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Abstract: worked on Handwritten Urdu characters by applyin

This paper present handwritten Urdu Characterd'ﬁcerent techniques, but very less work has bee

recognition technique based on Zernike invariamd a performed on Handwritten Urdu numerals. .SO’ thi
SVM as classifier. Automatic recognition of Handteri research work has been conducted on Handwritten Ur
Urdu numerals based on Zernike Moments Invariarfi‘umeral'
(MI) features and SVM classifier is described. The Recognition of Handwritten Urdu Numerals/
hybrid approach of Zernike moment invariants hasrbe Characters is a complicated task due to the un@onst
adopted for feature extraction. The technique ishape variations, different writing style and diéfet
independent of basic transformation and othekinds of noise. Also, handwriting depends much o t
variations in handwritten numerals.. Thus, overal  writer and because we do not always write the sdigie
features corresponding to each numeral proceed fan exactly the same way, building a general recioammi
classification using Support Vector Machine (SVMpystem that would recognize any digit with gooc
classifier. The success rate of the method is faarimk  reliability in every application is not possibl& lecent
96.29%. time, specialists have made use of different tegples
such as Modified Discrimination Function (MQDF) ,
Multilayer Perceptron (MLP), Principal Component
Analysis (PCA) , K-Nearest Neighbor , Wavelet-base
multi resolution , Quadratic classifier have beeplied
to solve this problem. These recognition systengs a
produces the recognition rate between 89% and 98.04
l. INTRODUCTION: To achieve these accuracies the researchers usedsva
Handwritten recognition has always been Jeature extraction techniques ql_so.They considarge
challenging task in pattern recognition. Many syste number of features for recognition.
and classification algorithms have been proposdten A common task in Machine Learning is to
past years on handwritten character/numeral reiogni classify the data using training and testing. Suppc
in various languages like English, Persian, Arabian/ector Machine (SVM) is one of the better classifie
Devanagari and, Urdu scripts also. Researcherbé@tl among all Machine Learning algorithms for patterr

Keywords: SVM, Zernike Feature Extraction,
Recognition Rate, Moment Invariants, Handwritten
Urdu, Character Recognition, Zernike MI's Feature
Extraction, Vector Machine Classifier, Zernike
Moments Invariant
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recognition. So, linear SVM is chosen as classifoer Handwritten Numeral Recognition system
getting the better recognition rate in our reseavonk typically involved two steps: feature extractionnhich
for classification. In order to provide a basis forthe patterns are represented by a set of featurés :
classification SVM implicitly map the training dateto  classification in which decision rules for separgti
high dimensional feature space. Hyper plane is thgrattern classes are defined. Recognition of Hartthmri
constructed in this feature space which maximibes t Urdu Numerals is a complicated task due to th
margining of separation between the plane and thoseconstrained shape variations, different writitiges
points lying near to it. The plane so constructd then and different kinds of noise that break the stroke
be used as a basis for classifying vector of uagetype. primitives in the character or change their topglog

In recent time, specialists have made use of Il. URDU SCRIPT
different types of tools for feature extraction. féw
reports include on fuzzy features, Hu’'s invariant
moment features. However, different suggested
approaches on recognition of Urdu Handwritte
numerals have not yet been achieved satisfactaoess
rate. In numeral recognition problem, the desaipti
phase plays a fundamental role, since it defineséh of

In India there are twelve scripts and Urdu is ohée
?Jopular Indian scripts. Here we describe some ptigse
of the Urdu script that are useful for building tBE€R
rEystem. The modern Urdu alphabet consists of 3@ ba
characters. These characters are shown in Figdu Ur
has 10 numerals and the numerals are shown in.Fig
Like other Indian scripts in Urdu also two or more

Properties which are considered essential fartharacters may combine and create a complex she
characterizing the pattern. Moments & function ofcalled compoundcharacters As a result, the total
moments have been utilized as pattern featurenmbeu number of characters to be recognized is very larg
of application. Hu first introduced Zernike momentThus, OCR development for Urdu is more difficulath
invariants in 1961, based on the theory of algebraiany European language script having a smaller numk
invariants. Using non-linear combinations of gearoet of characters.
moments, a set of moment invariants has been dgrive

thes_e moments are invariz_:lnt under image translation b) j )/ Lhe L W
scaling, rotation & reflection. A number of papers il L R SR
describing application of invariant moment withtitpes dot L sbf Ui/ J

7 ¥ 2B ¥ B R A 2 15

0 19 18 17 16

(e.g. complex moments, rotational moments, hu’s
moments, Legendre moments etc) have been published.
Few reports are on comparative study of Fourier

& $roosdrusS
n B3 WBIHHB R nx 1

Descriptors and Zernike Moment Invariants (MIs)eyh Figure 1: Urdu Characters

showed comparatively better results with Mis. A

comparison is also made in with affine moment TacdalMrrile
invariants [AMI]. A. G. Mamistvalov presented the _ R

proof of generalized fundamental theorem of moment Figure2: Urdu Numerals
invariants for n-dimensional pattern recognitior. s M. SYSTEM METHODOLOGY

formulated correct fundamental theorem of Moment

Invariants. Using these moments, the concethﬁI
mathematical theory of recognition of geometriaifigs, a
solids and their n-dimensional generalization isked
out.

