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Identifying Decisive Features for Distinctive
Analysis of Writings in Malayalam

Sreeraj.M, Sumam Mary Idicula

Abstract— This paper presents a writer identification scheme
for Malayalam documents. As the accomplishment rate of a
scheme is highly dependent on the features extracted from the
documents, the process of feature selection and extraction is
highly relevant. The paper describes a set of novel features
exclusively for Malayalam language. The features were studied in
detail which resulted in a comparative study of all the features.
The features are fused to form the feature vector or knowledge
vector. This knowledge vector is then used in all the phases of the
writer identification scheme. The scheme has been tested on a
test bed of 280 writers of which 50 writers having only one page,
215 writers with at least 2 pages and 15 writers with at least 4
pages. To perform a comparative evaluation of the scheme the
test is conducted using WD-LBP method also. A recognition rate
of around 95% was obtained for the proposed approach.

Index Terms— Feature extraction, Loop features, Distance
features, Directional features, Writer identification, Malayalam.

I. INTRODUCTION

HE significance and scope of writer identification is

becoming more prominent these days. The writer
identification techniques is currently used in wide arenas like
the digital rights administration, forensic expert decision-
making systems, document analysis systems and also as a
strong tool for physiological identification purposes. The
writer identification is also utilized in authentication system
by combining with the writer verification for many fields of
confidential data handling purposes. As a consequence, the
number of researchers involved in this challenging problem is
increasing immensely. A distinguished work in this course is
[1] by Srihari et al which proposes the features necessary for
the writer identification scheme at different levels. However
there have been immense writer identification schemes
available in languages like Chinese, Arabic, and Persian.
There exists no writer identification scheme in Malayalam
language up till date to the best of our knowledge.
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The motivation for Malayalam writer identification scheme
stems out from the following challenges posed by the
language as well as some other factors.

(i) Meager Allographic Variation of writers in Malayalam
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Fig. 1. Allographic variation of two writers in Malayalam: (a) extracted from
writerl; (b) extracted from writer 2.

language — A major factor causing variation in handwriting is
Allographic variation. Writer specific character shapes are
derived from this variation. They are a threat to the automatic
script recognition. In spite of this, it substitutes vital
information for writer identification. This variation is very
low in Malayalam handwriting when compared with other
languages as shown in the two samples given in Fig 1.

(ii) Insufficient discriminating capacity of a single character
in Malayalam language - A single character does not provide
sufficient discriminating values and hence a combination of
characters may be necessary to give out the prominent feature
vector of the handwriting. This again adds the identification
complexity.

(iii) Non-existence of uppercase and lowercase in Malayalam
language — Writers” adopts certain prominent styles related to
upper case and lower case characters. Since Malayalam scripts
do not have upper and lower cases this prominent
discrimination cannot be applied. Same is the case with
cursive style and Malayalam has no cursive form of writing.
(iv) Absence of dataset- Absence of the dataset of handwritten
pages of different users in Malayalam pose a great challenge.
Hence, a collection of handwritings of different users of
similar as well as different data had to be collected for the
purpose of implementation.

(v) Writing impression - Pen grip, the orientation of the wrist
and the fingers together constitute a habitual parameter slant
(shear) in the writing style of each user [2]. Malayalam scripts
mainly contain loops and curves wherein every variation has
to be considered. When different writings are compared this
parameter is low. So there is a need of observing the minute
changes in affine transform in the loops as well as the curves
of each character in Malayalam script.
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In this paper, Section Il presents related work and taxonomy
of the writer identification at different feature level. Section
Il portrays a design of the writer identifications scheme for
Malayalam language. Section IV describes the features used
for the purpose of writer identification. Section V explains the
implementation details. Section VI outlines the results
obtained and provides valid conclusions regarding the features
selected for Malayalam documents. The paper is concluded in
Section VII.

