points of each word image and
quantized into visual terms using hierarchical K-means algo-
rithm and indexed using an inverted file. They perform effi-
cient matching by projecting the visual terms on the
horizontal axis and searching for the longest common sub-
sequence between the sequences. A novel keyword spotting
method for handwritten documents was described,31 which is
derived from a neural network-based system for uncon-
strained handwriting recognition. In this template-free
approach, it is not necessary for a keyword to appear in
the training set. The keyword spotting is done using a modi-
fication of the CTC token passing algorithm in conjunction
with a recurrent neural network.

Shrihari et al.32 used global word shape features to mea-
sure the similarities among the spotted words and a set of
prototypes from known writers and presented a design for
a search engine for handwritten documents.33 They indexed
documents using global image features, such as stroke width,
slant, word gaps, as well as local features that describe the
shapes of characters and words. Image indexing is carried
out automatically using page analysis, page segmentation,
line separation, word segmentation, and recognition of char-
acters and words. Rath et al.34,35 extracted discrete feature
vectors that describe word images, which are used to train
the probabilistic classifier, which is then used to estimate
similarity between word images.

A segmentation-free approach was adopted by Lavrenko
et al.36 where they used the upper envelope and projection
profile features to spot word images without segmenting
them into individual characters. They showed that this
approach is feasible even for noisy documents. Gatos et al.21

developed a segmentation-free approach for keyword search
in historical documents, which combines image preprocess-
ing, synthetic data creation, word spotting, and user feedback
technologies. Moghaddam et al.23 presented a language in-
dependent system for preprocessing and word spotting of
historical document images that did not require line and
word segmentation. The distance between images is mea-
sured using Euclidean distance and dynamic time wrapping.
Manmatha and Rothfeder37 described a novel scale space
algorithm for automatic segmentation of handwritten docu-
ments into words. They detect margins, segment lines, and
use anisotropic Laplacian at several scales to segment lines
into words. Liorente et al.38 propose a direct image retrieval
framework based on Markov random fields. In their
approach, they use different kernels in a nonparametric den-
sity estimation together with the utilization of configurations
that explore semantic relationships among concepts at the
same time as low-level features. Kuo and Agazzi2 presented
a robust algorithm for the recognition of keywords
embedded in poorly printed documents. For each keyword,
two statistical models are generated—one represents the
actual keyword and the other represents all irrelevant words.
They adopted dynamic programming to enable elastic
matching using the two models. Chen et al.39 developed a
font-independent system, which is based on HMM to spot
user-specified keywords in document images. The system
extracted potential keywords from the image using a mor-
phology-based preprocessor and then used external shape
and internal structure of the words to produce feature vectors.
Duong et al.40 presented an approach that extracts regions of
interest from grayscale images and classified them to either
textual or nontextual using geometric and texture features.
Farooq et al.41 present preprocessing techniques for hand-
written Arabic documents to overcome the ineffectiveness
of conventional preprocessing for such documents. They
described techniques for slant normalization, slope correc-
tion as well as for line and word separation for handwritten
Arabic documents.

Fischer et al.24 present a word-spotting system based on
HMM. They use sub word models to train the HMM, which
can spot keywords out of the training set using no text line
segmentation. A language-neutral approach for searching on
line handwritten text using Friechet distance was presented.42

In their work, they have used a variant of Friechet distance
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for retrieving words even when only a prefix of the word is
given as query.

Few systems for word image retrieval were presented for
variety of languages such as Urdu43 and Tamil.44 A word
spotting system is presented43 where the text is first seg-
mented into partial words. A set of features is computed from
each partial word. The user queries the system using word
image. The partial words in the query image are then
matched with those in the database and the matched partial
words are merged into complete words. Another approach
presented,44 involves the use of HMM to characterize the fea-
tures of the dynamically varying strokes of handwritten
characters.

