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Abstract— Biometric identification of persons has mainly been
based on fingerprints, face, iris and other similar attributes.
We propose a handwriting-based biometric identification
system using a large database of Arabic handwritten
documents. The system first extracts, from each handwritten
sample, a set of features including run lengths, edge-hinge and
edge-direction features. These features are used by a
Multiclass SVM (Support Vector Machine) classifier.
Experiments are conducted on a new large database of Arabic
handwritings contributed by 1000 writers. The highest
identification rate achieved by the combination of run-length
and edge-hinge features stands at 84.10%.

Keywords— Arabic handwriting; KHATT database; Offline
handwriting; Writer identification; Textural features.

L INTRODUCTION

The last few years have witnessed a significant increase
of research in different areas of biometrics. Notable
advancements in this area have resulted in many biometric
modalities such as retina recognition, vein pattern
recognition, ear geometry, facial thermography, palm print
recognition, DNA recognition, speaker recognition,
handwritten signatures, keystroke dynamics and gait
recognition. Biometric identification modalities can be
divided into physical and behavioral biometrics. Physical
biometrics employs some physical characteristics to identify
an individual. Behavioral biometrics is based on the
behavioral traits learnt and acquired over time.

Over the recent years, research in analysis and
recognition of handwriting has primarily focused on the use
of handwriting as biometric identifier and, a number of
signature recognition systems [01, 02, 03] have been
proposed. The work of Srihari et al. [04] is seen as the first
serious attempt to prove and exploit the individuality of
handwriting to develop a system using handwritten
documents to identify individuals. The most recent studies
by Bulacu et al. [06] and Siddiqi et al. [05] have shown that
individuals can be effectively identified using their
handwritten samples.

Like other biometric modalities, writer recognition
systems can be used in two different modes, identification
mode and verification mode. In identification mode, the goal
is to determine which writer, amongst a set of known writers,
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has written a given sample. In verification, the objective is
finding out whether two handwritten documents are written
by the same person or not. In other words, writer
identification is a one-to-many search while writer
verification is a one-to-one problem. Writer recognition
approaches can be categorized into two distinct families:
text-dependent approaches and text-independent approaches.
In text-dependent methods, the writer must write exactly the
same predefined or given text. Text-independent writer
recognition is the process of identifying or verifying the
identity of the writer without any constraints on the textual
content of the samples being compared.

In this work, a new text-independent biometric personal
identification method using Arabic handwritten documents is
introduced. The proposed method consists of two main
stages: feature extraction and classification (writer
identification). In the first step, run-lengths on white and
black pixels, edge-hinge and edge direction features are
extracted from handwritten documents. In classification, the
features of the query document are matched with the features
corresponding to handwritten documents in the database. In
our study, we have used Multi-class SVM (Support Vector
Machine) with one against all method as classifier. The
experiments are conducted on a new publicly available
database KHATT [07] comprising documents written by
1000 different writers.

The rest of this paper is organized as follows. Section 2
outlines the notable contributions in Arabic writer
identification. The database used is presented in section 3. In
section 4, we present the feature extraction method followed
by a summary of obtained results. We then present a detailed
analysis of these results and finally conclude our findings in
the last section.

II.

Writer identification from Arabic handwritten documents
has not been addressed as extensively as writer identification
from documents in other scripts like Latin or Chinese. The
past few years, however, have seen significant contributions
in this area. Al-Zoubeidy et al. [08] proposed the use of
multi-channel Gabor filtering and gray scale co-occurrence
matrices to characterize the writing style of writers. Gazzah
et al. [09] combined a set of global and local features. The
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global features are based on 2D Discrete Wavelet transform
whereas the local features capture information like slant, line
height, ascenders and descenders etc.

Al-Dmour et al. [10] developed a texture based method
for writer characterization and extracted a set of features
based on spectral-statistical measures (SSMs) of texture.
Bulacu et al. [11] proposed a combination of textural and
allographic features and achieved significantly improved
performance as compared to that of individual features.

Abdi et al. [12] represented each word by the minimum
perimeter polygon (MPP) contours and extracted a set of six
features mainly including distributions of lengths, directions
and curvatures etc.

Authors in [13], characterize the author of a given sample
by computing the fractal dimension of writing using the box
counting method. The box counting based fractal dimension
is complemented by multi-fractal dimensions which are
calculated using the Diffusion Limited Aggregates (DLA).

Al-Ma’adeed et al. [15] employed moment invariants and
edge-based directional probability distributions as features to
characterize the writer. These features are complemented by
local features including area, length, height, lengths from
baseline to upper and lower edges etc. computed from
individual words.

Chen et al. [16] evaluated the effectiveness of removing
ruling lines from handwritten documents prior to performing
writer recognition. The series of experiments carried out by
the authors reveal that removing these lines significantly
improves the identification results.

I1I.

Our study is based on handwriting samples extracted
from a new publicly available database KHATT [07]. This
database contains handwritten Arabic text images and its
ground-truth developed to promote research in areas like
writer identification, line segmentation, binarization and
noise removal besides handwritten text recognition.

