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l r is 10 be hoped tha t this manuscript, apparently important, will soon be studied 
aclequat<:ly. Crous, whose book becan~t· a vailabk to me only after my own was in 
galleys, givcs a short accou11t of the alphabetical I n·at ises. His s tatements of fact are 
sometinws incorrect, as, l(>r· irrsrann·, abou t J'vloi lle's prd(:rred ratio . He is the only 
wnter \.vho COIIIHH'lltS Olllhc prisntatic lctlc.:·r, wonder ing wiH:.:ther tht: innunH'rable: 
examples in prin ted books oi'the 'rrinerics dnive i'rom Felicia no. 

20. See E. Panolsky, Allnedtl Oiirn, l'rinc<·ton, l!l-13, 1, p. 266 1-r. See alsop. 25B lor 
a discus.sio11 of Dtircr's :dphabcr. 

2.1. SeeS. \ forisu11, of'· <it., p. :n. See also.\. Christ ian, Debuts de I' lmprimetie en 
hmtcr. Pans. 1905. p . B:l aud plat" opjJosilc p. '1.75 .. \!ready in 15:l~ Gcoli·oy Tory 
u11hz('d a more elaborate syst t·m of coordinates than his Italian predecessors, 
a.'nnng ~t a morepn:cise marhnllat ical dt·termination oft he lcuer-s (fig-. ~-1 ) . CC 
Chamj;l·lnll)', Pans. 15:l!l (<'<1. G . Colwn, Paris, 19:31). 

Computer Recognition ofHand-printed Text 

John H . Munson 

This paper describes the p rocedures and results of a project aimed at th<' computer 
recognition of relatively unconstrained hand-printed texts. Scanning, feat me­
extraction, and character classificat ion technique~ arc described. Novel approaches 
investigated include a feature-ex tracting preprocessor consisting entirely orlocal 
edge detec tors, the use of m ult iple-valued confid,·nce indicators both bef(m· and 
after classification, the combining of independent prcprocessor-classilier ~ys1<·ms 
in parallel to achieve improved character-recognition accuracy, and rhc use of 
application-oriented context analysis. Two large files of hand-pr inted clara are 
described, and results concerning their legibility arc given . .i\n extensive bibl iog­
raphy in hand-printed charact<"r recognition i~ included. 

Introduction and Background 

Among the many subject a reas in the field of pattern recognttiOn, 
the recognition of machine-printed and hand-printed a lphanu­
meric characters has perhaps been the classic example to wh ich 
people have referred in exemplifying the fiel d. Interest in charac­
ter recognition has long run high; an extensive literature in 
hand-printed ch aracter recognition alone dates back to at least 
J955.l- 3U 

I n recent years the recognition of machine printing has become a 
commercia l real ity. Following the introduction of the highly con­
trolled E l 3B magnetic font by the banking industry, SC\Tral ach·am:cs 
in optical character recognition (OCR) capability have been 
brought to the market-place. The trend of these advances is toward 
the acceptance of broader and less controlled classes of in put: ti·orn 
single, stylized ((mts to mu lti-font capability; from high-quality copy 
to ord inary inked- ribbon impressions, and even to mul ti-part carbons 
of surprisingly poor quality. Still, in contrast to hand prin ting, the 
approaches to OCR have been able to rdy on the lack of' gross 
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spatial distortions in the character images, and to ma ke considerable 
use of templates. 

Progress in the ofr. Ji ne recogni tion of hand printi ng has been 
slower. Th e problem .is intri nsica lly harder than that of OCR, as 
reflected in the f;tct that the human recogni tion rrror rate ro r isolated, 
hand-printed characters is many times higher than for machine 
printing. The gn·at spa tial Yariability of hand-printed cha racters has 
led many n•searchers to C'xplore non-template methods for recogni­
tion. 

