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ABSTRACT

In this paper we present a survey of the literature on Arabic writer identification scheme and up-to date

techniques employed in identification.

The paper begins with an overview of the various writer

identification schemes in Arabic and Persian languages. After that, an attempt is made to describe the
complex character of Arabic strokes. Previous studies have used a number of Arabic datasets comprised of
handwritten text samples that have been used over the years aimed to support handwriting recognition. In
automated writer identification, two methods of identification are available text independent and text
dependent methods. These are the key focus of this paper. For evaluation purposes we have analyzed the
Arabic writer identification scheme by comparing the recognition rate of different methods.

Keywords: Text independent, text dependent, writer identification, feature extraction, dataset

1. INTRODUCTION

The development in the fields of artificial
intelligence and pattern recognition can be applied
to the challenging problem of handwriting
identification. ~The Identification of a writers’
handwriting is a necessity in the world we live in
today due to advancements in technology and its
applicability in many fields of human endeavour.
The study of writer identification is applicable in
many areas such as digital rights management, the
financial sphere, solving expert problems in
criminology and for decision-making systems to
narrowed-down list of identified writers. By
combining it with writer verification as an
authentication system this can be employed to
monitor and regulate access to certain confidential
sites or databases with voluminous amounts of
documents, notes, forms and meeting minutes
which are regularly processed and organized and
the identity of the writer would provide additional
information.

Automatic identification of the writer from
digitized samples of handwriting has been widely
studied in the last decade. A variety of writer
recognition techniques have been developed for
different handwritten scripts (languages). Each
script has its own specific characteristics that can be
explored to develop a unique approach that works
on a given script. This allows a set of writer-
specific characteristics to be extracted from written
samples from an individual which are compared

across different samples with to identify the writer
of a given sample.

Handwriting recognition has been identified as
having a very close relationship with writer
identification [1, 2]. Handwriting recognition
involves the elimination of the writer dependent
variations in writing and extracts a set of features
which can be found in all the different allographs of
the same character and permitting its recognition
independent of the writing style. Writer
identification, on the other hand, depends on the
difference of these individual handwriting styles
and takes advantage of the variations in characters
and words in order to identify the writer of the
given sample.

Handwriting identification is the identification of
author of a hand written sample of. Handwriting
verification is the task to determine whether or not
the handwriting is of a given person. Identification
and verification of handwriting are visualized in
Figure 1 and their comparisons are summarized in
Table 1.
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Figure 1: Writer Verification And Identification
Framework [3].

In  handwriting identification, for given
handwriting sample x with unknown writer is
identified form the samples of handwriting of n
known writers. In handwriting verification, for
given two handwriting unknown samples x1 and x2
and known hand writing samples of n authors , it is
determine that whether x1 and x2 are written
by the same person or by two different persons
among the n writers. Both models involve
classification, with the identification model leading
to an n-class problem whereas the verification
model leads to a 2-class problem. Both models
involve the technique of measuring similarity, or
distance, or closeness between two samples. The
identification model has the benefit of being able to
recognize the writer directly. However, it depends
on database which includes information of all the
writers in advance. Handwriting verification
determines whether two samples of handwriting and
are written by the same writer or not.

Table 1: Comparison Of Identification And Verification Of
Handwriting

Handwriting
Identification

Handwriting
Verification

Measuring similarity between two
samples
Giving one
sample of
handwriting

Similarities

Giving two samples
of handwriting; one
the suspicious and
other the prototype
2-class classification,
yes or no

decide whether the
two samples

are written by same
writer or not

n-class
classification
decide the
writer of the
sample

Differences

The rest of the paper is organized as follows.
Section 2 presents characteristics of the Arabic
language.  Section 3  demonstrates  writer
identification framework. Section 4 illustrates the
major categories of writer identification domains.
Section 5 of the paper discusses the recent research
work on offline writer identification as well as the
present performance evaluation of various writer
identification schemes across Arabic handwritten
scripts. Section 6 of the paper presents a brief
discussion and conclusion.

