Reprint of: Schomaker, L.R.B., & T eulings, H.-L. (1990). A Handwriting Recognition System based on the

Prop erties and Architecture s of the Human Motor System. Pr o c e e dings of the International Workshop on

F r ontiers in Handwriting R e c o gnition (IWFHR). (pp. 195-211). Montreal: CENP

ARMI Concordia.

A Handwriting Recognition System Based on Prop erties

of the Human Motor System

Lam b ert R.B. Sc homak er & Hans-Leo T eulings

Nijmegen Institute for Cognition Research

and Information T echnology (NICI)

P .O. Box 9104

NL 6500 HE, Nijmegen

The Netherlands

T el: +31-80-516029 & 515476; F

AX: +31-80-515938

E-mail: Schomaker@Hnykun53.Bitnet & HL

T@Hnykun53.Bitnet

Abstract

The human reader of handwriting is unaware of the amount of back-ground knowledge that is constantly

b eing used by a massive parallel computer, his brain, to decipher cursive script. Arti�cial cursive script

recognizers do not have access to a comparable source of knowledge or of comparable computational p ower

to p erform top-down pro cess ing. Therefore, in an arti�cial script recognizer, there is a strong demand for

reliable b ottom-up pro cessing. F or the recognition of unrestricted script consisting of arbitrary character

sequences , on-line recorded handwriting signals o�er a more solid basis than the optically obtained grey-scale

image of a written p en trace, b ecause of the temp oral information and the inherent vectorial description of

shap e. The enhanced b ottom-up pro cess ing is based on implementing knowledge of the motor system in the

handwriting recognition system. The b ottom-up information will already b e su�cient to recognize clearly

written and unambiguous input. However, ambiguous shap e sequence s, such as m vs n:: or d vs cl , and sloppy

stroke patterns still require top-down pro cessing. The present pap er discusses the handwriting recognition

system as b eing develop ed at the NICI. The system contains six ma jor modules: (1) On-line digitizing,

pre-pro cess ing of the mo vements and segmentation into strokes. (2) Normalization of global handwriting

parameters. (3) Extraction of motorically inv ariant, real-v alued, feature v alues p er stroke to form a multi-

dimensional feature vector and subseque nt feature vector quantization by a self-organizing two-dimensional

Kohonen network. (4) Allograph construct ion, using a second network of transition probabilities b etween

cell activ ation patterns of the Kohonen network. (5) Optional word hyp othesization. (6) The system has

to b e trained by sup ervised learning, the user indicating prototypical stroke sequence s and their symb olic

interpretation (letter or N-gram naming).

Intro duction

There are many adv antages if data can b e entered into a computer via handwriting rather

than via typing (T eulings, Schomaker & Maarse, 1988). These adv antages are acknowledged by

hardware manufacturers who are testing the market with ’electronic pap er’ with built-i n computer

systems for recognizing elementary p en movements (e.g., Hayes, 1989). Electronic pap er consists

of an integrated LC displ ay plus digitizer. Although the user acceptance of this kind of hardware

will dep end on the solution of some technical and ergonomical problems that are currently present

(visual parallax, surface texture, stylus wire), it seems relev ant to develop on-line handwriting recognition systems for unconstrained handwriting. Several commercial systems exist that recognize

on-line handprint, but cursive script recognition has still not b een solved satisfactorily (T app ert et

al., 1988). Ideall y

, a recognition system should b e able to recognize b oth handprint, for accuracy ,

and cursive script, for optimal writing sp eed. However, the ma jor problem in cursive-script

recognition is the segmentation of a word into its constituting allographs prior to recognizing

them, while the allographs have di�erent numb ers of strokes (Maier, 1986). Indeed, even for

human readers cursive script is sometimes ambiguous. One adv antage of on-line recognition is that

in case the system is not able to disambiguate, the correct output can b e provided by the user

interactively

. However, the most imp ortant adv antage of includi ng on-line movement information

is, that it contains more information than the unthinned, quantized images of the optically digitiz ed

p en traces. Consider for instance the �nal allograph m which may app ear in the spatial domain

as a single horizontal curl, but in the time domain still displ ays the three p en-sp ee d minima. This

kind of extra information is needed to comp ensate for the large amount of top-down pro cessing

done by the ’understanding’ human reader of handwriting. The enhanced b ottom-up pro cessing

is based on implementin g knowledge of the motor system in the handwriting recognition system.

Our e�orts to intro duce handwriting as an acceptable skill in the o�ce environment has resulted

in a multinational consortium (P

APYRUS) aimed at buildi ng software and hardware for a simple

electronic note b o ok, allowing the user to enter data into a computer without using a keyb oard.

In T eulings et al. (1987) we intro duced a mo dular architecture for the low-level b ottom-up

analysis of handwriting in our so-called Virtual Handwriting System (VHS). The present pap er

discusses the handwriting recognition system as b eing develop ed at the NICI. The system contains

six ma jor mo dules which are also found in several other recognition systems (e.g., Srihari and

Bozinovic, 1987, for o�-line handwriting).

1. On-li ne recording of handwriting, pre-pro cessing consisting of lowpass �ltering and

di�erentiation and �nally

, segmentation into intended movement units (’strok es’).

2. Normalization of v arious motorical degrees of freedom.

3. Computation of feature v alues (’feature vector’) p er stroke which are motor inv ariants or

salient to the human p erceptual system, followed by the quantization of stroke shap es using

a self-organizing Kohonen network.