Thus, t l1 e major efl(>rL of many rt"scarchcrs has been the explora­
tion of unique methods of preprocessing, o r feature extractio n, 
applied to th e hand-printed character images. Dinn een, 1 in one of 
the earliest papers, i nvcstigatcd local averagi ng a nd smoothing o pera­
tions to improve the quali ty of tltc cha racter image. Similar opera­
t ions have a ppeared as a part o f many other a pproaches. 4.7 Lewis, t5 

Uyehara,21 Stem a nd Shen,23 and R abinow Electronics31 have used 
schemes in which the seq uencc ofinterser t ions of a slit scan with the 
character image, or the cg uivaknt, gave rise to featu res for c lassi­
ficat ion . Lewis 15 was one of the relatively few to em phasizc the use of 
multi p ic-valued rather tha n IJina ry-val ucd fea tures, a n ingrcd icnt 
we have found important in our own work. 

Singcr12 and l\Jinncman30 e-m ployed a ci rcular raster, which can 
facilitate size normal ization and rota tion inva•·iance. U ngcr,? Doyle,9 
and Glucksmant7 have emphasize-d features derived from shape 
attributes such as lakes, !Jays, and profllt"s. The buildi ng up of a 
character representation from component elements matched to the 
image, such as short line segments or portio ns of the boundary, has 
been attempted by Bom ba, 4 G ri msda le, et at. ," K uhl, l!l a nd Spi n­
rad. 26 Correlation tcchniq ues have been tried by Hig hlcyman 13 and 
Minneman.30 Contour-followi ng with a captive fl ying-spot scan or 
its simulated equivalent has appeared in the work ofGrcan ias, et 
al., to Bradshaw, t 2 and Clemens. ts The work ofGreanias, et al., to is 
especially sign ificant because it led to the method used in the IBM 
1287 character reader. 

Other workers have p laced greater rela tive emphasis on classifica­
tion techniques and on the selection of fea tures from a fic·atu re set or 
pool. Chow16•29 has long worked with statistical classification 
methods. Bledsoe a nd Browning3 and Roberts~ a pplied adaptive 
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procedures to features obtained from more or less •-andom connec­
tions with the image raster. Uhr and Vossler II performed a n impor­
tant pioneering study of a program that "grn l'rates, evaluates, and 
adjusts" its own parameters. Not surprisingly, however, th e au to­
matically generated fea tu res were confined to sim ple, luca ltrmplates_ 

The recognition of cha racters prin ted subj ect to specific con­
straints (such as guide markers appear ing in the priming area) has 
been studied by Dimond, t Kamentsky, •'1 and l\ lasterson.IS 

It may be said of most of these investigations that they wrre in the 
academic, rather than the practical, realm. I n general, tht' methods 
were never tested against a body of real-world data large enough to 

give some estimate of their performance in a practical situat ion . 
This p robably reflects a common emphasis on checking out a pre­
processing scheme ra ther than attacking a particular application 
problem ; it certainly also reflects the labor and equ ipment rcquirt'­
ments involved in collecting a nd controlling a significan t body or 
data. An exception to this general statement is the work of H ig-h ley­
man a nd K amentsky in the early 1960's, in which they used data 
files numbering in the thousands of cha racte rs . 1 :J, l 4 Also, several 
flles each con ta in ing m any thousands of characters of graded q ual ity 
were gathered in conjunction wi th the development or the IBJ\1 1287 
character reader and arc currently in usc a t IBJ\[ and in our group. 
Bakis, et al. 35 describe these data, on which they and others at IB ~ [ 
have performed extensive experiments. 

The use of context to improve recogni Lion performance, which 
figures prominen tly in our own work, was d iscussed briefly by Bledsoe 
and Browning,3 but otherwise has received scant a ttention in the 
past. Some studies have been carried out under simplifying assump­
tions such as Markov dependence in digrams a nd trigrams. 

Chodrow, et aL, 31 su rveyed hand-printed charactcr- reCO<Ynit ion 
• • • t'> 

techmq ues 111 1965 and d1scussed a t some length the p roccd u res of 
Clemens, 28 Greanias, et al., 20 and R abinow Electronics. The book 
Pattern Recognition by Uhr32 reprin ts a num!Jer of the importan t source 

3 6 s u d · It · papers · • • an contams a we wntten survey. An early progress 
report on the work described herein was given by Munson. 36 

Recently, commercial organizations have announced the capa­
bility to read off-line hand printing_ At the date of th is writin" 

b 

(early 1968), one system (the IBM 1287 opt ical reader) has achieved 
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pilot p roduction operation. The 1287 reader can read the ten 
numerals and five letters. Another system is announced to have full 
alphanumeric capabil ity. 

