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Abstract-Handwriting has continued to persist as a means of communication and recording information in day-to-day life even with 
the introduction of new technologies. Given its ubiquity in human transactions, machine recognition of handwriting has practical 
significance. as in reading handwritten notes in a PDA. in postal addresses on envelopes, in amounts in bank checks, in handwrilten 
fields in forms, etc. This ovewiew describes the nature of handwritten language, how it is transduced Into electronic data, and the basic 
concepts behind written language recognition algorithms. Both the on-line case (which pGrtainS to the availability of trajectory data 
during writing) and the off-line case (which pertains to scanned images) are considered. Algorithms for preprocessing, character and 
word recognition, and performance with practical systems are indicated. Other fields of application, like slgnature verification, wrlter 
authentification, handwriting learning tools are also considered. 

Index Terms-Handwriting recognition, on-line, off-line, written language, signature verification, cursive script, handwriting learning 
tools. writer authentificalion. 
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1 INTRODUCTION 
1.1 The Nature Of Handwriting 

ANUWRITINC is a skill that is personal to individuals. H Fundamental characteristics of handwriting are three- 
fold. It. consists of artificial graphical marks on a surface; i t s  
purpnsc is tu communicatc something; this purpose is 
achieved by virtue of thc mark‘s convcntitional relation to 
language [331. Writing is considered to hdve made possible 
much of culture and civilization. Each script has a set of 
icons, which arc known as characters or letters, that haw 
certain basic shapes. There are rulcs for combining lettcrs to 
reprcsent shapes of higher level linguistic units. For 
example, there are rules for combining the shapcs of 
individual letters so as to form cursivcly written words in 
the Latin alphabet. 

1.2 Survival of Handwriting 
Copybooks and various writing methods, like the Palmer 
method, handwriting analysis, and autograph collecting, 
arc words that coiijjure up a lost world in which pcople 
looked to handwriting as both a lesson in conformity and a 
talisman of the individual [232]. The reason that haud- 
writing persists in the age of the digital computer is the 
convenience of paper nnd pen as compared tu keyboards 
for nuinerous day-to-day situations. 

Handwriting was developed a long time ago as a means 
to expand human mcinory and to facilitate communication. 

At the bcginning of the new millennium, tcchnology has 
once agniii brought handwriting to a crossroads, Nowa- 
days, thew are numcrous ways to expand human rncmory 
as well as to facilitate crr”unication and in  this perspec- 
tive, one might ask: Will handwriting be threatened with 
extiiwtion, o r  will it entcr a period of major growth? 

Handwriting has changed tremendously nvcr timc and, 
so far, each tcchnology-push has contributed to its expan- 
sion. Thc printing press and typewriter opciieil up the 
world tu formatted documents, increasing the number of 
readers that, in him, lcarned to write and to communicate. 
Computer and commmication technologics such as word 
processors, fax machincs, and e-mail are having an impact 
on literacy and handwriting. Newer  technologies such as 
personal digital assistants ( P l M s )  and cligibal cellular 
phones will also have an impnct. 

All thcse inventions h a w  led to thc fine-tuning and 
reinterpreting of the role of handwriting and handwritten 
messages. Each time, tlic niche occupied by handwriting 
has become more clearly dcfined and popularized. As a 
gcneral tule, it seems that as the length of handwrittcn 
messages decreases, thc nu mbcr of people using Iiand- 
writing increases [165]. 

Widespread acccptance of digj tal computers see miiigly 
challenges the futurc of handwriting. However, in numer- 
ous situations, a pcn together with papcr or a sinall note- 
pad is much more convenient than o keyboard. For 
example, students in a classroom are  still not typing on a 
natcbuok computer. Thcy store languagc, cquatirms, and 
graphs with a pen. This typical paradigm has led to the 
concept o f  yen computing [1391, whew the keyboird is an 
expensive and nanetgonumic component to be replaced by 
a peiitip position sensitive surface superimposed on a 
graphic display that generatcs electronic ink. TIE Ltltiinate 
handwriting computer will have to process clectrt~liic 
handwriting in an uncotwtmined crivironmcnt, deal wilh 
many writing styles and languages, work with arbitrary 
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Fig. 1 .  {a) Off-line word. The image of the word is converted into gray-level pixels using a scanner, (b) On-line word. The 2: 1) coordinates of the 
pentip are recorded as a function of time with a digitizer 

uscr-dcfincrl alphabets, and understand any handwritten 
message by any writer. 

1.3 Recognition, Interpretation, and Identification 
Severa I types of analysis, recognition, and interpretation can 
bu nssuciatccd with lzandwriting. l l n r z d w r i i i q  vccognilion is 
thc task of transforming a language represontcd in its spatial 
form of graphical marks into its symbnlic representation. 
l k  English orthography, as with many languages based on 
the Latin alphabet, this symbolic rcprescntation is typically 
the 8-hit ASCTT representation of charactcrs. The characters 
of most written languages nf the world arc rcprwcntabfe 
today in thc form of 16-bit Unicode [232 ] .  Huitdwriiirr,g 
intcrpwfratiori is the task of determining the mcaning of a 
body o f  handwriting, e.g., i\ handwritten address. Ilnnd- 
writing idLwfifcatioi i  is the task of determining the author of 
a sample (ifhandwriting from a set of writers, assuming that 
each pprson’s handwriting is individualistic. Signntirrc 
ver@wliuit is the task of determining whether ox not the 
signaturc is lhat of a given person. Identification and 
vcrificntion (1711, which have applications i n  forctisic 
analysis, arc processes that determine the spccial nnhirc of 
the writing nC a spccilic writcr [15], while handwriting 
recognition a n d  interpretation arc pwcesscs whose objec- 
tivcs arc  to Ciltcr out the variations so as to determine the 
message. ‘I’lic task of reading handwriting is one involving 
specialized huinan skills. I<nowlcdgu of tlw subject domain 
is essential as, fnr cxainplc, in the case of the notorious 
physician’s prescription, whcrc a pharmacist uses 
knowledge of drugs. 

1.4 Handwriting Input 
Handwriking data is coiiverted to digital form either by 
scniining the writing on paper 01: by writing with a special 
pen oil an electronic surface such as a digitizcr coinbincd 
with a liquid crystal display. Thc two approaches are 
dislinguished as off-line and on-line handwriting, respec- 
tivrily. hi Bic on-line caw, the two-dimensional coordinates 
of successive points nf tlw writing as a fuiichm of tinic are 
storcd in ordcr, i.c., Ihc ordcr uf strokcs made by the writer 
is rvndily available. In thc off-line case, only the completed 
writing is available as an image. The on-line case deals with 
ii spatio-temporal representation of the input, whereas the 
off-linc c a w  iiivolvcs nnalysis of the spatio-luminance of an 
image. Fig. 1 shows typical input signals that can be 
nnnlyzcd in Inutli cases. The raw data storage requirements 

are widely different. The data requirements for an average 
cursively writtcii word are: in the on-line case (Fig. lb), a 
few hundred bytes, typically sampled at 100 samples per 
second, and in the off-Iinc c a w  (Fig. l a ) ,  a fcw-hundred 
kilo-bytes, typically sampled at 300 dots per inch. From a 
global perspective, paper documents, which are an iiihar- 
ently analog medium, can be cnnvcrted into digital form by 
a process of scanning and digitization. ‘I’his proccss yidds a 
digital image. For instaiicu, a typical 8.5 x I1 inch page is 
scanned at a resolution of 3UU dots per inch to crcnts a gray- 
scale image of 8.4 megabytes. The resolution is dependent 
on thc smallest font size that riceds rcliablc recogiiitioii, as 
we11 as the bandwidth needed for transmission and stoiagc 
d thc imagc. 

The recognition rates reported are much higher for the 
on-line case in comparison with the off-line caw. For 
example, for the off-linc, unconstrained haitdwritten word 
recognition problem, recognition rates of 95 pcrccnt, 
85 pcrccnt, and 78 percent have been reported for top 
choice lexicon sizes of 10,100, and 1,OOt), respuctivcly [216]. 
hi thu on-line case, larger lexicons are possible for the same 
accuracy; a tup choice recognition rate cif 80 percent with 
pure cursive words and a 2’1,000 word lexicon has bcen 
rcportcd [204]. Higher performance numbers have been 
achieved in rcccnt years; lwwcvcr, all recognition perfor- 
mancc nuinbcrs arc dependent on the particular test set. 

1.5 The State of the Art 
The state of the art of autorimtic rccognitiun nf handwriting 
at the dawn of the new millenium is that as a field it is no 
longer an esoteric bpic on t1ic friiigcs of information 
technology, but a mature discipline that has found many 
cornmcrcial uscs. On-linc systems for handwriting recogiii- 
tion are available in hand-held computers such as PDAs. 
Tlic pwformance of PDAs is acceptable for processing 
handprintcd symbols, and, wlmi combined with keyboard 
entry, a powerful method for data entry has bcmi crcatcd. 

Off-line systems are less accurate than on-line systems. 
Huwcvcr, they art‘ now good enough that they have a 
signifjcant economic impact c m  for spccializcd doinains 
such as interpreting handwritten postal addresscs on 
envelopes and reading courtcsy amounts on bank checks. 

The success of on-line systems makes it attractive to 
consider developing off-line systems that first estimate the 
trajcctory of tlic writing from off-linc data and then use 
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on-line recognition algori thins [El]. Howcvct, thc diffi- 
culty of recreating the tcmporal (lata [13], [46], 11741 has led 
to fcw such feature extraction systems so far. 

Thr! objcctivc of this papcr is to present a comprdicnsivc 
review of the statc of the art in the autninatic processing of 
handwriting. It reports many rccent advances and changes 
that have occurred in this field, particularly over the last 
dccadc. Various psychophysical aspccts of the generation 
and perception of handwriting arc first presented to 
highlight the diffcrent sourccs of variability that mako 
handwriting processing so difficult. Major SLICCC.’.’ ’ 5 5 ~ s  1 1 and 
promising applications of both on-line aitd off-line 
approaches are indicated here. Finally, attempts to incor- 
porate contextual knowledge, particularly from linguistics, 
to improve system performance are presented. Due to space 
limitations, we mostly limit our survey of this topic to 
applications dealing with tlic La tiii alphahr. Morcovcr, in 
many subtopics, previous surveys have bccn donc to 
highlight, among other things, how the problcin attack 
was launchcd, what thc major milestones of dcvclopincnt in 
the field were, etc. In these cases, we refer specifically to thc 
papers and build up our report upon those. 

2 HANDWRITING GENERATION AND PERCEPTION 

The study of handwriting covcrs a very broad field dealing 
with numerous aspects of this w r y  complex task. It 
involves rcscarch conccp ts from sevcral disciplines: experi- 
mental psychology, neuroscience, physics, engineering, 
computer scicncc, anthroprilogy, cducation, forcnsic docu- 
ment examination, etc. [56], [ M I ,  [1701, 12081, 1209:1, [2351, 
[236], [237], 12411. 

From a generition point of view, handwriting involvcs 
several functions. Starting from a communication intention, 
a message is prepared at the semantic, syntactic, and lexical 
levels and converted snmehow into a set of allographs 
(Ictter shapc models) and graphs (specific instances) made 
up of strokes sn as tn generate a pentip trajectory that can be 
rccordcd on-linc with a digitizcr nr an iustrumented pen. In 
many cases, the trajcctory is just rccordcd on papcr aiid thc 
resulting document can be read lntcr with an off-linc 
system. 

The understanding of handwriting generation is impor- 
tant in the development of both on-line and off-line 
recognition systems, particularly in accounting for the 
variability of handwriting. Su far, numerous models have 
bccn proposed to study and analyze handwriting. These 
models arc gcnmally divided into twa major classes: top- 
down and bottom-up mudcls [173]. Top-down models refer 
to approaches that focus on high-lcvcl information proces- 
sing, from semantics to basic motor control problems. 
Bottom-up models are concerned with thc analysis and 
synthcsis of low-level neuromuscular processes involved in 
tho production of a single stroke, going upward. to the 
generation of graphs, allographs, words, etc. 

Most of tlic top-down inudels have been developed for 
Language processing purposes. Thcy are not exclusively 
dedicated to handwriting and deal with the integration of 
lexical, syntactic, and sumnntic information to process a 
message. We will come back kc> somc of these in Section 5.  
The bottom-up models are generally divided into two 

groups: oscillatory 1871 arid discrete 1391 inodels. The former 
consider oscillation as ;I basic inrwcment and the generation 
of complex movomorits rcsult from the cnntrnl of the 
amplitude, phase, and frcqwiicy of n lundam<mlal wave 
function [26j, [SS], 1591, 11981, [233]. Discrctr! models 
consider complex movements as thc rcsult o f  n tcrupiwil 
superimposition of a set of simple, disctmlinuoiis sirokcs 
1201, 11431, [244], [-I 671. ‘In the oscillatory approach, a sin$:lc 
stroke is s c m  as a specific case of an  abrupt, jnterrnpted 
oscillation, while in tlic discrctc casc, cont i1111ou.s Inovc- 
mmts emerge from the timc-ovcrlnp o f  disctnitinuous 
strokes. 

Fig. 2 summarizr!s and illustrates a typical discrete inodei 
1167.1. This model describes a single stroke as rcsulting from 
the coactivation of two neuromuscular systems, one agonist 
and the other antagonist, that cont‘tid the velocity ot the 
pentip. The magnitude of tlic vclocity as a function o f  timv 
is described by a delta-lopnormal funcliciii [I641 and riach 
stroke is represented by nine pfil’ilnlckcrs rcflectiug Ihc 
instantiatinn atid aniplitude of the input commaiid 
( t o ,  81) &), the time dclays and rcsponse time of the two 
systems ( p ~ , p ~ , u ~ ! ~ ~ ) ,  AS well as n basic postural  informa- 
tion (CO, Po, &), 

[n this context, the generation of handwriting is 
described as  the vector summation of  discontinucms 
strokes. Thc fluency of the trajectory emcrgcs fi.om thc 
time-superimpositionn of strokes due to anticipatory cffccts. 
111 other words, and according to this kinematic theory 
[164J, once a strokc is iriiliakd 10 reach n target, a writer 
knows how long it will take to reach that hrgct and with 
what spatial piecision. This allows the subjccl tu star1 r? iiow 
stroke prior to thc end nf the previous one. The iminediate 
conscqiicncc of this ankicipation phenomenon is t h a t  any 
observable signal from this trajectory at‘ n givcii timc i s  
affected both by at least the previous and thhc siiccessivt. 
strokw 

Pig. 2a dcpicls thc block diagram of the tnoclel. Fig. 2b 
shows H typical action plan dcscribcd by a seqiience of 
virtual targets (diamonds) linked by circular strokcs 
(truncatcd lincs). nncc this action p l a n  is activated, i t  is 
fed tlii40ngh thu ncuroiiiuscular agonist and antagonist 
systems to produce a trajectory that lmvcr, Cor cxaii-ipl(!, a 
handwrithi trace on a piece of paper (continuous Iinc). 
Fig. 2c, Fig. 2d, and Pig. 2c. shnw the typical executions of 
this action plan with increasing anticipatory effects. As seen 
in Fig. Ze, too much anticipniion grcntly dcyyadcs the 
visibility of the message. Similar problems can cmt.rg:c from 
the variability of any of the nine stroke parainotcrs cif this 
model. 

Using nonlinear regression, a scl  of individual shokcs 
and stroke parameters can be recovered from tlic shape and 
thc vclucily data nf a hatidwritten trace, and both the 
velocity sipid, and thc h a n d w ~ i f k n  word can lie recon- 
structed (see Fig. 3a, Fig. 3b for cxamplcs). Bach o f  lhv 
recovered strokes can be atialy7ecl for the purpse  of wtmi 
segmentation arid recognition 1741, 11671. Prom this pcr- 
spcctivc, bottom-up models provide information about 
neuromotor piocesscs that arc involvccl, at tlic lnwcst lcvcl 
of abstraction, in liandwriting recognition. Many cues about 
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Fig. 2. {a) A handwriting generation model. (b) A typical action plan made up of a sequence of virtual targets (diamonds) linked with circular strokes 
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Incorporating anticipation effect, which is activating the next stroke before the completion of the present one, modifies the general shape of 
a word. (+(e) shows the effect of increasing the contextual anticipatory phenomenon. 

letters detection and word rwognition have cmergcd from 
similar studies. 

Prom an npposite point-of-view, the reading of a hand- 
written document relies tin a basic knrrrvledgc about 
perception [199J, [222]. Psychological experiments in hu- 
man character recognition show two cffects: 1) a character 
that cither occurs frequently, LIT has a simple structure to it, 
is processed as a singlc unit without any decomposition of 
the character structure into simpler iiiiits and 2)  with 
infrequcntly occurring characters, and ttwsc with complex 
structure, the amount of timc taken to recognize a character 
increases as its numbcr of strokes increases [10], (2261, [2281, 
[253]. The foriner method of recognition is referred to as 
holistic and the l a t h  as aunlytiu, both of which are discussed 
further in Section 4.3. 

The perceptual processes involved in reading have bcen 
discussed extensively in the cognitive psychology litera tiire 

[lo], [22hj, [228]. Such studies arc pertinent in that they can 
Corm the basis for algorithms that cinulate human perfor- 
mance in reading [18], [36] or try to do better 12241. 
Although much of this literature refers to the reading of 
inachinu-printed text, some conclusions arc eq~ially valid 
for tiandwritten text. For instance, the saccades [eye 
mrwements) fixate at disct-cte points on thc text, and at 
each fixation the brain uses the visual periphcral field to 
infer the shape of the text. Algorithmically, this again leads 
to the holistic approach to recognition. 

3 ON-LINE HANDWRITING RECOGNITION 
As previously mentioned, on-line rccognition refers to 
methods and techniques dealing with the automatic 
processing of R message as it is written using a digitizcr 
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Fig. 3. (a) Original (continuous lino) and reconstructed (dotted line) cutviiinear velocity of the word "sage." (b) Original (continous line) and 
reconstructed (dotted line) of the word ''sage." 
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or an instrumcntcd stylus that capturcs inforimtioil about 
the pentip, generally its position, velocity, or acceleration a5 
a function of tiinc (see Fig. 4a, Fig. 4b, Fig. 5a, and Fig. 5b for  
examples of typical signals). 

This problcm has beeti a rcscarcli cliaHengc since the 
beginning of the sixtics, whcn the first attempts to recognize 
isolated tiandprinted cliaracters were pcrfonned [52], [54], 
etc. Since thcn, numerous metliods and approach  have 
been proposed and tested; many have already bccn 
summarizcd in a few exhaustivc survey papers [152], 

Over the years, these rcscarcli projects h a w  cvolved 
from bcing academic exerciscs to developing tcchnology- 
driven applications. We will focus on three of those 
technical domains in this section: pen-based computers, 
signature verifiers, and dcvclopmental tonls. The first 
group refers to the rccugnition of handwritten messages 
and gesturc corninatids to interact with pen computing 
platforms. Thc second deals with signatures, a very spccific 
type of wcll-learned handwriting, with the purpose c i f  

verifying thc identity of a persnn. Thc third class iiicnrpci- 
rates various systems that exploit the neirromotor char- 
acteristics of handwriting Lo dcsign systems fm cducation 
and rehabilitation purposes. 