2. CHARACTERISTICS OF ARABIC SCRIPT:

Arabic writing goes from right to left hand with a
total of 28 basic characters in its alphabet construct.
It is also comprised of sixteen unique Arabic letters
which are composed of one to three dots. The
number and the positions of these dots make the
difference between these characters otherwise these
characters are similar (like z ,¢ and ¢). In addition
some characters (like 3,0 &) have zigzag like
strokes (Hamza ¢). These dots and Hamza are often
referred as secondaries and they can be found above
the primary part of the character as in the case in
ALEF (), or below as in the case of BAA(<), or
in the center as in the case of JEEM ().

In cursive Arabic scripts, more than two letters
may overlap one another without necessarily
touching one another. In segmentation—based
recognition, this overlapping property could pose
some challenges in segmenting words into
characters (Figure 2).

Ligature Ligature

oS it 1

T £ 1

Overlap Overlap Overlap
Figure 2: A sample of the “ligatures” and “overlaps”

Some Arabic characters use diacritics (a diacritic
may be placed above or below the body of the
character and this can give the word a different
meaning), and many of them do not connect as
shown in Figure 3.

Connected components

i | [ e

Figure 3: Characters Depending On The Diacritical
Body
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The position of an Arabic character often effects
the shape of the character in the word; a character
may be made up of four unique forms depending on
its isolation, linkage from the right (ending
form), linkage from the left (beginning form), or

its connection from both sides (middle form) as
presented in Table 2. Word characters often overlap
in the vertical direction (not necessarily touch each
other). The character size of Arabic words is often
fixed both in height and width.

Table 2: Illustration Of Different Characteristics Of Arabic Script

Character
Name

Isolated | Imitial | Middle

Character

Name Middle

Isolated Initial

blE e (oo e e bl b b | L] Lfe]| -

) (S (= (O (O P o o o el N R
A R Rl AN

3. Writer Identification Framework:

The design of pattern recognition system for
off-line text-independent writer identification
involves: data acquisition, pre-processing, feature
extraction, data representation, and decision
making or classification. And these are the
main phases in the all framework for writer
identification techniques as depicted in Figure 4.

Pre- Enhanced word
processing

phase

Handwritten

document image

Feature
Extraction

phase

Features

vectors

Candidate Classification
writer phase

Figure 4: Writer Identification Framework

To study the handwriting of different individuals,
first, scan the samples into a computer and then
automatically  obtain  handwriting  attributes
represented as features. In analysis the handwriting
samples are compared with collected data and the
features extracted from the samples establish the
discriminative power of handwriting. Handwriting
samples are used to learn the classification task.
This classification task has to be learnt from a set of

G [ | o |C [ [ &[G | L. frefee | be| b
Lfe |5 L]b | ||| be| b [ be| b -
bl |4 | F| b | el b
NGl = ol R TS

handwriting samples provided by each of the
candidates. Once the classification is achieved, a set
of samples is used to test the model for its accuracy.
For a given test sample of unknown writer, it is
determined that the given sample is written by any
of the n writers and, if so, to identify the writer. The
writer identification procedure utilizes extracted
features from the given image and from the labeled
prototype images to identify the writer of the test
image. In the feature-extraction stage, features are
extracted from handwriting and are stored in feature
vectors. In the classification stage, the feature
vectors are mapped on classes represent the writers.

4. MAJOR CATEGORIES OF WRITER
IDENTIFICATION DOMAIN:

The terms used in solving the problem of Writer
Identification Domain (WID) varies with
authorship. Four major categories of WID problems
can be identified such as feature extraction,
platform, text category, and data specimens.
However, most of them share the same goal which
is the acquisition of individual features from
handwriting that can be used to identify the
handwritten authorship. Figure 5 illustrates the
classification issues in Writer Identification domain
(WID).
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Figure 5: Classification Issues In Writer Identification.
i. FEATURE EXTRACTIONS:

Feature extraction involves the conversion of an
input object into vectors comprises of numerical
feature sets that enables them to be presented as an
object. The information extracted from an object or
image in a feature extraction task is called a feature.
Local features are the integral parts of objects
couple among themselves; while on the other hand,
global features are the entire properties that can be
ascribed to the object [4]. In a good technique,
extracting and selecting of features is very
important and has been the focus of research for a
long time [5 - 9]. Good features are those that
satisfy the two requirements of having small intra-
class invariance and large inter-class invariance [9].
Writer identification used for extracting features
can be grouped into two major categories.

A) Global Features obtained from the text
involves manipulation of the text images
instead of handwriting. These include Gabor
filters and co-occurrence matrices.

