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ABSTRACT

This pgper describes an enhanced neurd network-based
ssgmentation technique for improving the segmentation
process in curdve handwriting recognition. The technique
has two mgor geps Frdt, Progpective Segmentation Paints
(PSPs) are found by an Enhanced Heuridic Segmenter
(EHS). EHS locates possble ssgmentation paints based on
theligatureand globd characteridics of the handwriting. The
scond pat of the technique fuses confidence vaues
obtained from the left and centre character recognition
outputs in addition to segmentation point vaidation output.
A recently proposed fegture extraction technique (Modified
Direction Festure) was chosen for representing segmentation
points and characters to enhance the overdl segmentation
process. The proposed neurd network-based segmentation
technique is implemented and teted on a benchmark
database providing encouraging results.
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1. Introduction

The neture of cursive handwriting [1] is often such thet it
produces chdlenging tasks for an automated recognition
process. Adtive research dill continues in order to atan a
sidadtory solution for recognizing off-line  cursve
handwriting. The mativaing factors indude commercid
goplications and sdientific progress in an age-dd atificd
intelligence problem.

Offline Handwriting Recognition refers to recognisng
handwriting scripts that have been opticdly scanned and
dored in digitd forma. One of the mgor problems in
recognizing uncondrained cursve words is the process of
segmentation [2, 3]. Segmentetion in this context refers to

the process of isolating aword imageinto separate characters
It is an important gep in uncondrained handwriting
recognition. Poor segmentation contributes  heavily to
recognition errors. Some systems use the method of over-
ssgmentation to dissect the word & many intervas into
character components. Following initid over-segmentation,
various techniques may be used to correctly assemble the
primitives usng contextua processng to recognise entire
words The remova of incorrect segmentation points from
over-segmented wordsis il adifficult problem. A solution
to this problem would guarantee a higher success rate for
handwritten word recognition. A number of segmentation
techniques have been proposed intheliterature [4-6).

In this research, further enhancements to the heurigtic
ssgmenter of a neurd-based segmentation technique are
proposed. The current technique and yses the surroundings of
every suspidous segmentetion point found by the heuridic
segmenter. It incorporates a rule-based fusion component to
combine three neurd network-based confidence vaues for
verification of correct and incorrect segmentetion points|[7].

To enhance the current segmentaion technique, an
Enhanced Heuridic Segmenter (EHS) is devdoped for
obtaining better inputs for the neurd vadidation process. In
addition, arecently proposed fegture extraction technique [§]
isused for performing Segmentation Point Vdidation (SPV)
[9] and recognizing left and centre characters (LC and CC
repectively) associaed with eech ssgmentation point.
Findly, amethod for generating segmentation paths between
cursve characters is described for the purpose of enhancing
cheracter extraction.

The remainder of the paper isbroken downinto 4 sections
Section 2 describes enhancements to the neurd confidence-
based segmentation technique Section 3  provides
experimentd reauts, followed by a discusson in Section 4.
Fndly, conclusonsare drawnin Section 5.



2. Enhanced Segmentation Technique

In previous work [9], a feature-based heurigtic ssgmenter
(FHS was used to peform over-ssgmentation of
handwritten words Following this an SPV technique was
used to vdidate the Segmentation Area (SA) of eech PSP,
Further work [7] induded LC and CC vdidation in the
segmentation process. For SPV, a Densty Fedture (DF)
extraction technique was used to divide the SA into smdll
windows of equd sze and andyse the number of black
pixelsin each window [9]. For LC and CC recognition, the
Trangtion Feature (TF) extraction technique [10] was usd
for processing the charactes In this section, some
enhancements to the previous heurisic ssgmenter are
presented. The enhancementsindude anew segmenter, EHS
and the ue of a recently proposed fedure extraction
technique (MDF) for SA, LC and CC representation.