A com mon charactcristic of the announced systems is that they are 
intended to work with hand printing of very high quality, produced 
by coders who have undergone training in the skill of printing for 
n;::tchine recognition. If individual characters must he recognizcd 
with, say, better than 99.9%, accuracy in order to yield usable docu­
ment an;eptann:' rates, this type of training is clearly rcquired. Some 
experiments that will be described in the next section show that 
humans cannot rt'cognize isolated characters printrd by an untutored 
population with any rate approaching the required accuracy. 

In our work, we hmT taken the alternative approach : given text 
from an untutored coder, in which the indiYidual characters cannot 
be recognized (by man o r machine) with high accuracy, contextual 
analysis is used to reduce the error ratl' . Every form of text has its 
own coutcxtual structure, which is utilized by humans in a complex, 
largely unconscious process. VVc have therefore emphasized the fol­
lowing points in our research: the l'Stablishmcnt of large hand­
printed data filcs of known quality; the choice of a well defined 
character a lphabet and textual situation (Fo RTRAN program texts) 
as a veh icle for study and the reporting of results; th<' use of multiple 
approaches to preprocessing; context analysis to improve recogni­
tion; and the preservation of non-b inary confidence information 
IJetwecn the preprocessor and c lassifier and between the classifier and 
the context analyzer. 

In a com pan ion paper, ~7 Dud a and Hart d<·scribe the usc or pro­
gramnlcd contextual analysis in thl· n ·cognit ion of l'O RTRAN pro­
gram texts. The present papn will therefore concern itself on ly with 
the probkm ofrecugni;-.ing indiYidual characters. 

ProMnn Dt:finition 
in a fi:CCIIt paper, the au thor has argued that there is an infinity o[' 
character-recognition problems, a nd that recognit ion results arc 
meaningkss as they arc often reported in the literature, without a n 
adeq uatc description ur the problem being treated. a!! Accordingly, 
we shall try to describe the two recogn ition p roblems dealt with in 
this papt·r thorough ly enough that the reader can form an intuitive 
opinion of the difficulty oft llC' probkms. 

3+ 

We m ust first distinguish bet ween o ff-line charactcr recognition 
from a pri n ted page, and on-l ine recognit ion, in which the charac­
ters arc gcnerated by a ligh t pen, RAN o tablet, or similar 
d evice.2•1,33,3·1 On-line recognit ion is m uch simpler brcause the data 
provide a nearly exact t race of the path of the writing instrument 
a nd give accurate stroke-posi tion and time-sequrncc information. 
Fu rthermore, an error rate of as m uch as 5% may be considcrl'd 
acceptable, because each character can be classified, displayed, and 
corrected immediately by the writer if it is wrong. 

The recognition of hand-p ri nted characters should also be dis­
tinguished from that of cursive (connected ) script.~5 The stparatioll 
of the p rinted characters and the f~tct that each belongs in a wdl­
specif1cd category obviate the "segmentation problem" that makcs 
cu rsive-script recogn ition much more difficult. 

Within the framework of ofT-line block hand printing, the difficulty 
of a particular p roblem is still a ffected by many variables : the size of 
the a lphabet ; the "standard" forms o f" t he individual characters and 
the degree of constrain t placed on their formation; the size, spacing, 
and arrangement of text on the page; the writing inst ru ment(s) ; the 
number of wt·ite rs; t heir training and mot ivation; and the (fixed and 
time-varying) characterist ics of each individual writer. To illustrate 
the variability of hand printing, we may cite several instances of 
hu man rccognition rates on sam ples of hand printing. Neisser a nd 
Weene reported a 4.1 % average error rate on characters primed by 
visitors a t the front gate at Lincoln Laboratory. to With all subjrcts 
voting toge ther, the error rate was 3 . 2~~ - We have reported an error 
rate of 11 Oft1 on the well-known quanti<:ed chat·actc r set collected by 
Highleyman, which sullers from crude quantization urthe chantc­
ters . ~9 On the multiple-code r data file used in our experiments a nd 
described below, the error rate was 4.5<>;'0 ; on the single-coder file, 
0 . 7°/o . F inally, present com mercial systems are intended to oper::tte 
wi th character error and rejec t ra tes on the order ofO.l % to 0 .0 I ~~ -