11721, [2273,12401. 

2 -. 
G 0.5 1 1.5 % 2.6 3 3.5 4 4.5 5 

'll".>($) 

(4 

3.1 Pen-Based Computers 
'The ccinccpt of a pen computer was first proposcd by Kay in 
1968 [37]. Since then, many research teams hnvc been 
working on'the implementation of thc "Dynabook" concept 
[29!5], trying to integrate into a single light and crgonomic 
system il transparent positioii-sensing device with a 
graphical display, undcr Ihc control of a powei:ful micro- 
computer. The ultimate goal here is to mimic and extend tliu 
pen and pap metaphor by the automatic processing of 
clcctronic ink.  Apart from thc numerous harclwarc pro- 
blems that still have to be solved j1391, the usc of electronic 
penpads mostly relics on the on-line recognition of 
command gestures and haudwrittcn messages [55], 
although most of the systcms do not process the Full timing 
information available from the signal but only the stroke 
seiqumcc. 

Prior to any recognition, tlic acquired data is gencrally 
prcprncessed to reduce spurious noise, to normalize thc 
various aspects of the trace, and to segment thc signal into 
meaningful units [75], [152], [172], [227]. The noise 
originates from several sourccs: tlw qmntization noisc of 
the digitizer as wcll as tlic digitizing process itself, crratic 
hand, or finger movements (sec Soction 2), the inaccuracies 
of the pen-up/pcn-down indicator, etc. The main 
approaches to noise reduction dcnl with data smoothing, 
signal filtcring, dehooking and brunk corrections [l52]. 

Y:U W) 
5.5 I . . . . . .  I ............ .......... , . . . .  I ........I 

Fi$. 4. (a) Values of the x coordinate of the pentip as a function of time ~ ( t ) ,  for the word depicted in Fig. Ib .  (b) Values of the x coordinate of the 
pentip as a function of time ;x(t)., for the word depicted in Fig. 1 b. 
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Fig. 5. (a) Values of the magnitude of the pentip velocity u(t) - [cy)' -i- (!'$!)2]4 as a function of time for the word depicted in Fig. 1 b. (b) Values of 

the acceleration of the pentip a( t )  = as a function of time for the word depicted in Fig. 1 b. 

Many recognition algorithms, which arc based r m  thc usc of 
standardized allographs and shapes of a cursive word, first 
require that a hatidprinted character UT a command gesture 
bc normalized. Other approaches try to absorb some of 
these distortions [163]. Coiiimon normalization procedures 
involve correction of baseline drift [19], compensation of 
writing slant [ 22 ] ,  [126] and adjustment of the script size 
[152]. 

Scgmcnta tion refers to the different operations that must 
be performed to get a representation of lhe various basic 
units that the recognition algorithm will have to process. It 
generally works at two levels. Tlic first level deals with the 
whole message and focuses, for examplc, on Iinc dctection 
1851, {242], word scginentation 12271 as well as separating 
nontextual inputs (gesture commands {186], [243], I247]), 
handwriting style [238], equations [43], diagrams [243], and 
diacritics [202] from tcxt. At this level, the goal is to define 
spatial zoncs or temporal windows, or both, that allow the 
extraction of disjoint basic units. At khc second level, the 
methodology focuses on the segmentation of the input into 
individual characters or even into subcharnctur units, such 
RS sh'okcs. This operation is among the most challenging, 
particularly for the reclcognitioii of cursive script 11721. In 
most cascs, this segmentation is tentative and i s  corrected 
latex during classification. In some systems, this step is 
totally avoided by working at the word lever [SO], [51], 
[157]. However, this approach gcncrally makes sense for 
small vocabulary applications only whcrc n lcxictni scarch 
is  fast enough to nccommridatc? a real-time system. Some 
methods combine holistic recognizrrs with segmentation- 
based algorithms 11771. This is gcncrally performed at the 
shape ievel, at the lexical level (using a word-shapc basad 
lexicon), or at tlw ltlvd of output word lists. 

The major problem with character segmentatiuii is the 
difficulty of determining the bcginning and ending of 
individual characters. The most common approachcs uscd 
iwwadays, unsupervised lcarniiig [82], [128] and data- 
driven knowledge-based methods [84], [ 1661, are still 
jnsufficicnt for most applications. Smnc stratcgics stark 
bottom-up, directly from the basic strokes that have been 
used tu write a specific character. These strokes are generally 
hidden i u  the signal due to anticipation or time-supcr- 
impositiom cffccts (sec Fig. 2L3, Fig. 2c, Fig. 2d, and Fig. 2e) 

[144], 11681. Several operationil approaches have been 
proposcd to define and represent these basic strokes: 
segmentation a t  the point of maximum curvature [116], 
[141 1, at a vertical velocity zero crossing [981, at ininima of the 
? j ( / . )  coordinates [Sl], at minima of  absolute velocity {197]. 
Some methods usc a scale-space approach [94] or a 
component-based approach [64]. Others focus on perccp- 
tually iniportant points [2], [119], [162], on a set of shape 
primitives [9], [14], [XI, [120], etc. Model-based approaches 
start from a handwriting generation model atid use nonlinear 
regression techniques to  recover a full parametric dcscrip- 
tion of cadi strokc [741. Hcrc also, some methods try to 
combine segmentation with rccognilion [212], [2527. 

A p c n - b a d  computcr nccds to procc.;s a handwritten 
message as i t  i s  produced. The steps, ranging from various 
shape classification proccsscs to ultimate sliapc recognition, 
have to cope with one of the most difficult problems: taking 
into account the variability of  mussage production. This 
variability mostly comes from four different factors: 
geometric variations, ni.uro-bir,iiicchanical noisc, allo- 
graphic variations, and sequencing problems [ 1.951. Geo- 
metric variakions r c h  to changcs that occur in position, 
size, baseline orientation, and slant depending on thri 
(postural) cunditians khat arc imposed on R writer as he 
produces c7 message. Allographic variations deal with thhc 
vnrirnis models that arc associated with a single character 
by different populations of writers. As can be inferred from 
the previous Section 2, neurophysiological and biomecha- 
nical factors can greatly affect the quality of handwriting by 
modifying both the ackivntinn of an action plan or the 
p1:oduction of individual strokes. Finally, the variation in  
the order in which handwriting strokes may be produced 
can also be a great source o f  problems. I'osthoc cdituig, 
corrections of spelling errors, slips of the prm, lcttcr 
omission, or insertion greatly complicak the task of an 
on-line recognizer. With a few exceptions [203], mrwt of thc 
systems do not deal with these issues. 

To cope with all these variability prnblcms, it is generally 
accepted that many recognition methods will have to bc 
combined to design an cfficicnt systciii [65], [83], 1861, [Ill], 
[178], [225] and that the resulting system will have ti) bc 
iraincd and tested using a very large international database 
[79]. To do so, heuristics from numerous disciplincs will 
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have to be takcn into account in the design of a sys tcm: cues 
from pnleography, writing instruments, biomechanics, 
forcnsic sciences, inquiries, and disabilities [125] as well 
as cues from psychophysics, neuropsycliology, education, 
and linguistics. A writei:-indepcndent systcm will have to 
mimic human behavior as much as possible. It will iiccd a 
hierarchical architecture, such that when difficulties are 
encountered in deciphering a part of a message using ono 
lcvcl of interpretation, it will switch to another level of 
representatinn to resolve ambiguities. Froin this perspcc- 
tivc, the various attempts that arc made tticsr! days to 
optimizc the design of systems that innstly work at a few 
lcvcls of representation make sense. Somehow, in one way 
c)r another, a combination of these different protolypes will 
iiltimately lcad to genuine solutions. Thc better the 
individual compoircnts, the better thc final solution. 

Over the last decade, attempts to recognize handwriting 
have cnnvcrged into two distinct families of classification 
methods: 1) formal structural and rule-based methods and 
2) statistical classification methods [172]. 

3.1. I Structural and Rules-Based Methods 
Tnc first family is based upon thc idea that character shape 
can be described in an abstract fashion (for example, thc 
action plan of Fig. 2b) without paying too much attention to 
the irrelevant shape variations that nvccssarily occur during 
the execution of that plan. Tho rule-based approach 
proposcd in the 1960s was abandoiicd to a large cxtcnt 
because nf the difficultics cncountered in formulating 
geiicral and reliable rules as well as in automating the 
generation of these rules from a large database of charactcrs 
and words. This approach has been rcjuvenated rccoiitly 
with the incorporation of f~izzy rules and grammars that 
use statistical information on the Frequency of occurrelice of 
particular features [159]. However, from a global point of 
view, for this approach to survivc, robust and reliable r u b s  
will have to be defined. If this happens, recognizers 
exploiting this paradigm will h a w  a few interesting 
properties: they will not requirc a large amount of training 
dah and the numbcr of features used to describc a class of 
patterns may vary from unc class to ant i thr .  

3.1.2 Statistical Methods 
This latter property is lacking in the second family of 
methods, the statistical approaches, where a shape is 
describcd by a fixed numbcr of features defining a multi- 
dimensional represcntation space in which differcnt classes 
arc described with multidimensional probability dis tribu- 
tions around a class cetitrold. Three groups of methods arc 
based on this approach: explicit, implicit, and Markov 
mndcling methods [172]. 

Explicit Methods. Explicit incthods are derivcd directly 
or indirectly from linear discriminmt analysis, principal 
component analysis and hierarchical cluster analysis and 
are thus wcll supported mathcmatically. The major pro- 
blcms with these approaches arc' tw o-fold: first, they 
g-cncrally rely tipon hypotheses about. the form or thc 
parameters dcscribing tlie statistical distribution; second, 
they generally rcquire extensive computing and memory 
rwources. 

Implicif Methods, Implicit statistical approaches gener- 
ally refer to mothnds relying 011 artiiicid ncural networks. 
The classification behwior of thesc methods i s  Fully 
deterinincd by the statistical characteristics of thc trainirig 
data se1 [12]. Many systems haw exploited multilayer 
pcrceptrons trained by the back prnpnption of errors 
without acccptablc success. Reccnt dcvclopments focus 
maiiily on Kohonen sclf-nrganized featurc maps (SOFM) 
[107], 11221 and convolutional time-dchy neural networks 
(TDNN) (771, [194]. Tlic former method allows the autrr- 
matic detcction of shape prt>tolypcs in a large training set of 
characters. This approach i s  analogous to k-mwns c1ustei:- 
ing or hierarchical clustcriiig [196]. The vector quantization 
prnpcrtics of the Kohmicn SOFM are gencrally used in 
subsequent stages by mapping the shape codes t o  their 
possible interpretation in thc language. ' Ihc convoliitir~nal 
time-delay neural inetworks exploit the not ion c ~ f  convol~i- 
Lion kernels for digital filtering. Pixcd-size networks share 
wcights along a single tonipornl dimension aid.  they  arc^ 

used for space-time representation cif haiidcvri ting signa Is. 
Thc nvcrall approach is known to provide a uscfiil degrcc of 
invariance to spatial and t.cinpni.d variations. 

MarIcuu Modulinlp. 'Ihc third group of mctliuds takes 
advantage of Markov modeling 131, [130], IlSO], [1.80]. A 
Hiddcn Markov M(idc1 (HMM) prowss is a doubly 
stochastic process: an undcrlying proccss which is hiddm 
froin observation and a n  observable proccss which is 
dctcrmined by the undcrlying pruccss, This uiidcr.lyiizg 
process is characterized by ii conditional stale trmsitirin 
probability distribution, where a current state js  hidden 
from obscrvatian and dopcnds on the prcviuus states, 
generally the prcvioiis one. On the olhcv hand, I h c  
observablc process is characterized by a conditional symbnl 
emission probability distribuhm, where B currcnt symbol 
depends eithcr on the currciit slate transition, nr simply thr 
currcnt state. 

These systems can be bawd 011 two d i f f e r m i  went 
modcls: discrete or continuous syrnbol obsurwtioris. The 
farmer rcquircs conversion c i f  tlw iiiput featiirc vcctoi: into n 
discrete symbol using a vector quantization algorihm. The 
occurrence probabilitics o f  these symbols fnr the shukc 
shapes in  a sliding wirtdow form tlic basis of the MMM 
algorithm. The conhiuous apprnach Liscs tlie variancus and 
cnvariniicus of the features to estimate tlw prribability nf thc 
occurreiic~ of ail observcd fcntiire vector under. the 
assumption of a specific fcnture distribution, gene rally 
Gaussiiln. The goal of the I-lMM algnritlim i s  to find the 
probability that a specific class is thc most likely to occur, 
given R seqiience cif observations. The esseiice o f  this 
approach is to determine the a posteriori prolxhility For il 

class, given an observed sequencc! where the jump from onr! 
state to another is dcscribed by a Markov proccss. Reccnt 
developments incorporate HMMs into a stochastic lan- 
guagc model [88] ,  combine discrcto and continuous 
approaches [183], o r  use a hybrid ncuralnet/HMM 
approach [8]. 

So far, licither of thesc approaches, s l ruc t t i ra l  or 
statistical, has led to commercially acceptable results for 
thc processing of cursive script 11311. .Altlioiigh thc 
perfnrmance of on-linc systems is generally liighcr than 
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that of off-line systems, thc uscr requircmcnk of  almost nt] 
on-line recognition errors have limited the markct to simplo 
applications based on well-segmented, handprinted alpha- 
numeric synibols. From this point of vicw, thc specific 
provisions for postprocessing reading errors and rejections 
givc a commercial advantagc to off-linr! systcms sincc their 
succcss relies cm any cost roduc tion comparcd to  manual 
kcying-in of an existing documcnt. 

Apart from a few exceptions [7], [lOS], cursive script 
recognizers do not properly take into account contextual 
anticipatory phenomena: for example, once handwriting is 
well learncd, the ncuroinuscular cffwtors involvcd in that 
task normally act concurrently to speed up the execution. 
This generally loads to coarticulatirm and context effects. 
The sequence of strokes is not produced in a purely serial 
manncr, i.e., one aftcr the otlicr, but parallel articulatory 
activity does occur and there is important overlap between 
successive strokes or graphcincs. The prudiiction of an 
allograph is thus affected by the surrounding allographs: it 
depends both on the preceedhig and following units 12291, 
[230], 12451. Many methods take into account thc effect of 
thhc previous stroke ovcr thc actual stroke being processed 
but often neglect the simultaneous effect of the forthcoming 
stroke. 

One approach to make on-linc systcms morQ attractivc tn 
users is to incorporate provision for personal adaptation 
[50], [139], [142]. A basic user-dependent system then comes 
with a set of recognizable allograplis for each character, but 
it allows the user to define his own set of symbols or 
gestures i n  order tu accointidatc his preferences. This is a 
promising way to take into account cultural determinants, 
handwriting learning systems as well as pcrsunal styles, 
and evolution of handwriting habits over a long period of 
time. However, to be successfd, such an approach must 
allow a uscr to add new symbols with a minimum of 
training and without any symbol confusion. 

3.2 Slgnature Verlfiers 
Signature verification refers to a specific class [if automatic 
handwriting processing: thc cumparism of a test signature 
with one or a few reference specimens that have been 
collected as a user enrolls in a system. It requires thc 
extraction of writcr-specific information from thc signature 
signal, irrcspcctivc o f  its handwritten content. This in- 
formation has to be almost time-invariant and effcctivoly 
discriminant. This problem has bcon a challenge for about 
th rw dccadcs. Two survey papers [I 141, [171.], and a jotirnal 
special issue I1601 h a w  summnrizcd the evolution of this 
ficld through 1993. We will thus briefly update these 
studies by focusing on the major works by the various 
teams involved in this field. 

Signature verification tries mainly to exploit the singular, 
exclusive, and personal character of the writing. In fact, 
signature verification prcwitts a double challenge. The first 
is to verify that what has been signed corresponds to the 
unique characteristics of an individual, without nccussarily 
caring about what was written. A failure in this context, i.e., 
the rejection of an authentic signature, is referred to as a 
type I error. The second challenge is mort' dcmanding than 
the first and consists nf avoiding the acceptance of forgeries 

as being authentic. The second type of error is rcfcrrcd tr, as 
a type It crrm.. 

Thc tolerancc lcvcls for applications in which signature 
verification is required is smaller than what can be 
toierated for handwriting recognition, for both type 1 and 
typo 11 errors. In some applications, a bank, for examplc, 
might require (unrealistically) an error ( J f  1 nvcr 100,flOO 
this for the type I error [71] and even less for the @e I1 
error. Current systems are still several orders of magni- 
tude away from these thrcsholds. System designers have 
also had tri deal with the trade-offs between type I aitd 
type II errors and the intrinsic difficulty of evaluating and 
comparing different approachcs. Actually, the majority of 
the signature verification systems work with an error 
margin of about 2 percent to 5 percent shared bctwcen 
the two errors. All reduction of one type of error 
inevitably increases the other. 

The evaluation of signature verification algorithms, as 
for many pattern recognition problems, raises several 
difficulties, making any objective comparison between 
difhrent methods rather delicate, and in many cases, 
impossiblc. Moreovcr, signature verification poses il serious 
difficulty, which is the problem of type 11 error evaluation, 
or the real risk of accepting forgeries. From a theorctical 
p i n t  of vicw, it is not possible to mensure type 11 errors, 
since there is no mean by which to definc a good forgcr and 
to prove his (or her) existence, or even worsc, his (or her) 
nonexistence. However, from a practical point of view, 
several methods of kypc II crror estimation have been 
proposed in thhc litcrahrc. The simplest ones rely on the use 
of random forgeries, i.e., that is picking up on a random 
basis the true signature of a person and considering it as a 
forgery of the signaturc o f  anothcr person. Many studies 
inctrrporate unskilled forgeries, and in some rare cases, 
highly skilled forgeries are used. The definihns of all khis 
terminology, randmi, skilled, and unskilled imitations, are 
rather discretiondry and vary enormously from una bcnch- 
mark to another as well as from onc rcsearch team to 
anothcr, making the evaluation of this type of error 
extremely vague and certainly underestimated 11711. The 
most recent large-scale public experiment in the field was 
an imitdtion contest against four targot signatures. A type I1 
error of less than 0.003 percent (two false acceptances nut of 
86,500 trials) has bccn reported 1691. 