The KHATT database contains 4000 grayscale paragraph
images containing Arabic texts scanned at different
resolutions (200, 300 and 600 dpi) written by 1000 writers of
different ages and backgrounds from 18 different countries.
Out of the 1000 writers, 677 individuals were male while
323 were female and, 928 were right handed while 72 were
left handed. 2000 of these images contain similar text each
covering all Arabic characters and shapes whereas the
remaining 2000 images contain free texts written by the
writers on any topic of their choice. For our experiments, we
use the 2000 paragraph images with free text to train the
system. From the 2000 paragraph images that contain similar
texts, we have chosen 1000 images (of 1000 different
writers) to test the proposed system. Figure 1 shows two
paragraph images with different textual content written by
the same person while Figure 2 presents two other paragraph
images written by the same person but containing the same
text.

DATABASE

Iv.

To characterize the writing style of an individual, we
have implemented three methods, these include: run-length
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distribution [17], edge-hinge distribution [06] and edge-
direction features [06]. Below is a brief description of each
of these three features.

A. Run-Length features

The run-length features are computed on a binary image
taking into consideration the black and white pixels that
correspond to the ink trace and to the background of the text
images respectively [17]. The proposed method considers
horizontal (fl), vertical (f2), left-diagonal (f3) and right-
diagonal (f4) run-lengths on black extracted from the image
of handwriting as well as the horizontal (f5), vertical (f6),
left-diagonal (f7) and right-diagonal (f8) run-lengths on
white.

We have tested these run-length features in the ICDAR
2011 Writer Identification Contest [18], ICDAR 2011 Arabic
Writer Identification Contest [19], ICDAR 2011 Music
Scores Competition: Staff Removal and Writer Identification
[20], ICFHR 2012 Competition on Writer Identification-
Challenge 1: Latin/Greek Documents [21] and ICFHR 2012
Competition on Writer Identification - Challenge 1: Arabic
Scripts [22]. These features realized interesting results in
these competitions.

Figure 1.
person.

Two paragraph images of different content written by the same

Figure 2. Two paragraph images containing similar text written by the
same person.



B. Edge-Direction features

Edge direction features, proposed by Bulacu et al. in
2003 [6] have been effectively used for statistical analysis of
online as well as offline handwritings. To calculate the edge
direction features, two steps are necessary. The first step is to
refine the writing by performing a convolution by two
orthogonal kernels (Sobel) to increase the importance of the
edges before thresholding the resultant image. Directional
analysis then comes through a sliding window of nxn pixels
allowing the construction of the distribution function.

Within the window, the possible directions of the edge
fragments are analyzed. Whenever the central pixel of a
window is on an edge fragment, we determine the direction
of the later. The number of the edge fragments found in each
direction is then accumulated to constitute the probability
density function.

An example of this method is illustrated in Figure 3. In
our experiments, we considered fragments of lengths 2 (f13),
3 (f14), 4 (f15) and 5 (f16) pixels. The edge direction feature,
in addition to the prevailing direction of the slope of writing,
also provides an indication on the regularity of writing. For a
more detailed description of the edge direction features,
please refer to [06].
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Figure 3. Extraction of edge-direction distribution (Image reproduced
from [06]).

C. Edge-hinge features

Edge-hinge distribution is known to be one of the most
effective features for characterizing the writing style of
writers. The edge-hinge distribution was proposed in 2003
by Bulacu et al. [06]. It characterizes the change of directions
in writing and its computation is similar to that of edge
distribution presented in section 4.2. For edge-hinge features,
instead of analyzing the direction of the edge fragments
emerging from the central pixel (if it is a text pixel), we are
interested in computing the angle separating the two edge
fragments (i.e. connected sequences of pixels). An example
of edge hinge extraction is shown in Figure 4. In our
experiments, we considered fragments lengths of 4 (9), 5
(f10), 6 (fl1) and 7 pixels (f12). For a more detailed
description of the edge hinge features, please refer to the
paper [06].

V.  WRITER IDENTIFICATION

Once the handwritten documents in the training and test
set are represented by the set of features, writer identification
is carried out using a Multiclass Support Vector Machines
(SVM). The chosen documents from the KHATT database
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[07] are divided into two parts, training set and test set. 67%
of the chosen documents are used for training and the rest
(33%) are used as a test set. We build a SVM model on the
training set and it is used to retrieve the writers’ identity of
documents in test set. For each query document in the testing
set, we not only find the Top-1writer but a longer list up to a
given rank (Top-10) thus increasing the chance of finding the
correct writer in the retrieved list.
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Figure 4. Extraction of edge-hinge distribution (Image reproduced from

[06]).

TABLE L. OVERVIEW OF PROPOSED FEATURES AND THEIR
DIMENSIONS.