4. Construction of letter (allographic) hyp otheses from sequences of quantized strokes.

5. Construction of word hyp otheses from sequences of allographic hyp otheses.

6. Sup ervised learning of the relation b etween stroke-vector sequences and allographs.

Below, these mo dules will b e discussed in terms of their purp ose, the knowledge of the motor

system or the p erceptual system used, its realization and its p erformance.

1. Recording, Pre-pro cessing, and Segmentation

Purp ose

The pre-pro cessing stage consists of all op erations needed to provide a solid base for further

pro cessing. At this stage the data consist of a continuous signal without any structure. The

�rst op eration is to split the continuous signal into batches that can b e pro cessed separately . W e

suggest that a word is the easiest batch to b e pro cessed. Then for each word, the signal, containing noise from di�erent sources (e.g., the digitizi ng device), is low-pass �ltered. Finally the continuous

movement is segmented into basic movement units. Knowledge of the human motor system provides

an empiricall y and theoretically basis for the segmentation heuristic s.

Motor system

The control of the muscles involved in pro ducing the writing movements is of a balli stic nature:

each stroke has only a single velo city maximum (Maarse et al., 1987) and a typical duration b etween

90 and 150 ms. Shorter-lasting motorical actions are very unlikel y to b e the result of intentional

muscle contractions. F or an appropriate pre-pro cessing it is relev ant to understand the frequency

sp ectrum of handwriting movements. The displacement sp ectrum contains a large p ortion of very

low-frequency activity

, mainly due to the ramp-like shap e of the horizontal displacement. This is not

true for p en movement direction and velo city

. The latter signal is estimated by calculating the �rst

time deriv ative. The di�erentiation suppresses the low-frequency comp onents that are present in

the displacement sp ectrum, and a more informative sp ectral shap e emerges. In T eulin gs & Maarse

(1984) it has b een shown that the velo city amplitude sp ectrum is virtually at from 1 to 5 Hz where

it has a small p eak and then decline s to approach the noise level at ab out 10 Hz. Therefore, a low-

pass �lter with a at pass band from zero to 10 Hz will remove the high-frequency noise p ortion of

the signal while leaving the relev ant sp ectral comp onents of the handwriting movement unaltered.

In order to prevent oscillations (Gibbs phenomenon) it has b een shown that the transition band

should not b e to o narrow (e.g., at least 8/3 of the width of the passband). F rom the bandwidth

of at least 5 Hz follows that the movement can b e most parsimoniously represented by ab out 10

samples p er second. Since the endp oi nts of the strokes app ear to b e ab out 100 ms apart, the time

and p osition of the stroke endp oints as determined by two consecutive minima in the absolute

velo city are a go o d basis for reconstruction (Plamondon & Maarse, 1989). Points of minimum

velo city corresp ond with p eaks in the curv ature (Thomassen and T eulings, 1985).

Realizi ng that the vertical movements app ear to b e less irregular than the horizontal

progression, T eulings et al., (1987) suggested to weigh the vertical comp onent higher than the

horizontal comp onent in the calculation of a biased absolute velo city signal (up to factor of 10).

Realization

Handwriting movements are recorded on a CalComp2500 digitizer with a resolution of ab out

0.1 mm and a sampling frequency of 125 Hz using a p en which contains a solid state transducer to

measure the axial p en pressure synchronously with p en tip p osition. A pressure threshold serves as

a sensitive p en on/o� pap er detector. The data were not corrected for non-simultaneous sampling

of x and y (T eulings and Maarse, 1984) nor for v ariations of p en tilt (Maarse et al., 1988).

Filtering, and time deriv ation are done using frequency domain fast F ourier transforms. In

stroke segmentation, time p oints are chosen which are ab out 100 ms or more apart. This is done

by selectin g the lowest absolute velo city minimum within a time window of 50 ms around a given

minimum (T eulings & Maarse, 1984).

W ord segmentation is not based on particular information of the motor system but rather on

p erceptual cues. It is done by detecting a �xed horizontal displacement while the p en is travelling

ab ove the pap er b eyond the right or the left b oundary of the last p en-down tra jectory .

Performance

The p erformance of this straight-forward pre-pro cessing do es not app ear to b e the main source

of recognition error in the present system.

2. Normalizat ion

Purp ose

A particular problem in handwriting recognition is its extensive v ariabili ty

. A given letter can

b e pro duced in several ways, each having its own typical shap e, e.g., lower case a vs upp er case A or

the well-known di�erent v ariants of the t. The shap e v ariants for a given letter are called allographs.

Thus, �rst there is the b etween-allograph v ariabili ty (I): a writer might select di�erent letter shap es

in di�erent conditions or at free will . Second, there is the within-al lograph shap e v ariation in which

the top ology of the pattern is not distorted (I I), the error source b eing (psycho)motor v ariabili ty .

T op ology can b e de�ned as the numb er of strokes and their coarsely quantized relative endp oint

p ositions. Third, there is the within-all ograph shap e v ariation which actually do es distort the

top ology of the pattern, by the fusion of two consecutive strokes into a single balli stic movement

(I I I) in fast and/or sloppy writing. These three typ es of v ariabili ties will all b e prev alent to some

degree under di�erent conditions. T able 1. gives an impression of the estimated order of these

v ariabili ties dep endi ng on context and writer. The context of a given allograph is de�ned as the

identity of the allographic neighb ours and the serial p osition of the target allograph.