An overview of rcccnt publications since 11993 does not 
show il clear breakthrough either in signahire verification 
techniques or in the kind of analysis and characteristic 
sclcction process. A variety of new techniques suggests 
either adjustments or combinations of known methods and 
has been used with morc or less SUCCL'SS. For verification 
techniques, the main methods that have been tested are: 
probabilistic classifiers 161, 11051, [ 1151, time warping or 
dynamic matching [91], [133], [134], [246], signal correlaticin 
[113], [149], neural networks [80], [249], hidden Markov 
models [47], 12541, Euclidian or other distance measure [97], 
[136], hierarchical approach combining a fcw methods 
[250], [2511, and Baum-Welch training [132]. At the analysis 
levcl, the main approaches have focussed on: spectral 
atialysis [80], [248], cosine transforms [136], direction 
encoding [97], [ 1351, [254], distance encoding [246], velocity, 
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timing, and shape features sets 161, [NI, [105], [115], and 
shape fcatures [149], force, pressure, and angle functions 
[132], [133], [134]. 

h i  the age of chip cards and the possibility o f  implanted 
ID transponders, on-line signature verification systems 
occupy a very specific nichc among the idcntification 
systcins. 011 the one hand, they differ from systcms based 
on the possessinn of something (kcy, card, etc.) or the 
knowledge of something (passwords, personal information, 
etc.) because they rely on a specific, well-learned gesture. 
On the other hand, they also differ from systems based on 
klic biometric propertics of an individual (fingcrprints, voice 
print, retinal prints, etc.) became the signature is still the 
most socially and legally accepted means for idcntification. 
Its unique, self-initiated, motoric act providcs an active 
incans to simultaneously authcnticate both a lransaction 
and a transactioner. In this context, the most promising 
applications that will emcrgc will be related tn identifying 
partners in gro~ipivarc design projects, lrmg distance 
authorization in proccss control, and evcn pcrsonalization 
and tracking of electronic money and docuincnts [234]. 

3.3 Developmental Tools 
In parallel with khc various attempts made to design 
handwriting rcctypizers and signaturc vcrifiers, a few 
research groups haw bccn working on utlicr types of 
applications requiring directly or indirectly the automatic 
processing of handwriting. Many of tliesc works were 
isolated efforts that have not been publishcd via the regular 
channels known 10 the pattern recognition community 
[208], [205], [236], 1241.1, and we present here, a brief survt.y 
of S O ~ C  of thew typical applicatirins, particularly in thc 
field of the development of human motor crmtrol. The 
dominant class (if kools in this domain is the interactive 
system to help children to  learn handwriting or to help 
disabled persons to parkly recover finc motor control 
through handwriting and drawing exerciscs. 

In recent years, smnc educati.onal soflwarc for teaching 
handwriting to childrcn has been developcd [23]. The 
handwriting lcssoi~s in most of this software mainly deal 
with &owing lcttcr models drawn on tlic coinputer screen, 
the main goal being to awaken childrun to handwriting. 
Some of  these systems also use a digitizer tablet, whcro thc 
children can write and see their writing on the scrccii. 
Recently, systcins dedicated spccially to handwriting 
learning are beginning to cxploit new technological tools 
such as an LCD display combined with il digitizer [32], [45], 
[118], [127], [207]. With tlicsc systcms, children can writc 
with a pen directly on-scrwn without having to lift up their 
heads to look at what has bcen written. Mniiy of these 
systems includc inultiinedia capab es. With these new 
hardware tools, wc have reached thc technological cap- 
ability needcd to build interactive syskms to assist in 
teaching handwriting to children. I h o  aim of these systems 
is to help young children to become gaud writers with 
fluent movcmcnts and a good quality nf writing in a shorter 
time frame. Froin a pcdagogical point o f  vicw, these 
advanced tec1inr)lugical tools have to integrate efficient 
dynamic training programs with real-time feedback about 
thc qualily of writing. This l a t h  gun1 has not yet bccn 
reachcd bccause of a lack of knowlcdgc in tnany domains 

dealing with human behavior, like understanding how a 
human inakcs A representation of a form, what strategies 
are used tn coordinate sequences of movements to draw a 
form, how reprcseiitation and fine motor system coordina- 
tion capabilities evolve with age from youth to adulthood., 
and what kind o f  training exercises can iniprovc thcse 
capab il i t ies. 

Most education specialists agrcc that tcaching hilnd- 
writing must begin with learning to writc scparatc letters, 
Lhcn simple words, and then complcx words. Acquiring 
handwriting skill takes a lung timc. It is well known froiu 
classical studics of huiiian behavior that tlic process of 
learning handwriting skills begins (in many countries) 
ai-ound agc fivc and finishes approximately at. fifteen, 
cliiring which timc the motor system control passes though 
evolutionary steps, each one being characterized by the 
acquisition cif diffcrent performance skills. In rnany schools, 
there are programs to stiiiiulate drawing and painting at the 
kindorgardcri level. After that, the teachers follow various 
strategies to teach hatidwriting, bcginning with printing, 
then cvolving to cursive characters or a mix of the two 
types. For beginners, education specialists have defiized thc 
squcncc of strokes to be used by h c h c r s  when they are 
demonstrating how to form a letter. This sequoncc, named 
the ductus of a letter, is usually illustrated by arrows along 
the letter image. 

Over thc last two decades, many studies using a 
digitking tablet have emerged to improve the psychomotor 
behavior of children [32], [128], [207]. 'I'he majority of these 
studies report rcsults of experiments that highlight the 
complexity of the human proccss involved in handwriting. 
Tlicsc studies can be grouped into four basic classes: 

I .  Studies involving expcriincnts with norm.al aduits in 
order to understand the human inotor control 
system, e.g., [1.37], [lM]. 
Studies involving cxpcriinciits with adults who 
suffer from discascs, sach as Parkinson's, who tist' 
driigs or who have constraints in handwriting, e.g., 
[W, W1. 
Studies dealing with children suffering various 
disabilities, like dyslexia nr dysgraphia, e.g., [I 811, 
[ZOO]. 

4. Stiidies dealing with handwriting of normal chil- 
dren, e.g., [35], [112]. 

These experiments attempt to highlight some underlying 
mechanisms behveen tlic intcrnal representation of a letter 
a i d  the neuromotor system involved in the generatiun of 
that letter. Smio thcories formalize the motrrr control 
system invn1vc.d in handwriting, e.g., ['l67], [ 1931, [221], 
[239], [244]. Thcre are also stirdics dcalirig with thc 
efficimcy of a training program in learning handwriting 
whew a commonly used exercise is khc ctrpy exercise [32], 
[%I, 1961, 11181, [1.271, [ Z W ] .  l~innlly, thhc idea of using a 
computer to teach handwriting has led to  many sludics 
about tlw crgonomic aspects of thc tool and how not only to 
make it simylc to use by children, but alsu to provide an 
enjoyablc environment for handwriting [32], [40], 1731, 
[118], [137], [207]. 

The inarkrt for learning tools based on handwriting i s  
cxpected to emerge in thcfrirthcoming years. Althuugh) more 

2 .  

3 .  
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children will certainly learn tn type carlier with the 
integration of computers in schools, keyboard typing is not 
sufficient to improve tlic dcvclopmcnt of fine motor activ- 
itics. Handwriting plays such a rolc by helping young 
children to better control motnr-perception interactions. 
From this perspective, learning tools to help children draw 
and write will not only find their place in a scholarly 
environment, but thcy will also find other application niches, 
particularly in the fields rif rehabilitatioii and geriatrics to 
help the disabled to recover or aged people to better control 
their movements. 

4 OFF-LINE HANDWRITING RECOGNITION 
The central tasks in off-line handwriting recognition are 
character recognition and word recngnition. A necessary 
preliminary step to recognizing written language is the 
spatial issue of locating and registering tlic appropriate text 
whcn complcx, two-dimensional spotial layouts arc cm- 
ployed-a task referred tu as document analysis. 

4.1 Preprocessing 
I t  is necessary to perform several document analysis 
operations prior to recognizing text i n  scanned documents. 
Some of the common operations performed prior to 
rccognihn are: tluesholding, the task of converting a 
gray-scale image into a binary black-white image; noise 
removal, the extraction of the foreground textual mat kcr by 
removing, say, textured bac kgroiind, salt and poppm noise 
and interfering strokes; line segmentation, the separation of 
individual lines of text; word segmentation, the isolation of 
textual words, and character segmentation, the isolation of 
individual chnrachs [28], typically those that a1-p written 
discretely rather than cursively. 

4. I. I Thresholding 
The task of ihrcslidding is to extract the foreground (ink) 
from the background (paper) [l.92]. The histogram trf gray- 
scale values of R document image typically consists of two 
peaks: a high pcak corresponding to the white background 
and a smaller peak corresponding to the foreground. So, thc 
task of determining thc threshold gray-scale valiie {above 
which the gray-scalc valuc is assigned to white and below 
which it is assigned to black) is one of determining an  
”optimal” value in the valley between the two peaks [‘156]. 

One mcthod [I551 regards the histogram as probability 
values and defines the optimal threshold value as (me that 
maximizes the bctwcen-class variance, where the distribu- 
tions of the foreground and hackground points are  
regarded as two classcs. Each value of the threshold is 
tried and one that maximizes thc crikrion is chosen. There 
are several improvements to this basic idea, such BS 
handling textured backgrnunds similar to those C ~ C O U I I -  

tered on bank checks. One such method ITIC~SUTC*S attributes 
of the resulting foreground objccts to conform to standard 
document types [1231. 

4.1.2 Noise Removal 
Noise removal is a topic in document analysis that has been 
dealt with extensively for typed or machine-printed docu- 
ments. For handwritten documents, the connectivity cif 

strokes has to be preserved. Iligital capture of images can 
introduce noise from scanning devices and transmission 
mcdia. Sinootliiiig operations are often used to eliminate the 
artifacts introduced dmiiig image caphire. O m  stiidy [206], 
describes a inethod t h t  performs selective and adaptive 
stroke “filling” with a neighborhood operator which 
emphasizes strt)kc coniieclivity, while at thc same time, 
coiiscrvntivcly chocks aggrcssivc “ovcr-filling.” 

Interferuncc o f  strokcs frr)m iicigliboring text lines is a 
problem that is often cncountcrcd. Onc approoch [148] is to 
follow strokes i t )  thinned iinagcs to segment thc iritcrfcring 
strokes from thc signal. A similar approach [217] uses 
Gestalt principles to disambiguatc the stroke following at 
cross points. 

Algo~~ithms for tluiming [ l l O ]  are freqitently considered 
frir convcrting off-linc handwriting to ncarly on-line-like- 
data. Unfortunately, thinning algorithms introduce arti- 
fncts, such as spurs, which make their use somewhat 
limited 1:175]. 

4.1.3 Line Segmeniaiion 
Segmentation of handwritten text into lines, words, and 
characters has many sophisticated approaches. This is in 
contrast to the task of scgmentiiig lines of text into words 
and characters, which is straight-forward for machine- 
printcd documcnts. I t  can be accomplished by examining 
the Iirwimntal histogram profile at  a sinall range of skew 
angles [218]. The task is more difficult in the handwritten 
domain. Here, lines of text might iindulate Lip and down 
and ascenders and descenders frequently intersect char- 
actcrs of neighboring lines. One method [lo41 is based on 
the notion that people write on an imaginary linc which 
forms the core upon which each word of the line resides. 
This imaginary baseline is approximated by the local 
minima points from cach cmnpcincnl. A clustcriiig tuchni- 
que i s  used to group the minima of all the componcnts to 
identify the different hmdwritt.cn lincs. 

4.1.4 Word and Character Segmentation 
Line separation is usually frdlowed by a procedurc that 
separates the tcxt line into words. Few approaches in the 
literature have dealt with word segmentation issues. 
Among the ones that have dealt with segmentation issues, 
most fucus iiii idcntifying physical gaps using only the 
cnmptments 11291, 12011. Those inctliuds ~SSUITLC that gaps 
bctwccn words are larger than the gaps between the 
characters. However, in handwriting, exceptions are com- 
monplace because of flourishes in writing styles with 
leading and trailing ligatures. Another method [ l o l l  
incorporates cues that humans use and does not rely solely 
on the one-dimensional distance between components. The 
author’s writing style, in teerms of spacing, is captured by 
characterizing the variation of spicing between adjacent 
characters as a function of the corresponding characters 
themselves. The notion nf expecting grcater spacc bctwcon 
characters with leading and trailing ligaturcs is enclosed 
into the segmentation scheme. 

Isolation of words in a tcxfual line is iisually followed by 
recognizing the words tlwmsclvcs. Most recognition meth- 
ods call for scgmmtntion of the word i.nto its constituent 
charnctcrs. Scgmcntation points are determined using 

http://hmdwritt.cn
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Fig. 6. Examples of handwritten characters segmented from images. 

features likc ligaturus and concavities [ lu l l .  Gaps between 
charactcr scgmciits (a clzaracter segment can bc a character 
or a part of character) and heights of character segments arc 
used in the algoritlm. 

4.2 Character Recognition 
Thc basic problem is to assign thc digitized character tu its 
symbolic class. In thc case of a print image, this is referred 
to as optical character recognition (OCR) [93], [146]. 111 the 
case of handprint, it is loosely referred to  as intelligent 
character recognition (ICR). Tc limit h i s  part of our survcy, 
we will discuss Iwrc some of the issues in thc rucognition of 
English orthography in its handwritten form. While wc' 
mcntion specific techniques, alsn rclcvant are methods for 
combining scvcral different i.ecognition approaches 1631, 
I861, W91, [10hI, 11781. 

The typical classes are thc uppcr and lower case 
characters, Me ben digits and special symbchs such as the 
period, excIainatirm mark, bmckets, dollar and priund signs, 
etc. A pattern recognition algorithm is used to extract shnpc 
features and ta assign the observed charactcr to the 
appropriate class. Artificial neural nctworks have emerged 
as fast mothrids for implementing classificrs for OCR. 
Algorithms based on nuarcst-i~cighbor methods h a w  higlzcr 
accuracy but are slower. 

Recognition of a character from a single, mactiine- 
printed font faiizily on ;1 well-printed paper documcnt can 
be done very accurately. Difficultics arise when ha tid- 
written charactcrs are to be handled. Sninc examples of 
scgmcntcd handwritten characters arc shnwn in Fig. 6. A 
survey on character segmentation can be found in [24]. In 
difficult caws,  it becomes necessary to WO iiiodcls to 
constrain the choiccs at the character and word levels. Such 
models are essential in handwriting recognition due to tlw 
wide variability of handprinting and cursivc script. 

There i s  extensive litcrahilrc on isolated handwritten 
character rccognition [I], [72], 11471, [223]. Some recent 
surveys arc [145], 12151, [219]. 

4.3 Word Recognition 
A word recognilion algorithm attempts to associatc the 
word imagc to choices in a lexicon [ZlO]. Typically, a 

ranking is produccd. This is done either by the n,mlyfic 
approach of rccogtii7,ing the individual characters nr by the 
holistic approach of dealing with thc cntirc word image. The 
latter approach is  useful in kho cast! of  Iouching printed 
characters and 1zand.wntitig. A higher levcl nf pcriormance 
is obscrvcd by combining the results of both approaches 
[ay], [-I 781. 'l'tierc exist sevcral difforcnt appruachcs tk) word 
recognition using a limited vocabulary [fig]. 

Onc mcthod o f  word rccognition based on determining 
prcscgmcntatiun points followed by determining a n  opti- 
mal path thrwugh a state transition diagram is shown in 
Fig. 7 [ Ih], [5?]. Applications of nutomatic reacling of posh1 
addrusscs, bank checks, and various forma have triggurcd ii 
rapid dcvclopmcnt in handwritten word recognition in 
reccnl ycars. 

Whilc mothods have differed in the specific iitilizalion of 
thc constraints providcd by the application domain, thcir 
underlying c o w  structure is the same. I'ypically, the 
methodology involves preprocessing, a possiblt? scgmcnta- 
tion phase which could be avoided i f  global word fciittires 
are uscd, recognilion and postprocessing. The iippc'r and 
lowcr p f i l c a  of word images are represented as a scrics of 
vectors describing thc global contour of tlic word image and 
bypass the segtnentation phnsc in [lSS]. 

The methods of h h r c  extraction arc ccritral to achicv- 
ing higli -perform ing word rccogni kion. Oiic tipprowl1 
uti 1 i res the id ca I) f "rcgular" and "sing ttltir " feat 11 re s.  
Handwriting is rcprdcd R S  having a regular flow modified 
by occasional singular cmnbeUishmerzts [21 'I]. A common 
approach is to me an HMM to structure thc ontire 
recognition prowss 1271, [ 1401. In ['I 401, the obscrvabions 
are mndcled as onc-cohimn-wide pixels. The letters arc sitb- 
HMMs containing the same numbcr of states. Iluring 
training, all letters are normaliacd to a fixcd width of 24 
columns. Standard reestimation hrmiilac arc uscd. 

Another. nzethod deals wikh R limitcd size dynamic 
lexicon 11021, Words that arc rclcvnnt during the recogni- 
tion task are not available during training .because they 
belong to an unknown subsct of a w r y  Inrgc lexicon. Word 
imngcs are over segmented such thnl a f k r  thc scgmcntation 
process no adjacent characters rcmnin tciuching. Instead ril 
passing on combinations o f  scgmcnts to a gcnerjc OCR, a 
lexicon is  brought intci play carly ita the process. A 
combination OF adjnccnt segments is coinpared fo only 
thosc charactcr choices which are possible a t  thc position in 
thc word bciiig considered. The approach can bc vicwed as 
a process uf accounting for. al l  the segments gcncrntcd by a 
givcn lcxicoii entry. [,exicon entries arc rrdcred according 
to the "gouducss" of match. 

Dynamic Prngramming (DP) is a cominonly used 
paradigm to string the potential character candidates into 
word candidates; some incthods 1661 combine licuristics 
with I 2  to disqualify cortain groups of primitive scg~ncrzts 
from being cvnluatcd if they are ton cnmplcx Lo rcprcserit a 
siuglc charactcr. The DI' paradigm also lakes into acco~iiC 
compatibility between cntisccutivc character ciuidiclatcs. 

4.4 Applicatlon of Off-Line Handwriting 

There has bccn significant growth i i i  thc application d 
off-line handwriting rccognition (luring the pas1 decade. 

Recognition 
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1 2 3 4  5 6 7 8 9  10 11 12 

Fig. 7. Analytic word recognition: (a) word with pre-segmentation points shown, and (b) corresponding state transltion dlagram. 

The most important of thesc has been in reading postal 
addresses, bank check amounts, and forms. We will 
describe the handwritten address interpretation task and 
the bank check recognition task in the following sections. 

4.4.1 Handwritten Address Inferpretation 
The task of interpreting handwritten addrcsses is one of 
assigning a mail-piece imagc to a delivery address. An 
address for the purpose cif physical mail delivery involves 
determining the country, state, city, post office, street, 
primary number (which could be a street number or a post 
office box), secondary number (such as an apartment or 
suite number), and finally, the firm iiamc or personal name 
WI, 1481. 