Liang et al.45,46 described a novel approach which uses a
character-based modeling for training to overcome the prob-
lem of the lack of existing large data sets for training. Aword
modeling technique (synthesized word) are used for enabling
the retrieval of keywords that have not explicitly been seen in
the training set.

Leydier et al.47 describe a word retrieval algorithm, that
allows the indexation of ancient manuscripts of any language
and alphabet. The presented approach does not need any
layout segmentation and makes use of features fitted to
any type of alphabet directly on the image. The main idea
is to compare only informative parts of the template keyword
with parts of the documents that may contain information.
The gradient fields of gray level pixels with a norm
larger than a threshold are extracted and considered as
part of a shape. They define and use these significant pixels
as guides for possible text locations called zones of interest
(ZOI). Vertical strokes extracted with a morphological
opening from the ZOIs are used for matching, while allowing
a small displacement in order to find the best location.

3 Our Approach
We present a feature-based approach for keyword search in
handwritten Arabic documents, in which features are
extracted from the contours of the connected components.
We adopted the holistic approach and avoided segmenting
words into letters. The search for a given keyword is
performed by determining its word-parts in the correct
order. The system treats each word-part as a meta compo-
nent—one main component and associated secondary com-
ponents. The secondary components represent delayed
strokes associated with the word-parts, which are represented
by the main component. A delayed stroke’s shape may be a
dot, detached vertical segment, or small curve (usually sim-
ilar to “ s ” or “ ∼”), which can appear above or below a
word-part.

The word spotting process undergoes several steps, com-
mencing with a binary image as an input and ending with
generating the required indexes. In the first step, components
are extracted from the input image and labeled, (see Fig. 1).
The text lines are then determined and the connected com-
ponents in each line are classified as primary (main) and sec-
ondary (additional strokes). A pruning process is applied to
reduce the size of the set of word-part images presented to
the matching process. Finally, a two-stage process of match-
ing using the mentioned two feature sets is used to cluster
similar images. The following section discusses these
steps in detail.

3.1 Line Extraction and Component Labeling
To extract lines from the text and label the components in the
correct order we use an algorithm48 based on the seam carv-
ing approach for content aware image resizing.49 The algo-
rithm uses the signed distance transform to generate an
energy map, where extreme points (minima/maxima) indi-
cate the layout of text lines. Dynamic programming is
then used to compute the minimum energy left-to-right
paths (seams), which pass along the “middle” of the text
lines. Each path intersects a set of components, which deter-
mine the extracted text line and estimate its height.
Unassigned components that fall within a text line region
are added to the component list of that text line. The com-
ponents between two consecutive text lines are processed
when the two lines are extracted. The algorithm assigns com-
ponents to the closest text line, which is estimated based on
the attributes of extracted lines as well as the sizes and posi-
tions of components. The resulting images—each represent-
ing a word part—are used in the matching process.

Since we are tracing the contour of each component inde-
pendently, segmenting the line into words is unnecessary.
The extracted components are classified as main or secon-
dary based on their size and location with respect to the esti-
mated base line. We use main component to denote the
continuous body of a word part and secondary component to
refer to an additional stroke. Each secondary component is
associated with a main component. A main component
together with its secondary components represents an Arabic
word part, which will be denoted as a meta component
(see Fig. 2).

3.2 Pruning
The compared components are normalized according to the
average height of the document’s main components. The
contour properties and the density histograms are used to
prune irrelevant components. The ratio between the width
and length of the compared word parts’ contours are com-
puted. A precomputed ratio for a main component is used
to prune word parts with distant ratios. In the next step of
pruning, we use the horizontal and vertical density histo-
grams of the two compared main components. We calculate
the sum of the square differences between the two horizontal
and vertical density histograms of the compared main

Fig. 1 In this figure, we draw the flow of the spotting process starting
from upper-left with binary image and ending in bottom-left with clus-
ters of spotted words.
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components, separately. An experimentally determined
threshold is used to eliminate the irrelevant components
(see Fig. 3).