T able 1. The estimated order of the degree of handwriting v ariability that a script recognition system

has to handle, under di�erent conditions, for all three typ es (I-I I I) of v ariability (1= minim um v ariability ,

4=maxim um v ariability).

Context

W riter Identical Di�erent

Identical 1 2

Di�erent 3 4

The problem of allographic v ariation (I) can only b e solved by presenting to the recognition

system at least one prototyp e for each allograph, as they act as di�erent symb ols and we do

not supp ose that an arti�cial system will b e able to generalize totally di�erent allographs of the

same letter. Also, within-all ographic v ariation leading to di�erent top ologies (I I I) is handled by

presenting each v ariant to the system separately in the training stage. Theoretically

, however,

it should b e p ossible to recover a ’clean’ top ological representation of a fused allograph by

deconvolution, or by auto-regressive techniques (Kondo, 1989). However, a large part of the

within-allographi c v ariation (I I), can b e solved in the b ottom-up analysis by normalizing the

writing pattern, prior to extracting the features and by cho osing relatively inv ariant features. The

imp ortance of normalization will b e discussed here and the choice of inv ariant features in the next

section.

Motor system

In order to extract the sequence of feature vectors of the handwriting input, several

normalization steps can b e p erformed (See Thomassen et al., 1988, for an overview). The reason

is that a sample of a p erson’s handwriting contains v arious global sub ject-sp eci�c parameters, like

slant or width of the allographs (e.g., Maarse et al., 1988). Also, the motor system is able to

transform handwriting delib erately

, e.g., changing orientation, size or slant (e.g., Pick & T eulin gs,

1983). However, these global parameters do not contain any information ab out the identity of the characters. Therefore, the handwriting patterns have to b e normalized in terms of orientation,

vertical size, and slant (Thomassen et al., 1988).

It may b e anticipated that several alternative normalization pro cedures can b e prop osed. W e

require the system to try them all and to learn to use the most appropriate ones. As such it

resembles Crossman’s (1959) statistical motor-learning mo del: a p erson has a rep ertoire of several

metho ds for every action and learns with time which of those is most appropriate.

Realization

Orientation is de�ned as the direction of the imaginary base line. V ertical size consists of three

comp onents: b o dy height, ascender height and descender height relative to the base line. Slant

is de�ned as the general direction of the vertical down strokes in handwriting (e.g., Maarse and

Thomassen, 1983). The normalization consists of estimating these parameters and then p erforming

a normalization by a line ar planar transformation towards horizontal orientation and upright.

V arious algorithms to estimate the parameters for each normalization step are av ailable and

not every algorithm may b e appropriate in all conditions. Averaging these estimates is probably

not the b est choice b ecause one estimator (’demon’) may b e totally wrong. A sub-optimal choice of

the orientation, for instance, has dramatic e�ects in the subsequent normalization of size or slant.

The solution we prop ose is to have the system select the b est av ailable, unused estimator using the

estimators’ current con�dence and the proven correctness in the past using a Bayesian approach

(T eulings et al., in prep.). This prevents an exp onential increase in computational demands with

an increasing numb er of estimator algorithms (demons).

Performance

The normalization estimators have not yet b een ev aluated statistically

. However, b oth in

arti�cial data (using bimo dall y distributed estimates of di�erent v ariance) and in handwriting

data (using a prototyp e system with parallel pro cesses), the system pro duces stable and optimized

estimates within 30 trials. W e observe that the system backtracks immediately to the normalization

level where apparently an inappropriate estimator was chosen �rst, after which the second b est

alternative is ev aluated. Even though calculation is reduced by taking the ’b est �rst’ approach, a

multiple estimator scheme requires a lot of computation. However, due to the mo dularity of the

approach, a solution by means of a network of transputers is very well p ossible . As we are still

in a stage of testing with only two writers this system was not used currently

. Only vertical-size

normalization was p erformed using one estimator. The e�ects of vertical size normalization are

relatively small as it is only one of several features. Orientation was standardized by line d pap er

on the digitizer and slant can b e assumed approximately constant within a writer in a standard

condition (Maarse et al., 1988). However, slant do es seem to b e in uence d by the orientation of

the digitizer if it is lo cated more distally than normal, e.g., to the right of the keyb oard in a typical

workstation setting instead of directly in front of the writer. It was observed that the feature

quantization network partially counteracted these slant v ariations as evidenced by reconstruction

of the handwriting trace.

3. F eature extraction

Purp ose

Each stroke of the normalized handwriting pattern must b e quanti�ed in terms of a set

of features, a feature vector, that describ es the raw co ordinates in a more parsimonious way .

It is imp ortant to use features that show a relative inv ariance across replications and across

di�erent contexts. As a check for the completeness of the feature set the original pattern must

b e reconstructable from these features. Finall y

, in order to facili tate the subsequent classi�cation

and recognition stages the feature vector itself should b e quantized into a lower-dimensional

representation space.

Motor system

W e employ a set of features which is related to the underlyi ng hyp othetical motor commands and

which is complemented by a few visual features. The feature vector comprises 14 features. Only nine

of them are related to the stroke itself whereas �ve refer to the the previous or the following stroke

and are includ ed to capture b etween-stroke context e�ects. The pro cedure to select appropriate

features is to write a numb er of identical patterns (e.g., 16) at two sp eed conditions (normal and at

higher sp eed, resp ectively). The inv ariance of a feature of a particular stroke in those patterns can

b e tested by estimating its Signal-to-Noise Ratio (SNR, See F o otnote 1) (T eulings et al., 1986). The

adv antage is that SNRs of totally di�erent features can b e compared and the ones with the highest

SNR can b e selected. The prelimi nary data presented here are based on the central 28 strokes of

the word ’elementary’ pro duced by one sub ject. It app ears that the SNRs are remark ably constant

b etween the two sp eed conditions such that only the averages are presented. In order to assess the

inv ariance across conditions, the b etween-condition correlation of the average stroke patterns of a

feature is employed.

