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Abstract: An efficient structural approach for recogmzing Hindi digits drawn by the mouse 1s proposed. Our
Mouse Gesture Hindi Digit (MGHD) system 1s designed and tested successfully. Owr system deals with
representation of shape based on a new boundary Freeman Chain Code (FCC) with eight connectivity and then
use templates to recognize the Hindi digit. Freeman chain code techniques are widely used to represent an
object because they preserve information such as detecting corners, straight lines. The FCC algorithm has been
used to produce vector chain code that represented a thinned binary image of the Hindi digit object. In this
paper FCC has been modified to extract the boundary of the shape and specify an area of the object were it has
been drawn in an image as first check, then matching the result of the recognizer with the result of matching
templates as a second check for improving accuracy of the recognition. The proposed method 1s tested on a
sample of 1350 digits written by 27 different writers selected from different ages, genders and jobs, each one
wrote 10 digits 5 times. An experimental result shows high accuracy of about 89.5% on the sample test.
Experiments showed that this approach is flexible and can achieve high recognition rate for the shapes of the
digits represented in this study.
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INTRODUCTION

Gesture recognition has emerged as one of the most
important research areas in the field of motion-based
image processing and recognition. Latest keyboard have
been replaced by handwriting technology recognition in
a palm and pocket PDA’s, in this study, we are focusing
in developing a system to recognize Hindi digits using a
mouse device as an input device for the digits.

A mouse gesture is a way of moving the computer
mouse in a certain predefined way, which the software
recognizes as a specific command. The directions are
very important, so the system 1s traced to recogmize the
gestures movements {left, right, top, down...}, Mouse
gestures are used to provide quick access to common
functions of a computer application.

Mouse device can be useful to recognize Hindi digits
via capturing the cursor movements that has been used in
drawing the Hindi digit. When the user starts drawing the
digit the system starts firing an events which they had
been specified to interact with a mouse device such as
{mouse move, mouse leave,... etc.} until he picked up his
finger from the mouse left button then the system start
manipulating an image. Online concept refers to the
system that can be used to capture and detect the
interaction between the user and the mouse device.

East Arabs are mostly used Hindi digits in their
writing. The first column in Table 1 shows an ideal sample
of Hindi digits drawn by the mouse. The second column
in Table 1 shows how to promounce in Arabic these
numerals and third column shows the corresponding
pronunciation in English.

Regarding to the understanding of the problem with
young children and people they preferred to use mouse
instead of a keyboard, designing a system that can be
user friendly very simple to use and flexible enough to use
according to the user knowledge and conditions well be
helpful. In another way, GUI must be simple were a user
must not feel uncomfortable when using it. Some technical
requirements should be taken into consideration such as
recognizing a Hindi digit as quickly as possible and have
high degree to mput recogmzing (availability).

Table 1: Hindi digit drawn by a mouse

No. shape Arabic No. English No.
. Sefr Zero

\ Wahad One

X Ethnan Two

v Thalatha Three
|2 Arbaa Four

o Khamsa Five

1 Seta Six

\ Sabaa Seven
A Thmarnya Eight
5 Tesaa Nine

Corresponding Author: Nidal F. Shilbayeh, Faculty of Information Technology, Middle East University for Graduate Studies,
P.O. Box 42, Postal Code 11610, Amman, Jordan
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Arabic digit recognition attracted many researchers
(Decong et al., 2007, Cakmacov, 2002), but Hindi digits
recognition has been started recently. Researchers in
this field have proposed different approaches, such
as statistical, structural, Hidden Markov meoedel
(Eickeler et al., 1998; Yang and Yangsheng, 1994) and
neural network approaches (Shilbayeh and Iskandaram,
2005; Subri et al., 2006). The main primitives that form
digits are lines and corners. Different arrangements of
these primitives form different digits. To recognize a digit,
we should determine the structural relation and the
connectivity between these digits. The syntactic and
structural approach requires efficient extraction of these
primitives (Alon et al., 2005).

In this study, we proposed an efficient structural
approach for recogmzing Hmndi digits drawn by the
mouse. The proposed approach shows an efficient way
for extracting the boundary of the shape and specify
the area of the recogmtion digit were it has been drawn in
an image then use matching template to recognize the
digit.

SYSTEM OVERVIEW

The MGHD recognition system is constructed
around the modular architecture of preprocessing, feature
extraction and digit recognition. Mainly the modeling of
the system focuses on two concepts: testing, a model 1s
constructed from the digits drawn by a mouse and
recognizing a Hmdi digit by applymg the modified
Freeman Chain Code algorithm then displaying the
recognized Hindi digit. Figure 1 shows the main steps in
developing a mouse recognition system.