3.3 Matching
The matching algorithm accepts two binary images, w1 and
w2, normalized to the same height, and representing two
word-parts and returns the distance, dðw1; w2Þ, between
them. We extract the contours Cðw1Þ and Cðw2Þ of the
main components of w1 and w2. The pixels on the boundary
of a component form its contour. However, such a represen-
tation includes more than required vertices, which often
complicate processing and handling these contours. There-
fore, we simplify the contour polygon to work with a small
number of representative vertices. The simplification is
applied iteratively by removing the vertex with the smallest
distance from the line passing through its two adjacent
neighbors until an error threshold or a satisfying number of
vertices are reached. To insure meeting the requirement of
nearly equal-length edges of the contour polygon, i.e.,
similar distances between consecutive vertices, we use the
resulting short edges and a predefined tolerance value to sub-
divide the long edges into shorter ones.

3.4 Feature Extraction
The vertices of the simplified polygon are used to generate a
vector of features. Let CðwÞ be the contour of the main com-
ponent of a word part w and Ps ¼ fp0; : : : ; pn−1g be the set
of vertices of the simplified contour CðwÞ. For the first set,
we extract two types of features—semiglobal and local—
from the point sequence that quantifies the relation between
neighboring strokes as follows:

• For a point pi, i > 0, we determine the angle between
the segment pi−1pi and the pipiþ1. We refer to this
feature as αðpiÞ. It quantifies the relation between adja-
cent segments, but does not provide any information
concerning the point’s broader environment.

• To quantify the relation between a point and its envi-
ronment, we extract a semiglobal feature, which is
defined as the angle between the segment pi−1pi and
the segment pipiþδ, where δ determines the width of
the considered environment. We will refer to this fea-
ture as βðpi; δÞ, where δ > 2.

The two features are interpolated linearly using Eq. (1),
where w is a normalized positive weight that controls the
blending of the two features and δ determines the width
of the neighborhood.

fðpiÞ ¼ ð1 − wÞαðpiÞ þ wβðpi; δÞ: (1)

The second set of features is based on the Shape Context
feature,50 which considers the set Ps of n equidistant points
on the outer contour of the main component. For each point
pi ∈ Ps it assigns n − 1 vectors, pipj, one for each point
pj ∈ ðPs − piÞ. This set of vectors forms a rich, yet overly
detailed description of the shape. To simplify the represen-
tation and generate a robust, compact, and highly discrimi-
native descriptor a relative position distribution is identified.
For each point pi on the shape a coarse histogram hi for
the relative coordinates of the remaining n − 1 points is
computed. The histogram hi is defined to be the shape con-
text of the point pi, see Fig. 4 and Eq. (2).

Fig. 2 Meta components with different numbers of additional strokes,
which are written in different ways: separated dots and connected
pairs or triples.

Fig. 3 The columns (c) and (g) show the similarity of the density histograms of the same word parts.
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The shape context feature is defined on the set of points
Ps, which are distributed almost uniformly over the contour
CðwÞ.

hiðkÞ ¼ ½q ≠ pi∶q − pi ∈ binðkÞ�. (2)

3.5 Word-Part Matching
DTW is an algorithm for measuring similarity between two
polylines. This technique suits matching sequences with
nonlinear warping. For one-dimensional sequences, DTW
runs at polynomial time and is usually computed using
dynamic programming and based on Eq. (3).

Dði; jÞ ¼ min½Dði; j − 1Þ; Dði − 1; jÞ; Dði; jÞ� þ cost. (3)

In this work, we slightly adjusted the classic to include
different costs for insertion, deletion, and substitution. In
addition, we adopted an extra-cost for consecutive insertion
and deletion to avoid introducing long segments that disturb
the recognition accuracy. The DTW is computed by taking
the minimum of the three possible operations—insertion,
deletion, and substitution—including the cost of each oper-
ation, as shown in Eq. (7). We assign different cost functions
for deletion, insertion, and substitution based on the intro-
duced change. In handwriting, including Arabic handwrit-
ing, the difference between two point sequences that
represent two different words is usually very small, i.e.,
inserting/deleting just a few consecutive elements can
change the sequence to represent a different word-part.