Il. RELATED WORK

A comprehensive review covering the research work in
automatic writer identification until 1989 is given in [3]. An
extension including work until 1993 has been published in [4].
The on-line handwritten data contains more information about
the writing style of a person such as speed, angle, or pressure
that is not available in the offline data. Thus, the online
classification task is considered to be less difficult than the
offline ones [5] [6]. Further, writer identification can also be
divided into two parts: text-dependent and text-independent
writer identification. This classification is mainly on the
different feature level such as character, word, line, paragraph
and the document level. Srihari et al. [1] [7] [8] propose a
large number of features based on two categories such as
Macro level and micro level operate at
document/paragraph/word level of CEDAR database using
multi-layer perceptron and achieved 98% accuracy. Zois and
Anastassopoulos [9] perform writer identification and
verification using single words based on the morphological
operators. Zhang et al. [10] used the Gradient
(192bits),structural (192 bits), and concavity (128 bits)
features for the writer identification based on the k-
nearestneighbor classification and yield 97.71%.Al-Ma’adeed
et al. [11] employed edge-based directional probability
distributions, combined with moment invariants and structural
word features for the writer identification of Arabic word.

Said et al. [12], [13] propose a text-independent approach
and derive writer-specific texture features using multichannel
Gabor filtering and gray-scale co-occurrence matrices. A
similar approach has also been used on machine print
documents for script [14] and font [15] identification. But
Bensefia et al. [16] [17] [18] [19] use graphemes generated by
a handwriting segmentation method to encode the individual
characteristics of handwriting independent of the text content.
Bulacu et al. presented text-independent Arabic writer identi-
fication by combining some textural and allographic features
[20] [21].

A multi-character level decision combination module for the
off-line Chinese writer identification scheme is given by [50]
which showed an accuracy of 88.41% for Top 10. A recent
trend in writer identification scheme through subspace is
proposed in [51]. This method reduces the elapsed time on
computation of the identification process.

Fig.2 depicts the taxonomy of the writer identification at
different feature level.
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Fig. 2. Taxonomy of writer identification at various feature level.

I1l. WRITER IDENTIFICATION SCHEME

Before discussing the scheme of writer identification for
Malayalam language, there are some explicit features of the
Malayalam script which require mention. They are outlined as
below.

e Malayalam scripts are curvaceous in nature. It contains
loops and curves. Normally they have low aspect ratio (ie.
Height / Width ratio of consonant characters) which includes
vowels, consonants, chillu , anuswaram, visargam,
chandrakkala, consonant signs, left vowel signs , right vowel
signs, conjunct consonants. This requires special mention here
because the feature identification method adopted here
separates each character on the basis of stroke made by the
user.

e Two prominent ways of writing Malayalam scripts
exists today. One followed by older generation and the other
followed by younger generation. This will be helpful for first
level of clustering the writers which they belongs. Some
people belonging to older generation do rarely exhibit the
habit of writing two or three characters connected.

e Since Malayalam script is an alphasyllabary of the
Brahmic family they are written from left to right.

A. Architecture

Any writer identification scheme generally consists of
training phase, labeling phase and identification phase. The
system architecture given in Fig.3 depicts in detail the feature
extraction module of the training phase. The success rate of a
writer identification scheme is highly dependent on the
selection of an appropriate feature vector. When a feature
vector is being selected, all the above mentioned
characteristics of Malayalam script also has to be taken into
account for. So we gave prime importance on the feature
vector formed from a Malayalam script. The features which
we are making use of in the scheme are described in Section
IV in detail. The resultant feature vectors are fused together to
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Fig. 3. System Architecture.

obtain the knowledge vector (which account for individuality)
of each writer. Also this vector is used for both training and
identification phases.

IV. FEATURES FOR WRITER IDENTIFICATION

Due to the low allographic variation in Malayalam
handwritings, the writer identification scheme needs a
prominent feature vector for automatic writer identification. It
has also to be noted that Malayalam is a language that
contains loops in almost eighty percentages of the characters.
As of that, characters which don’t form a loop cannot be so
decisive in the feature vector. Also certain characters of a
writer don’t give an individuality to help for the identification.
Prominent features can be observed in the hooks made by the
user so dehooking is avoided in the automatic writer
identification. Also breakage in loops is taken care by means
of dilation. The features to be extracted for writer
identification can be generally classified as: Character &
Grapheme Level. Here we are making use of only the
character level features.