Identifying correct features is major part in
ndwriting recognition system. Feature extraction
essential for efficient data representation andddher
processing. Also, high recognition performance lban
obtained by selecting suitable feature extractiethwod.
Computational complexity of a classification prahle
can also be reduced if suitable features are select
Features vary from one script to another script tued

HANDWRITTEN URDU CHARACTER RECOGNITION USING ZERNIKE MI’S FEATURE EXTRACTION AND SUPPORT
Page |1085 MACHINE CLASSIFIER Devendra Singh Kaushal, Yunus Khan & Dr. Sunita Varma



Int -

.

7

é\é International Journal of Research (IJR) Vol-1, Issue-7, August 2014 ISSN 2348-6848
<—TJR

method that gives better result for a particulatipsc the unit disc (x2+y2) _ 1.They are expressed asTAvo

cannot be applied for other scripts. Also, therenas dimensional Zernike moments:

standard method for computing features of a sdtiji. m+1 )

worth to note that features must vary to a reasenabmn = — / / f(z,y)[Vimn(z,y)]"dz dy

extent and must be available in different userssive her ’_ L'y 1o

handwriting. Also, these features should be meateira e R .

through algorithms.

(zi + h,y; + k)
(1)

:Envtarla;nts ISIn?h 'g‘ﬁ'%e thMomﬁlm q Invanagt F%até‘re_" ositive or negative) depicting the angular depende
xtraction Viethod. both methods are described 13 gtation, subject to the conditions:

literature work.+

ZERNIKE MOMENT BASED FEATURE
EXTRACTION m [ jnj = even; jnj _ m (2) and A_mn = Amn is true.
Zernike moments are complex number by which afhe Zernike polynomials [20] Vmn(x; y)Vmn(x; Y)
image is mapped on to a set of two-dimensional ¢exnp Zernike polynomial expressed in polar

Zernike polynomials. The magnitude of Zernikecoordinates are:

moments is used as a rotation invariant feature t. . , | \ ; .
represent a character image patterns. Zernike msmer Vinn (1, 0) = R (r)exp(jnb) ()

are a class of orthogonal moments and have beewnsho\/mn(r; ) = Rmn(nexp(jn_) (3) where (r; ) are idefl
effective in terms of image representation. Theyer the unit disc, j =p1 and Rmn(r) and is the

orthogonal property of Zernike polynomials enalifes  orthogonal radial polynomial, defined as Rmn(r
contribution of each moment to be unique angyihogonal radial polynomial:

independent of information in an image. A Zernike .

moment does the mapping of an image onto a set =

complex Zernike polynomials. These Zernikef,..(7) = Z (—1)° F(m,n,s,r) (4)
polynomials are orthogonal to each other and hav s=0

characteristics to represent data with no redundand Where:

able to handle overlapping of information betweka t (m —s)!
moments . Due to these characteristics, Zernikeenten £ (77 5:7) =  Vmitln N g .

have been utilized as feature sets in applicasoich as o ( 2 ’ ) ( 2 '“)‘ _
pattern recognition and content-based image wetrie ©)
These specific aspects and properties of Zernikmeno Where Rmn(r) = Rmyn(r) and it must be noted that if
are supposed to found to extract the features #te conditionsin Eq.2 are not met, then Rmn(@) ¥he
compound handwritten characters. Teague + hdaist six orthogonal radial polynomials are:

introduced the use of Zernike moments to overcdree t Row(r)=1 Ru(r)=r

shortcomings of information redundancy due tc Roc(r) — 972 — 1 Ro(r) — 72

geometric moments. 20(r) = 2r" — 22(r) =1

The Zernike moment were first proposed in 1934 by~ Rai(r) = 3r° —2r  Rgy(r) =1° (6)
Zernike. Their moment formulat_ion appears to b_emfne_SO for a discrete image, if Pxy is the current ptken
the most popular, outperforming the alternatives (igqy

terms of noise resilience, information redundanoy a

reconstruction capability). Complex Zernike moments

are constructed using a set of complex polynomials

which form a complete orthogonal basis set defioed

m — |n| = even, |n| < m (2)

m—2s
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(m + 1) ) . 14 more features are extracted from thinned image
Amn = - ZZPW [Vinn (z,9)] well as Blur Invariants of the same numeral usin
Ty Moment Invariant method.