The distance between the shapes of two word-parts is esti-
mated by computing the similarity among the corresponding
feature vectors (see Sec. 3.4). Let Sa and Sb be the sequences
of the feature vectors extracted from the two word parts. We
define the costinsðiÞ, costdelðiÞ, and costsubði; jÞ as the cost of
inserting a new element i in the sequence Sa, the deletion of
the element i from the sequence Sa, and the substituting
of the element i in the sequence Sa by the element j in
sequence Sb, respectively. In the case of geometric features,
these differences (subtractions) are simply calculated using

the real values in the normalized coordinates. For the shape
context features, we use the χ2 test statistics to compute the
difference between the normalized coordinates.50

Equations (4)–(6) define the cost of each operation,
Where del and ins are the numbers of consequent operations
of deletions or insertions until point i, respectively:

costsub ¼ ½SaðiÞ − SbðjÞ�2 (4)

costdel ¼ f½Saðiþ 1Þ − SaðiÞ� � insig2 (5)

costins ¼ f½Sbðiþ 1Þ − SbðiÞ� � delig2 (6)

In order to embed the influence of consequent deletion or
insertion into the minimization problem of the DTW, we use
Eq. (7) to define the dynamic programming:

Fig. 4 (a) A sample of extracting the first feature value for the pixel pi
where δ is 3 and α in red and β in green. (b) Overlay of the outer con-
tour of the main component of the word part (md) on five bins for log r
and 12 bins for the angle θ to calculate the shape context value of
each pixel using formula 2.

Fig. 5 Results of searching the keyword (Yashbah). When ignoring
the additional strokes, two different words sharing the same main
parts can be found as seen in the first two occurrences of the
found words.

Fig. 6 Results of clustering four different words taken from two pages
of the historical document. In each column, we can see how similar
but still different words are clustered to the same class using the pre-
sented approach.
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Dði; jÞ ¼ min½Dði; j − 1Þ þ costins;

Dði − 1; jÞ þ costdel;

Dði − 1; j − 1Þ þ costsub�. (7)

As can be seen, this rule adds quadratic penalty for con-
sequent operations of deletions and insertions. This scheme
forces the spread of these operations over all the fitting proc-
esses and thus, forbids consequent operations from deletion
or insertion.

Given two word-parts w1 and w2, a pruning step, com-
pares their complementary parts and indicates a mismatch
when the complementary parts are different. In the next
step, the system applies the DTW method, to measure the
distance between the two word parts using two sets of fea-
tures. Algorithm 1 presents the pseudo-code to compute the
distance between two word-parts w1 and w2, using two
thresholds δ1 and δ2. When the distance using the first feature

set (Contour Points) falls in the range between δ1 and δ2, the
second feature set (shape context), serves as a second
opinion.

The distance between two word-parts is set to a maximum
value when their complementary parts do not agree. When
the distance value using the first feature set falls within the
range (between δ1 and δ2), the second feature set is used to
compute the final distance. The motivation for the second
step comes out of the experimental results showing the abil-
ity of the shape context feature to give accurate results when
the distance computed by the first feature set is in the thresh-
old neighborhood.

3.6 Clustering Keywords
This phase aims to cluster the shape instances of the different
words within the document to a predefined number of clus-
ters, derived from the number of words to be indexed—
Target Clusters—and one additional cluster for the ignored
words. Among the clustering methods used in the literature,
we chose the K-nearest neighbors for its simplicity and good
performance.51 In this case the k-nearest neighbors were
extracted for the given word and a maximal vote was
used to determine the final result. The clustering process ini-
tializes each cluster ci using a synthetic shape of its corre-
sponding words. The generation of the shapes of words is
performed based on horizontal layout of the word-parts syn-
thetically without overlapping. The cluster corresponding to
the ignored word-parts is initialized to the empty set. The
newly encountered word-part wi is compared with the
already clustered words and added to the cluster, with
the maximum votes within the k nearest neighbors. If the
minimum distance between wi and the clustered word-
parts exceeds a predefined threshold, is added to ignored
word-parts cluster.