T he most sign ifican t determinants of hand -pri nting quality a rc the 
training and the motivation of the printing population. Our choice 
in the work described in this paper was to treat data li·om an 
essentially untutored, moderately motivated population, represented 
by comp uter users who hand-code program texts (or keyp unching. 
Such a coder has typica lly received no instruction in pri nting, beyond 
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a few rules about slash ing or crossing characters to avoid such 
confusions as 1-1, 0-Z(·ro, and 2-Z. He docs receive feedback of the 
results from prior keypunching jobs, which motivates him to main­
tain (perhaps grudgingly) a certain level ofl egibility. Thus, whi le 
this printing is far sloppier than that allowed by presently announced 
recognition systems, it is more legible than that produced by the 
general public while, for example, addressing mail. 

Two files of data were used in the experi ments reported in this 
paper, a multiple-coder fik and a single-coder file . T he characters in 
both files were hand -printed on standard general-purpose coding 
sheets obtained from the Stanford Research Institute compu ter 
center. The cells ou these sheets measured-} inch high by -f\0 inch 
wide, with no extra spacing between cells. A thin- lead mechanical 
pencil with an HB (soft) lead was used, afte r brief experimentation 
indicated that no other conventional writing instrument gave 
crisper images when viewed through our input system. (A pencil is 
the preferred instrument because it facilitates erasure.) The coder 
was free to use whatever character size he found natural. 

The I 0 numerals, the 26 upper-case letters, and the symbols 
[ = * /+-.,Sl comprised the a lphabet of46 characters. This is the basic 
l'O R T R AN alphabet, with brackets substituted for parentheses in 
accordance with the convention associated with our computer 
system at the time. The blank was not treated as a character category, 
the recognition of blanks being more a function of a document­
scanning subsystem than a pattern-recognition problem. We 
instructed the coders to print zero with a diagonal slash and Z with a 
midline sl ash , and to put crossbars on the letter I. Numeral l was to 
be without serifs; several coders, however, added serifs. Other 
choices were left to the individual, such as open versus closed4, the 
crossbar onj, and the numbet· of verticals in $. 

Multiple-Coder File. Printed data fi·om 49 individuals were included in 
the multiple-coder fi le. Each person was asked to pri n t scveral46-
character alphabets on a coding sheet (at one sitting), and the first 
three alphabets from each sheet were taken for the file. The data from 
the first 32 persons (96 alphabets, 4416 characters) were used as 
training or design data during the experiments, and the data from 
the remaining 17 persons (51 alphabets, 2346 characters) for test. 
The coders of the training data were a ll personnel of the author's 
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JalJoratory and the computer center at SRI. The coders of the test 
data were eight fl·orn SRI and nine from the US Army Electronics 
Command, Fort .1\ [onmouth, N.J. Any cross-country bias in printing 
styles is probably small compared with ind i\'idual clifli:rcnccs. 

Portions ofSt"\Tral oft he test a lphabets arc shown in Figure I. The 
coders were asked to print naturally, bei ng neither especially casual 
nor especially meticulous. However, it is ob,· ious that data gathered 
this way arc not candid; they arc probably better than data from 
ac tual coding sheets prepared f(w keypunchi ng. Unfortuna tely, it was 
not feasib le for us to process cand id data fl·om a number of people 
using a varict y of coding fo rms and languages. 

Five huma n subjects were asked to class ify the charactns i11 17 of 
tltc test a lphabets one from each coder viewing tiH' quan tized 
images (sec the sect ion o tt scan ning) itt isolat ion and in random order 
on a cathode-ray tube display. The rrror rates ranged fl·om 3.0°" ro 
6.4o/0 , with an average of4.5~~ - Taking a plurality \·otr among the 
five responses, the error rate was 3.2° ; •. 