This section presents a general framework for MGHD
recognition system. The proposed system is divided into
the following main phases:-

*  Drawing Hindi digit: A user draw a Hindi digit nside
a special toolbox (window) using the mouse. Then
the pixels representing the Hindi digit are saved ona
file (Adrien et al., 2007)

*  Preprocessing: The objectives of this stage 15 to
prepare and clean the mmage to be more concise
representation for feature extraction stage doing
operations such as filtering, convert to gray image
and normalization

extractions: Done after the preprocess

stage is completed. The objective of this stage is

generating information that will subsequently feed to

+  Feature

the classifier in order to classify the image. FCC with
8-connectivity has been used to extract feature

Mouse Input Hindi
gesture digit
Preprocessing

Fig. 1: The mouse recogmition system architecture

+ Digit recognition: Our recognition system is a
double check recognition system. In the first check,
FCC 1s used to provide mformation about the object
such as comers, straight lines and area of the object.
In the second check, the object is matched with
templates to increase the recogmtion rate

»  Display a recognized digit: Display the recogmzed
Hindi digit

Drawing Hindi digit: The mterface of the MGHD
recognition system 1s designed using C# The user can
draw the Hindi digit inside [250%250] pixels window
starting from the red point and following the limitation
shown mn Table 2. The possible begimnning of a gesture 15
recorded by pressing the left buttonn From that moment,
until the release of the button, each change in location of
the curser 1s registered and added to a vector of a pomt.
The order of the points in vectors defines directions. The
vector of registered pomts 1s called the raw data of the
image.

As each vector of raw data has practically a different
length. The vector must be transformed to gray level and
then passed to Matlab tool to start the next stage.

An example of the result of stage 1 in the MGHD
recognition system is shown in Fig. 2. Figure 2a shows
how to draw seta 6 (six) starting from the red point
existed almost m the middle of the window and then
the drawn number converted into gray level as shown in
Fig. 2b.

Preprocessing: The objective of the stage 1s to prepare
and clean the image to a more concise representation prior
extracting features in the next step. The preprocessing
attempts to eliminate some variability related to the writing
process and that are very sigmficant under the point of
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Tabk 2: Limitation of draaring Hikdi digits

Litnitatioe of dravig Hindi digit shape

Hao. Drescription Ha. D siriptiom
4] Sityzle press abwwost atthe red point 1 Morber Bharrea 5 chould be drawr as a thg. e
shonam i Fig. 2.
! Q
L3} Himrber waded_1 shouldbe dravwm ot ates four warithoa ) Hinnber ceta 6 shonld be drawm at ates four arith a

fress atthe red poit avd mowres doam as shonarn i Fig b

el Hinrber Bibman_ 2 chonld be at are s fhres by 4 precs at
the Ted podd ad roree s back faoarard at same e and
thet rmomres donar 4 shonam in Fig. .

[d) Minrber thalstha 3 shonald be at ates three 3 1cer mooist
be copcem abongt the gaps bebans anhe aders (grvdersither
chunald be af the same Tie and then mwone s donem frorm the

'" thirdhead as shomm ko Fig. d.

it Minrber atte 4 shonald be drowm b press atthe red point
thet remres back writh arele and thenmones e dhonam,

Fig.f.

fress it thered pokit andmoves straight forarard
iright) and thenrmomres dovam 1 shoam i Fig. b

i1 Himrber caba T shonldbe dramm at aves thoee arih a
fress it the red pokit andmovres doam andoap as
shonam i Fig. i

j1 Hinnher thanargra 8 shonld be drawr, ot area bamo or
one, with g press at the re dpodet ad mowe s ap and
K donam s shonam 1 Fig. j.
23] Hinrber tesza_ 9 choald be drawm at sres oke of tor,

warith 4 press at the red poit and maome < back (ki) then
up shdmonres dow as shova b Fig k.