4 Experimental Results
We have compared the proposed system to the following
well-known systems for spotting words in handwritten
documents:

• The CEDARABIC system was presented by Srihari
et al.32 to spot words in Arabic documents. The
CEDARABIC system extracts a binary feature vector
of 1024 bit for a word. This is carried out by dividing
the scanned image of the word to 8 × 4 regions.
Gradient (384 bits), structural (384 bits) and concavity
(256 bits) features are extracted from each region and
quantized to yield an 1024 binary vector. To measure
the similarity between two words, the distance between
the two feature vectors is computed using a correlation
measure.52

• Manmatha et al.3 developed a system to spot Latin
words on the George Washington collection of letters.
The system uses DTW and a set of features—
Projection Profile, Word Profile, background/ink tran-
sitions—to represent an image of a given word. The
Projection Profile records the sum of the pixels’s inten-
sities along a column, the Word Profile is extracted
from the upper and lower profile of the word, and
the background/ink transitions is the number of transi-
tions between foreground and background along a

Algorithm 1 The distance between the word parts w1
and w2.

M1←main Componentðw1Þ

M2←main Componentðw2Þ

CM1←Complementary Componentðw1Þ

CM1←Complementary Componentðw2Þ

if CM1 ≠ CM2 then

dðw1; w2Þ←Max Value

Return

end if

C1←ContourðM1Þ

C1←ContourðM1Þ

C2←ContourðM2Þ

P1←simplify ContourðC1Þ

P2←simplify ContourðC2Þ

f 1ðv1Þ←geometric Feature VectorðP1Þ

f 1ðv2Þ←geometric Feature VectorðP2Þ

if dðw1; w2Þ←DTWðf 1ðv1Þ; f 1ðv2ÞÞ then

Return

end if

f 2ðv1Þ←shape Context Feature VectorðP1Þ

f 2ðv2Þ←shape Context Feature VectorðP2Þ

dðw1; w2Þ←DTWðf 2ðv1Þ; f 2ðv2ÞÞ

Journal of Electronic Imaging 013016-6 Jan–Mar 2013/Vol. 22(1)

Saabni and El-Sana: Keywords image retrieval in historical handwritten Arabic documents



column. The system was adopted to handle Arabic
word-parts in lieu of Latin words.

• The system described in Sec. 2, was developed by
Leydier et al.47 for image word retrieval from ancient
manuscripts of any language and alphabet. In our case,
we have adapted the system to the Arabic alphabet
using shapes of synthesized images of shapes as
queries.

4.1 Data Sets
Due to the absence of a standard database of Arabic histori-
cal documents for evaluating systems for keyword searching
and spotting, we used a data set of 113 pages from three cop-
ies written by different writers of the ‘Book in differences
between similar diseases in medicine’ edited by Ahmad
Ibn Al-Jazzar in the tenth century. We also used an additional
set of 100 pages from five different documents (20 pages
from each document) from Juma’a Al-majid Center in
Dubai.53 We used a total of 213 pages including 29,614
words and 103,716 word-parts. To generate representative
list of templates of word-parts/words to be searched, we
extracted multiple shapes of 783 different word-parts from
the IFN/ENIT database.54 The IFN database contents were
slightly modified to include each word-part as one connected
component, i.e., incorrectly split components for single
word-parts rejoined to form a single one and touching com-
ponents split manually to individual word-parts. The result-
ing datasets include word-parts with several different shapes
for each word-part. Using this set of word-parts as an alpha-
bet we generated a list of 1500 words to be searched for
within the given documents. This list was generated by con-
catenating the word-parts horizontally in the correct order.
The same process of concatenation was performed on the
word-parts within the documents before matching in order
to preserve consistency. Five hundred words from the 500
were generated using multiple shapes for each word-part
to serve as a seed for clusters in the spotting process. On
average, each class of these 500 words included 45 different
shapes. The same process of treating words as a horizontal
sequence of word-parts was adopted in the two compared
systems.