A Handwrittun Address Interpretation (HWAI) system 
uses kriowhdgc of the postal domain in the recognition d 
handwritten addresses. Thc task is considered to be one of 
interpretation rather than recognition since the goal is to 
assign the address to its correct destination irrespective of 
incomplete or contradictory information present in the 
writing. This work has led to a system that rccngnizcs 
handwritten addresses that is currently in use by the United 
States Postal Service (USE) I2201. 

Aii example of a mail-piece successfully scaimed and 
interyrctcd by the HWAI system and physically delivcrcd 
by the USPS is shown in Fig. 8. The interpretation result is 
represented in the form of a bar-code oiid sprayed at the 

Fig. 8. Sample mail-piece. 
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Fig. 9. Two-class discrimination (HW vs. MP). By determining whether an address is handwritten or machine-printed, appropriate recognition 
algorithms can be applied. Cortaln machine-printed fonts may have to be treated as handwriting. 

bottom of the cnvelope so that subsequent stages of sorting 
can bc mado by a bar-code reader. 

The HWAI task contains several well-formulated pattern 
recognition prrhlcms. Many of the techniqucs described in 
standard text-books of pattern rccognition find a role in this 
+ask. 

A gradation of class-discriminatioll problems is cncouii- 
tcred. For example, a two-class discrimination priiblem is 
the following: handwriting vs, mnchine-print d iscriniina- 
tion (Fig. 9). There are suvcrnl inidticlass discrimination 
prthlcms: handwritten numeral recognition with 10 classes 
(Fig, 'IO), alphabet recognibion with 26 classes (Pig. ll), and 
toucliing-digit pair recognition with 100 classes (Pig. 12). 
Word rccugnition with n lexicon is a problem where the 
number of classes is dynamically determined by conkxtual 
constraints. Aniih!T problem encountered is similar to the 
problem of cibjcct recognition in computcr vision: determin- 
ing the destination addrcss in a cluttered background. 

4.4.2 Bank Check Recognition 
Bank check recognition presents scwral rcscarcli challenges 
in the area of document analysis and recognition. The 
backgrounds art! oftcn colored and have coinplex patterns. 
The type and pnsition of prcprinted information f ields RS 
well as the guides that prompt patron information vary 
widcly [62]. The handwritten components that are provided 
by thc pntron arc: 1) legal (worded) amount, 2) courtesy 
(numeric) amount, 3) datc, and 4) the signature [42]. 

'Field layout analysis involves image filtering and 
binarization, segmentation of text blncks, and rt?movaI of 
guide lines and noisc [124]. A complete bank chcck 
recognition system, including the layout analysis and 
recognition crq"cnts, that are engineered for industrial 
applications is described in [41]. 

Hiddcn Milrkov Models are used for the rccogiiition of 
both thc Icgal and courtcsp amounts in [68], [70], [153]. 

A chcck-reading system that recognizes bath thc legal and 
courtcsy amounts on French checks in real-time with a read 
rate of 75 percent and an urmr rate of 1 in 10,000 is described 

Fig. 10. Tsn-class discrimination (digits). Three sets of images are shown. The top row consists of difficult-to-read numerals. The middle row 
consists of fairly standard ones. The bottom row has nondigits supplied to a digit recognizer which must be rejected. 
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Fig. 11, State abbreviations recognition with 66 classes. The valid 
abbreviations are: AA, AE, AK, AL, AP, AR, AS, AZ. CA, CM, CO, CT, 
CZ, DC, DE, FL, FM, GA, GU, HI, IA, ID, IL, IN, KS, KY,  LA, MA, MD, 
ME, MH. MI, MN. MO, MP, MS, MT, NC. NO. NE, NH, NJ. NM, NV. NY, 
OH, OK, OR, PA, PR, PW, RI, SC, SD, SC!, TN, TX, TT, UT, VA, VI, VT. 
WA. WI, WV, WY. The figure shows image snippets containing two- 
letter abbreviations collected from actual mail. 

in [loo]. 'Iliey usu a segment and recognize paradigm. 
Recognition involves a combination of multiple classifiers. 

'The approach cif first recognizing the legal amount to 
drivc the recognition of the courtesy amount is used in [103]. 
A lexicon of numeric words is generated from l hc  
independent recognition of tlic legal phrases. Experiments 
were conducted on checks written in English. They have 
reported a 44 percent read-rntc with no error. 

4.5 Signature Verification 
In a typical off-line signature verification systum, a 
signature image, as scanned and extracted from a bill, a 
check or any official document, is coinpared with a few 
signature references provided, for example, by a user at the 
opening of his account. Oppnsitc to on-iiiic systems, there is 
no time information directly availablc and thc vcrification 
process relics on k h  features that can be extracted from the 
lumiiianco of thc trace only. 

Although the cxtmction of a signature from a dncumcnk 
background is already ;1 vcry difficult problem in itself, 
particularly for checks (SEC, for cxamplc, [44]), most of the 
stiidics publishcd to date assume that an almost perfect 
extraction has bcen dnnc. In otlwr words, the signature 
specimens used in these sttidies are generally written on a 
white sheet of paper. 
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Fig. 12. Hundred-class discrimination (digit pairs). Touchlng dlglt pairs 
can be hard to separate and it may be preferable to treat them as a 
singte unit consisting of 100 classos. The figure shows touching digit 
image pairs extracted from zip codes. 

A few survey articlcs have summarized the state uf the 
art in this field LIP to 1993 1:1141, [171j, 11901. We will 
partially update these surveys in this section by describing 
somc appruaclws tliiit have been added to the list r r f  still 
unsuccessful attempts to so Ive this difficult problem. 

Since 1993, a focus has been made on ncural notworks. 
Most of these studies use cnnvcnlicnxd nppruaclies: multi- 
layer perceptrons [4], 1381, [YO], cooperative architwturc 
ncocognition [22 ] ,  [60], and ART network [61]. Other 
convcntiniial approaches are minimal distance classifier 
[1.87], nearest neighbor [1H9], dynamic programming [76], 
and threshold b a w d  classifier 11211, [188], [205]. 
Approaches based on multiple c!xperts 134) and HMMs 
[182] have been recently described. Thc major differences 
bctwccn these studies are in the features used to rcprcscnt a 
given signahire. Simple, direct description based 011 fixcd 
window [182], geometric primitives [60], [76], [90], [179], or 
form factors and dcscriptcm like extended shadow code 
[1871, I1881 havc been used, as well as more coiiiplex 
algorithms based on pattcm spcctrum [49], [61], [I891 and 
wavelets transform [205]. 

They produce Type 1 and II errors of a few percentage 
points; and the signature databasus generally are too small, 
both in terms of the number of signcrs and the number of 
specimens per signcr. 

From a practical point of view, most researchers agree 
nr)w that ;1 solution to their problem will rcly 011 the 
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extraction from a signa turc of pseudodynamic fcatures 
reflecting, for example, some specific characteristics uscd by 
a forcnsic document examincr, RS well as the autuinatic 
recovery of the stroke sequence in the signature image. 

While the number of potential applications for on-line 
signature verification systems is expectcd to be growing 
with the dcvclopmcnt of various forms of an electronic 
penpad, the specific use of off-line systoms, if they are 
commercialized r m  time, is not even swu.  With the 
decreasing usc of checks, paper bills, etc. in inany countries, 
these systems will have to adapt to the new rcquircincnts of 
electronic commercc to becrimc a reality [234]. 

4.6 Writer Identification 
1,Iandwritiiig identification dea Is with coinp*ing qirestioned 
ruritins with knuwii writing e x c q d n r s  and de tcrmining 
whether the questioned documents and exemplars were 
written by tlic samc 01' different authors. 

Two issues nf concern in this proccdurc are the 
variability o f  handwriting within individuals, which are 
irzdividiial chwackrisiics and between individuals, which are 
class clinmcteristius. Thc extraction of distinctive individual 
traits is  what is rclicd on to determine the author of the 
questioned docuiiwnt. 

hhrmation about these two classes of variability are 
gathcrcd based on the features for characterixing hand- 
writing 1171 , 11541. Some of the elcments of comparison are: 
alignment (rcfcrcncc lines), angles, arrangcincnt (margiizs, 
spacing), connecting strokes (ligatures and hiatuses), 
curves, form (round, angular or eyed), lino quality (smooth, 
jerky), movement, pen lifts, pick-up strokes (leading 
ligatules), proportion, rctracc, skill, slant, spacing, spclling, 
straight lines, and terminal strokes. 

Scvcrd of these features are readily coinputable based on 
existing techniques for handwriting recognition. For in- 
stance, handwriting rccognition procedures routinely com- 
pute baseline angle and slant so that a correction can bc 
applied prior to recognition. 

The result of applying these procedures is then used to 
cluster different samplcs of handwriting in a multidimcn- 
sional feature space. The authorship of thc qucstioned 
document is then cstablishecl from its proximity to the 
exemplars. 

Most handwriting identification experts today almost 
entirely on manually intensive techniques. Although some 
literature is availablc on prototype toolsets for document 
examination I l l ] ,  [117], [191], there does not exist any tool 
that has completely automated the handwriting identifica- 
tion process. 

5 LANGUAGE ANALYSIS AND PROCESSING 
5.1 Language Models 
Whatever the approach for rccognition, on-line o r  u ff-linc, 
language modcls arc essential in recovering strings of 
words after they have bccn passed through a noisy channel, 
stich as handwriting or print degradation [ 1721. The most 
important model for written language recognition is the 
lexicon of words. String matching algorithms behvvccn 
candidate words and a lcxicon are t i s 4  to rank the lcxicon, 
often using a variant of the Levenshteiti clistancc metric that 

incorporates various ildilinn costs into the ranking process 
11091. String matching methods are often ilnprwcd by 
incorporatiiig dictionary statistics in thc training data [67]. 
Lexical subscts, in turn, arc determiiicd by linguistic 
constraints [30], e.g., in recognizing i-unniiig tcxt, the lexicon 
for each word is constrained by the syntax, semantics, aitd 
pragmatics of thc sentence. The performance of il languagc 
modcl is evaluated in ternis of the text perplexity which 
measures thc average nu111ber of successor words that can 
bc predicted for each word jn a text. Vie pdorinancc of a 
recogtiitirm syshn  can tlnis be improved by iiicorporating 
statistical information at thc word-sequence level. Thc 
perforinailcc imprnvcment derives from selection o f  
lower-rank words from word rucrignition output when thr! 
surrounding context indicates such selection makcs the 
entire sentence more probable. Lcxical techiiiqties, such as 
collocational analysis [214], can be used to modify word 
rieigtlborhocids gmcratcd by ;I word recognizer. Modifica- 
tion includcs reranking, dclcting, or proposing ncw word 
cancl idates. Collocatitms are word pat terns that occur 
frequently in language; intidtively, if word A is present, 
there is a high prrhbility that word I3 also is prescni. 

Methods to apply syntactic knowledge iizcltide: N-gram 
word models, N-gram class (e.g., pa rt-of-spwch) models, 
context-froe grammars, ancl stochastic contexklrw grain- 
mars. N-Gmm word inodels seek to dcterminc. the string of 
words that most probahly givcs rise ti, the set of output 
words that has been digitized or scanned [78] .  l'hc problem 
with this approach is the difficulty of rcliably estimating the 
parainctcrs as the nuinbet of words grows in tlw \JocilbLI- 
lary. A few alternativcs to avoid this problem Iiavc bccn 
proposed: smoothing back-off niodcls [29] and unaxirnum 
entropy methods [ I f i s ] .  N-Gram class iiiodels 1921, [9$] map 
words into syntactic or semantic classes. In the first casc', 
also referred to as thc part-of-speech approach, for cach 
sentence that has to be iinalyzed, a latticr oC wrird/tag 
assigtiatious is crcatwl to represent all possible sentenccs for 
the sct o f  pssiblu word candidates. The prrrblcm is to 
detcrminc the bcst path tliroiigh the latticcl. Thc scminitic 
approach I1841 relies mainly on machine-readable diction- 
aries and electronic corpora; it uses word dclinilioii over- 
laps bctwecn competing word candidatcs b o  select the 
correct interpretation. Other approaches that involve 
collocations are cooccurrence relations [zln] and the usc 
of semantic codes that are availablc in  SOIIIC dictionaries. 

So far, these approaches h a w  bccn limited to proofhi- 
conccpt and no large-scale expetimcnls havc bccn reported 
to demonstrate the cfkctivciicss of semaiitic infoi-malicin in 
resolving ambiguities, although roal-life analysis of human 
behavinr suggcsk (hat this is very often the only way to 
proceed. An example of  a handwritten sentence: together 
with recognition choices produced by a w n r d  rccognizer 
and grammatically -deteriiiined correct pallis is ShOWJI i t i  

Fig, 33. An increase in the top choice word rccngnition rate 
from 80 pcrcent to 95 percent is possiblc with the LISP o f  
language modcls [2141. 

6 CONCL~SION 
Research on automated writtcn language recognihn dates 
back several ducndcs. Today, cleanly mnchint?-printcd text 
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he will - call- pen when - he us A back 
s hei wilh wilt you l w w e  be \ is /  bank 
me wid e 

Fig. 13. Handwritten sentence recognition. The path through top word choices is determined using part-of-speech tags. 

documents with simple layouts can bc recognized reliably 
by off-the-shelf OCR software. As we have seen throughout 
this paper, there is also some success with handwriting 
recognition, particularly for isolated handprinted characters 
and words. For example, in thc on-line case, the recently 
introduced PDAs haw practical value. Similarly, some on- 
line signature verification systems have been marketed over 
the last fcw years and instructional tuols to help children 
learn to write are beginning t o  cincrgc. Most of the off-line 
successes havc come in constrained domains, such as postal 
addresses [31], bank checks, and ceiisus frirms. Thc analysis 
of documents with complcx layouts, recognition of de- 
graded printed text, and the rccognition of running hand- 
writing continue to remain largely in the research arena. 
Some of the major rcscarch challenges in on-line or off-line 
processing of handwriting arc in word and line separation, 
scgmentation of words into characters, recugnition of words 
when lexicons are large, and thc use of langiiage models in 
aiding preprocessing stid recognition. In most applications, 
the machine performances are far from being acceptablc, 
although potential users often forget that human subjects 
generally make reading mistakes [SI. 

In a n  e-wnrld dominated by the WWW, the design crf 
human-computer interfaces bawd on handwriting is part 
of a tremondous research effort together with specch 
recognition, langiiage processing and translation to facil- 
itate communication of people with cornputer nctwrxks. 
From this pcrspcctivc., any successes or failures in thcsc 
fields will have a great impact on the cvnlutioii of 
languages. lndccd, as  the next century will prnbably 
confirm the supremacy and convoiiicncc o f  English, "the 
Latin of the third millenium," the survival of othcr 
languages and  cultures will necessarily go through their 
"computerization." 

Although we have mostly focusscd on thc processing of 
English in this paper, thcrc arc numerous projects going on 
in inany countries to process and recognize spccific 
langungcs. It is hoped that many of these projects will 
succeed to maintain the diversity and richness uf thu global 
human cxpcricnce. 

ACKNOWLEDGMENTS 
This work was supported by grants RGPTN915-96, STII- 
0192785, WAR-EII1220, and FCAR NT-0017 awarded to 
Rbjean Phmondon; and grants awarded to Sargur Srihari 

from thc United States Postal Service and the 'National 
Institute of Justice. The authors would like to thank Drs. 
Wacef Guerfali, Snlim Djeziri, and Alessaitdro Zimmer for 
their contributirm to Sections 3.2, 3.3, and 4.5, respectively, 
Ur. Venu Govindar;iju and Hina Arora for their comtribu- 
tions to Scctions 4.1, 4.4, and 4.6. The authors are also 
grateful to H61ene Tlallaire and Kristen l'faff, secretaries at 
Laboratoire Scribens atid CEDAR, rcspcctivcly, for their 
kind holp in preparing and integrating the manuscript. 
Finally, the authors thank the reviewers for their fruitful 
commeiits and suggestions. 

REFERENCES 
A. Amin, "Off-Line Character Iiecognition: A Survey," Pruc. 
Foirrtb Int'l Cot$ Zlucunietits Aniilysis rwd Keuqgni/iori (ICDAR '971, 
pp. 506-599. Ulm, Germany, Aug. 1997. 
E. Anquctil and C., Lorcttc, "Perceptual Model of Handwriting 
Drawing Application to the I Iandwriting Segmentation Problem," 
I'ruc. F m r r t h  irit'l Conf. Docrittwnf Annlysis ntid Kccnp/itioti 
( ICDAR '971, pp. 112-117, Ulm, Gcrtnany, Aiig. 1997. 
E. Anquctil and C. Lorctte, "On-Line Cursive Handwritten 
Charactcr Recognition Using Hidden Markov Models," l'rriifcrt~cnt 
di!  Sifyf?nl, vol. 12, nu. 6, pp. 575-583, 1995. 
R. h j a j  and S. Chaudhury, "Signattire VeriIicatioii Using Multiple 
Ncural Classificrs," Pntterii Recopifion, vol. 30, nu. 1, pp. 1-7,1997. 
(1. Ilnrribrc and 11. Plamondon, "Human Identificatiwl of I-utt@rs i n  
Mixed- Handwriting: An Uppcr 130ilnd on Recngnition 
Rates," I'rms. S!/sterrrs, Mnii, nrid C!ybecrnetics, vul. 28, no. 1, 
pp. 78-81, Feb. 1998. 
P. Bauer and B. Wirta, "I'nramctcr Iicduction and Permnalized 
Parameter Selection for Automatic Signature Verification," Proc. 
Third Itr t ' l  Cmq. Dricirtirurit Annlysis nnd Rt!cognitiorr (ICUAII ' Y 3 ,  
pp. 183-186, Montreal, Aug. 1995. 
E.J. Bellagarda, J.I i .  Dellagrda, t3. Nahamoo, and K.S. Nathan, "A 
I'ast Statistical Mixlure Algorithm fur On-Linc IIat~lwriting 
Recogniiion," I E E E  Trms.  Pnttrrrti Annlysis riird Mncliine Irrbdli,pe~ce, 

Y. Hcnpio, Y. LeCuii, C. Nold, and U. Burges, "LcKcc: A N N /  
HMM Hybrid for On-T,iuv Handwriting Rccognition," Nei ivnl  
Crrniputniiori, vol. 7, no. 6, p p  1,2894,303, 1995. 
S. IIcrcu and G. Lorctte, "On-Line Handwritten Word Recognition: 
An  Approach Based on Hidden Markov Models,'' I ~ E .  Ui;rd Inl ' l  
Wurkshqr on Frontiers it1 Hnridzuritiiig Kccogtiition, pp. 385-390, 
Buffalo, N.Y., May 1993. 
1). Bcsner and G.W. Humphreys, Hns ic  Processi's in Kendiriy: Visirnl 
Word Keuocyriiiiori. Hillsdale, New Jersey: I .awrencc Enrlbnum, 
1991.. 
J ,M, Uijliold, "Use of Color Traiishrinatiun for Hxtraction of 
Handwriting," Pvuc. SPIE, vol. 2,567, pp. 171 481, San Diego, July 
1995. 
C.M. Bishop, Nturnl Networks fur I'athwr Ki.cugnition. Clarendon 
Press, 1995. 
C:. Hoccignotw, A ,  Chianese, L,T. Cordella, and A. Marcclli, 
"Hecover~iig Dynamic Infiirmiltion f t c  Stntic f-landwriting," 
Pnttrrv~ Kecqpniiion, vol. 26, pp. 409-419, 1993. 