The features currently employed are:

(a) The vertical p ositions of the b eginning (Y

b

) and end of a stroke (Y

e

) relative to the base line

and the path length of the stroke (S ) all scaled to the average b o dy height, also called x-height,

referring to the lower case x. In T eulings et al. (1986) it has b een indi cated that esp eciall y the

relative (vertical) stroke sizes are inv ariant. The SNRs of Y

e or Y

b are 4.9, and the SNR of S is 4.7,

which are typical v alues for spatial characteristics. The b etween-condition correlations are as high

as 0.99.

(b) The directions �

n of the �ve, straight stroke segments b etween two subsequent p oints

corresp onding with the time moments

t = t1 + (n=5) � (t2 � t1);

where t1 and t2 are the time moments of b eginni ng and end of the stroke and n = [0; 1; :::; 5],

i.e., (�

1

; �

2

; �

3

; �

4

; �

5

). Here we explici tly use dynamic movement information. The rationale is

that in equal time interv als the movement direction is changing a relatively constant amount (e.g.,

Thomassen and T eulings, 1984) such that each new stroke segment adds an equal amount of new

information. The two previous and the two following stroke segments (resp ectively , �

b4

; �

b5

, and

�

e1

; �

e2

) are include d as well in order to capture the stroke’s context. The SNRs of �

1

; :::�

5

, are,

7.2, 8.7, 6.3, 2.1, and 1.2, resp ectively

, and the b etween-condition correlations are higher than 0.92.

It can b e seen that the directions of the �rst three stroke segments are highly inv ariant b oth within

and b etween conditions. However, the latter two stroke segments show a relatively low SNR but

they are kept in the feature vector as they are imp ortant to reconstruct the stroke shap es.

(c) The size of the enclosed area b etween the end of the stroke and the subsequent stroke (�

e

)

is rather a visually salient feature. The SNR of �

e is 5.6 and the b etween-condition correlation is

as high as 0.999.

(d) A p en up indic ator (P ), which shows whether the p en is predominantly up or down during

a stroke. It may b e noted that strokes ab ove the pap er also count as strokes. As this is a rather

coarse binary signal we refrained from presenting any statistics.

In summary

, the selected features show absolutely high SNRs and high b etween-condition

correlations which indicates that these features contain the basic information, which constrains the

actual movement. As such, these features are attractive to use in a recognition system. Whether

this set of features is also a complete one, can only b e demonstrated empiricall y .

Realization

It is trivial to estimate the feature v alues p er stroke. It is, however, less trivial to quantify

the distance b etween feature vectors. An elegant metho d to solve the problem of irregularly

shap ed probability distribution functions of the feature vector of classes is vector quantization by

an arti�cial self-organizin g neural network (Kohonen, 1984; Morasso, 1989; Morasso et al., 1990).

This typ e of network p erforms, in a non-sup ervise d way

, a tesselation of cell units into regions, each

corresp onding to a particular prototypical feature vector. The statistical prop erties of the training

set of feature vectors will determine the emergence of the prototypical feature vector set. W e have

used a 20x20 network. Bubble radius and learning constant � decrease linearly with the numb er

of iterations, from 20 to 1 and from 0.8 to 0.2, resp ectively

. The shap e of the connectivity within

a bubble was a monop olar and p ositive rectangular b oxcar. The total set of strokes was presented

100 times to the network. Cells representing a quantized vector were arranged in a hexagonal grid.

The completeness of the reduced data is tested by two reconstruction metho ds. In the �rst

metho d, the writing trace is reconstructed from the sequence of feature vectors. An average

Euclidean distance measure b etween reconstructed and original pattern is used to express the

accuracy of reconstruction, and thus, the quality of the segmentation pro cedure as well as the

information v alue of the selected features. In the second metho d, each feature vector is presented

to the Kohonen network, and will b e substituted by the nearest prototypical feature vector.

The sequence of strokes thus yield s a sequence of prototypical feature vectors that can b e used

to reconstruct the original trace in a similar way as describ ed ab ove. The accuracy of this

reconstruction yields a second distance measure. It indi cates the quality of the feature vector

quantization imp osed by the Kohonen network.

Performance

The patterns pro duced by b oth reconstruction metho ds are legibl e, which is in fact the crucial

criterion rather than a spatial go o dness of �t. F urthermore, the reconstructed patterns lack

individ ual and context-dep endent characteristics which stresses that the selected features reduce

the writer dep endence as well. F or example, slant v ariations due to imp erfect normalization will

b e counteracted by the Kohonen network as single strokes are attracted to their closest, general

prototyp es.