Single-Coder File. Experiments vvere also pcrlunned with a single-coder 
file, in order to investigate the impro\-cmcnt in pcdurm:tm-e resulting 
from allowing the recogni tion system to specialize in the printing oLt 
single individual. This file con tained l727 training cha racters and 
1042 test characters. The training set included 15 alphabds (690 
characters) oft he type collected for the multipk-codn file. The 
remain ing I 037 training characters wnc ta ken from FORT R .\ x text 
on coding sheets, as were the I 04-2 test cha racters. The 15 alphabns 
were iucludcd in th e tt·a ini ng set to ensure adequate representation 
oLd I the characte r categories, since t hL·ir appearance in actual tex t 
was haphazard. 

The text charactns wnc taken fl·om FORTR .-\N cod ing shlTls 
prepared by the author in rhe cou rse of actual p rogram dn'l'iopmcnt, 
sotnc months before the recognition expn imcnts were perliu·med . The 
coder corrcc red major mallormations of'charactl'rs as he noticnl 
them, bu t a\'Oid('d printing with tnt natural care. Thus, whil l' these 
data arc not candid, it is felt that they closely modd a realistic 
situation that would be obtain('d if one tried to SlT\'l' a coder wlto was 
making a minimal c flo rt to assist the system. 
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:-\sample ofthc test d a ta is shown in Fig ure '2 . \Ve m ay d escribe 
these characte rs as being quite legi ble to humans bu t not hig h ly 
regu lar. T en human sul~jecrs w"CIT a~ked to c lassify the test characters. 
T he average error ra te was 0. 7° ;). T aki ng a plurality vote a mong the 
I 0 responses, the error rate was 0.'2° ~ ( two error:; in I 04·2 characters) . 

Scanniug 
The hand-printed characters wne scanned ti·om the source 
documents (the codi ng sheets) by a \·iclicon tele-vision camera fitted 
witl1 a c lose-up lc11s and operated under the contro l of" an SDS 9 10 
com puter. Each document was mounted in a concave cylind rical 
holde r so that, as the Cllllera panned across the documen t, the view­
ing distance and hence the im age sca le rema ined cons ta nt. The fie ld 
ofYiew was approximatdy o ne inch square. T he camera gent'ra ted 
a standard closed-circ ui t tclt·vision waveform, which was quan tized 
to two k\-els (black/white) by a Schmidt trigger and sampled in a 
ras ter of 120 X 120 points. 

The document was illuminated by lour noodl igh ts moumcd a round 
the T\ ' camera. r\ colored filte r was placed o\·cr the camera le ns, to 
suppre-ss the colort'd coding-sheet guidelines appear ing o n the docu­
ment. The guidelines could haYe been used for locating the characters, 
but we prcf(:rreclto strin: for a fiTc- ficlcl cha racter-locating procedure 
that could ultimately handle between-the-lines corrections or coding 
on a blank sheet of paper. Also, without a color-sensi tive input sys tem, 
separating thc- gu id eli nes from the characters where they c rossed or 
coinc ided could be a m<0or problem. 

The field of view was chosen so th at a single character image was 
usually a little less th an 24 poin ts high a nd abo ut 15 po in ts wide. The 
com pu tcr began t l1 e scan ning by reading in a 120 X 120-point pic tu re 
contai ning, in general, several character images. A sca nning routine 
then proceeded approximately horizo nta lly thro ug h the picture, 
finding and iso lating cha rac tf'r images. Provisions were included for 
tracking a line of tex t, and fo r accepting multi-part character images 
such as equal s igns and cha racters with unconnected crossbars. 
\\"hen t he scanning rou t ine got to th f' right of the 120 X 120 p ic tu re, it 
requested the camera to move to the right a nd input a nother picture. 

r\s each character was isolated , it was placed in a sta ndard 24 x '24 
raster format (Fig. 3) . );o corrections for magnification or ro ta tion 
were applied. The BCD rod e of the charac ter was entered manua lly 
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FigUJ·e 3. A hand-printed character in the standard 2-l- "\. 2-J. lo r111at. 
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at the console typcwriter and attached to the character record for 
subsequent usc in the traini ng and testing procedures. The tw~ files 
(single-coder and multiple-coder) of quantized 24 x 24 black/wh ite 
character images served as the starting point lor all subsequent 
processing. We ho pe to make these files avai lable to other rescarehcrs 
through the cftons of the Subcommittee on Rclerencc D ata Sets ofthe 
Committee 0~1 Pattern Recognition of the IEEE Computer Group. 