VU]. 16,110. .l2, pp. 1,2274,233, UCC. 1994, 



PLAMONDON AND SRIHARI: ON-LINE AND OFF-LINE HANDWRITING RECOGNITION: A COMPREHENSIVE SURVEY 79 

H. Iloiitcmyi mid A, Marcelli, "011-1 ,inc Scgmeniation of Cursive 
Script Using an Arclength I<ccprcscntntion," Hmidmriti~i~q ni ld  
L)romiq Krsenrr-k Ensic nrirl App/iod Issrrcs, M.L. Simiicr, C G  
Leedham, and A.J.W.M. Thrimaswn, eds., Amstordnm, IOS Press, 
pp. 315-327, 1996. 
V. Boulelrenu, N. Vincent, I<. Sabnurin, and H. Emptoz, " f - l n d -  
writing arid Signaturc: One o r  Two Personality Idl-ntificrs?" Pruc. 
14th h t ' l  Cor$ P n t t ~ r i i  Wtrcopitioa, pp. 1,75%1;7m, Brisbane, 
Australia, Aug. 1998. 
R. nwxinwic atid S.N. Srihari, "C)ff-T.iuc Cursiw Script Recogni- 
tion," IMF: Trnris, Pnlttuii h r t l g i s  ri~td MdIiiru Iii!cJ[iprt, vd. 11, 
110. 1, pp. 68-83, 1784. 
R. Bradford and R.E. Bmdford, I i r I u o h u t i u t r  tu Iln~!iizurilifig 
Exmitintition n n ~ l  ldeJcrii#icdiuii. Nelsoii-Hall, 1.492. 
P.B. IJrnmall and C.A. Higgins, "A Cursivc Script-Recogni(ioii 
System Dasvd on Human Kcading Models," M d i i f l c  Visiorr nnd 
Applicntiorfs, vol. 8, no. 4, p p  224-231, 1995. 
M.K. Brown and S. Garblpathy, "Preprocessing Techniqiics for 
Cursive Scvipt Word I<ccogniliori," Pn{ti?nt X~!cu~p i t io i i ,  vol. 16, 

D. Bullock, S. Grrisslwrg, atid C. Mnniics, "A Ncurat Nctwork 
Moilcl for Cursive Script Recugnition," Ihln.yicn/ Cybrwretirs, 

D.J. I3urv, "13csigning a Handwriting I<?ndcr," 1 
f'vtfcrfi Am~hysis nird Mackirw Irrtdl i~cncc,  vol. 5, pp. 55 
H. Cardut, M. Revenu, 13. Victorri, nncl M.J. Revillt?t, "A Static 
Signaturc Vcrificntinti Systciii Based un a Coqwativc Neural 
Nctwork Arclritccturc," ltrt'l J. Pot fcn i  Rcuogriitirirr nird ArtiYciril 
Iiifc/lige,icc, vol. 8, tin. 3, pp, 679-692, 1994. 
P. Cai-rikres and R. I'lamorvloa, ''An Iuleractive Hnntlwri ting 
Teaching Aid," Advoiiucs ifi H f l r i d w ! i i q  r i r i r l  13mwiitg: A Millti- 
d i s c i p h w /  Approndi .  C .  Faure, G. Lorettc, A. ViiWr,  and P. Kcuss, 
cds., pp. 207-239, Eurupia, I'wis, '1994. 
I<. Cnscy and E. Lccolinel, "A Surivy of Methods in Strategies in 
Character Segmeiilation," IEEE Tmris, h t t e r t r  A n d p i s  nird Mrrrlririe 

K.11. Chan atid D.Y. Yeimg, "Elastic Structural Matching for Ori- 
Line Handwritten Alplmnunwic Characler Recognitiun," Pro(!. 
14th liit'l C u i i  Pnttcrn hqi i i t io i i ,  vol. 2, pp. 1,121-Ll23, I3rishanc, 
Australia, Aug. 1998. 
11. Clicn, 0 . L .  Agazzi, a n d  C.Y. Siicii, "Picccwisc Linear 
Mndi:lation Model of H;iutlwriting," Proc. Fuirrlll lilt'/ U#!$ 
Docrrnrerit Arinhysis on,! Xrcopi?finri (ICDAR'971, vol. 1, pi). 363- 
367, Ulm, Germany, Aug. 1997. 
M.Y. Cheii, A. Kunrlu, nut1 J, %hnu, "Off-Linc Handwritten Word 

n I-liddcn Mnrknv Model Type Stochastic 
l 'k~~irs. I'ntferir Aridysis i d  Mncliimi Iiittdligcwce, 

vol. 16, nu. 5, pp. 481-496, 1994. 
M. Cherie! a u d  C.Y. Sucn, "Extraction of Key Txtters Script 
Recugnition," Pntterri Xccogtritimi L e l h s ,  vul. 14, pp. 2,009-1,017, 
'1993. 
P. Clilrkson aiitl I<. l<oscnfeld, "Slalislical 1.angungc Modcling 
Using thc CMU-Cambridge Toolkit," !'roc. FrfmSpcecJi '97, 
available on-line at http://www.rs.ctn~i.ed~i/afs/cs/~isvr/r~ini: 
WWW/I Iomcl'agr.htinl, 1997. 
S. Clerjiea~i-rle-Tuum~mirc and K. l'lamondoii, "Integration of 
Lexical and Syntactical Knowledge in a Handwriting Kccognition 
Sytcm," M~slriire Visiori nird Applicntiuns, special issiic cursive 
script recognition, vol. 8,110 4, pp. 239-2150, 1995. 
E. Cohen, J.J. Hiill, and SN. Srihari, "Undcrstanding Handwritten 
'Ibxt in a Structured Envirunmmt: Dctcrmining Zll' Codes from 
Addrcsscs," Int'l J, Pntti'i'i~ Riwsiiitioii nrfd Artificial IjrtrIli<ye!tcc, 
vol. 5, nus. 1 and 2, pp. 221-264, 1991. 
Proc. Ei,y/rtk Ricmid  Cor$ Iiit'l (hrp~io~rnr/ric5 Suc., A.M. Colla, F. 
Masiilli, and 1'. Morasso, cds,, C h o n ,  Italy, Aug. 1977. 
C,F. Colmas, 'Ilrc Wrifiir<y Systerris ofthe Worlrf, Blackwell, 1980. 
C.P. Curdclla, 1'. Foggin, C. Sansone, and M. Vento, "Document 
Validntion by Signatures: A Serial Multi-Expcit Approach," Pmc. 
h t ' l  CO$ Uocrrwcnl Aridysis m r l  R t q y i t i r i t r  (ICUAK'931, pp. 601- 
604, Bangalore, India, Sept. 1.999. 
1-1. Cornhill and 1. Casc-Smith, "Factors that I<ulntc to Good and 
Poor I landwriting," h i .  J Ocui rp l iud  'lYimpy, vol. 5fl, no. 9, 
pp. 732-739, 1996. 
M. Cdtk, R .  Lccolinct, M. Cheriet, a d  C Y .  Suctl, "Autoinalic 
Kcnding of Cursive Scripts Usiiig ii  I<cadit>g Model and Pcrccptual 
Conccpt," I t i t ' IJ .  ~ ~ u c i r n r c l i t f l r l n ! l l s i , s r r r t ~  Rccocyiriiiorl, vol. l., pp. 3-17 
1998. 

pp. 447.458, 1983. 

Vol. 70, pp. 15-28, 1993. 

I ~ i t d l i ~ ~ ~ ~ ,   d. :I 8, pp. 690-706, 1 Y9h. 

[37j C. Ihvidson, "'l'hc Man (Alan Kay) Who Made Crimputers 
Pcrsor~al," Ne7u Scientist, pp, 32-35, Junc 1993. 

[38] M. Deligliaii, K, Faex, a i d  M. Fathi, "Signaturc Vcrificntiijn Using 
S11apc Descriptors and Multiplc Neural Networks," P m .  I € € €  
TENCON-Spcl i  rtsd I t l i r t p  Ti!c!liiiolup'es f i l r  Cuti~pff~i fg nJfd 
TcZcc~nn~nrr~icntit~~r~ Cor$., vol. I, pp, 415-418, 1997. 

(391 J.J. Denier van der Gun and J.P. Tliuring, "The Guiding of I.lunian 
Wi-itiiig Movements," KyI~t!vtcrrik, vol. 4, no. 2, pp, 145-148, 1965. 

[40] A. Deryckc, "Iiiteerfacc Issucs in Advanccs Eclucntiunal Tcclmol- 
~ i g y  p s v d  011 Conpitors," AET: Kcsmrulr issiicr nmi Firhrw 
I'otiintinl, NATO AS! Scrim, T. Lino, cd., pp. 89-113, Berlin, 
Springer-Vcrlag, 1996. 

[41] C;, Ilimairxtj, S. Impctlovo, C. Pirlo, and A. Salzo, "Aiilomatic 
Ihnkchcck I'rowssing: A Ncw Enginccrcd System," Mndiine 
Pwept io t i  mrd Ariificid hfciliprce, S. Impedovo, P S I '  Wan& 
and H. Bunke, e&, vol. 28, pp. 5-42, World Scientific, '1947. 

[42j C. IJimauro, S. Impdovn,  G. Pirlo, and A. Salzo, "A Multi-Expcrt 
Signature Vel-ificatiuii System for Ikmkclwck Processing," M'I f. 
I'nfterri Xccnpi t ior i  nrrd Ari(ficirrl I /r tdl i~em:c,  vol. 11,110. 5, pp, 827- 
844, 1997. 

I431 Y.A. Llimitriadis and 1.L. Coronado, "Torvnrds an A r t  nilscd 
Mathematical Editor that USCS C)n-I.iiw I-landwritten Symbol 
Rccogni tion," Piittern KfwiRrritiorr, vol. 28, no. 6, pp. 807-822, 1995. 

1441 S.  Djeziri, F. Noubuud, and I<. Plamonduil, "Extraction of Signatures 
from Check flnckground Uascd on a Filiformity Criterion," IEEE 
Twits. Iwnyt: Proi:cssiq, vol. 7, no. 10, pp. 1,425-1,438, 1998. 

1451 S. Djmid, I<. Plamondon, nntl J.M. Ihbcrt, "A Lcltcr Model 
Generator to Assist in Teaching i lantlwrititig," I'YUU. Niwlli Bimrifl l  
Col$ Int'l Grnphofiowics Soc., pp. 181-185, Singapore, June 1999. 

[46] D.S. Duermmn and A. I<oscnfcld, "l<ccovcry of Teiiipural 
Information from Static images of 1 landwriting," 1~1 '1  1, Coriipiihir 
Vkioti, vol. 15, pp. 143-164, 1995. 

[47] J,(X Ihlfing, E,I 1.L. Anrts, and J.J.G.M. Van Oosterhuut, "lln- 
Line Verification Signature with Hidden Markov klodcls," Prrrc. 
14th h t ' l  Conf. I'irttcnr liccogtriiio~, pp. 1,31)9-1,312, Brisbane, 
Australia, Rug. 1998. 

[48] R.C. Ilowntoti, K.W.S. 'l'rcgidgo, C.G. Leeclham, and Hendrawan, 
"Recognition of Handwillen Brilish Postal Addrussus," t'uour 
Pizd5 io  Fuihiws 111. S .  Impcdovu and J.C. Simou, cds., pp. 129-143, 
Amstcrdam: North-I lolland Press, 2992. 

1491 1.1'. Urouhard, R. Sabunrin, and M. Gutlbuut, "Ncrrral Network 
Approach tu Off-Line Sigiiatiiw Verification Using 13ircctioiial 
PDF," Ptitlci-n RcctigriUion, vol. 29, nu. 3, pp,  4 15-442, 1996. 

[SO] L. Duneau and B. Dorizai, "On-Line Cursivc Script Xccognilion: A 
User-Adaptive System for Word Kccognition," Pnttcvff  RCCrgriitiOn, 
vul. 2'1, no. '12, p p  'I,')81-1,9Y4, Ikc. 1996. 

[5 I ]  C.E. D u m  and P.S.P. Wnng, "Clinmctcr Scgmcnting l'crhniqiies 
fur Hantlwrittw Text-A Survey," Plnc. I1 tli Inl'l CO$ Pnttcf'jr 
Kcuognitiori, vol. 2, p p  577-580, The Haglie, Nctlicrlarids, 1992. 

[52] T..D. Earnest, "Machiiw I<ancling of Cursive Script," IFIP Curip"'ss. 
pp.-462-46h, Amsterdam, 1963. 

I531 S. Ldelnian and T .  Flash, "A Mndcl of I tandwriting," i3idogkd 
Cyberrielics, vol. 57, pp. 25-36, 1987. 

1541 M. Eden, "Handwriting and IJC\ttcrn liecognition," IRE Trolls. 
irzfiwtirntitiri '14ieoy. vol. 8, 1962. 

[55]  C. Fmw, "Fcn Ikwd I I tiinnn-Coiiipter Interactiuii," Hotidwriting 
nnri U r i n r ~ i i f ~  2 < ~ ~ ~ r c / r !  Dnsiu nrid A#dird Issircs. M.1,. Simncr, C.G. 
Lccdliatn, and A.J.W.M. Thomassen, piis., pp. 373-385, 1996. 

I561 Advinrcrs ir! ~lnitdrurifirig 17ffd Drrr~uhfi: A Mirl~idisci~lliirnr!I~/ Appronch 
C. Taure, P.J.G. Keuss, G. I.orcttu, and A .  Vintcr, cds., Paris: 
Europia, 1994. 

[S7] J.'l'. Fnvata, G. Srikantau, and S.N. Srihari, "llntidprintud 
Chnracter/Uigit Recognition Using a Multiple Fvatui~c/Kcsolt~tio~l 
Philosophy," Prur. Foiirth h t ' l  Wurkshyi 1i.o~ ticrs it1 Iloridniriti~cr~y 
Rccoxniticrri, pp. 57-66, Taipci, 'I'niwnn, 1Y94. 

1581 B.J. Ficicarra, "Hantlwritii1g in 1 tcnltli and Disease," L c p l  Mcdicirre, 
pp. 261 -278, 1995. 

IS91 T. Flash and N. Hogan, "The Coordination of Arm Mvluvvmcnts: 
An Experitiicntnlly Coiilirined Mathematical Modcl," NL'II- 

[hO] R. Foltyniewics and M. Sitnik, "Vcrificaticm of Persons via Face 
and Sigiiaturc Analysis," lJmc. ht'1 Coif$ hirir~t~ Proci?ssirig (ICfP). 
vol. 3 ,  pp. 495-498, 1446. 

[ b l ]  A.M. 1:orte and S. Impeduvu, "A Ncw Adaptive Neural Nctwork 
fnr an Off-Line Sipaiurc  Verification Systcni." Pruc. Irit'i  O OH^. 

i ~ I ) , < C i t ! H ~ ~ ,  d. 7, pp. 1,688-1.703, 1985. 

Pilttt'rit K t ~ ~ r l i l i ~ i i ,  pi?. 355-363, 1996. 



80 IEEE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE, VOL. 22, NO. 1, JANUARY ZOO0 

[62] K, b‘rintkc and M. Kocppen, “l’orvards an Universal Apprnach to 
Rnckgruuntl I<emoval in Images of Batikchecks,” Pvoc. Sirtlr hit’! 
Workshoo k’ronliers in  I-iniidzoritinr RfwpJ i i th i ,  a p .  55-66, Tacion, 

.I Y I I  . 1 -  

Kurea, Aug. 1948. 
1631 1. Franke, I.. Lam, IC. lognult, C. Nadal, and C.Y. Suen, 

Buffalo, N,Y., May 19%. ” 

1641 T. Fuiisaki, T.R. Chcfalas, J .  Kim, C.C. ‘Iappcrt, and C.G Woli, - .  
”On-ii IIC Rtin-On Cliarac.ter Recognizer’ LDDesign and Perfur- 
mance,” Chnvnctev nrirl Hmr/7uritiii~q Rt!copition: E x p i ~ r d i q  Fron- 
tiiirs. P.S.1’. Wang, ccl., p p  ‘1234 37, Singnporc: World Scicntific, 
‘1991. 

[65] D. Gader, M.A. Muhamd, and J.M. Kcller, ”Fusion of Hand- 
writing Word Classificrs,” I’rrtterrr f<ezngnitioii Lcttcrs, vol. 17, 

1661 P.D. Gader, M. Moliammcd, a i d  J.H. Chiang, “Handwritten Word 
I<ecognitiori with Charactcr a ~ i d  Iritcr Charactcr Ncurnl Nct- 

‘I’vnris, S ~ . S ~ C I I I ,  Mm/, nird C!ybeunetics, p p  158-164, 
vol. 27, 110. 1, 1997. 

1-57] W.A. Gale and K.W. Cliiirch, ”Poor Estimates of Context arc 
Worse than None,” Pm:. UAR PA S p c ~ l r  rwri Nnturnl !mg140gcs 
Il‘urksiiop, pp, 283-287, ‘1990. 

1-58] 1.3. Gillevicand C Y .  Sum, “I-IMM-KNN Word lbxognition Fnginc 
for Ihnk Chcquc I’roccssing,” l’uoc. 14th I7r t ’ l  CO$ Pntferii 
Rrcgpfiition, pp, 1526-1.529, Driubaiie, Australia, Aug. 1998. 

[69] M. Gilloux, J.M. Dertillc, imd M. T.eroiix, “Rccogiiition of I.Iand- 
written Words in a I,irnitcd Uynalnic Vocabulary,” Proc. Third ht’l 
Wurkslivp Froiifiers u,f Horrdruritin~q Xrcuynitiorr (IWFHRIIII, pp. 41 7- 
422, Buffalo, N.Y., May 1995. 

[70] M. (.:illoux, M. I . l w u x ,  arid J.M. I3crtillc, “Strntcgics for Cursive 
Script Recognition Using Hidden Markov Mod&,” 1, Mrchirrt! 

[71] A. Goddnrd, “Disappointing Verdict on Signallire Soliware,“ iVm 
Sciej i t ist,  vol. 242, p. 20, 1994. 

1721 V.K Govindaii and A.1’. Shivaprasad, ”Cliaracler Recognilion: A 
Review,” Pnltevri RccugfiUiun, vol. 23, no. 7, pp, 671-683, 1990. 