4. Allograph hyp othesization

Purp ose

At this stage the writing pattern is represented as a sequence of prototypical strokes. In

earlier exp eriments, we have used a Viterbi algorithm using a lexicon of allographs. Each

prototypical allograph was represented by its average feature vector (no feature vector quantization

was p erformed). A Euclidi an distance measure was used that was adapted to angular measures

(T eulings et al,, in prep.). The problem with this approach was, that for a given stroke p osition,

there is a distance measure with each of the M=26 prototyp es. Solution space is a matrix of MxN,

where N is the numb er of stroke p ositions. Since the allographs mostly have an unequal numb er of strokes, the plain Viterbi algorithm could not b e used. Instead an iterative version was develop ed,

trying to recognize 1-stroke solutions, 2-stroke-solutions, and so on, until the N-stroke solution. The

path cost factor was the mo di�ed Euclide an distance, optionally combined with a digram transition

probability

, each term having its own weight. The results of this technique were rather p o or so

we decided to �nd a metho d that yields a smaller solution space, on the basis of quantized feature

vectors. Another approach used was to use 6 feedforward p erceptrons, (Nx400)x160x26, trained by

back propagation, one p erceptron for each class of N-stroked allographs, N=1,...,6. This approach,

to o, yield ed to o many hyp otheses in the MxN matrix. This problem can p ossibly b e alleviated to

some extent by intro ducing comp etition among the output layers of di�erent p erceptrons. Another

solution is prop osed by Skrzyp ek & Ho�man (1989), who intro duce a �nal judgment p erceptron

to combine the output of the N lower layers. The problem is, however, that for the recognition

of v arying-length temp oral patterns, an optimal neural architecture do es not exist, yet. Of the

known architectures, recurrent nets (Jordan, 1985) are hamp ered by their limited ability to handle

long sequences. T emp oral ow nets (Stornetta et al., 1987; W atrous & Shastri, 1987) are currently

b eing tested in sp eech recognition.

Motor system

In T euli ngs et al. (1983) we indic ated that complete allographs are probably stored at the

level of long-term motor memory

. An interesting question is to what extent the strokes b elonging

to one allograph have to b e kept together and whether the strokes of di�erent realizations of

the same allograph may b e assembled to yield a new allograph. The directions of the stroke

segments intro duced b efore (i.e., �

b4

; �

b5

; �

1

; :::) show that the correlations b etween subsequent

stroke segments within one stroke range b etween 0.69 and 0.90 (mean 0.80) whereas the correlations

b etween subsequent stroke segments across the separation of two strokes range b etween 0.47 and

0.53 (mean 0.50). This implies that even in identical contexts, subsequent strokes are relatively

indep end ent. This suggests indeed that allographs are probably built up of di�erent strokes that

may b e assembled from other similar allographs.

Realization

Rather than p erforming a template matching b etween prototypical allographs and an input

sequence of strokes, the metho d we develop ed at this stage is based on the idea of an active

construction of allograph hyp otheses. This is done by a neurally inspi red algorithm. Once the

writer has lab eled allographs interactively

, and thus created a data base covering a wide range

of allographs in di�erent contexts, the system collects, for each prototypical stroke, its p ossible

interpretations. The representation is based on the reasonable assumption that the fundamental

(ro ot) feature of an allograph is its numb er of strokes. Thus, two allographs are de�ni tely

di�erent if their numb er of strokes di�ers. Each stroke interpretation has the general form

N ame(I

str ok e

= N

str ok e

). Thus, a given stroke may b e interpreted as representing one element of

the set fa(1=3); d(1=3); o(1=2); c(1=1)g. The construction of an allograph is a left-to-right pro cess,

where the activ ation level of an allograph hyp othesis increases stepwise with each interpretation that

is a continuation of a previously started trace. The adv antage over storing prototypical allographs

is evident: after lab eli ng three, 3-stroked sequences, each representing the allograph a, the network

will recognize an a that corresp onds to any one of the 27 combinations. The metho d do es not

exclude the use of digrams or trigrams as graphical entities. However, the computational load on

a sequential computer will increase quadratically with an increasing numb er of interpretations p er

prototypical stroke, so the use of trigrams is impractical.

Performance

T able 2 presents the recognition results of two typ es of handwriting. In Section 6. the training

pro cedures have b een rep orted for each of the two writers. It may b e stated that these results have

b een achieved on unrestricted cursive script of lower case letters without the use of linguisti c p ost

pro cessing by means of a lexicon. On the other hand, the data are optimistic as in case of alternative

allograph hyp otheses (on average ab out 2 alternatives) the appropriate one was accepted. This was

done under the assumption that only linguistic p ost-pro cessing will b e able to solve these true

ambiguities. F or instance, u ab d n are sometimes written identical ly .

T able 2. The recognition rates of allographs and of allograph strokes of �ve di�erent text samples from two

writers.

W riter T ext W ords Time Allo- Recog- Strokes Strokes in Recog-

graphs nized allographs nized

# (s) # # % # # # %

A AP87 40 281 236 153 65 668 525 368 70

A FE90 51 224 275 243 88 862 702 657 94

A TEKST 51 89 262 198 76 755 633 542 86

B TEST1 54 221 299 209 70 987 786 544 69

B TEST2 60 234 300 229 76 965 813 608 75

Note the di�erence b etween the numb er of strokes that is actually part of an allograph and the

total numb er of strokes. Apparently 18.4% of all strokes cannot b e attributed to letters b ecause

they are connecting strokes, hesitation fragments, or editing movements. Note that there has b een

no p ost pro cessing in any sense. Figure 1 gives an impression of the pro cessing stages and the

solution space for the word aq uar el . Going from b ottom to top the solution space (d) is lib erall y

�lled with hyp otheses of decreasing length as expressed in numb er of strokes. Shorter hyp otheses

may ’fall down’ in holes that are not �lle d by hyp otheses of greater length.