Q‘

-

Fig. 2: (&) color image that drawn by a vser (W) gray
image tothe same image

the +wew of the recogmition (Subd of o, 2006
Preprocessing operations are as fillowrs:

»  Filtering the image: Eliminate the toiges and to
remrove the borders of the image itself due to different
reasons such as bad drawing means that the user do
fuct started drawing the Hind digit shape exactly from
the red point

*  Binarizatien: Cotrverting the gray image indo binaty
image. The importance of this hinarization is then
sitiply a matter of choosing threshold walues [0,0]

*  Dilating the image: Adds pixelsto the boundaries of
ohjects it animage

*  Normalization: 3ince the dze and the length of Hindi
digit shape iz variable [ts normalizationis oftenused
to space out digits to a uniform size

*  Classification: Active cortowr method has been
uszed to detect the digt border. The importance of
detecting the digit inside the image iz tracking the
boundary of the olyject

Active contour tethod iz used in this system which
is khown as the Freeman chain code of the digt border
(Zahit atid Dho, 20087, In this method chain code stores
the absolute position of the first pixel and the relative
positions of successive pixels along the digit border after
eliminating all small reglons (image border) that can be
seert as a noise. Then remove all the entire pixels inside
the boundary of the digit object. This method has
thining al gorithim whereas the contour approach avoids
these problems since no shape information is lost
(Teredesai ef al., 2002,

Active contour in Hindi digit: Active cortour Snake isa

methodology based on the use of deformable comtows,
which adapt its border to the diverse shapes of the
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objects in the images. The resdts are wery cotuditi onal by
the selection of the irdtial postion of the cortour
(Fhlbayeh [skandarand, 2005, B oundary detectionis one
in which the contours of the digit images are detected.
Ay standard edge detection algorittun can be used for
thiz purpose. Bt for the sake of acouracy, cortour
detecti o by point processing is undertaken

Actiwe cortowr  provides a  flexible tracking
mechanism. & snake is developed by Eass ef al. (1958)
patametrically defined as:

Vi =08, YD

where, Z05) and Y& are x, v coordinates along the
contor and srepresents path length with wadues in [0, 1]
(itn another words arc-length of the borded) (Chuan and
Shdwy, 1998, Pons ef ol., 2008).

The energy function to be mirmized is a weighted
aum of internal and external forces, which can be written
asinEg | andd.

Fpae = J(Eo, (370 + E,p (31005 1

Internal energy function is needed to mowe onto the
object border az shown by Eg. 2

E = (w8l + Blsiv, () )]

where, Vg 8) iz the first derivative with respect to s and
W sgd) iz the second derivative with respect to 5. The first
tertr is treated as elastic energy shown in Fig 3, which
causes the snake to shrink like an elastic rubber band.
Weight a8 allows us to control elastic energy along
different parts of the contowr. The second term is bending
ener gy, which is defined as the sum of squared curvature
of the contow. Bending energy makes the snake to
behave like a thin metal strip and iz responsible for
smooothriess of the comtowr. Weight B8 plays a similar
role as el §).

Image (External) fuanction, the image energy is derived
from the image data ower which the snake lies This
energy Punctional attracts snake to saliert features in
images such as lines and edges. For line drawing objects,
image energy can be definedasinEg 3

Frge=-lix % (3

Thiz drives the snake to move towards regions with
high irfensity. The image energy for objects with
homiogeneous reglons ith age energy can be defined asin
Eqg. 4 if we want snake to be attracted to edges

iE

Fioal eorve xfter
(e Inith] oorve
shrinkiug 1o be
Hiy oo olliyae

Fig 3: Elastic energy

Fig 4: Binaty image (runber Tessa “07) generated by
MGHD

=~ & 10 % (4

&g a matter of fact the key point of the active
cotitonr lies in the definition of the image enegy. In
theoty, the image energy can be formulated in angy form
and derived from any image properties as long as the
mirdmun of snake energy corresponds to desired image
propetties.

For example, consider a digt inage with a black
background and a white foreground as shown in Fig 4.
The detection procedure encompasses a horizonta
scatming techidgue. Every pixel of the Hind digt image
ig scarmed horizontally. IF the pixel under considerationis
white, then the colors of its 8 connected pixes are taken
irto accownt as shown inFig 5 (edge with a Wlue color of
manher tessa 9.

Feature extraction: Feature extraction plays one of the
most important roles in any recognition system. It refers
to a kind of image analysis, where it focuses on basic
ditections, with awide range of applicationsin mind, such
as medical imagng, remote sensing character and digit
recognition. Featres (image infortm o) are fed to a digit
recognition stage in order to classify the possible Hind
digit.