[73] T. Greer and J.J. Lockman, “Using Writing lnstr~imeiitlts: Invar- 
iances in Young Childrcn ntud Adtilts,” Child Ucwhprrfcnt, vol. 69, 
no. 4, pp. 88-9112, ‘lWR, 

[74] W. Guerfali and R. Plamo~rluii, “A New Mcthurt fur the Aiidysis 
of Simple and Complex I’liii~iw Knpid Movcmcrm,” I. Nwnsckricu 
Methods, vol. 82, no. 1, pp 

[75] W. Guerfnli and R. Plainundun, ”Norinalizing and Restoring On- 
Line Handwriting,” l’rittcrn Ktrognition, vol. 26, no. 3, pp, 419-431, 
1993. 

[76] J.K. Guu, n. l3ourniann, mid A. Rrwnfcld, “I.ocal Corrcspon- 
dciicc for Detecting Random Forgeries,” Pmc.  F~~tr t l r  h I ’ I  CO?$. 
Dociriveril A~inlusis R n r l  Xecua / i ih i i  flCDAR’971, DP. 319-323, Ulm, 

pp. 577-584, 1Wb. 

Vision O H I I  Aff)>lii’RiiOf?s, VOI. 8, 1 ) ~ ~  1‘17-205, 1995. 

. .  I ,  

Germany, Ang. 1997. 
(771 1. C:uyotI, 1’. Albrcctrt, Y .  Lc CUII, J.S. Ucnkor, and W. I-lubbnrd, ” .  

“Des$p of a Neural Network Ch&ter Recognizer for n Touch 
Terminal,” Pntlrrri Rctqiiitioii. \d. 2 4  no. 2, pp. 105.119, :1991. 

[7K] 1 .  Guyon and t’. l’crpira, ”Ucsign of n Linguistic i’ontproccssnr 
Using Variable Meiiioiy Lenglh Markov Models,” Pwc. Third I i i t ’ I  

Cot$ Ducirincril Annlysis nnd Rcccr~~yriilbir IICDAR’95I. pp. 454-457, 
Montrcal, Aug. 1995. 

[79] 1. Guym, L.R.B. Sclin~nakcr, I?. l’lamondon, and R. Liberman, 
“UNlPEN I‘rojcct cif C h - 1 . i n ~ .  %Mil Exclmgc ilnd Rccogiimr 
Benchmarks,” Proc. 12th hit’) Cord. P u l k w i  RCcopiIimr, pp. 29-33, 
1995. 

[XO] I1.J. Hamilton, J- Wliclan, A .  Mclmcn, I ,  Macilltyre, and A. 
Tizzard, ”Low Cost Dynamic Signature Verification Systcm,” 
IEEE CunJ P i / f i f i d i u n s ,  110. 408, pp. 202-206, 1995. 

[SI] K.C. Ilnycs, ”Reading Handwrittcn Wods Using Hicrarctrical 
lielaxatinn,” Cowpiittr Gmplrics n}fd Iwinst? l’rocessi~i~~, vol. 14, 
pp. 344-364, 1980. 

[821 J.F. Htburt, M. T’arizcilu, m d  N. C;hazi..oli, ”1.eiurning to Segment 
Cui.sive Wnrds Using Isolatcd Characters,” Visiou I~itcUJl~cc ’99, 
pp. 33-40, Trois-RiviBres, France, Map 1999. 

[83] J.F. H&bert, M. I’arirzeau, and N. Ghazzali, ”A New Fuzzy 
Gennrctric Keprcscntotinn For On-Linc Isolated Charactcr 
Recognition,” I’YOC. 341h ht’l  Cwq. I’nttcr~ Recopitioir, vol. 2, 
pp. ‘l,lZl-’l,l23, Drisbaiw, Australia, Ang. 1998. 

1841 A. Hennig, N. Sherkat, and R.J. Whilhmw, ”Rccognizing Ixttevs in 
On-Line Handwriting Using Hicrarchicnl I h m y  Tnfcrcncc,” I’uoc. 
Forrrtli I d /  TIIJ$. Docrrmwl Ariidysis i i m l  R t w p i h m  (ICDAR’971, 
vol. 2, pp. 936-940, Elm, Germany, Aug. 1497, 

[SS] A. Hmiiig, N. Sherkat, and R.J. Whitrow, “Zonc-Gsliinntion for 
Multiplc 1-incs of 1 Inrdwriting Using Approximate Spline 
i:mctions,” I”nx F@h Irr t ’ l  Workslrop I’ruiititirs iir Hrrridwitiny 

[86] T.K. Ho, 1.J. Hull, and S.N. Sriliari, ”Dec:ision Combination in 
Multiple Classifiers Systcmr,” I E E E  TYIIIIS. Pizttem Andysir arid 

[57] J.M. Hollerbach, “An Oscillation Theory oi Handwriting,” 
IWoyicd Cylwnttics,  wl. 39, pp, 139-156, 1961. 

[SS] J. Hi), M.K. Brown, and W. Turin, ”HMM Based UwLine 
Handwriting Iiecognitiun,” l E E E  Tmris. P/riturn A~irflysis mid 
dMt?chi/ic I M I i p r w ,  vol. 18, no. ‘I I), pp 1,03!)-.1,044, Oct. 19Y6. 

[S9] Y.S. Huang and C.Y. Smn, ’The Behavior-Knowledge Space 
Mcthod for  thr Comhinatioii of Multiplc Classifiers,” Put)(>.  lEEE 
Cor$ Caiiipr//cr Visfori Pntlert i  R w o p j / i m i ,  pp. 347-352, 1993. 

[eo] K. Huaug and H. Yan, “Off-Line Signature VcriIicalinn Based on 
Geometric Feature Extraction and Neural Network Classifica- 
tion,” I’iltterir Xmogiiitimi, vnl. 311, no. 1, pp, 947, ,1997. 

[SI] K. Huang arid H. Yan, ”On-Line Signaturr Vcrificatinn Based on 
Dynamic Segmentalion and Global and Local Matching,” Opiicnl 

[02] J.J. Hull, ”Incorporatinti of a hlvlnrkov Mndcl of Syntax in a ‘i’cxt 
Recogiiiliun Algorithhm,” Pmc. Syiap. Doczinrerit A nnfysis nnii 
Infomotiofi Rc1ricmd, pp.:L74-’1.83, 1992. 

[99 S. Impcdovn, L. Oltavinno, niid S. Occhincro, ”Optical Clinracter 
R ~ c ~ $ t \ i t i ~ i ~  A Survey,’’ Ir~t’ j  1. I’rilterr! Riw~~Iifioii n r d  Artifkid 
hfd/iguicc, vol. 5, no. 2, pp. 1-24, 1991. 

[94] M. Kadirkamanathan and I‘.J.W, Rnyner, ”A Scnlc-Spxe Fillering 
A p p r ~ i ~ c h  to Strokc %gmcnta\tioii of Cursive Script,” I ~ t i t i ~ p i l t c u  
I k ~ c s s i q  I$ Hflntiuwitiiix. R. Plaiiinndon n i id  C.G. Lcedham, cds., 
pp. ‘133-166, Singapwo: World Scicntific, ‘1990. 

[MI R. Karlsdottir, ”Coinpilrisuii of Cursive Models Tor Hilndwriiing 
Instruction,” f”q? t io~r  Motor Skills, vol. 85, 110. 3, pai t  2, p p  1;171- 
‘l.,’lH4, 1097. 

[96] R. Karlsdoltir, ”Development of Cursive Handwriting,” Pcvcrptiu~i 
Moloi Skills ,  vol. 82, nu. 2, p p  659-673, 1996. 

[97] K.S. Kashi, W. Turin, and W.L. Nelsnn, “On-Line Handwriiten 
Signalure Verification Usiiq Stroke Directinn Coding,” Opficnl 
 EM,^., V L ~ .  35, 11o. 9, pp. 2,526-2,533, 1976. 

1981 1. Karls, G. Madcrlcchncr, V. Pilug, S. Uatimaiin, A. Wcigcl, and I\. 
Dcngcl, “Scgmcntntioii inid Recngnitiun of Cursive Hnndwritiug 
w,ith I n i p r w ~ d  Stlucturr!d I-cxica,” /VI>C. Tliit-d hi!’/ bVorkshy 
Ftmnlicrs i f i  H r t i r i l i v r i l i q  Xr.w,ynitimi (IWFHRIIII, pp. 07-44?., 
I3tiffalo, N.Y., May ‘1093. 

[99] F . G  Kemlan, L.J. Evett, and R.J. Whitrcw, “A Large Vucnbulary 
Stcrcliastic Syntm Airalyscr fur  Hiindiuiiting Rucugnitiun,” !’roc. 
First irit’l Cor$. DOC~UJILW~ Aridysis IImi Kt?copitioii (ICOAR ’91), 

[lOO]S. Kcnnr, V. hriisiinov, 0. Ihrct, N. Gorski, 11. I’ricc, and J.C. 
%non, ”The A2iA lnlerclicqiic Syslcm: Courtmy Amount and 
Legal Amount Recvgiiilion fur French Chccks,” Mncliitre Perceptiuii 
irird ArtiJt-in! bikiligiwa?, S. Impvrluvu, P.S.P. Wang, and H. Bunke, 
cds., vol. 28, pp. 43-86, World Scicntific, ‘1997. 

[ 10 I ]  G. K i m  ilnrl V. Govindarajtr, ”Haiiclrvrilten Phrase Rrcugiiition as  
Applied tn Strcct N ~ I W  Imagcs,” Prrlturn K w n p i i f i m ,  vol. 31, no. ‘I, 

[102]G. Kim arid V ,  Chvirvlnrilju, “A I.cxicoi1 l l r i v m ~  Approiich to 
Handwritten Word Rectigiiilion lor  Real ‘I’ime Applications,” 

pp. 366-378, Apr. 19’47. 
[ IO31 G. Kim and V. Guvindarajn, ”Dankcheck Recognition Using Cruss 

Valiclatiim I3ctwccir I.cgal iiiid Cnurtvsy Amounts,” Ikrl’l j .  I’ntitiurr 
R c q n i t i u u  r r i r d  Arli,kiiil Irihd!i~mcc, vol. 11, no. 3, pp. h57-674, 
1997. 

[IO41 G. Kim, V. Clnvindaraaju, and S.N. Srihari, ”An Architecture fnr 
Hnndwrittm Tex t Recugnilioii Systems,” h t ’ l  1. D~~it~rit i i f  ArmZ!/sis 
r t r i d  R r q i i i t i o i i ,  vol. 2, pp. 37-44, 1999. 

[ 1051 S , H  Kim, M.S. Park, and 1. Kim,  “Applying I’ctsonnlized Weighls 
to a Fealurc Sc=t for On-Line Signatlire Vcrification,” Pvuc. Third 
Irit’l CO!$ Uocrmitwt A t idys is  rlmI Kwoxriitioti I K D A  K’W, pp- 882- 
885, Montrcal, Aug. ‘19%. 

[ 1061 J. Kittler, M. Hatef, and  R.P.W. nuin, ”Combining Classifiers,” I’roc. 
l.ltlr h/‘f Cot$+; I’nttcrn Rwopilioir,  pp. 897401, Vicniia, Aug. 1946. 

Rccopiiion ( iwmw),  pp. 3 2 5 - ~ 2 ~ ,  Colchcstor, U.K., Sept. ‘1996. 

M n ~ h i r ~  I r i t d l i g e j ~ ~ ,  Y O [ .  16, 1 7 0 .  1, 1>p. 65-75, Jan. 1.994. 

Etr<q., VUI. 34, 110. 12, pp. 3,480-3,488, 1995. 

pp, 794-802, St-Malo, Franc<!, Sept. ‘1991. 

pp. 41-51, 1998. 

‘hu t s .  Pntl(?u!t Amhjsis rutti M~adrim? hit?l/ i$e~ice,  vtd 19, 110. 4, 



PLAMONDON AND SRIHARI: ON-LINE AND OFF-LINE HANDWRITING RECOGNITION: A COMPREHENSlVE SURVEY 81 

[ 1071 T. K d i o n a ~ ,  "The Sclf-Organizing hkps,” Pwc. I E E E ,  vol. 78, 
pp, 1,464-1.,48(3, 1990. 

[IO81 A. Kosmala and C;. Rigoll, ”Trco-hscd State Clustering Using 
Self-Organixing Principles for Largc Vocabulary 011-Line Hnnd- 
writing Iiccogtiition,” Proc. 14th Irii’l Cot$ IWtcun Kccogriiiioii, 
vol. 2, pp. 1,313-1,315, Brisbane, Australia, Aug. ‘1998. 

[IO91 K. Kukich, ”Tcdiriiqiics fnr Antomalically Correcting Words it1 
Text,“ ACM L‘onrynfinx Sfrrveys, vol. 211, no. 4, pp. 377439, 1992. 

[ I  IO] I,. l.nm, S.W, LCC., and CY. Snen, “Thinning Mctliodologiw 11 
Coiriprchciinivc Siirvcy,” l E E E  Tvrnis. Pnttcvii Armlysis n~rd  Mnclrine 
I~itell i~~eticc,  vol. 14, pp. 869-885, 1992, 

[I I I] I>. Lam and C Y .  Suen, ”Application of Majority Voting to Pattern 
Recogiiiiion: An Analysis of Its Ilchavior atid Performance," IEEE 
Tmns, Piittcrn Atmlysis nnd Mdiiiic liitcllijiencr, vol. 27, no. 5, 
pp. 553-568, May 1997. 

[ I  121 C. Lange-Kuttiier, “Pressure, Velocity, and Time in Speeded 
[hawing of lrasic Graphic Pattcrns by Young Children,” Arrccptioii 
Motor Skills, vnl. 86, no. 3, part 2, pp. 1,299-1,31.0, 1998. 

[ I  I31 K.K. Lau, P.C. Yucu, and Y.Y. Tang, ”A New Fiiiich-Based On- 
ILitic. Signature Vcrilication Method,” Pvor. Sixth Iitt’l Workshop 
Fvu,itievs In H ~ r m l w i l i t ~ ~ q  X m p i t i o n  UWFl I R  VI), pp. 449454, 
Taejon, Korea, Aug. 3 998, 

[I 141 F. Lcclcrc and R. Plainondun, ”Autumatic Siglriturc Verification: 
The State uf thc Art, lW-l ’dY3,”  Irit’l J, Pnlderii Rtqqriitioti find 
Altifii’itrl Ititclli,oc!lrce, special issiic sigt~atiire verification, vol. 8, 
no, 3, pp. M-fi<fi, 1994. 

[I 151 [..I..  I.cc, T. Ilcrgcr, and I! Aviczcr, “Reliable Oil-Liiie Signalurc 
Vcrificatioii Systems,” I E E E  Trans, P#lh!un Atrnlyslsb ntrd Muchitre 
h k U ; ~ r m ! ,  vol. 28, no. 6, pp. 643-647, Junc 19‘16, 

[ 1 I h] 511. I m ,  I-1.K. Lee, and J.H. Kim, “Numcml Chnractcrs and 
Capilal LeiLe1-s Segmentation Rucognitioii in Mixed I landwriting 
Context,” Ptoc. 77iird /nt’/ Corif Uociraimt h m l y s k  mtl Recoguifiotl 
ICIjAK ’93, pp. R7R-881, Mnnlrcal, Aug. 1995. 

11171 C.P. Ine and G. I,cedkam, “A I’rototypc Toolset for Interactive 
Queslioned Document Exomii~atiori,” !’roc. Niiitli Uiciiiiid  cor^) 
Iirl’l Grap~iononiIcs Soc., pp. 57-62, Siiigaporc, Jiinc 1999. 

[ 1 1 XI l’roc. Ninth Bierinid CO?$. I i r t ’ l  Grrtplrrm” Soc., C:.  lrcdiiani, cd., 
Sjiignpure, JUIIC 1999. 

[ 1 191 X. Li and D.Y. Yenng, ”On-Line llandwrittcn Alplianunwic 
Character Recugnitiun Using Iloniinnnt Points in Strokcs,” Pfl tIe~ri  
Xtwgnifioir, vol. 30, no. ‘1, pp. 31-44, Jan. 1997. 

[120] X. Li, M. Parixcnu, arid I<. l’lamnndnn, ”Scgmeiitation niid 
Ruconstriiction of On-i.inc llandwrilten Scripls,” Prrtierr~ Kccopti- 
h i ,  vol. 31, no. 6, pp. 675-684, 1998. 

[I 2 I ]  J. Lin and J.C. I.i, ”0ff-l.inc Chincsc Signahwe Verification,” Proc. 

[ 1221 C Y .  T.iuu and I-LC. Yang, ”1 laiidpriiited Character Recognition 
l ~ i t ’ l  Cor$. IliingC P U O C C S S ~ ~ ~ ~ ~  (ICIPJ, vol. 2, pp, 205-207, ‘1996. 

Bawd nn Spatial Topology llistance Mcasumincnt,” I 

Sept. 1996. 
[ 1231 Y .  I.iu and S,N. Srihari, “LZocu1iient Image Dinarination Rased un 

‘Texliire lk lures ,”  I E E E  Trnirs. f’/rHcr/r Aimlysis n / d  M~~chir i e  
infdl i~cnc!c,  vol. 19, no. 5, pp. 1-5, May 1997. 

[124]I<. Liu, C.Y. Siien, M. Cheriet, J.N. Said, C, Nadal, and Y,Y, l’ang, 
”Autumntic Extraction of Ihscliircs atid Data Irom Check Images,” 
hl f j  1, r’ottenf Kccoptitirut nrrd Ar!@inl I ! i / c l l i~wcc ,  vol. 11, no. 4, 

[I251 G. Lorelk, “Handwriting Kecogiiition or Ihding? What is thc 
Situation at thc Dawn nf thc Third Milleniimi,” hf’l J, DOCilfrJt’lrf 
Arinlysis orid Rccqriitiuti,  pp. 2-12, 1999. 

[121rj F.J. Muarsc and A.J.W.M. l’hotnasscn, “Produced and Perceived 
Writing Slant: Difference Bctivccn Up iind Down Strokes,” Ach 

[I271 J.F. Manrse, J.I..A. van ilc Vccrdonk, M.L.A. van der Linden, and 
W. L’rangcr-Mod, “1 Imdwriting Training: Computer-Aided Tools 
for l’remcclial leaching,” Dn:tIupwii t i f  Gvopliic Skills. J. Wann, 
A.M. Wing, N. Suvik, crls,, pp. 249-L58, Acadcmic Press, 1991. 

[I281 J. Mnckowiak, L.R.R. Schnmakcr, and L,  Vuurpijl, ”Semi-Auk- 
matic Deterniination of Allograph Duralioii and Position in Cln- 
Ihic I-[andwriting Words thscd on the Lxpectcd Number of 
Simkcs,” I’vo~vcss i r i  Ilnndwitiirfi Rccupitiwr,  A.C. Downton and S. 
Imptidovo, eds., London: Wurld Scientific, 1997. 