5. Optiona l word hyp othesization

Purp ose

Apart from yield in g a list of hyp othesized allographs the b ottom-up information contains also

information to narrow down the numb er of p ossibly written words in a word lexicon. The word in

the list with the minimum distance from a word in the lexicon can b e selected. However, if the

b ottom-up pro cess is rather certain of a given hyp othesized word, then it seems sup er uous to use

additional lexical top-down pro cessing.

Motor system and Perceptual system

It is known that when writing redundant character sequences (i.e., words or parts of words that

could b e recovered with a lexicon of words) the writer uses less e�orts to pro duce the allographs

neatly .

F rom human reading research we know that ascenders and descenders (i.e., the contour) are

strong cues to recognize the presented word, similar to the function of consonants in sp eech

recognition.

Figure 1: A sample of an on-line recorded word (aq uar el ) (a), its reconstruction from the sequence

of feature vectors (b), and its reconstruction from the sequence of prototypical feature vectors as

quantized by the Kohonen network (c), the solution space, each ’-’ indic ating an allograph stroke

(d), the target classi�cation as provided by the user, each ’*’ indicatin g strokes that are not part

of an allograph (e). Circles indicate the existence of lo ops as co ded by the lo op area feature �

e

.

Realization

F or the co ding of the ascender and descender contour of a word the following co ding scheme is

prop osed. Contours are assumed to b e equal if their pattern of ascenders, descenders, and b o dy-

sized ob jects corresp ond. The b o dy-size characters (a; c; e; i; m; n; o; r; s; u; v ; w ; x; z ) are reco ded

as o, the descender stroke of (g ; j; p; q ; y ) is reco ded as j, the ascender stroke of (b; d; h; k ; l ; t) is

reco ded as l, whereas the (f ) is a unique class f b ecause it spans b oth the ascender and descender

area in cursive script. In this co ding, a b is a combination of an ascender ob ject and a b o dy-siz ed

ob ject, i.e., lo. This co ding assumes that the letters as such have b een identi�ed. However, if a

rep etition of N b o dy-size characters N o is co ded by x, a compressed co ding is formed which is not

based on the numb er of letters in a word. F or instance, the word ’they ’ can b e co ded by lloooj in

letter-dep endent co de, and by llxj in compressed co de. F or the time b ein g no sp ecial attention is

paid to the allographs with dots (i; j ).

Performance

Although the word-hyp othesization stage has not yet b een integrated it is of interest to mention

its p otential p erformance. Letter-dep endent contour co ding of a Dutch lexicon of 48000 common

words yielded a colli sion of 4 word hyp otheses on average for a given co de pattern, with a worst case

of 398 colli sions for the co de oooooo. A numb er of 84.5% of the co des has a numb er of colli sions

less or equal to the average of 4. Mo dal co de pattern length was 9 co des.

Compressed contour co ding yielded an average collision of 24 word hyp otheses, with a worst

case of 1953 collisions for the co de xlx. In this case, a numb er of 89.3% of the co des has a numb er

of colli sions less or equal to the average of 24. Mo dal co de pattern length was 5 co des.

The consequences of these �gures for recognition are the following. First, letter-dep endent

co ding is practically of no use since it is the letter identi�cation itself which is the ob jective

in cursive script recognition. Thus, only compressed contour co ding is useful. The actual gain

dep ends on the linguisti c frequencies of the words in the di�erent co de groups. These frequencies

are currently b eing analyzed.

6. Sup ervised learning

Purp ose

Before a cursive-script recognition system is ready to work, it has to learn how to segment a

writing pattern in the to-b e-recognized allographs. The segmentation into allographs of handprint,

with su�cient distance b etween indivi du al allographs (e.g., spaced discrete characters, T app ert,

1986), would b e relatively straightforw ard. If the written text is av ailable, the learning mo dule

could just assign each allograph within the context of a word to a character. Although it is a rather

cumb ersome task to teach a system each allograph that may o ccur in a p erson’s handwriting, it is

currently still the most reliabl e pro cedure. The reason is that the allograph b oundaries in cursive

script have to b e sp eci� ed somehow (F o otnote 2).

Several metho ds for p erforming this task in a non-sup ervised fashion are b ein g develop ed

(Morasso, 1990, T eulings et al., in prep.). Maier (1986) tried to segment an unknown writing

trace into allographs using a-priori assumptions ab out the shap e of the connection strokes b etween

allographs. However, such a metho d pro duces p ersistent errors (e.g., segmenting allographs like

cursive b; v ; w ; u, or y into two parts). Therefore, teaching is presently done interactively by the

user.

Perceptual system

Although this stage is rather arti�cial it is still imp ortant to make the job as ergonomic as

p ossible. During sup ervised learning the exp erimenter has to tell the system which parts of the

handwriting trace b elong to which allograph. It is relatively easy for the p erceptual system if the

user has to p oint only to complete strokes b elong to a certain allograph. The initial connection

stroke of the cursive allographs a; c; d; g ; i; j; m; n; o; p; q ; u; x and y is not inclu ded and the initi al

connection stroke of the cursive allographs b; e; f ; h; k ; l; r; s; t; v ; w and z is include d b ecause it forms

a strong p erceptual cue for these allographs.