2.1 Madified Direction Feature (MDF)

Recent work has shown tha the Modified Direction
Feature (MDF) enhances the character recognition process
and outpeforms TF [8]. This work demongrated the
periority of MDF for describing paterns besed on their
contour or boundary. This prompted an invedtigation to
determine the feasibility of employing MDF for SPV, LC
and CC recognition to enhance the overdl segmentation
process Hgure 1 provides an overview of the entire
segmentetion technique.
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Fedure vedtor cregtion in MDF [§] is based on the
location of trangtions from badground to foreground pixds
in the verticd and horizontd directions of a binary image.
When a transtion is located, two velues are dored: the
Locdion d the Trangtion (LT) andthe Diredion Trangtion
(DT). An LT is cdculaed by taking the raio between the
location of the pixd where atrangtion acurs and the
digance acossthe image in a particular direction [10]. The
DT vdue a a paticular location is a0 dored. The DT is
cdculated by examining the sroke direction of an objed's
boundary as defined in Blumendein e al. [11]. Findly, a
vedor compriang the [LT, DT] vaduesin eah d the four
possbletraversd diredionsiscreded.

2.2. Enhanced Heurigtic Segmenter (EHS)

The segmentation int assgnment of the previous
sgmenter FHS [7] is basad o various handwriting
charaderigics sich as baundary, lower and upper cortour
minima, verticd dendty higogam, hdes and corfidence
assgnment. The wednessof FHS is its ability of locating
segmentation points under overlgpped srokes. Althoughthe
test words were pre-processed by dant correction, in some
words, overlgpping characters dill exiged. As such, EHS
was developed with an additiord feature, ligature detection.
A ligaure is a smdl droke thet is used to comect joined
charaders

Thedgorithm firg calculatesthe postion d the upper and
lower basdines of the word. The basdines ae usd to
separde the man body of the word with the overlapped
drokes. Following this, a modified vertica higogram that
represents the digance between the firgt and last black pixds
in each column is generated besed anthemain body. Findly,
the modfied verticd higogram is normdlized based on the
average droke width. Regions with vaues less then the
average srokewidth areidentified asli gatures.

2.3. Neural confidence calculation

231 Segmentation Point Validation (SPV)

As mentioned above, following heurigic ssgmentation it
isnecessry to dscard "incorrect” segmentation points while
preserving the "correct” points in a curdve word. This is
adieved by cdculaing a number of confidences for each
Progpective Segmentation Point (PSP) generated by the
heurigic segmenter. Three neurd networks are used for this
dep. Frgly, a neurd nework is traned with festures
extracted from SAs origindly locaed by the heuridic



dgaithm. The neurd network verifies whether each
paticular areais or is not characteridic of a ssgmentation
paint [9]. If an areais positively identified as a ssgmentation
point, the network outputs a high confidence (> 05).
Otherwise the network will output a orfidencedoseto 0.1
In this reseach, the MDF extraction tedhnique was used to
describe the ssgmentation area

232  Léft and centrecharacter dassfication

Two additiond neurd networks trained with handwritten
charaders (upper case and lower cad) ae required to
confirm the fird neurd network's output. Eadh network is
presented with aressimmediatdy centred onadjacett to each
ssgmentation point. Fusion of character and segmentation
point confidences usng MDF and a single network of 37
outpusisdetalledin[12].

24. Segmentation Path Detection (SPD)

The fird gep of extracting charaders usng SPD is to
meaure the ascenders and descenders in a word image.
Ascenders and descenders are grokes that extend above or
bdow the midde zne or man body of a handwriting
sample. Next, the man baly of theimageisequally divided
up into 4 sections, namdy sedions 1, 2, 3, and 4(SeeFgure
2). Basd onthe x-coardinate of a segmentation point, SPD
performs badward traversd. Once aforegrourd (blad)
pixd isencourtered, the sysem cheds whether the locaion
of the black pixd isbdow section 1. Theline d the bottom
of sedion 1, in Hgure 2, iscdl ed the “bes-fit” line.
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The “best-fit” line is used as a threshold postion, which
informs the agorithm whether or nat an dtermnate extraction
path shoud be detected. If the encountered black pixd is
bdow the “bes-fit” ling then this pixd, dong with dl the
continuous foreground pixels, are ignored. However, if this
bladk pixd exigs on or aove the “betfit” ling, this is
conddered to be the arting point of an overlgpping sroke.