1 1291 U. Maliadcvnn and K.C. Nagabhuslianatn, ”Gay Melrics for Word 
Separalion in Handwritten Lines,” Proc, Third It i t ’ l  Can5 Ilocirmrt t  
Aridpis r i d  Rci:uggniiiori, pp. 224-1 27, Montrcdl, ([CURII ’%), hug.  
1995. 

Pirtfcrri Atmhysis mid Mnuliirie InicI/isyeifcc, vol. 18, 110. 9, pp. 941 -944, 

pp. 675-697, 2997. 

Ps,l/c/lulugicir, vul. 54, pp. I31 ” 147, 1‘183 

1130) J. Rhkliotil, T. Stamcr, R. Schartz, and G. Lou, “On-Line Cnrsive 
1 lanclwriiing Recognilion Using Speech Recognition Models,” 
Pvac. IEEE I d 1  Cor$ Acriiistirs, SprfcIi, atid SigmiI /”Wsing, 
pp. v125-vI28, Adclnidc, Australia, 1994, 

[131]S. Mankc, M ,  Finkc, 2nd A. Waibel, ’”Pen++: A Writer 
Independeiil, Large Vocabulary On-T.inc Cursive Haudwritii~g 
Kecognitioii System,’’ I’roc. l’hird Int’l Conf. Docmer i t  Arin!ysis nrid 
Xrwgrritinn llCLlAK ’9!7J7 pp, 403-408, Mnntrcal, Aug. 1995. 

ng Dnum-Wclch for C1ii-Linc 
Signattuu Vcrificntioii,” l’ioc. Sixth I M l  M~nrksirop Fivritirrs iii 

IInwdruviiirig Rccopj/imi UWTI-IRVIJ, pp. 3B9-397, Taejon, Korea, 
Aug. 1998. 

[ I  331 I<. Martctis and L. Clacsen, “Dynamic Programiuinp, Optimiaation 
for On-Line Signature Verificaticm,” Prof:. Foirvilr Iiit’l Conf. 
Dociritrail Aiinlysis rrrtd Rccugnitiori (ICIIAK ’97), pp. 653-656, 
Ulm, Germany, Aug. 1997. 

[ I  341 11. Martens and  L. Claesen, ”Oii-Liie Signature Verification by 
Dynamic Time-Warping,” PVOI:. 13th hi i’l Col$ Pirttcrri K~wgrri t iort ,  
pp. 38-42, Vieiiiia, 1996. 

[ I  351 ‘1. Matsutira and S. Yamamoh, “Signature Verification Using 
Distribution of Angiilar Direction of Pen-point Mavcriient,” I’mc. 
Sixth Iirt’l W o ~ . k s / ~ o ~ i  rronticrs ;it H R v d w i t i i i g  ICccgyiritiou 
(IWI’l-IK VU, pp. 537-545, l’ncjnn, Korea, 3998. 

11361 T. Matsuura a i d  T.S. Yu, “On-Line Signahire Verification by Ill< 
System,” I ’ r i ~  Pvth h t ’ l  Workshop Frori tiers in I Iniirlroritirig 
Ktcngr?itinu (1 W H  Ji< V), Cnlchostcr, England, pp. 413-416, Sept. 
1996. 

[ 1371 K.C. Mculcnbrock, I3.A. Roscnbaum, R.J.W.M. Tiinmassen, L.D. 
l.011 kopolous, and J. Vaughn, “Adaptation of a Ilccnching Model to 
Handwriting: How Different Effectors Can Producc the Sanw 
Written Output and other l<csults,” I’.q&dnyicrr/ Kts!s~.nrch, vol. 59, 

[138] R.G. Meulmbroek, AJ.W.M. Thomassen, I’.H. van I .icshout, and 
S.P. Swiniwn, “Tlw Stabjlity of Pen-Joint oncl Intcrjoint Conrdina- 
lion in 1.uup Writing,” Actig P s y c l i ~ l ~ g i ~ n ,  vol. Ion, nos, :l-2, pp. 55- 
70, 19%. 

[139] A. Meycr, ”Pen Coiiqniting: A Technology Overview nud a 
Vision,” SIGCHI Hii l l c t i i i ,  vol, 27, 170. 3, pp. 46-90, July 1995. 

[ I  401 M. Mobainmed and P. Gader, ”Handwritten Word Recognition 
Using Scgiiienlation-Frce Hidden Markov Modeling and Segiiien- 
tatim-Dascd Dynainic Progrnmming ‘I’cchniqucs,” IIiEE Trziirs. 
Pnttern Aiml!ysjs mid Mnchitie hfc i l i~er icc ,  vol. 18, no. 5, pp, 548-554, 

I1411 P. Morasso, “Untlurstartding Cursive Script as n Trajectory 
Iiormatioii Paradigm,” Grrrpliotiorriics: Curh-niprnry Rcscnrcli iri 
H n m h r i l i ~ g .  H.S.R. Kao, G.P, niid van Galen, R.Hoosaiii, ctls., 

11421 P.G. Murassu. M. Limuncelli, and M. Morchio, “liicrcmnitd 
r.carniiig Exporinwnts with SCKIPL’OK: An higine for On-Line 
Rccogiiilion uk Cursive Hmdwritiiig,” Mnt!hiiiu Visiorr riiid Applicn- 
~ ~ O H S ,  vol. 8,, 110. 4, pp, 2U6-214, 19‘15. 

1143j I-’. Morasso a n d  P.A. Mussa Ivaldi, ”Trajcctory Formation and 
Handwriting a Coii iyuk~tioi~~l  Mudcl,” Iliidugicnl Cybrnretics, 

11441 1’. Morasso, V. Sanguineli, and T. Tsuji, ”A Model for thc 
Gencration of Virliial Targets in Trajectory Formation,” Arlrnrrrrcs 
ia Hnlihuvitilig ntld I~vi iwi j ig:  A M r i l ~ i ~ j s f ~ ~ I ~ ~ i ~ r ~ i ~ y  A ~ ~ Y O U C I I .  C. lhure, 
I-’. Kcuss, C. Lorcttc, and A. Vintcr, uds., pp, 333-348, 1994. 

[145] S. Mori, H. Nishida, and H. Yamada, Optjcol CCsrricter Rcuogriitiori. 
Wilev, -1999. 

[I4615 Mori, CY. Sucn, and I<. Yamamolo, ”Hislorical Review uf OCR 
Research and Dcvclopmciit,” I’niu. F E E ,  vol. 80, no. 7, pp. ‘1,029- 
1.,058, 1992. 

[147] S, Mori, K. Yamnmoto, aiid M. Yasuda, “Kcscarcli DLI Macliina 
Ibxogiiition of I landprinted Chnmcters,” K K I <  l’rmrs. Pnttrrti 
Aimlyslsis nrd Mrrulzim htdliaqcticc, vol. 6, no. 4, pp. 386-105, Apr. 
1984. 

[14E;] Y.  Knkajinin, S. Mori, S. Takcgami, and S. Sato, ”Glnbal Methods 
for Stroke Segtnontntion,” hi’! j .  Doriififetil Anulysis mid Rcciicyrii- 
tioit, vol. 2, pp.19-23, 1999. 

[I 491 V.S. Nalwn, “Automatic On-Line Signature Vcrilicaliun,” PYOC. 
IE‘EE, vol. 85, no. 2, pp, 215-240, 1947. 

[I501 K.S. Nathan, 1-I.S.M. Ircigi, J .  Submhinonin, C.J. Clary, .ancl H. 
Maruynma, “Rcnltiinc On-Linc Uiicoiislrained Handwriting Re- 
cognilion Using Shtislical Methods,” P m .  ht’l Cot$ A C C ~ I O I I S ~ ~ ~ S ,  
S p c h ,  nml SQpnl P,arrssbfAy, p p .  2,619-2,622, Iletroit, ‘1 995. 

[132] R. Martens and T,. Clacscn, ”Ut 

110. I, pp. 64-74, 1996. 

hlay 1996. 

171). 137467, H I s w I Q ~ ;  19H6. 

vol. 45, pp. 231 -142, 1,982. 



82 IEEE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE, VOL. 22, NO. 1, JANUARY 2000 

[I511 H. Nisliida, “An Approilch to lntcgretion of Off-Iinc and Chi-liiw 
I<cccognition of Ilandwritirig,” Pirthm Recopi t io i r  Ldkrs, vol. 16, 
no. 11, pp. 1,213-1,219, Nov. 1995. 

[ I  521 F, Noul~crutl imd I<. I’lnmoiidon, ”Ot+l.inc Itccogtrition of 
Handprintcd Charoctcrs: Survcy and Rcta Tests,” Prrttrurr Xccriy~i- 
tiori, vol. 25, no. 9, pp. 1,031-1,041, 1090. 

11 531 C. Olivicr, ‘l’. l’aqtict, M. Avila, ailcl Y. Lccourticr, “Optimal Order 
of Markov Moduls Appliccl to 13ankcliccks,” frit’! I. I’tittcvif 
K~ccog,rilioii ~ n l d  Artificinl lirtcl!iyfncr, vol. 11, no. 5, pp. 789-800, 
1957. 

[ I  541 A S .  Osborn, Qrrcsfiond U O C I I I H B I I ~ ,  second ed. Boyd Printing, 
1929. 

[ I  551 N. Otsu, ”A Throshold Sclcction Mcttiod frntn Gray-Scalc 
Histogram,” l E E E  Tyi i i is ,  Sysleriis, M n i i ,  rritd Cybi?r,tulics, vol. 8, 

[ I561 P.W. Palunitto, I’ Swamiiialhan, and 5.K. Sriliari, ”Documenr 
Image Llinarixatbn: E:valitation of Algorithms,” I+oc7. SPIE ,  
Applimtiom I$ Iligitd Irimge I’roccssirrg I X ,  vol, 697, pp. 278-285, 
San Diego, Calif., Aug. 1986. 

[I571 T. l’aquet, M. Avila, and C. Oliviur, ”Word Modeling for 
I Iandwrittcn Word I<ccognition,” Vision fn!c$ice ’99, pp, 4Y-56, 
Trois-Rivibrcs, Fraticc, May 1999. 

[ 1581 C. Parisse, “Glcibal Word Shape Prucessing in Off-line Recogiiiiiun 
of Haidwriting,” I E E E  T m ~ s .  Potterii  AltnIysB r ~ m l  Miichiw 
hitoliigcnce, vol. 18, no. 4, pp. 460-464, Apr. ‘1‘196. 

[ 1591 M. Parizeau and R. planiondon, ”A Fuzzy Syiilaclical Approach to 
Alloglaph Modclling For Cursivc Script Kecognition,” IEEE T T I I H ~ .  
P d h i  Arrnlysis nnd Illncliiije Iii fcIliyetici., vol. 17, no. 7, pp. 702-712, 
July 1995. 

[I cl01 Pnttern Kccopiifiori, special issuc on automatic sigiinturc vcritica- 
tiun, R. Planiundun, e d ,  vul, 8, nu. 3, Junc 1994. 

[ 1611 Pnlterri Rccognilioii, special issue on handwriiing processing and 
rectignilion, R. Plamoiidon, ed., 1993. 

[I621 1. l’avlidis, K. Siiigh, and N.1’. Papanikolopoulos, ”On-tine 
Handwriling Recognilimi Using Physics-Bawd Shapr hk ta -  
morphosis,“ Potferrr XccqttitioiL, vol. 31, no, 11, pp, 1,.589-1,6Ilfl, 
Nov. 1998. 

[I fi3] I. I’avlidis, K. Singh, m c l  N.1’. I’apairikolopoulos, ”At1 On-line 
I-Iaiidwrittcti Note llccognition Method Using Shape Metaunor- 
phosis,” Proc. Fourth Irit‘I Cot$ DocIiIwrit A d y s i s  wrtl K c t q i l i t i u r i  
ilCDAR ‘97), vol. 2, pp. 914-918, Ulm, Gcrinnuy, Aug. 1997. 

[ I  641 X .  l’lamondon, “A Kiiiciiintic l’hcory of llapid IIuniati Movc- 
mwts: Part I: Muveinelit Representation and Gmeraliun,” ”Part 11: 
Movemcnt Timc and Control,” IMogicd C!/iwtrctic:s, vol, 72, 110. 4, 
pp, 295-3117; 3n9-320, 1995, “Part 111: Kinctic Outcomes; Llioloxii:ol 

[ 1651 R. l’lamuiidon, “A Remissalice of  Handwriling,” Mnchiire Visiuii 
n r d  Applirrrtioiis, vol. 8, pp. 195196, 1995. 

[ 1161 R. Plamondon, “A Model-Based Segmentation Framework lor 
Coniputw Prclccssiiig of I-Ianrlwi.iting,” Pwut!. I l f l l  Iirt‘i CUI$ 
Pnlleni Xecogiiitiurr, pp. 303-307, the Hagiic, Netherlands, 1Y92. 

[ 1671 I<. Plamonclon and W. Gwrhl i ,  “The Generation of Handwriting 
with 13ulta-l ogiiormnl Synergies,” Hicdogicrtl Cybcuriutics, vol. 78, 

11 681 K. I’lamondon and W, ( h c r h l i ,  ”Why HandwritiiiI; Scgmcnhtiiin 
Can Bc Mislcading,” I’roc. 13th Ink’! Cor@. I’nttern Kcc:opritiori, 
vol. D, y p  39G400, Vienna, Aug. 1996. 

[ I  691 R. l‘lamondon, W. Guerfali, and M.  Lalondc, ”Automatic 
Signature Verificatiuii: A Report oii a Largc-Scale Public Bxpcri- 
mcnt,” Pnu. Ninth Ric.rwin/ c‘o>v: hit’! Cmjhmiiiiii.s Soc., pp. 9-13, 
Singapore, June 2999. 

[ 17111 Coiirpirfcr I’rocrssit!g I$’ Hnr idwr i t i i g  I<. Plamuiiduu and G. 
Lecdham, cds., Siilgqmrt?: W o ~ k l  kicntific, 1990. 

[ I  7 I ] I<, I’lamaidon and G. Lwette, ”Automatic Signature Verification 
and Writer IdcntificatioI1---Ttic Statu of tho Art,” h t k r i i  Riwgir;. 
lion, UOI. 22, no. 2, pp, 207-131, 1989. 

[I721 I<. I’lamrmion, D. T.qmsti, T.,R.B. Schoinitkcr, and R. Stihari, “On- 
Line Handwriting Reciqyiitiori,” h y c h p i i ~ i  of Klrc:tvicwl mi 
Lkctronics Erig,, J,C. Wcbstw, ad., vol. 15, pp, 13-146, New York: 
Wilcy, 19Y9. 

11731 I<. Planiunduii and F.J. Maarse, ”An Evaluation of Motor Modcls 
of IIanrlwritit!g,” IEEE Trnns. Sysfows, Mm, orid Cyberndics, vol. 19, 
no. 5, pp. 1.060-1,072, 1989. 

[ 1741 R. Plainondon and C.M. I’rivitera, “The Segmentalion d Cursive 
Handwriting: An Approach Bascd on Off-l .iuc l<ccovcry of the 
Motor-’kniporal hifurmation,” I E E E  Tmris. h n x c  Processing, vol. 8, 
no. 1, pp. 80-91, Jan. 1099. 

pp. 62-66, 1‘178. 

C@rJj<:ticst V U I .  78, pp. ‘I 3--145, 1998. 

PIT. 319-132, 1998. 

11751 I<. I’lainondoi\, C.Y. Sucu, M. Iknirdean, and C. Barrisre, 
”Mcthndnlogics for Evaluating ‘l’liiniiing Alguritlima fur Char- 
ncler Recognition,” Iirl’l ]. Pi7/h?r!1 Recopitioi~ mid A ~ ! i f i c i n l  
Iiitelltpcncc., spccial issiic thinning algorithms, vol. 7, no. 5, 

[ 1761 J.L. Pvule and C.M. Schiieck, ”Dcvelopmcirtal Llifkrcnccs in 
I’raxis in LenrningDisabled and “ m a l  Children and Adults,” 
I’twtytion Motor Skills, vul. 3, part 2, pp. 1.219-1,228, 1994. 

[I771 R.K. l’owalka, N. Shcrknt, a d  I tJ.  Whitruw, ”Word Shape 
Analysis for a Hybrid Recognition Systcm,” / ’n t t~ ‘ r i i  l < c c t > ~ ~ i i f h i ,  

[17R] R.K. Powalka, N. Shcrkat, and R.J. Wliitcnw, “Multiplr I<ccognir.cr 
Combination Tupulogies,” HnrtdwiIiii0y n ~ d  Urnruirix Kcscfluch: Ensic 
nnti Applioi Isstrcs. pp. 324-342, IOS I’russ, 1996. 

[179] Y. Qi and B.R. Hunt, “Mulliresolution Approach to a Compiitcr 
Vuificntion of I-Iandwi’ittcn Signatures,” IEEE Triws. Iririigtl 
Proccssirix, vol. 4, no. 6, pp. 8711-874, ‘1995. 

(1801 I , . K .  Knbiucr, “Ttitmial un Hidden Markw Model and Selecied 
Applicatioiis 111 Spcccl! I<ccognition,” Prtic. IEEE, vul. 77, no. 2, 

[181]H.A. Reinders-Messelink, “Fine Motor and Handwriting 
Prublenis afler Treatment for Childhood Aciile Lymphohlaslic 
I.cukcmin,” Mdicrd AdLttriz t3icu/uLqy, vol. 27, 110. 6,  pp. 551-555, 
1996. 

[ 1821 G. Rigoll and A. Kusmala, ”A Systematic C o n p r i s o n  Bclwecir 
On-l .inu mid Off-I,ina Mathuds fur Signature Verification with 
lliddcn Markov Modcls,” I’m. 14th ht’l Coqf I’rirturti Ri!copirioa 
(ICPRI, vol. 2, pp, 1,755-1,757, Brisbane, Austmlin, Aug. 1998. 

11x31 C. Icignll, A. Kosinala, m r l  I). Willutt, ”A New Hybrid Apprunclr 
Lo Large Vocabulary Cursive I hidwri t ing liccopnitioii,” I h c .  
74th /tit‘! CnnJ Aitlcvii Riicoptitktii, vol. 2, pp. 1,512-1,514, Brisbane, 
Australia, Aug. 1998, 

[I841 T.G. Rose and L.G. Eveit, ”Sfinantic Aiidysis for l m g c  Vocabu- 
lary Cursive Script Kccognitioii,” Pmc.  St’cotrd hit’l Col$ Dociiiniwt 
A M ~ ~ S ~ S  nrzd ~< f?cu~ l l i t i l J i l  (ICUAR’93i, pp. 23fi-239, Tsukuba, Japan, 
Oct. 1993, 

[IS51 R. Rosenfeld, “A Maxiniuni Ilntlopy Rpproncl! to AdGiptivc 
Stiltistical Langiiage Iviudeling,” Crit>iprrter Sprc l i  n i i i i  Lni ipogc ,  
vol. ‘Ill, pp. ‘187-228, 1996, 

[lM] D. Rubin, ”Specifying Ccsturcs by l’x:iniplcs,” I’roc. Conrpiitcr 
Grnpliics, vol. 25, no. 4, pp, 329-337, July 1991. 