Realization

The software to ol to teach the system the allographs displays a writing pattern with small

circle markers on each stroke. The markers indicating the initial and �nal strokes of an allograph

and the name of the allograph are successivel y clicked by using the mouse. Occasionally

, N-gram

names have to b e entered by means of the keyb oard. The naming of N-grams is needed when two

allographs regularly ’melt’ together b ecause of increased writing sp eed. Typical fused digrams in

Dutch handwriting are or , er , and en in many writers.

Performance

Once the pro cedure is running smo othly it takes on average 5 s p er allograph to teach the system.

After the teaching phase all allographs and their names can b e made visible in order to assure that

no mistakes have b een made. Two handwritings were trained. The �rst handwriting (W riter A)

was a neat constant-size handwriting and was trained incrementall y up to 1671 prototyp es by

exp osing the system to characters it could not discrimi nate or recognize well. The average numb er

of strokes p er allograph was 4.7. The second handwriting (W riter B) was a normal handwriting with

considerable v ariation of allograph sizes with words. The allographs were trained from an a priori

determined story of 240 words with low word frequencies. The script contained 1366 allographs (a

p osteriori), the average numb er of strokes p er allograph b eing 2.9. The total script was written in

16 minutes.

Conclusion

It seems that the complex software system requires a p owerful machine. A system inspired by

the human motor system and the human p erceptual system may seem to con�ne itself arti�cially .

However, we see that the architecture is a very mo dular one (vertical mo dularity) and allows

parallel mo dules (horizontal mo dularity). Problems can b e very well lo cated in one or two levels

of the system. As such it seems that can b e extended and tested relatively easily

. The word

hyp othesization based on v arying-length input sequences containing meaningless ob jects (e.g.,

connecting strokes) is currently a problem that has b een solved only partially

. It is to b e hop ed that

robust arti�cial neural network mo dels, handlin g noisy sequential data of unb ounded lenght, will

evolve in the future. This capabili ty will b e of sp ecial imp ortance in languages like, e.g., German

and Dutch, where nouns and prep ositions plus nouns may b e concatenated to form strings that are

unlikely to b e an entry in a standard lexicon.

References

Crossman, E.R.F.W. (1959). A the ory of the ac quisition of a sp e e d-skil l. Ergonomics, 1959, 2,

153-166.

Hayes, F. (1989). T rue noteb o ok c omputing arrives. Byte,14 (Dec.), 94-95.

Jordan, M.I. (1985). The le arning of r epr esentations for se quential p erformanc e. Phd Thesis.

University of California, San Diego, pp. 1-160.

Kohonen, T. (1984). Self-or ganisation and asso ciative memory. Berlin : Springer.

Maarse, F.J., Janssen, H.J.J., & Dexel, F. (1988). A sp ecial p en for an XY tablet. In F.J. Maarse,

L.J.M. Mulder, W.P

.B. Sjouw & A.E. Akkerman (Eds.), Computers in psycholo gy: Metho ds,

instrumentation, and psycho diagnostics (pp. 133-139). Amsterdam: Swets.

Maarse, F.J., Meulenbro ek, R.G.J., T eulings, H.-L., & Thomassen, A.J.W.M. (1987).

Computational measures for balli stici ty in handwriting. In R. Plamondon, C.Y. Suen, J.-G.

Deschenes, & G. Poulin (Eds.), Pr o c e e dings of the Thir d International Symp osium on Handwriting

and Computer Applic ations (pp. 16-18). Montreal: Ecole Polytechnique.

Maarse, F.J., Schomaker, L.R.B., & T eulings, H.L., (1988). Automatic identi�cation of writers.

In G.C. v an der V eer & G. Mulder (Eds.), Human-Computer Inter action: Psychonomic Asp e cts

(pp. 353-360). New Y ork: Springer.

Maarse, F.J., & Thomassen, A.J.W.M. (1983). Pro duced and p erceived writing slant: Di�erence

b etween up and down strokes. A cta Psycholo gic a, 54, 131-147.

Maier, M. (1986). Separating characters in scripted do cuments. 8th International Confer enc e on

Pattern r e c o gnition (ISBN: 0-8186-0742-4), 1056-1058.

Morasso, P

., Kennedy

, J., Antonj, E., Di Marco, S., & Dordoni, M. (1990). Self-organisation of

an allograph lexicon. Submitted to International Joint Conference on Neural Networks, Lisb on,

March.

Morasso, P

., Neural mo dels of cursive script handwriting (1989). International Joint Confer enc e

on Neur al Networks, W ashington, DC, June.

Pick, H.L., Jr., & T eulings, H.L. (1983). Geometric transformations of handwriting as a function

of instruction and feedback. A cta Psycholo gic a, 54, 327-340.

Skrzyp ek, J., & Ho�man, J. (1989). Visual R e c o gnition of Script Char acters; neur al network

ar chite ctur es. T echnical rep ort UCLA MPL TR 89-10, Computer Science Department University

of California, Los Angeles

Srihari, S.N., & Bozinovic, R.M. (1987). A multi-level p erception approach to reading cursive

script. Arti�cial Intel ligenc e, 33, 217-255.

Stornetta, W.S., Hogg, T., & Hub erman, B.A. (1987). A dynamical approach to temp oral

pattern pro cessing Pr o c e e dings of the IEEE c onfer enc e on Neur al Information Pr o c essing Systems,

Denver.

T app ert, C. (1986). An adaptive system for handwriting recognition. In H.S.R. Kao, G.P . v an

Galen, & R. Ho osain (Eds.), Gr aphonomics: Contemp or ary r ese ar ch in handwriting (pp. 185-

198). Amsterdam: North-Holland.