B) Local Features: Involves manipulation of the
handwriting in the form of text images so
that several statistical properties can be
obtained such as averages of height, width,
and legibility of the characters.

ii. PLATFORM

This category focuses on off-line and on-line
systems. The simplest way to distinguish between
on-line and off-line writer identification is the input

method [10]. Off-line system deals with
handwriting images scanned into computer, while
on-line system deals with data writing captured by
the transducer devices. On-line system has been
said to be easy and perform better in accuracy as it
relies on the on-line data that is useful as
obtained on time order . The dynamic writing
process cannot be captured in off line system [11].
Other opinion such as the one by [12] has reported
that the performance of off-line system is probably
better for WI than signature verification system,
since it is generally accepted that the use of several
words provides better information as compared to a
single signature.

iii. HANDWRITTEN TEXT CATEGORY

This issue focuses on text-dependent and text-
independent identification. Text-dependent
identification requires the writer to write the same
text which must be fixed accordingly the question
document. On the other hand, any text can be used
to establish the identification of a writer in text-
independent identification. Signature verification or
identification falls under text-dependent system
because the same signatures are used in the process
of training and identification. In the case of
handwritten words as used in [12], where one word
has been written out for 45 times by the same
writer, it has been found to be inapplicable in
practical applications such as in determining a
crime suspect or in any identification procedure of
forensic science [13]. Thus, researchers prefer the
text-independent identification such as the one’s
featured in the works of Dynamic Features [14];
Expert System [15]; Personal Identification Texture
Analysis [16]; HMM Based Recognizer [17]. In
Table 3 the difference between Text-independent
and Text-dependent according to nature of its work
and categories of used features are described.

Table 3: Differences Between Text-Independent And Text-
Dependent In Writer Identification And Verification

[ | Text-Independent Text-Dependent

Nature of Text in the questioned

its work

Text in the questioned
document should not
necessary be same as
text in training process.

document should be
same as text in training
process.

Categories
of used
features
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Structural approach
extremely involved to
extract features from
the characters shape.

Statistical and global
writer identification
techniques used widely
to extract features from
the text image.




Journal of Theoretical and Applied Information Technology ...
30" November 2014. Vol. 69 No.3 ~J

© 2005 - 2014 JATIT & LLS. All rights reserved-

SATIT

ISSN: 1992-8645

www.jatit.org

E-ISSN: 1817-3195

iv. DATASETS:

The availability of datasets is one of the most
essential requirements in any research work. As
such document analysis and recognition is not left
out. A number of datasets comprising handwritten
text samples have been developed over the years,
mainly to support handwriting recognition, text

segmentation and writer recognition tasks. Very
recently, a number of standard datasets in different
scripts and languages have been developed that
allows researchers to evaluate their systems on the
same databases for comparisons purposes. Some
notable databases of Arabic handwriting samples
along with their interesting statistics are
summarized in Table 4.

Table 4: Summary of notable Arabic handwritten text databases

KHATT [18] Arabic

Upon request

1000 forms, 2000 (random and fixed
paragraphs) & free paragraphs

Arabic and

QUWIT19] English

Upon request

IFN/ENIT [20] | Arabic

Public

26,459 images of Tunisian city names

PD100 [21] Persian

Upon request

BBN [22] Arabic

Proprietary

AHDB [23] Arabic

Public

10,000 words for check processing

Al Isra [24] Arabic

Public

37,000 words, 10,000 digits, 2500 signatures,
500 sentences

MADCAT [25] Arabic

Public

9693 handwritten pages from news groups,
newswire and weblogs

CENPARMI [26] |  Arabic

Upon request

3000 checks (Legal and courtesy amounts and
digits)

AD/MADBase [27]

Arabic

Upon request

700,000 digits

Alamri et al. [28] Arabic

The following section displays the most recent
and important techniques that have been used to
identify the authorship of handwritten samples in
different databases. These are categorized into three
divisions of local and global features that are locally
and globally combined.