The importance of inform ation in the LMGHD system
isthe shape and the size of an object within the im age. For
exattiple, the shape of the obiect is of the major importance
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Fig &5 Contox object of menber Tessa “97 detected by
LGHD

B-diroction: PHGS655I52 1200

Fig é: (a) Freeman 2-direction chain code (b)) generated
code by running through the boundaries

in the sgtomatic digt recogrition i Optimal Digit
Recognition (ODE) system. Although, there are ODR
systetn s already employring o familiat teglonal featares,
whete i a large class of techsd ques that use the shape
inform dion residing in the bowdaty curve of the digit.
The recognition of the digit must be insensitive to its
position, size and orientation

From the previous section the image in Fig 4 is the
remdt of the binarization phase, it wiich all gray levels of
the digit region below a certain threshold become 0 and
all abowe the threshold become 1 and the image in Fig 5
(the ohject in blue colo’) show s the boundaries tracked by
the corntouting algorithun.

Freeman Chain Code (FOC) algorithm has been used
for getting featir es irformation from the image boundaries
(Mongkolnan efal., 2007, Zahir and Dho, 2008).

Chain codes: Chain coding is one of the most widely
used tectrdgues for bowndary shape description and
repr e serntation; the bowadary curve 18 approximated wia a
sequence of connected straight line of preselected
ditection and length. Every line is coded with a specific
coding rounber dependitng on its drection as shown in
Fig. &ia These directions are munbered form 0 to 7. The
redpointis considered asthe starting point in o system.
Figure &b showrs the sequence of chain codes obtained by
g along the boundaries in clockarise direction The
disadvartage of this description is that the resulting chain

Fig 7:Gtarting point

[7la]efo]of1a]a)z[a] 1 [a[3]«]4]s]s]5]s] s]5]s]e]

Fig &:Vector generated by FCOO algorithim for mamber
Tesza ™07

[710 [ 1 [2[1]s[4]s]4]

Fig O Bimplifyring the outpd of a FOC for mamber
Tesza “97

codes are usually long atd at the satve titte very sensitive
to the presence of noise.

Representing a position of point according to the
eight nied ghibors pixelsis an aray of the codingmanber of
the direction of the line that cormected boundary pixels
(x, w0, (x4, w1 were (x, 7)) represent the current pix el
atd next pixel is(x+l, 71, sweeping the boundary in
clockwise direction. The importance of this feature
extraction staze iz that the acowacy of recognition
depends  on  the information passed from  this
preprocessitng stage to the classifier (recogrizer). The
extracted featires are repeserted as a secquence of 3
tuples Cx, ¥, g0 where (0, ) are the coordinates of the
pixel and p is the binay menber that represents the line
drawn inthe image according tothe ange theta (6.

Freeman chain code has a severa limitation used to
represert the bouwndaries such as cormected sequence of
straight lines of specified length and direction Also, it
depends on the starting point that is usually represented
by & secuerice of divect on roymbers (Subed ef &, 200687 If
the chan code iz wused for matching it must be
independert of the choice of the first border pix el inthe
sequenice. One possibility for normalizing the chain code
isto find the picel in the border sequence which resdts in
the mindmun irdeger ounber if the description chain is
irterpreted as a base fowr mamber. That pix el is then used
as the starting pivel A mod 4 or mod & differences are
called a chain code deriwvative.

A example of using FOC with B-conneclivityin our
MGHD system is shown in Fig £ as a resit of drawing
munbet tessa 797 as shown in Fig 7. Then our MGHD
ayatetn well simplifies the directi one of the list, Jimplifying
cotwi sts of finding consecutive movemerts in the same
ditectiony arud joining them in one direction Figure 9
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Pasg image

| Receive binary image |

'

Find the start point for starting
the trace from. And specify that
you have 8 directions. Initiate
that Flag is true

v

Find the mid point and store
in Xmid, Ymid

v
Output to recognizer stage

T
T = Initialize a zero matrix to
contain the chain code lately

y

Specify the first direction for
the first next neighbour pixel

Determine the current direction
and hold it in matrix T

I+

No HI>7

Yes

\ 4
Determine the direction for the
next pixel and hold the direction
in dir (direction). By checking the
8 pixels around the current one
(8 connectivity)

Fig. 10: Modified freeman chain code algorithm

shows the simplified FCC for number tessa "9". Figure 10
shows the Modified Freeman Chain code Algorithm used
in our MGHD.

Distinguishing ambiguous digits: There are multiple
Hindi digits that have the same number of corers and
straight lines, these Hindi numbers

¢+ Ethnan 72” and seta 767
»  Saba 7" and thamanya "8”

Using FCC algorithm reduces the detection rate of
owr system. To solve this ambiguity we add more
constraints on these digits by drawing the digits in a
special area. The drawing window is divided into four
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Arca ] Amal

Ama 3 Arem d

Fig. 11: Image subdivided irdo ot eas

1:1-__' L —~F
Arca 4

Aroa 1

A

Fig 13: Determititig area in MGHD

ateas {Areal, Aread Aread and Aresd) as shown in
Fig.11.