Character level: In this level the loop features, directional
features and distance features are considered for the purpose
of forming feature vector.

A. Loop features

Loop features are the features that pertain to the
characteristics of a loop including loop area, loop radius and
loop roundness [48]. Since most of the Malayalam characters
are circular in shape the loops and curves had to be dealt with
minutely which provides essential information for
distinguishing the different writing styles. After the study it
has been concluded that a writer maintains his own style of
loops and curves throughout his writings. The characteristics
of loop features are as follows.

Loop roundness (f1):

It is observed that every writer’s character that consists a
loop maintains his own shape of roundness throughout his
writing. Loop roundness measures its similarity to a perfect
circle. The index of dissimilarity, d can be mathematically
computed as [49].

1857-7202/1102014

15

— dl
C.radius

1)

Where d " is computed as:

2

> (\/(p.row— C.row)’ +(p.col —C.col )’ — C.radiusj

d‘ _ pelC

n(LC)

Where N(LC)is the count of the pixels at the edges of loop.

C.row andC.col are the centre of the ideal circle and its

radius is C.radius. The circle centre is estimated at the
centre of gravity of the loop. It is calculated as
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Fig. 4. Loop slant in the Malayalam letter ‘tha’.

C.row=

Where n(LOOP) is the count of pixels that belong to the loop.
Loop Slant (f2):

Each user has a habitual parameter of applying his own
style of slant which would repeatedly see among his
characters. The upper and the lower part of equal height of the
loop have to be considered and the centre of gravity of both
parts is calculated. Loop slant is measured as the angle of line
connecting the centre of gravity of each part as shown in
Fig.4.

Relative Height and Width/Height ratio of loops (f3):

The ratio between the height of the loop and the total height
of the letter is the Relative height. It is mostly seen that this
ratio remains consistent throughout one’s writing. It is
calculated using (5) and is shown in Fig.5.

Loop&i(j*hAx

Loop£™ = Letter
RElgH—===" height
gE 0 e Ay

Fig.5. Relative height ratio in the Malayalam letter ‘tha’.
Relative height ratio = Ay of the loop ©)

Ay of the letter



16 SREERAJ. M, S.M. IDICULA: Identifying Decisive Features for Distinctive Analysis of Writings in Malayalam

The maximum and minimum ‘x’ values of loop and maximum d
and minimum ‘y’ values are calculated and then the difference Angle (¢) =cos™ -2 ©)
between maximum and minimum values gives Ax and Ay dl
respectively. The Width/Height ratio is calculated as Slant of a character (f6):
It is the angle each character forms against the baseline. It is
Ratio = _ Axof the loop (6) estimated on structural features by maxima and minima of the
Ay of the loop character are detected and targets uniform slant angle
o estimation as described in [52]. Another approach, is based on
B. Directional features the projection histogram is applied as described in [53].

Direction angle of the loop (f4):

This is used for distinguishing the broad and narrow loops
of the writers. It is calculated as follows:-

Stepl. Check whether the loop is ascender or a descender.

Step2. If the loop is an ascender loop, then using (7)
calculate the angle between the x-axis and the vector between
the intersection point and the highest point in the loop. It has a
direction value between 0 and 180 degrees.

Else, using (7) calculate the angle between the x-axis
and the vector between the intersection point and the lowest
point in the loop. It has a direction value between 180 and 360
degrees.

Curvature of the character (f7):
This feature is attained using the point based method and
contour based method.

Point based method.
Stepl. Take n equal points in the stroke of each
character.
Step2. Calculate the curvature at each point Using the
normalized first derivatives of each point using (9) and
(10) and second derivatives are calculated by replacing

X and Y with X and ¥ inand normalized using (10).