Our scanning s<'t up was "strictly experimcn tal. " I t was an in­
expensive substitutc for the sophisticated optical scanner and mechan­
ical transport requ ired fc>r a high-volume prod uction system. 
A lthough the scanning routine enabled us to gather the thousands of 
q~antized characters in our data files, it was never capable of running 
without an attendant to rescue i[ fl·om its e rrors. These wcrc duc to 
badly non-uniform sensitivity across the fidel of view (common in 
vidicon tubes), which made it impossible to se t a si ngle quantization 
threshold val id th roughout the fidel, a nd to the lack of precise knowl­
edge of the position ofthc TV camera. (Incidentally, by solving 
these problems, it sho uld be possible to c rcate a low-speed, 
inexpensive automat ie scann ing systcm along the lines of the one 
described above.) 

Othei· files of digi[ized hand-printed data, supplied through the 
courtesy ofW. Highleyman and researchers at IBM Corporation and 
R ecognitiOn Equipment, Inc., have been processed merely by 
convertmg them to our standard 24 X 24 format. In some cases this 
has r~quired changing the size of the charac ter raster by copyi i~g or 
ddetmg rows and columns. 

Preprocessing 
Th~ term "prep_rocessing" has acquired a variety of meanings. We 
use lt here to refer to the specific activi ty of fea ture extraction: The 
calculation, from the (quantized) character image, of a set of 
numerical feature values that fo rm the basis of subsequent pa ttern 
classification. 

. Two preprocessing methods were used in these experiments. The 
f1rst, embodied in a computer program called PREP, was a simulation 
?fa previously constructed optical preprocessor capable of extracting, 
m parallel, 1024 optical correlations between a character image and a 
set of photographic templates, or masks.40 The second, a program 
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called T OP o, extracted a large number of topological and geometric 
features of the character image. 

The PREP Preprocessor. The P REP program performed edge detection 
on the 24 X 24 quantized images through the use o f edge-detecting 
mask pairs, or templates. Each mask pair consisted of two 2 x 8 
rectangles of points, adj acent to each other along their long edges. 
One of the masks was given positive weight, the other, negative, and 
a threshold was set such that if the positive mask encountered six 
more figure poin ts than the negative one, the binary response oftht.: 
m ask pai r was O N (Fig. 4). 

To provide a limited degree of translation invariance, the responses 
of five such mask pairs were OR-ed together to give a single binary 
component of the output feature vec tor. The five mask pairs in a 
group had the same orientation and were in the same region of the 
24 X 24 field. Nine regions were allotted to each of the fo ur major 
compass directions, and six regions were allotted to each of the eight 
secondary directions (a t 30° intervals). Thus, the complete feature 
vector consisted of84 L> inary components, and the significance of a 
typical componen t was, "an edge oriented north-of-west has been 
detected in the left cen tra l region oft he fie ld." Figure 5 shows a 
computer display in which the lines a re normal to edges detected in a 
sample of the n umera12. The lines emanate from 15loci representi ng 
the a llotted regions. 

Each quantized image was presented to the P R EP preprocessor 
nine differen t times, first in the center of the 24 X 24· field, then in the 
eight positions formed by translating it vertically and/or horizontally 
by two units. Thus, for each pattern, a set of nine 84-bit featu re 
vectors was formed . T he use of these multiple-view feature \TCtors to 
improve class ificat ion performance is described below. 

The TOPO P1·eprocessor. The TO PO preprocessor was a sizeable 
collection of computer r outines asst:mbled to extract topological ami 
geometric features from th e character image. I n general, these 
fea tures described the p resence, size, locatio n, and orientat ion or sue h 
enti t ies as enclosure~ and concavities (lakes and bays) and stroke t ips 
in the character. 

TOP o began with a single connected character image in the 
24 X 24 fi eld. (The equals sign was sought out in advance, and trea ted 
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(a) 

(c) 

Figure ·1. Edge-detcctiug mru;ks in PREP: (a ) quantiznl character image; (b) an 
edge n1ask; (c) charaCL('t' and rnask toget her. 