So, o MGHD gystem can distingoish  these
ambiguous Hind digits by checking the area of the drawn
digit as shown in Fig 12 and then apply the digit
tettplates in these areas.

Digit recognition stage: Recognizer Stage is the last and
itmpottart stage for recogrizing the Hindi digit. MGHD
gives awelght for each Hindi digit. However, each Hindi
digit has a different weight at a different size of a mam ber
shape. Hindi digit weight is the munber of corners plus
the muvbher of straight lines. Asaune that O represents
the nher of cotners and 31 represents the munber of
straightlines. Then Hindi digitweight is given by Eg. 5.

Weight=C +5L (5)

Dirawtn area that has been described in previous
section helps the system for recognizing s Hindi digit and
inereases the detection rate for the ambignous digits
MGHD usze the Hindi templates shown in Fig 13 to

Temip lates

e
Moy |

r—
| Wt}

>l

[

-]:

Fig 13: Templates

iderdifir the Hindi digits by matching these templates with
the drawn Hindi digit. & set of templates (patterns) has
beennused in the MOHD to make the best possitle match
atid a sort of reducing the rejected rates. These templates
ate certain objects forming Hindi digits in a certain place
inow MGHD systemm.

The flowchart is shown in Fig. 14 shows the steps
followed in o MGHD system to recogize each Hind
digit according to the previous discussion. Once our
MGHD gystem can determine the results from FCOC,| the
templates can easily recogrdze Hind digit and displaythe
digit at the screen.

IMPLEMENTATION AND RESULTS

Dyawing a Hindi digt is the most important
techd gque. A user should start drawinga Hindi digit from
the red circle. Drawing the digit needs to stick with the
drawritg imitation is shown it Table 2 to get the highest
A0 CLEACT.

The MGHD recogrd tionn system well capture the
drawrs image [250x%250] size then pass the grayimage to
Ilatlab tool as a matrix. Then preprocessing stage will
start naming by doing the preprocessing operations
filteritg,  hitarization, dilation, normalization  and
cotitouring. Filtration done by removngthe border of the
immage atl the amall objects if exists After that, LIGHD
recognitionwill cotrrertthe gray image into binayimage.
then Dilation stepwill start ex ecuting after the binarvization
were done; dilating the im age is necessary for fixing the
Hindi digit border by adding 2 *17 walue to the near pix el
that do not contain *17. After dilatioh were done,
normalizaion isimportant for determiningthe size of the
ohject and cortoaring for tracking the border. An example
of the resulted birnary matrir for mamber thalatha ™37 is
showninFig 15
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Fig 15 Binary moatrix for mamber thalaths ™37
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wron. e Solervwired?

>
Teamp No. = Rooognives] Hindi digit sf bewp No.

Feature extraction fire after the preprocessing stage
is done. Feature extraction will execute the mateix that is
received form preprocessing stage by applying the FCC
algorifhen for tracking the border of the ohject. FCC
al gorithan uszed to generate a VOO, corners, straight lines
atid the atea as showninFig 16a of the object. Figure 16h
showsthe VOO generated by MGHD recognition system.

The first step of the construction of the chain code is
to extract the bhoundsvies of the image Chaihs can
represent the boundaries or contowrs of aty Hindi digit.
Chain code represents closed boundaries. Extracting the
cortour depends on the comnectivity. In this  study we
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Time

Start af Tirme(Saf]

End OF Time(E of]

Total Time[MM:55]

Drezcription for the curent indian digit

Corner Tokal Number[CTH)

Straight Line Total Number[STM]

Area

Fig 16 VCC generated by MGHD recognition system

Table 3: Nutaber of cornets and lines for Hindi dizits

Total Mo, Total Ho. of Time needed
Mo, of cotnets shaizht lines fior process [z
Seft 0 K| 0 40,00
Wahad | 8 4 3981
Ethnan_2 8 6 41.00
Thalatha 3 15 10 40,16
biba 4 13 8 40,00
Khamsa 5 5 5 4548
Seta_8 B 8 41.43
Sabaa 7 12 B 40,68
Thatnanya & 12 B an.15
Tesm 9 12 9 40,39

use the FOC with B-connectivity algonthm and a [3x%3]
area of pixels. The MGHD recognition system generates
areal output of the WCC and then simplifying the WV CC

Applying the modified chain code 15 wvery useful for
detecting number of corners, straight lines and specifies
the drawing area. Table 3 shows the total number of
corners, straight lines and processing time needed to
recognize each Hindi digits.