5. WRITER IDENTIFICATION: CURRENT
STATE OF ART CLASSIFIED
DEPENDING ON FEATURES TYPES

Writer recognition from Arabic handwritten
documents have not been investigated as much as
writer recognition from Latin or Chinese
handwritten documents until the last few years.
However, most of them share the same goal, which
is to acquire individual features from a handwriting
sample that can be used to identify authorship.

i. Local Features

In [29], a novel method for writer identification
has presented based on technique previously
presented for character recognition, which is

Upon request

46,800 digits, 13,439 numerical strings,
21,426 letters, 11,375 words, 1640 special
symbols

referred to as Oriented Basic Image Feature
Columns (oBIF Columns). This can be used for
writer identification. How this texture-based scheme
can be enhanced by encoding a writer's style as the
deviation from the mean encoding for a population
of writers is a challenge. Delta encoding provides a
more informative encoding than the texture-based
encoding. The methods have been evaluated using
the IAM dataset and by making entries into two top
international competitions for assessing writer
identification schemes. The authors demonstrate
that the oBIF Column scheme on its own is
sufficient to gain a performance level of 99% when
tested using 300 writers from the IAM dataset, and
in experiments conducted with the ICDAR 2012
Arabic datasets, the performance of the oBIF
column system itself was comparatively high,
achieved a score of 93.1% on the 204 writer dataset.
However, the performance of the A encoding is
considerably higher than with oBIF Columns.

In the work of [30] the presentation of Arabic
writing can be seen as a form of new writing. This
involves the presentation of Arabic writing in its
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elementary constituents instead of it being
alphabetic. The proposed technique divides the
IFN/ENIT input document found in the database
[20] into two parts: the first part contains letters and
the second part is for the diacritics. The diacritics
are extracted from the entire input image and used
to calculate the LBP histogram for each diacritic
before concatenating the obtained histograms used
for handwriting feature studies. The results reveal
that the proposed technique is highly dependable
and handles Arabic handwriting better than
previous methods. The success rate for identifying
handwriting has increased to as high as 97.56%.
The test has conducted with a total of 287 writers.

Studies by [31-33], proposed different systems to
identify the writer of Arabic handwritten based on
textural and allographic features. The function of
the probability distribution was generated to extract
the textural features and the closest neighbourhood
classifier by applying the principle of measured
distance for the allographic features by using the
handwriting of 61 different writers as a sample to
generate a codebook of 400 allographs in which the
similar allograghs are put into separate feature. The
best performance achieved was by the combination
of some textural and allographic features which
leads to a higher success rate of identifying the
Top-1 of 88% and the Top-10 of 99% with an EER
verification of about 5-6%. These approaches have
been examined based on IFN/ENIT dataset [20]
which include 350 writers containing 5 samples for
each writer (where each sample is made up of 2
lines (about 9 words)).

Furthermore, Al-Maadeed et al. proposed two
systems [34],[35] using an Arabic data set contain
32 000 images of Arabic text from 100 people with
the system training set having 75% of the data and
the remaining 25% has used for testing purposes.

[34] employed 16 words for identifying the
authorship using Arabic text-dependent approach.
The features extracted include the heights, lengths,
and areas which were considered as edge-based
directional features and it also included three edge-
direction distributions include several different
sizes and WED used as a classifier. The best result
of 90% was obtained when 3 words were
implemented in the top-10. The major drawback of
this technique is its dependence on text and requires
the use of only a small dataset for experimentation.

[35] used the same system as stated in [34]
except employed the K-nearest neighbour classifier.
The achievement of the new edge-based directional
probability distributions and many features of

Arabic writer identification were examined such as
area, length, height, length from baseline to upper
edge, and length from baseline to the lower edge.
The success rate recorded for the top-10 writers was
higher than 90%.

ii. Global Features

Helli et al. proposed four systems [36-39] using
PDI00 as a testing dataset using 500 samples
obtained from 100 writers in a single system and
[36] used 70 persons in a written sample of 350.

In [36], an extended Gabor filter was employed
in extracting the amount of percentage and styles of
the curve of a writer’s writing style and to extract
the amount of percentage and style of the writers’
word lines. Then the Weighted Euclidian Distance
(WED) was employed to select the first three
distances within the same class. The average rate of
success to identify text-dependency was found to be
100% while the text-independency rate was 82%.
However, the feature extraction using the XGabor
filter could be wuseful to model the written
documents characteristics however its accuracy
measure is weak due to the challenges encountered
in the classification and representation of the data.
This has prompted the writers’ of the current paper
to combine the XGabor filter and the Gabor filter
using several schemes for representing, classifying
and identifying the data.