ZI (X|+1 i—l) , Zi-(yi+l - yi—l) (9)

i=1 =1

Loopgvidgh Ax

x
I
~
=<
|_
~

height®===~~ o -
Al A, R
Fig. 6. Direction angle of the loop in the Malayalam letter ‘tha’. y 10
1 -2
Step3. Calculate the average by adding up of these angles X +y' VX (10)
towards each pixel in the loop and by dividing the result by
the number of angles. Step3. Curvature at a point is the inverse of the
Step4. Take the standard deviation of the average direction radius of the osculating circle is calculated using
to quantify how much the loop direction differs from their (11).
mean. Following Fig.6. depicts the direction angle of the loop. AAT AT A
Direction angle (6) = arctan 2 OF the loop (7 K = X.y—Xy
Ax of the loop 2 2\ 11
(X +Yy J
Contour based method:
For a closed contour, circular convolution can be applied
directly to smoothen the contour. For an open contour,
however, a certain number of points should be symmetrically
compensated at both ends of the contour when it is smoothed.
The contour convolved with the Gaussian smoothing kernel.
Fig. 7. Direction angle of the letter ‘tha’ in Malayalam. The curvature value of each pixel of the contour is computed

usin
Direction angle of the character (f5): g

It is the angle subtended by the x-axis of the points in the j AXijAzyij — AZXijAyij

stroke and the centroid of the character as shown in the Fig. 7. K = ~ . 9%

It is calculated as follows: [(Axi') +oay!) }
Stepl. Calculate the distance d; and d, as shown in the

fori=1,2,........N, (12)

Fig.7.
Step2. Calculate the angle using (8)
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Where AXij = (XijJrl - Xij_l)/z ,and

Ayij = (yij+1 - yij—l)/ 2 (13)
Nx} = (A%, =A%) /2 and
N yij = (Ayij+1 - Ayij—l)/ 2. (14)

Fig. 8. Distance feature of the ‘tha’ character in Malayalam documents.

C. Distance features

Distance from the centroid (f8):

It is distance between the points of the stroke and centroid.
Say point Py(Xy, y1) on the stroke and centroid has the value of
C(xa, y2) as shown Fig.8.

Then distance between the points P;and C is

Distance = ,/(X, — X,)2 +(Y, -Y,)?> (15

V. IMPLEMENTATION

Absence of dataset of handwritten pages of different writers
in Malayalam posed a great challenge in implementing the
scheme. Hence, we collected the handwritings of 280 different
users of similar as well as variable content of Malayalam text.
The images have been scanned at 400 dpi, 8 bits/pixels, gray-
scale. A total of 280 writers contributed to the data set with 50
writers having only one page, 215 writers with at least 2 and
15 writers with at least 4 pages. Each page consists of 21 lines
of words with a minimum 30 characters in each line. We kept
only the first two images for the writers having more than two
pages and divided the image into two parts for writers who
contributed a single page thus ensuring two images per writer,
one used in training while the other in testing. It has not been
possible to test our system against other scripts due to non-
availability of the datasets in other scripts. However, a writer
identification system for the Indic script, Bengali, was
developed by Garain and Paquet [54] , which was evaluated
on a test bed of only 40 writers, resulting in 75% accuracy.

If the images were are all scanned at the same resolution the
size of characters in the writing is a writer-dependent attribute
and should not be normalized. For writing instrument
independency, the distribution of ink widths in the validation
data set were examined and normalized each writing to a fixed
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thickness using a thinning algorithm. This, however, resulted
in a degradation of performance as some writer-specific
information is also lost during the normalization. As of now
we decided not to normalize the ink thickness.

Prior to the extraction of features of each writer, the naive
image of documents should be pre-processed at first hand
through the following steps.

1.Calculate the threshold value by selecting the image
mean and the standard deviation and normalize.

2.Convert the grey-scale of the documents to binary
image using the above threshold.

3.Image de-noising is practiced to attain the perfect
binary image of the documents [55] [56].