yhere 2 2 1
where "4y =1 () IV SUPPOT VECTOR MACHINE
To calculate the Zernike moments, the image (doreg c| ASSIFIER

of interest) is first mapped to the unit disc uspaar o . _

coordinates, where the centre of the image is tigno The objective of recognition is to interpret a
of the unit disc. Those pixels falling outside tiet disc ~ S€quence of numerals taken from the test set. Amy n
are not used in the calculation. The coordinatesteen Numeral that is to be recognized is preprocesssd fi

described by the length of the vector from theiorig ~ Features extracted from this numeral are sent ¢o t
the coordinate point, r, and the angle from theiz & Classifier. An SVM is basically defined for two-sta

the vector rir Polar co-ordinate radius, . Palar Problem and it finds the optimal hyper-plane whict
ordinate angle, by convention measured from thEaximizes the distance, the margin, between theeaea
positive x axis in a counter clockwise directiorheT €Xamples of both classes, named support vectors)(S\V

mapping from Cartesian to polar coordinates is: The SVM (binary classifier) is applied to multickas
numeral recognition problem by using one-versus-re

type method. The problem now is a 10-class proble
with 10 equal to the number of segments in totake T
. SVM is trained with the training samples using éne

r=vz2+y? 6=tan"’ (7) (9) kernel.

r=rcosfl y=rsinf (8)

Classifier performs its function in two phases

After performing preprocessing on each imageTralnlng and Testing. After preprocessing and Featu

each image is ready for extracting features. | xtraction process, Tra‘r?‘”g Is performed_ by coesity
preprocessing, each image is binarized. This laadri the feature vectors Wh'.ch are stored in the form (
image is complemented and we get image having Whi[gatrlces. Result of training is used for testing th
color numeral. From each complemented 8 features rpéjmerals

extracted using Zernike Moment Invariant methocoAl

The sample image of Urdu numeral is given as inpupin Zernike Moment Invariant technique, Hu’'s
Support vector machine is primarily the classifiednvariants and Blur Moment Invariant technique gli
method that performs classification task by comding features from complemented image and eight featur
hyper plane in multidimensional space that separafeom thinned image were computed. So, total 16fest
cases of different class labels. To construct ogitimwere extracted using Zernike Moment Invariant métho
hyper plane, SVM employs an iterative trainingSix more features from thinned image are extragséug
algorithm, which is use to minimize an error fuonati  Affine Moment Invariant technique and added witk th
The support vector machine classifier is optimizarg 16 features. Hence, total 22 features are extreobea
error function that minimizes the misclassificatmmthe each image. After executing SVM Training anc
training set. Input images of each digit have 2d@gles. Recognition program following results were obtained

The overall recognition rate is 96.29%. The aldnifor By combining the result of all three datasets, ne

recognition phase is as given below. system provides 96.29% recognition rate. Overa

V. RESULT ANALYSIS Recognition rate obtained from 2100 samples of Urd
numerals is depictedbtained recognition rate in this
esearch work is found to be higher than all othe
echniques. While Support Vector Machine perform

A result of Phase Il was satisfactory but still |
found scope of improvement in the program. So, €ha
[l was come into existence. In this phase, | deditb
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training on datasets, these feature vectors araat&tl accomplished through this program. Proposed syste
and stored in matrix form which is also called estfire reduces the manual work of dataset preparatiors Tt
matrix. The performance using linear SVM classtima system provides better dataset with clean images
method rate is presented in table 1. using automated process. This methodology provid

VI.CONCLUSION AND FUTURE WORK more efficient and accurate results than any othi
' existing systems.

This research work deals with the recognition of
Handwritten Urdu numeral by applying Support Vecto
Machine techniques of Machine Learning approac
Proposed methodology is implemented a program f
preparation of database. So, we no need to cre . : . ) ) .
database manually which required more efforts tha olynomial Kernel functlc_)n, Sigmoidal functpr], ghi
automated system. This automated program is nameday coracy c_)f Urdu Handwritten numeral recognition ca
Automated Numeral Extraction and Segmentatiott?e further increased.

Program (ANESP). Some part of preprocessing is

As a part of future work, recognition rate need t
e tested by increasing datasets. This work imphsne
ipear kernel function of SVM. By application ofhatr
%rnel functions such as Radial Basis Function (RBF

Recognize{ Recognit [5] Husain S.A. and Amin S.H. (2002) International
Dataset Total sampl| samples | n Rate (9 Multi Topic IEEE INMIC.
[6] Nain N., Laxmi V., Bhadviya B. (2007) 3rd
DATASET 1 | 800 718 89.75% International IEEE Conference, 821- 825
[7] Syed Afaq Hussain and Syed Hassan Amin (200
DATASET 2 | 700 694 99.14% Interna-tional Multi Topic IEEE INMIC.
[8] Zahra A. Shah and Farah Saleem (2002
DATASET 3| 600 600 100.00% International Multi Topic IEEE INMIC.
[9] Liana M. Lorigo, Venugopal Govindaraju (2006)
Aver age Recognition Rate (%) 96.29% IEEE Trans. Pattern Anal. Mach. Intell. 28(5), 7124.
Table 1 [10] Maged Mohamed Fahmy and Maged Mohame

(2001) Stud-ies in Informatics and Control, 10(2).
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