DISCUSSION

MMouse gesture hindi digit has been designed for
classifying the Hindi digit. The system works in virtual
mouse position and action are interestingly controlled by
mouse to save some expenses. Technically MGHD has
been designed and developed on different platform by
using first Microsoft visual c# 2005 software as a side of
generating a powetful GUT and Matl ab software as a side
for handling and manipulating the image.

The trains set were filled by 27 wrters selected from
different ages, genders and jobs. Each one of them had

P sl

3

Bota 6
Soban 7
Tesan 9

it

Hindl No.

]

Fig. 17 Eecognition accuracy chart

é

Table 4: Becognition accuracy testing resulis

Hindi Mo, Lo uracy ()
Sefr 0 97.50
Wahad | B6.3636
Ethnan 2 B2 6364
Thalatha 3 B24615
Lisbaa 4 923077
Khatnsa 5 90.20
Sefa & BE.5T14
Sabaa_7 9428 57
Thimanya 8 E7.50
Tesaa 9 10787

drawn the numbers 5 times. Zo, for each number the
program attempts to recogmze 1t 135 times. As results,
there 15 only one possible cutcome. The testing accuracy
resulted from the WMGHD recognition system for all Hind
digits are summarized in Table 4. From The recognition
accuracy chart shown 1n Fig 17, the ability of the system
to recognize the drawn Hindi digits correctly iz about
29 46%.
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The MGHD proposed recognition system is mouse-
based recognition system. Mouse is the most difficult
hand written tool and used by many people especially the
children and the handicapped. The proposed system use
a simple structural approach in comparison with other
complicated approaches used by many authors in the
literature such as SVM, HMM and MLP Neural network.
The MGHD system not only gives more advantage in
performance when recognizing a digit but also recognition
rate above 89.5% on average. The training in MGHD is
not an essential part in comparisons with other
approaches such as SVM, HMM and MLP neural
network. In addition to that, there is no rejection case in
the testing results as other systems.

The correct recogmtion percentages reported in
Javad et al (2003), Bhattacharya er al. (2002) and
Taani and Hammad (2008) are respectively 94.14, 93.025
and 95%. The reject recognition percentages reported are
respectively  (5.86%  misclassification rate), 6.975%
(1.97% rejection rate and 5.005% misclassification) and
(5% incorrect results). Tt can be noticed that the accuracy
of the proposed approach is lower than the accuracy of
reported approaches due to the following reasons:

¢+  MGHD has been tested using the mouse gesture
which is the most difficult handwritten tool

*  The writing process 1s subjective and depends on the
person writing style. So, The result could be
improved if our testing people have been trained and
carefully selected and if we exclude the small children
from the testing data

* Some of the reported results have been tested on
different numerals written by different languages and
used by different people. As example, Taami and
Hammad (2008) proposed a structural approach for
recognizing Arabic numeral. Arabic digits has been
studied and improved by many authors in
comparison with Hindi digits

»  Other appreaches 1s more complicated and needs to
be trained in comparison with our approach

Despite these factors our approach has a good
recognition rate,increase number of work done n Hindi
digits, use the most complicated handwritten tool and can
be extended to work in characters and mathematical
symbaol.

CONCLUSION
An efficient on-line structural pattern recognition

system has been designed and tested. The MGHD
recognition system deals with representation of shape

based on a new boundary FCC with 8-connectivity and
then use the drawing areas and templates to improve the
accuracy of the recognition. The FCC algorithm has been
used to produce vector chain code that represented a
thinned binary image of the Hindi digit object. In this
paper FCC has been modified to return the vector of chain
code with 8-conmectivity concatenating with area after
determining the object inside an image with a size [30x30].
Then the recognizer uses the weight for each Hindi digit
and the size of number shape to identify the Hindi digit.
Templates are used to fulfill this task, to improve the
accuracy results and to avoid the rejected rate. If MGHD
system has been rejected or failed to recognize the Hindi
digit for any reason, MGHD can guess the drawn Hindi
digit by area and templates.

An experimental result shows high accuracy of about
89.5% on the sample test. Experiments showed that this
approach is flexible and can achieve high recognition rate
for the shapes of the digits represented in this study.
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