The preprocessed document is then segmented into words
using RLSA [57] and Recursive XY Cuts [58] methods.
Words are split into characters using the standard connected
components algorithm [59]. This connected component
analysis is straight-forward, efficient and easy to implement
for the segmentation of each character. The knowledge feature
vector is created then using the feature extraction method as
described in the Section IV. This feature vector is used for the
training as well as for the identification phase. For the purpose
of classification, K-NN classifier is used for both training and
identification phase. For a questioned document the
performance is calculated only for the nearest neighbor (top 1)
and thus aids in identifying the correct writer.

VI. EXPERIMENTAL RESULTS

The curvature feature was calculated using the two methods
as described in Section 1V and their efficiency is measured
with respect to the number of writers and the observations are
given in Table I. The result leads to the conclusion that the
contour based curvature feature is well suitable for lengthy
documents of large number of writers.

TABLE |. COMPARISON OF POINT BASED AND CONTOUR BASED CURVATURE
FEATURE

Number of Point based Contour
writers curvature based
feature (%)  curvature
feature (%)

10 100 100
25 100 100
50 98 100
75 96 100
100 90 98
150 84.66 97
200 82.5 96.5
250 80.8 95.6
280 78.571 93.92

Usually the slant angle (f6) between each writer makes
prominent results in the writer identification but when
considering the Malayalam scripts, this variation is very low.
Henceforth to identify the minute slant variation between the
characters of each writer, f6 is computed using the two
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Fig. 9. Consistency of features.

different methods as described in Section IV. It was also
observed that the slant angle (f6) calculation based on the
histogram outperforms the slant calculation based on the
structural features by maxima and minima of the character.
The consistency of all the features described in Section IV (f1-
f8) is calculated using the mean of standard deviation
corresponding stochastic value of each feature and is depicted
by the graph given in Fig.9. It is evident that the slant of the
charcter (f6) is relatively a inconsistent feature in the writer
identification of Malayalam documents.

Also the experiments yielded us with the performance of
each feature in the system of writer identification of
Malayalam documents as shown in the following Table. Il
(numbers represent percentage). The recognition rate is
calculated as

Recognition rate

Number of correctly identified writer (16)
(Accuracy) = -
Total number of writers
The wavelet transform have good spatial frequency

localization property which can preserve spatial and gradient
information of handwriting [60]. However, to compare our
system with existing ones, a Wavelet Domain Local Binary
Pattern (WD-LBP) [61] based writer identifications scheme is
implemented and the recognition rate is presented in Table I11.
It is observed that the system achieved a recognition rate of
70.35%.

VII. CONCLUSION

In this paper, a writer identification scheme for Malayalam
language is proposed and implemented. The challenges posed
by the scheme resulted in identifying the feature vector for
Malayalam script exclusively. The feature vector for
Malayalam script has been chosen here with great effort,
taking into consideration the special characteristics of the
language. The feature vector obtained here is a fusion of eight
features which is further used in the training and identification
phase. However, the consistencies of the features were studied
in detail, and it has been observed that the slant angle feature
(f6), which exhibits more prominence for almost all
languages, exhibited inconsistence behavior with Malayalam
documents. The entire scheme was tested on handwritten
documents of 280 writers and obtained a success rate of
95.92%.

TABLE II. COMPARATIVE EVALUATION OF FEATURES

Number of fl f2 f3 f4 6 7 8 Combined feature
writers (f1+f2+f3+f4+f5+f6
+f7+18)
10 80 70 90 80 80 60 100 70 100
25 80 68 88 80 80 56 100 64 100
50 78 66 88 78 80 56 100 64 100
75 77.33 65.33 88 78 78.66 54.66 100 64 100
100 77 63 87 76 77 54 98 62 99
150 76 62 86.66 74.66 75.33 52.66 97 60.66 99.05
200 75 62 86 74 75 51 96.5 59 98.5
250 74 61.2 84.8 72.8 73.6 49.2 95.6 57.2 97.75
280 72.85 59.64 82.5 70.71 71.78 475 93.92 55.35 95.92
TABLE l11l. PERFORMANCE BASED WD-LBP FEATURE
Number of WD-LBP REFERENCES

writers

10 90%

25 88%

50 86%

75 85.33%
100 83%
150 78%
200 73.5%
250 71.6%

280 70.35%
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