Furthermore [37], proposed new technique for
classification which examines the order of the
similarity sequence of the organized features using
the Longest Common Subsequence (LCS)
technique in comparing the similarity sequences.
Gabor and XGabor filters were utilized in the
extraction of the vector features. The average rate
of success of identifying the writer by this method
was 89%.

After that [38] has used the same systems as in
[37] except the authors extracted the feature vectors
using only the XGabor filters. The average success
rate of identifying correctly the author was put at
95%.

[39] relied on Gabor and XGabor in extracting
phrase features to elicit two sets of features from
the dataset and created a Feature Relation Graph
(FRG) employing the relationship existing within
the extracted features. This graph was also referred
to as DAFRG (Directed Acyclic FRG) and during
the phase of classifying a dynamic algorithm it was
utilized to find the optimum similarity index of any
pairs in the DAFRG. The success rate for its ability
to identify the correct author was 98%.

479



Journal of Theoretical and Applied Information Technology ...
30" November 2014. Vol. 69 No.3 ~J

© 2005 - 2014 JATIT & LLS. All rights reserved- PATIT

Smnns

ISSN: 1992-8645

www.jatit.org

E-ISSN: 1817-3195

iii. Combining Global and Local Features

In Gazzah et al. three systems [40 - 42] relying
on similar datasets consisting of 180 samples
obtained from 60 different writers for testing
purposes [40] by combining Global (2-D discrete
wavelet transforms for analyzing the image text
texture) and Local features (average line height,
space between sub-words, inclination of the
ascenders and features extracted from dots) were
used to extract the features were extracted. Modular
Multilayer Perceptron (MMP) was used. On
average the success rate for identifying the author
was 95.68%.

[41] is similar to [40] by the addition of an extra
global feature which is called Entropy. The success
rate on average was 94.73%. [42] is quite similar to
[41] by the addition of an extra classifier called
SVM. The success rate recorded on the average
was 93.76%.

Siddiqgi and Vincent [43] employed the same idea
of frequent writing patterns to characterize a writer
but instead of using graphemes, a scale of
observation was employed. The authors first
binarized the handwriting and divided the text into
small fragments by positioning small square
windows on the text. Similar fragments were then
grouped together into clusters (codebook) [44]. The
authors first used writer specific codebooks, to
generate a unique but different codebook for each
writer and later shifted to a general codebook where
a single codebook was generated using a set of
writing samples thus making the approach similar
to [45]. To complete the codebook based features,
the authors also introduced a set of contour based
features to capture the curves and the orientation
information contained in the write-up [46]. The
codebook and contour features were combined
together [47], and evaluated on different datasets
such as TAM (650 writers), RIMES (375 writers)
and the Arabic handwriting IFN/ENIT database
[20] and all the parameters were able to obtain
some very promising outcomes (for 100 sampled
writers the rate of identification was 92% with an
EER of 2.94%).

Furthermore, Djeddi et al. proposed two systems
[48], [49] for text-independent writer recognition
from Arabic handwritten documents while [48]
proposed a novel approach for text-independent
writer recognition from Arabic handwritten
documents. To characterize the styles of the
handwriting of several different writers involved in
the evaluation of our approach, the authors have
used two texture methods based on edge hinge

features and run-lengths features. The advantage of
this method is shown by experimenting on the
classification of (1750) images of Arabic
handwriting from (275) unique writers in IFN/ENIT
database [20]. The identification rate is increased by
combining the run-lengths features with edge hinge
feature to achieve an identification rate of 93.53%
in Top 1, 98.47% in Top 5 and 99.13% in Top 10
and an EER of 4.78%.

[49] analyzed the sensitivity of codebook-based
writer identification systems of the patterns in the
codebook. A number of data sets in a variety of
languages were used for this purpose. [49] first
showed that a codebook generated from a script
different than those of writings under study
achieved  identification  rates  substantially
approaching those of the classical codebook based
methods. A number of data sets with handwritten
samples in Arabic, French, English, German, Urdu
and Greek are considered to evaluate this technique.
The best writer identification rates for MSHD-
Arabic (87 writers) on codebook based on
handwritten music scores samples from the CVC
data set [50] is 91.19%.