T app ert, C.C., Suen, C.Y., & W ak ahara, T. (1988). On-li ne handwriting recognition: A survey .

IEEE, 1123-1132.

T eulings, H.L., Schomaker, L.R.B. Gerritsen, J., Drexler, H., & Alb ers, M. (in prep.). An On-li ne

handwriting-recognition system based on unreliabl e mo dules. In R. Plamondon and G. Leedham

(Eds.), Computer pr o c essing of handwriting. Singap ore: W orld Scienti�c . Presented at the 4th

International Graphonomics So ciety Conference, T rondheim, July

, 1989.

T eulings, H.L., Schomaker, L.R.B., Morasso, P

., & Thomassen, A.J.W.M. (1987). Handwriting-

analysis system. In R. Plamondon, C.Y. Suen, J.-G. Deschenes, & G. Poulin (Eds.), Pr o c e e dings

of the Thir d International Symp osium on Handwriting and Computer Applic ations (pp. 181-183).

Montreal: Ecole Polytechnique.

T eulings, H.L., Schomaker, L.R.B., & Maarse, F.J. (1988). Automatic handwriting recognition and the keyb oardless p ersonal computer. In F.J. Maarse, L.J.M. Mulder, W.P

.B. Sjouw, & A.E.

Akkerman (Eds.), Computers in psycholo gy: Metho ds, instrumentation, and psycho diagnostics

(pp. 62-66). Amsterdam: Swets & Zeitlinger.

T eulings, H.L., Thomassen, A.J.W.M., & V an Galen, G.P

. (1983). Preparation of partly precued

handwriting movements: The size of movement units in writing. A cta Psycholo gic a, 54, 165-177.

T eulings, H.L., Thomassen, A.J.W.M., & V an Galen, G.P

. (1986). Inv ariants in handwriting: The

information contained in a motor program. In H.S.R. Kao, G.P . V an Galen, & R. Ho osain (Eds.),

Gr aphonomics: Contemp or ary r ese ar ch in handwriting (pp. 305-315). Amsterdam: North-

Holland.

T eulings, H.L., & Maarse, F.J. (1984). Digital recording and pro cessing of handwriting movements.

Human Movement Scienc e, 3, 193-217.

Thomassen, A.J.W.M., T eulings, H.-L., Schomaker, L.R.B., Morasso, P

., & Kennedy

, J. (1988).

T owards the implementation of cursive-script understanding in an online handwriting-recognition

system. In Commission of the Europ ean Communities: D.G. XI I I (Ed.), ESPRIT ’88: Putting

the te chnolo gy to use. Part 1 (pp. 628-639). Amsterdam: North-Holland.

Thomassen, A.J.W.M., T eulings, H.L., Schomaker, L.R.B., Morasso, P

., & Kennedy

, J. (1988).

T owards the implementation of cursive-script understanding in an online handwriting-recognition

system. In Commission of the Europ ean Communities: D.G. XI I I (Ed.), ESPRIT ’88: Putting

the te chnolo gy to use. Part 1 (pp. 628-639). Amsterdam: North-Holland.

Thomassen, A.J.W.M., & T euli ngs, H.L. (1985). Time, size, and shap e in handwriting: Exploring

spatio-temp oral relationships at di�erent levels. In J.A. Michon & J.B. Jackson (Eds.), Time,

mind, and b ehavior (pp. 253-263). Heidel b e rg: Springer.

W atrous, R. & Shastri, L. (1987). Learning phonetic features using connectionist networks.

Pr o c e e dings of the 1987 IJCAI, Milano, pp. 851-854.

F o otnote 1.

In order to derive an estimation of the SNR, each replication’s pattern of stroke data is considered

as the sum of an inv ariant comp onent (signal) and an uncorrelated, movement-impaired comp onent

(noise). Of course, the signal representing metric data p er stroke (e.g., S ) may have a small over-all

multiplie d parameter and the signal representing directions p er stroke (e.g., �

1

) may have a small

over-all added parameter. Therefore, it is wise to correct for any overall parameter. The v ariance

of the pattern equals the v ariance of the signal plus the v ariance of the noise. F urthermore, the

v ariance of the pattern of stroke data averaged over n replications equals the v ariance of the signal

plus only 1/n times the v ariance of the noise. F rom these two equations, the standard deviations

of the signal and the noise can b e calcul ated as well as their ratio, the SNR.

F o otnote 2.

The on-line digitized handwriting training and test sets are av ailable on pap er and on-lin e digitiz ed

with x, y and pressure data in a selfexplanatory

, do cumented ASCI I format on an MSDOS 3.5"

DS diskette.

Ab out the authors:

Lamb ert Schomaker has studied muscle control from the psychophysiological p oint of view and

is currently studying handwriting movement control and arti�cial neural mo deling asp ects from

the psychomotor p ersp ective. His main interests are neural network mo dels for movement control,

rob otics, and signal pro cessing in movement analysis.

Hans-Leo T eulings received his PhD in 1988 on Handwriting-Movement Control at the University of

Nijmegen, The Netherlands. Current interests range from the human representation of handwriting

movements, the recognition asp ects, to handwriting impairment in Parkinson patients, and

handwriting-movement training using computers.

Acknowledgment

This research was supp orted by ESPRIT Pro ject 419, Image and Movement Understanding.