Figure 5. Responses or the PRE I' cdge-dc.>t.-cting mask groups to a numeral:!. 



as a special case. Other unconnected figures were forcibly joined by 
growing a bridge between the individual connected regions. If this 
failed, the lesser rcgion (s) were discarded. ) The perimeter of the figure 
was fi rst found (Fig. 6) . The perimeter was defined as a list of figu re 
points, beginning with the bottommost of the leftmost points of the 
cha racter figu re, found by stepping a long the edge of the figure and 
keeping the figure always a t the rig ht hand and the ground (non­
figure) at the left. The perimeter has the property of including all 
figure points that a re 8-adjaccnt (adj acent horizontally, vertical ly, or 
diagonally) ro ground points outside. 

Next, the convex hull boundw] (CHB) of t he figure was fou nd (Fig. 7). 
The CHB of a two-d imensional figure may be thought of as the o ut­
line of a rubber ba nd stretched around the figu re. In the case of a 
quant ized figure, some a rb itrariness is required in the specifica tion 
of the C HB, because a straight line between two points on the image 
grid docs not general ly fa ll on exact grid locations. We defi ned the 
CHB to include al l the ext remal points oCtile character image, 
represented by letters other than "X" or "0" in Figure 7. In between 
these extremal points, the C HR was to follow as stra ight a path as 
possible, but neYer fal ling outside of the theoretical stra igh t li ne 
connecting the extremal points. Keeping the C HB to the inside 
reduced the number of' small, insig nificant concavities fou nd subse­
q uently. To {1nd the extremal points in the C HB, it was only necessary 
to search among those perimeter poi n ts at which the peri meter turned 
to the rig ht. 

After the CHB was obtained, the concavit ies and enclosures of the 
cha racter image cou ld be found qu ite readily usi ng compute r 
routines that simulated Boolean a nd connectivi ty opera tio ns perform­
ed in parallel over the entire 24 x 24 field. Let the border consist o f 
those grou nd points in the outermost rows and columns of the 24 X 24 
field . Let an image l.Je formed consisting of th e ground, minus the 
CHB. The portion of this image that is not connected to the bord er 
lies within the CHB and consists of the concavities and enclosures of 
the character. Those regions that arc connected to the borde r by a 
path of ground points (including ground points in the C HB) are 
concavities; those regions that are not are enclosu res within the 
figure. The character in Figure 7 contains two concavities a nd two 
enclosures. 
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Figure 6. Hand-printed c hat·actcr with perimeter points marked X . 

F igure 7. Character with convex hull boundary (CHB). 
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Figure 8. Spur-find ing. (a) finding the spur tip; (b) tracing the spur. t 
~ 
' 

~ 

l\lultiplc concavities and/o r enclosures were extracted all at onct· in 
a single 24 x 24· a rray l>y tile para llel o per;tt ions. They were then 
separated (again using the connectivity operations) ami sorted by 
size for su bseq urn t usc. 

The spurs of a character arc those strokes that t·nd in an isolated 
tip. Idea lly, the letter X has four spurs, tile kllcr 0, none, and til<· 

letterS, o ne spur with the special property of having a tip at each end. 
The list of perimeter poin Ls was used to find tlic spurs. Consider 1 wo 
pointers movi ng down the Ji st of perimeter points, wit h OllC pointer 
ahead of the other by, say, 15 places. As the poin ters mowcl , w,· 

calcu lated the Euclidean distance between tile two perimeter points 
indicated by Lite pointers. Some of these distances :tiT rcprcsenll'd by 
arrows in Figure 8a. !\'l ost of t he ti me th is distance would he approxi­
mately 15 units. A sudden decrease of the distance bt'lwcen the two 
poi nts to a m inimum that was less than hall" i ts usual ,·alttc indicated 
that the pet·imeter had gone around a sharp bend -i.e., had gone 
a round the tip of a spur. The position ol"the spu r ti p, indicated by the 
perimeter point halfway o n the list between the two minimum­
separa tion points, was the prima ry aurib utc of the spur used for 
form ing features. 