Feature Description Dim

fl Horizontal run-lengths on black 200
2 Vertical run-lengths on black 200
3 Left-diagonal run-lengths on black 200
4 Right-diagonal run-lengths on black 200
f5 Horizontal run-lengths on white 200
fo Vertical run-lengths on white 200
7 Left-diagonal run-lengths on white 200
8 Right-diagonal run-lengths on white 200
9 Edge-hinge with fragment length of 4 pixels 1024
f10 Edge-hinge with fragment length of 5 pixels 1600
fl11 Edge-hinge with fragment length of 6 pixels 2304
f12 Edge-hinge with fragment length of 7 pixels 3136
f13 Edge-direction using 4 angles 4
f14 Edge-direction using 8 angles 8
f15 Edge-direction using 12 angles 12
fl6 Edge-direction using 16 angles 16

VL

To evaluate the proposed approach, we conducted two
series of experiments: the first one is designed to evaluate the
performance of individual features whereas the second aims
at testing the effectiveness of different combinations of these
features. We report the Top 1, Top 5 and Top 10
identification rates for writer identification task.

For each feature, Table 1 summarizes the corresponding
description and the dimension, whereas Table 2 presents the
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performance of these features. Although the feature
performances vary significantly, it can be noticed that the
edge-hinge features (f9-f12) outperform the run-lengths
features (f1-f8), with f12 (Edge-hinge with fragment length
of 7 pixels) achieving the best results on identification task.

TABLE IL IDENTIFICATION RESULTS ON INDIVIDUAL FEATURES.
Feature Top 1 Top 5 Top 10
fl 17.00% 32.30% 38.60%
2 16.40% 33.60% 39.20%
3 18.30% 35.10% 42.00%
4 16.00% 33.30% 41.60%
5 240% 6.80% 9.70%
f6 2.90% 6.90% 8.80%
7 4.80% 10.60% 13.00%
8 3.90% 8.40% 10.80%
o 71.00% 85.60% 88.30%
10 75.60% 88.70% 89.40%
1 78.20% 90.00% 9130%
12 79.30% 91.80% 92.90%
13 6.20% 18.20% 26.50%
4 20.00% 39.40% 4930%
fls 25.80% 47.70% 57.00%
16 32.80% 52.40% 56.50%

Table 3 summarizes the performance of some of the
feature combinations we have tested. For writer
identification, the highest rate we achieved stands at 84.10%
in Top 1, 91.80% in Top 5 and 92.80% in Top 10 when
combining run-lengths on white and black pixels with edge-
hinge (fragment length of 4 pixels) distribution (f1-8, 9).

TABLE IIL IDENTIFICATION RESULTS ON FEATURES COMBINATION.
Features combinations Top 1 Top S Top 10
fl, f2, f3, f4 58.20% 71.90% 73.20%
fs, 6, f7, 18 25.80% 42.60% 48.10%
f1, 2, £3, f4, 5, 16, f7, 18 70.60% 82.90% 84.80%
13,£14,f15,16 46.00% 61.40% 63.90%
f1, 2, 3, f4, f5, f6, f7, £8, 9 84.10% 91.80% 92.80%
f1, 2, £3, f4, 5, 6, f7, £8, 10 83.90% 91.80% 92.80%
f1, 2, £3, f4, 15, f6, f7, 18, f11 83.50% 92.40% 93.30%
fl, 2, £3, f4, f5, 16, £7, 3, f12 83.90% 92.50% 93.10%
f1, 2, 13, f4, £13,f14,f15,f16 64.90% 78.80% 80.90%

When comparing the identification performances across
the three types of features, it can be seen that the
identification results are much poor when using run-lengths
individually but it is comparable with the edge-hinge features
when we combine all the run-lengths features.

Table 4 summarizes the performance of the most recent
studies on Arabic writer identification on different databases.
Bulacu & al. [11] currently hold the best performance results
with 88% in Top 1 and 99% in Top 10 on 350 writers. We
have achieved an identification rate of 70.60% in Top 1,
82.90% in Top 5 and 84.80% in Top 10 by using the run-
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length features and we have improved the results by
combining the run-lengths features with edge-hinge features
to achieve an identification rate of 84.10% in Top 1, 91.80%
in Top 5 and 92.80% in Top 10.

TABLE IV. COMPARISON OF SOME ARABIC WRITER IDENTIFICATION
METHODS.

Reference Writers Top 1 Top 5 Top 10
[08] 20 92.80% - -
[10] 20 90.00% - -
[13] 50 - 92.60% -
[09] 60 95.68% - -
[16] 60 74.30% - -
[12] 82 90.20% 96.30% 97.50-%
[15] 100 - - 93.80%
[23] 275 93,53% 98,47% 99,13%
[11] 350 88.00% - 99.00%

Our method 1000 84.10% 91.80% 92.80%

VII. CONCLUSION

Writer identification is a relatively new biometric
modality that has received significant research attention in
the recent years. Handwriting biometrics can be used in the
forensic applications to identify individuals based on their
writing characteristics by comparing unlabeled handwritten
texts with labeled handwritten samples. This paper presented
a handwriting biometric identification method based on
multiclass SVM classifier and a set of run-lengths combined
with edge-hinge features extracted from handwritings.

The obtained results demonstrate the effectiveness of the
run-length features at modeling handwriting for writer
identification. The database used in our experiments contains
handwritten documents from 1000 different writers, and the
obtained results are promising especially when considering
that only 2 documents per writers are used in training phase.
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