For the spotting process, we used the K-NN clustering51

with different values of k (In our tests k ¼ 5 gave the best
results). The threshold mentioned in the matching process
was determined experimentally—we chose the values that

yielded the best performance. To evaluate the systems’ per-
formance we used the selected 500 different words to be
spotted and indexed. The same clustering was adopted in
the three systems, but different matching procedure, which
were implemented based on the papers and adapted to deal
with Arabic word parts.

We ran experiments using two spotting schemes. In the
first scheme, we have extracted word-parts from the IFN/
ENIT database to synthetically generate list of shapes for
the word to be searched. In the second scheme, we have
added one additional word-part image from each document
to the list from the first scheme. As expected, the results were
improved when using real shapes from the dataset (see
Table 1). The instances of each keyword in the documents
were found and recorded as a ground truth and used to evalu-
ate the performance of the three systems, results are summa-
rized in Table 1.

To analyze the results of the presented systems, we com-
pared the ground truth, derived manually from the dataset,
and the generated clusters. We define a precision measure
as the ratio of the correctly retrieved word parts to the total
number of retrieved word parts (true and false positive)
in each cluster. The system’s final retrieval score is the
weighted average of the 500 clusters. The recall was used
to measure the completeness of each system, which is mea-
sured as the ratio of correctly clustered word parts to the total
number of appearances of each word part in the ground truth
data. The weighted average of the twenty clusters was taken
as the recall score, for each system.

As can be seen in Table 1, our system provides better per-
formance in both schemes. Extracting word/word-part sam-
ples from the documents provides a lowered automation
level and eliminates the involvement of a human operator.

To evaluate the searching process we searched one
appearance of each of the 1500 words generated. The last
two columns in Table 1 show the improved precision and
recall rates of the presented approach when compared to
the other two systems. Samples of searched words and
some clustered images, can be seen in Figs. 5 and 6.

5 Conclusions and Future Work
We presented keyword searching and spotting algorithms for
Arabic documents. Our experimental results show that the
used geometrical and the shape context features capture
the behavior of the written script for matching purposes.
The nonlinearity of the DTW provides very good results

Table 1 Precision and recall results of the four compared systems in terms of counting false positives and false negatives among the automatically
clustered words. The last two columns show precision and recall rates for the keyword searching system.

First scheme Second scheme Word searching

Precision (%) Recall (%) Precision (%) Recall (%) Precision (%) Recall (%)

CEDARABIC 81.6 83.18 82.8 84.1 80.6 81.18

MANMATHA 80.15 81.8 81.85 82.8 80.15 80.8

Leydier 83.35 82.1 84.5 86.3 85.3 81.9

Our SYSTEM 84.10 83.4 87.2 88.8 86.1 82.4
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and seems adequate for keyword searching in handwritten
Arabic documents.

The DTW-based algorithm for measuring the distance
between objects does not maintain the triangle inequality
which is considered as a prerequisite in many clustering
methods. In the scope of future research, we plan to inves-
tigate various clustering methods and algorithms in an
attempt to overcome the nonlinearity of such measurements.
Furthermore, we contend that directly working on grayscale
images provides an opportunity to cope with low quality
images, where typical binarization algorithms eliminate
valuable detail.

The scope of future future work involves improving the
response time of word searching and spotting systems.
Even though, word spotting is performed off-line, the huge
amounts of documents prevent word searching or spotting in
linear time. Therefore, embedding into alternative spaces
enabling rapid sublinear methods for image retrieval is
necessary.
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