This pixd is cdled the “turning point”. Commencing from
this turning paint, a path directed around the overlgoping
droke is explored. The dgaithm attempts to invedtigate the
right hand side of the turning pint. If it is possble to reach
the top row of the image, then the extraction path is fourd.
Otherwise, if the traversdl to the right hand sde is blocked,
thenit will go bad to the turning pant, and traverse towards
theleft hand sde. As $own in Fgure 3, bath left-hand and
right-hand segmentation paths of the daracter “t” ae
detected. Once an extraction pah is deteded, dl pixd
coardinates are gored for the purpose of charader extradion.

3. Experimental Results

3.1. Handwriting Database

For the experiments detailed in this sction, petterns for
SV ad chaacter recogrition were obtained from
hendwritten words contained in the CEDAR benchmark
datdbese [13]. Spedficdly, segmentation points and
charaders for training and testing were obtaned from
“fran/ctiesBD” and  “/ted/citiesBD”  diredories
respedively.

3.2 Neural Classfier Configuration

The dassfiers chosen for the task of SPV and character
cassficaion was a feed-forward Multi-layered Perceptron
(MLP) traned with the reslient badpropegaion (BP)
agorithm. For experimentd purposss, the achitedures were
modified varying the number of inputs outputs and hidden
units. The number of inpusto each retwork was assdated
with the sze of the fegture vector for each image. Various
vedor dmensions were investigated. The most successul
vedor configurations were of sze 80 for SPV and 120 for
charader dassficaion (usng MDF).

3.3. Segmentation Results

Table 1 shows the segmentation result comparing the
current technique [7] and the enhanced tednique using the
same et of the handwriting database with 317 test words.

Table1: Segmentation Results

Segmentation Error Rates
Over-segmented | Missd Bad
(%9 (%9 (%]
Enhanced 873 01 863
Current 7.08 233 10.86




4. Discussion of Segmentation Technique

As may be seen from Table 1, the “over-segmentation’
and “bad errors’ were reasonadly low, the “missd” error,
which is only 0.1%, is a very promisng result. The
segmentation technique was successful a discarding bed
sgmentation points as wdl as remveing “missed’
ssgmentation pants by adding them at large gaps between
paintsin words based onthe average daracter width. One of
the reasons, the 37-output neurd dassfier performed well is
that characters were extraded by the dorementioned
ssgmentation peth detection techrique. “Cleen” characters
were edier for the 37-ouput neurd dasdfier to recognize.
Although the over-segmentation rate was na very low, it is
posshletorever thisat alater post-processinggage. It may
be noted that it is quite difficult to compare the results
obtained herewith thasein theliterature & different deta sets
were used. Hence, the resultsin this research can mainly be
compared with the previous neurd-based ssgmentaion
technique[7] that usesthe same datasdt.

5. Conclusonsand FutureWork

This paper desribed an enhenced neurd  confidence
based segmentation techrique for curdve handwritten words.
The improvements focused on an enhenced fegture-based
heurigic segmentation dgarithm and the use of an MDF
extraction techrique for SPV, left character and cantre
charader dassfication. Encouraging results were oltained
thet can increase the overdl ssgmentation performance. The
use of the SPD tedhnique for cheracter extradion proved to
be successful, and hasthe patentid for enhending the process
of |eft and cantre charader extradion

In future work, the &bove mentioned enhanced
ssgmentationtechnique will betesed onalarger dataset and
MDF will be optimized for improving SPV. Findly, SPD
will beimproved to include diredion informetion.
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