To the best of our knowledge, the most important
methods in Arabic writer identification are reported
in this study. Table 5 summarizes the Writer
Identification Methods on Arabic and Persian
Languages.
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Table 5: Writer Identification Methods

Al-Ma‘adeed et
al. [34],[35]

Sample Space

100
writers(32000
Arabic text
images (16
different types))

Features

Height area, length
and Edge —direction
distribution

Classification
Methodology

WED classifier
K-nearest neighbor
-trained with 75%
-tested with 25%

Accuracy

Language

Arabic

Text-
Dependent /
Independent

text-
dependent

Shahabi and
Rahmati,[51]

25 persons —
Arabic/ Persian
handwriting

Texture image
Gabor function

Euclidean Distance

Arabic/
Persian

text-
independent

Newell, et al.
[29]

204 writer
(ICDAR 2012)

Delta encoding
oriented Basic Image
Features (oBIF
Columns)

Nearest neighbor
Kernel Principal
Component Analysis
and Support Vector
Machines (SVMs)

Arabic

text-
independent

Siddiqi and
Vincent [47]

100 writers
IFN/ENIT [20]

contour-based
orientation and
curvature features

nearest neighbor

92%

Arabic

text-
independent

Djeddi, et al.
[48]

275 writers
1750 handwriting
IFN/ENIT [20]

edge hinge features
and run-lengths
features

nearest-neighbor
classification

Top 10:
99.13%

Arabic

text-
independent

Djeddi, et al.
[49]

87 writers
MSHD- Arabic

global and local
features

K Nearest Neighbor
classifier

91.19%

Arabic

text-
independent

Bulacu et al.
[33]

350 writers with
5 samples per
writer
IFN/ENIT [20]

combining some
textural and
allographic features

nearest neighborhood
classifier

Top-1 88%
and Top
10: 99%

Arabic

text-
independent

Lutf, M et al.
[30]

287 writers
IFN/ENIT [20]

local binary
pattern histogram
(LBP) for each
diacritic

K-nearest Neighbor

97.56%

Arabic

Not
Mentioned

B. Helli et al.
[39]

100 writers
(PD100 dataset),
500 samples [21]

Gabor & XGabor
filters

Employed Dynamic
Algorithm for
obtaining the
optimum similarity

Persian

text-
independent

B. Helli et al.
[37]

100 writers
(PD100 dataset),
500 samples [21]

Same features in [39]

proposed a novel
technique for
classification that
measures the
similarity sequence
by depending on the
Longest Common
Subsequence (LCS)

Persian

text-
independent

B. Helli et al.
[38]

PDI100 dataset
which include
500 samples from
100 writers [21]

Point-based (speed,
acceleration, vicinity
linearity, vicinity
slope),
stroke-based
(duration,

time to next stroke,
number of points,
number of up
strokes,

etc.).

They presented a
classifier that is
based on LCS
(longest common
subsequence)

Persian

text-
independent

S. Gazzah et al.
[40]

180 samples from
60 writers

combination 2-D
Discreet wavelet
transforms-

lifting & Statistical
features

Modular
Multilayer
Perceptron

95.68%

Not
Mentioned

S. Gazzah et al.
[41]

180 samples from
60 writers

Same features in [40]
by the addition of an
extra global feature
called Entropy.

Modular Multilayer
Perceptron
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6. DISCUSSION AND CONCLUSION

The survey of the recent methods for off-line
text-independent and text-dependent Arabic writer
identification is presented in this paper. This
paper provides a summary of existing methods and
their main challenges in the area. Finding the best
and most appropriate writing feature sets to
represent handwriting image and the best practice
off-line text-independent and text-dependent Arabic
writer identification are challenging issues. In
Arabic language the writer specific texture features
using  multichannel  Gabor filtering, edge
distribution and Gray-Scale Co-occurrence Matrices
are common. Also the studies are carried out in
other languages such as Persian. Combinations of
some textural and allographic features as well as
statistical measures, multiple-channel (Gabor)
filters, XGabor are carried out to obtain the
individuality of the writers and better accuracy.
Also studies are based on the features used in other
languages. Current methods based on a universal
codebook are generally popular and efficient in
terms of computational cost, however, a new
codebook is to be generated if the script changes.
From this we understand that features must be
selected based on the characteristic features of each
language. Future researchers need to finally develop
a recognition system that is practical for widespread
use. There is a long way to go in order to fully
develop a system for writer recognition. There is a
lot of scope for further research in this area.
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