[ I  871 [i. Sabourin, I.!’. Drtiuhilrrl, and E.S. Wah, ”Shape Malrices AS a 
Mixed Shape Vactor for Off-Linc Signature Vcrification,‘’ PYOC. 
F # / d /  1 ~ 1 ’ 1  COI$ Doci/firr.ift Anolysis lorid Rccqyilioil (KY3AR ‘97), 
pp. 661-665, IJlm, C;crmony, Aug. 1.997 

[ I  88) R. Sabuurin and G. Genest, ”Di.linitioti C t  fivaluation d’imc 
k”illc dc Kcprbscntations p u r  l a  VMication hors L i p ”  des 
Signnturcs,” Tmikirfc!ik dir Sigirrrl, w l ,  ‘12, IW. 6, pp, 587-596, 1995. 

[ I  KL)] I<. Sabourin, C;. Gun&, and I;. I’rGteiix, ”Off-Line Signature 
Verilicalion by Local Chtiulornctric Size Distributions,” 1 
Tnrrrs. Pir t fc t t !  A d y s i s  ,n i r l  A.I,rrhiirr. Itilelliprcc, vol. 19, no 9, 

1 1  901 R. Sabourin, I(. I’lanwnilon, arid C. I .olattc, ”C)ff-I.inu Identifica- 
tion with Handwritieii Signature ItnagPS: Survcy and I’erspcc- 
tivcs,” Sturic:trfml flc)ciiiii~!itt Iriirip! Atrolyssis. M. Baki ,  H Bunke, 
and K. Vatnunoto, cds., p p  219-234, Derlin, Heidelberg, New 
York, Tokyo: Springer-Vcrlng, 1992. 

[11)11 V.K. Sagar, S.W. CIiong, C G  I.ccilliain, and Y. Sulihin, “Slant 
Manipulalicm and Character Scgnwntation for Formsic I h n m t m t  
Fr;iminatiuii,” IEEE TENCON--Diayilnl Sityim/ I’roccsriq Applicn- 
tiuirs, pp. 933-0.78, ‘1996. 

[ I  921 P.K. Sahoo, S. Soliani, A.K.C. Wong, arid Y.C. Clicn, ”A Survcy of 
Thresholdiug Techniques,” Curripifer Visiiw, Grriylrics, nnd l w g ~  
Puoccssirig, vol. 41, pp. 233-260, 1988. 

[ I  031 V. Snuguiueti, F. Frisone, S. Bruni, atid 1’. LIora~so, “Can Non- 
I ,iiicrw Musclc Uynamics Explain the Smonthness of Ilntidwriting 
Muvcmciits?” A h  Psycliologicil, vol. 100, nos. 1-2, pp. 227-227, 1998. 

[ I  941 M. Schenkel, 1. Guycm, and D. Hcndcrson, ”0n-l.itw Cursive 
Script Kccognition Using Tiinc-Delay Neural Networks and 
Middcn Markov Modcls,” Miiuhilic Visioii mid Apirliwtiom, vul. 6, 
nu. 4, pp. 215-223, 1995. 

[ 1951 L.R.13. Schotnakcr, “Fi.om I-liiitd writing Analysis tu Peu-Cuiiqmter 
Applicatiuiis,” Elcctrursic orid CorsJrirrrzicri~ioir L q .  J., pp. 93402, 
Junc 1.598. 

[I961 L.R.B. Schomakcr, ”Using Strokc or Chal.actei.-lhsctl %li-O~.gi>- 
iiiring Maps in the Recognilion of On-Line Coiinecled Cursive 
Script,” Piillrrn hmpii!io~, vol. 26, no. 3, pp. 443-4511, 1993. 

pp, 1,247-1,270, 1993. 

vol. 30,110. 3, pp. 421-445, 1997. 

pp. 257-285, 1989. 

[)I). 976-988, 1997. 



PLAMONDON AND SRIHARI: ON-LINE AN0 OFF.LINE HANDWRITING RECO( 

[I971 L,I<,H. Sch(imakcr and H.L. Tcculings, "Strokc Vcrsus Charactcr- 
Based Kccognilicm of On-T.i ne, Cminuctccl Cursive Script," Prnc, 

(IWFHRII), pp, 265-277, St-Boiins, I'rancc, Sept. 1'11)l. 
[I981 L.R.15. Sclinmaker, A.J.W.M. Thomassen, and H.L. Twlings, "A 

Computniional Modcl nf Cursive Haiirlwriiing," Curiipirttrr Recog- 
fiitiim mid Hiriiioii f'rotirictiori of titiiidwrjfiiig. E. I'Iamol\don, C.Y. 
Suen, and M.I., Siinncr, eds., W v l d  Scicrfiyic, pp. 153-'177, 1989. 

[ leg]  L, Sclwniakcr and F,. Scgwq, "Finding Fcattircs Used in tlw 
t l u i i i a r i  Rcadiiig of Cursive Haiidwriting," h t ' l  1. I l o c i r i ~ r i f  
Aiidysis  r im! Kct:ogiri/iuii, vol. 2, pp. 13-18, 1999. 

[200] M.M. Schoemilkcr, I3.C.M. Siiiits-En~i~lsma~i, aid G 1'. v a n  Galcn, 
"Kiueinatic Fcnturcs of Graphic I'crformancu in  Children with 
Pure and Mixed Purins of I)isgmpliia," Cirinisi~rc.ss: A Syiidrowic r i d  
R Syw/ytorrr (Human Movcmetit Science). A. I3amcll, I. .  Koojstra 
and S. Henclerson, cds., 1998. 

[201]C;, Seni ancl E. Cohuii, "F.xtcrnal Word Sugmciitatioii of Off-l,iiw 
I-Iai~dwriucnText I,incs," I'ollern Rcucipritioii, vol, 27, nu. .I, pp. 41- 
52, 1394. 

[202]C. Scni and J. Scybol iciil I'roccssiug for Uncnn- 
strained 011-1 ,iiw I Land cognition Using a 1:orward 
Search," Itri'l 1. L)oc i r i~ret~ ?id Rccoydtion, vol. 2, p p  24- 
29, 1999. 

[X>3] G. Scni ilud J. Scybold, "Diacritical l'rocessiug Usiug IlUicieiil 
Accounting I'roccdwes," PYOI'. Sixth h t ' l  Workslrop F r o t i f i m  i~ 
Hmih~i t iqy Rrro#iitiou (IWFIIXVI), pp. 239-248, Taejon, Korea, 
Aug. 1'398. 

I2041 G. Smi, K.K. Srihari, ;md N. Nasrabadi, "Largc 
I<ccugtiiiion of Oii-i,inc 1Iaudwrilkc.n Clirsivc Words," 
h i h w i  Amilysis R H d  Mrrrlzirrt! littc!lbycfice, vol. 18, no. 7, 

SMOTlt! lfd'l b v O k d I O / J  p l O H / i P I R  i>i ~ ~ f l l l d I # r ; ~ ~ l ~ ~  / ~ ~ C O ~ l i ; ~ ; ~ l l  

July 19%. 
[?OS] I 'S. Dcng, H.Y.M. Lino, C.W. Ho, and H,K.  'l'ynn, "Wnvclct-Uascd 

Off-liuc I latvlwriiten Signnturc Vcrificatiun," l'roc. k X E ,  1997. 
I2061 %. Shi and V. Govindaraju, "Character Imagc Enhmccmcnt by 

Selective Kcgion Growing," I J n t t i w f  Rccocyiritioil i.c?tters, vol. 17, 
pp, 523-527, 2996. 

12071 I'VOE. Sciwnth Hicwnirrl Cui$ I~it ' l  C;mph"iics Soc., basic aiid 
ilpplicd issues in handwriting and drawing rcscarch, M L. Sinincr, 
(Id., I.ondon, Ontariu, C:nrrncla, h u g .  1995. 

[2M] Fortiisic. /Jcnehyiveri id, R H I !  Nn,mps~~~i-llolo~it.fll Aspeck L$ Hrinli- 
u r r i t i q ,  special issue, J. Fot,ew!c !loaffncfit Exwiii iri l irxi ,  M. Siinnm, 
W. Hulstijn, and P. Girouard, rcls., 1994. 

[2W] I-Iinrdreruitin,q i d  I h ~ w i i i , q  R c s t w c k  /hit nwl App!ii!d Issiics. Iv1.L. 
Siiuner, C G .  Leeclhain, and, A.J.W.M. Tliomilssc1i, eds., Amstcr- 
dam: 105 Press, 1996. 

12101 J.C. Siinoii, "Off-Line Cursive Word Xccognitioil," f'roc. I E C E ,  
vol. 80, no. 7, pp. 1,150-1,1~~1, 1992. 

[21 11J.C. Simon aiid 0. Bai~et, "Cui.sivc Word Recugilitiun," Frurti Pist'ls 
tu I:~wntiiri>s 121. S. Impcdwo and J.C. Simon, cds., Amsturtintn: 
North Holland Prcss, pp. 241-260, lr)?Z. 

[212j ILK. Sin, J.Y. Hn, S.C. Oh, and J.H. Kiln, "Network-l5ased 
Appruncl~ t o  Online Cursivc Script Xccugnition," ILLE Tmrrs. 
Sys f c i~ i s ,  M R I I ,  f l d  C!/!fm?iifics, vnl. 29, no. 2, pp. 321 -328, Apr. 19119. 

[213] F. Smadje, "Mxmcoding the I .rxicon with Co-Occurrence Knuwl- 
wig:,'' Lcxicrrl Acqitisitioir: Lxploitiiis Clti-I.ii~c Rcsn~irt~s hi H d d  n 
Lexicufi. U. Zcrnik, cd., pp. 427-431, I .owrciicc Erlbimiri, LW2. 

I2 I41 R.K. Srilwi and C.M. Ualtus, "lticnrpomliug Syntactic Constraints 
in llccognizing ldnntlwrittcn Seiitenccs," I'rrrc, br f ' l  Joirif (hi$ 
Arlijicid I!?telligcriul? (IlCAl-931, pp. 'I ,2624,266, Cliamlwry, I:rance, 
1993. 

121 5lS.N. Srihari, "Rccognition oi Haudrvri ttcii niid Mnchiiic-Printed 
Text fur Postal Address Iiiterpretatiihi," Pnfkwt Kiiwp/ftiori Lctkrs, 
spcciiil issuc postal puccsinng and clinractvr rccognilinn, vrh '14, 
no. 3, pp. 291-302, 1990. 

[2 161 S.N. Srihnri, "High Performancc Hcnding Mechincs," Pi-oc. I 

[217] S.N. Srihnri and V. Chkirlaraju, "Suparating Haudrwittcn Text 
from Overlapping Contextual Contours," Pro(:. St!coiid h t ' f  Work- 
shop OH Ilnmi7uiifiirg Kaiogrirtioir IIh'FHRII), pp. 11 1-11!), St-noniis, 
France, Scpt. 'I '19.1. 

I2181 S.N. Srilixi and V. C:ovindnraj1i, "Analysis of l'cxttial Images 
Using the Hough 'IrnnsCorm," Mociliiitr Visim nml  App/ic~itio115, 

[ ? I c ) ]  S.N. Srihari and J.J. I lull, "Character Rccognition,'' Eifcyclopf io oj 
Artijiciel lfjtel/l@mt. S.C. Sliapii-o, ud, ,  second ed., pp, 13s-150, 
Wiley, 1942. 

1701. 80, IIO. 7, pp. 1,120-1,132, 1992. 

 d. 2, pp. 14'1-1.53, 1989. 

3NITION: A COMPREHENSIVE SURVEY 83 



a4 IEEE TRANSACTiONS ON PATTERN ANALYSIS AND MACHiNE INTELLIGENCE, VOL. 22, NO. 1, JANUARY 2000 

[245] A.M. Wing, M.I. Nimmo-Smih, and M.A. Eldnidgc, ”Thc 
Consistency of Cursive 1,ottcrs Furmaticin as a Functiuii of Posilioii 
in the Word,” Actir I’syculiologicn, uol. 54, pp. 197-204, 1983. 

[24h] B. Wirtz, ”Stmkc-lhsctl Time Warping for Signnturc Vcrification,” 
Proc. Third Iii l’ l  CO$ DOUIIZIEMI h d p s  ~ i r d  Kccogiritioii (ICIIAZIE 
’ 93 ,  pp.179-182, Montreni, Aug. 1995. 

[247] C.G. Wolf nud I-’. Mod-Sarniiels, “Thc Use uf Hanri-Drawn 
Gestures for ‘I’cxt Editing,” Prnc. lift’\ 1. Mmr-Mndiiw Stzrdi(?s, 

jou, ”Ch-Liiic Signnturc Vurifictitioii 
Rnsccl on I.oparithinic Spcctriim,” Pnlterri Rccmogiiliou, vol. 3’1, 
no.12, pp. 1,865-1,871, 1998. 

I2491 Q.-Z. Wu, I.-C. Jou, and S.-Y. Lee, “On-Line Signature Verification 
Using LI’C Ccpstrutn and Neural Nctworks,” I E E E  T m s .  Sys tw t s ,  
Mwi, orrd Cybcnrctics, vol. 27, 110. ‘I, part 15, pp. ‘148-153, 1997. 

[250] X.-H. Xian and R.-W. Dai, “On-Line Chiricse Signatiirr Vcrificn- 
tivn by Matching Dynamic and Slriiclural Fealures with R Quasi- 
IMaxati on Approach,” Pro(:, k’#Hr III i ’ I  WO vkdi op Fro ii tiers ill 
lIiifirlmriting liccr)giiition (fLWHI< W, pp. 475-478, Colchester, 
England, Sept. 1996. 

[2SI] X.-H. XBo and R.-W. Dai, “A Hierarchical On-Line Chincsc 
Signature Vcrification System,” PYOC. Third ht’l CoiG. Ducirairiif 
A ~ ! / s i s  inid Xeccligrritiorr (!ClJAR ’LIS), pp. 202-205, Moritrcal, Aug. 
1995. 

12521 I,.S. k i c g ~ ,  U J .  Webb, and R.F Lyon, “Combining Neural 
NctrvoIks and Context Driven Search fur Online, Printed Hand- 
wdliiig 12ccogiiition in the NEWI’ON,” A /  MngmI‘w, vol. 19, 110. I, 
1317. 73-89, 1996. 

12531 Y.Y. Ynug, “Adaptive Recugnitiun uf Chinese Characters: Imila- 
tion of Psychological l’rnccss in M,>cliinc f<ucognitioil,” I E E E  
T m ! s .  Systeitrs, ,idof>, o w l  Cybcurielics, vol. 28, 110. 3, pp. 253-2C5, 
1998. 

[254] I,, Yang, ILK, Widjaja, dntl I<. t ’mac l ,  “Applicatiun uf Hiddcii 
Markov Modcls for Sigmturc Vcri tication,” I’oHcvrr Kmmprijiw, 
vol. 28, iio. 2, pp. 161-170, 1995. 

[255] J. ZIiuu, Q. Gan, A. Krzyzak, and C.Y. Siicn, ”Kccognition o l  
Handwritten Numerals by Qtianlum Neiiral Network with liizzy 
Fcaturcs,” hi‘!  I ,  L)uarimmt Ani~lysis ami R c m p d i w ,  vol. 2, pp. 30- 
36, 1999. 

vol. 27, 1 7 ~ .  91-102, 1’387. 
[24R] Q.-2. Wu, S.-Y. I .cc, and 

Rdjean Plamondon received the BSc degree 
in physics, and the MScA and PhD degrees in 
elecirical engineering from the Universite 
Laval, Quebec, Canada, in 1973, 1975, and 
1978, respectively. In 1978, he became a 
member of the faculty of Ecole Polytechnique, 
Montreal, Canada, where he is currently a full 
professor. He was the head of the Department 
of Eiectrical and Computer Engineering from 
1996 to 1998, and he is now the chief 
executive officer of k o l e  Polytechnique, one 

of the largest engineering schools in Canada. 
Over the past 20 years. Dr. Plamondon has proposed many original 

solutions to problems in the field of on-line and off4ne handwriting 
analysis and processing. His major contribution has been the theoreiicai 
development of a kinematic theory of rapid human movements which 
can take into account, with the help of a singte equation called a delta- 
lognormal function, many psychophysical phenomena reported in 
studies dealing with rapid movements over the past century. The theory 
has been found to be successfui in describing the basic kinematic 
properties of velocity profiles as observed in fingor, hand, arm, head, 
and eye movements. 

His research interests focus on the automatic processing of 
handwriting: neuromotor models of movement generation and imago 
perception, script recognition, signature verification, signal analysis and 
processing, electronic penpads, man-camputer interfaces via hand- 
writing, forensic sciences, education, and attifical intelligence. He is the 
founder and director of Laboratoire Scribens, a research group 
dedicated exclusively to the study of these topics 

Dr. Plamondon is an active member of several professianal 
societies, president of the International Graphonomics Society, and 
Canadian representative on the Board of Governors of the international 
Association for Pattern Recognition (IAPR). He is a fellow of the IAPR, 
the author or coauthor of numerous publications and technical reports. 
and a fellow of the IEEE. 

Sargur N. Srlharl received the BE degree in 
electrical communication and engineering from 
the Indian Institute of Science, Bangalore, India 
in 1970; and the MS and PhD degrees in 

: computer and information science from Tho 
:, Ohio State University in 1972 and 1976, 

respectively. Presently, he is a university dis- 
tinguished professor of the State University of 
New York (SUNY) at Buffalo in the Department 
of Computer Science and Engineering. He also 

is director of the Center of Excellence for Document Analysis and 
Recognition (CEDAR), at SUNY in Buffalo. 

Dr. Srihari has focused hi5 research on automaling the processing of 
paper documents. He has published over 200 technicai papers and 
holds six patents. He has supervised over 25 doctorai dissertations. The 
work at CEDAR has led to a major change in the dsvelopment of postal 
address reading systems. The Handwritten Address interpretation 
System developed at CEDAR is now being deployed al all US. postal 
processing facilities. With CEDAR’S assistance, the postal services of 
other counlrios, notably Australia and the United Kingdom, are 
implementing similar systems. 

He recently received the Distinguished Alumnus Award from The 
Ohio Stato University. He was or is general chair of several international 
conferences: the Third Intornational Workshop on the Frontiers of 
Handwriting Recognition, Buffalo, New York, in 1993; the Fifth 
International Conference on Document Analysis and Recognition in 
Bangalore, India, in 1999; and the Eighth International Workshop on the 
Frontiers of Handwriling Recognition at Niagara-on-thehke, Canada, 
in 2002. He is a fellow of the IEEE and the Inlornational Association of 
Pattern Recognition (IAPR). 