O nce a spur was lclUnd, it could be traced by the "c:diper method" 
(Fig . 8b) . I magine that the legs of a pai r of calipers arc placed at the 
two mi nim um-sepa ration poi nts . The cali pers arc then "slid" along­
the spur by stepping the legs of the calipers along tht· pcrinwtcr, away 
from the ti p. T he calipers arc moved as hu as they can go wi thout 
having to be spread by more than, say, seven units.ln some cases, 
such as the numeral 6, LlH· calipns will be obstructed by the body ol" 
the figu re and musr stop. I n o ther cases, such as the let tcr S, the lt-gs 
of the calipers will travel al l the way a long the fig ure and meet ;\l the 
far end, indicat ing a "single-stroke" figure. T he mid poin r or thc 
moving ca lipers traces out the backbone ol"the spur, and a list ol"the 
midpoint positions can be stored to rep resent the spur (the heavy lim· 
in Figure 8b). 

Another set or character a ttril.mtcs fo und in TOp 0 and used for 
1eature generation were the profiles or the character image. The pro­
files were four lists, of24 entries each , speci ["ying the first row (or 
column) in which a fig ure point was encou ntered in each succcssi'-c 
column (or row) as seen from the top, bottom, left, and right. The 
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prof iles were the basis or a num bcr ofspecial i7.ed featu re ca lc ulations, 
designed to discriminate among particula r categories, that evaluated 
such propert ies as the width of the character a t ,·arious levels, the 
number of re\'ersals of direction in a profile, and discontinuities in the 

profiles. 

. \ imurical Ffalure Calrulalion in TOP o . 1\fi.e r the topologica l and geo­
metric components of the character image- concavities, enclosures, 
spurs, profiles, e tc. - we- re e-xtracted, it remained to convert them to 
numerical compon ents of a feature vec tor suitable fo r subseq uent 
classifica tion hy an adaptive machine. This task was beset wi th 
se,·eral concept ual a nd practical diflic ulties that rnay no t he o bvious 

a t fi rst. 
In T O I'O the task was carri ed out in two steps. first , descripton· 

\ indi,·idual numeri cal quantities) were deri,Td from the info rmation 
at hand. Sccond,features in a standard form were calcu lated fi·o m the 

descri pturs. 
Each descriptor had to b!." chosen so that it always represen ted a 

unique charac teris tic of the cha•·<u.: ter image. For example, sup pose 
that one descri ptor were to represent the ,·ertica l posit ion of the 
rightmost spur tip. S uch a descriptor wou ld help to disc riminate, for 
example, between T a nd L. But this descri ptor would give unpredict­
able results for charac ters such as C, E , and I, depending on wh ich 
spur extended Guther to the rig ht, and would probably be detri­
mental tO the dassification of characters in these categories. I n 
addi tion, there is the problem of vacuous descri ptors : What value do 
we assign to th e above descripto1· .in the case of a le tter 0? 

In TO 1' o, these problems were coun tered by a ca reful choice of the 
definition of the descrip to rs. I n many cases it was possible to devise a 
descriptor that was a lways well defined. For example, if a spur­
descriptor is put in the form, "to what extent is t here a spur in the 
upper righthand corne r, " it is dcfmecl fo r any n umber of spu rs and 
can properly be gi ,-cn its min imum value for a figure with no spurs 
at a ll. In addi tion, th is form of definition (u nlike the preceding o ne) 
has the importan t proper ty of continuity: deformations of t he cha racter 
image that mo\'e the spurs by small amounts a lways cause small 
changes in the value of the descriptor. I n another paper, the author 
has a rgued that the presen·ation of continuity is important throug hout 
the various stages of the pattern-recognition p rocess. as 
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As the fina l step in TOPO, t he actualkaturcs (the numerieal 
comp onents oCthe feature vector for classification) were calculated 
fi·om the desc riptors. 1\ first requirement on the fealllrcs was that 
t hey be of com parable magnitudes, so that none would dominate the 
sums formed in t he pattern classifier. Thus, t he fi:atuiTS wrre all gin•n 

a stand ard range of zero to 100. (Note that tlwse features were 
mu ltiple-valued, whereas those li·01n the PR EP preprocessor \n-rt· 

bina ry.) 
i\ second, lu::urist ic req ui rement on the kat t1 res was 1 ha t they 

emphasize the sign if icant eli fl"erences among characll'r c lasses. In a 
two-category classi fi cation problem, it is J<-as ihlc to a ualy7.c r ite 
discrim i1~at i ng power of a feature statistically (or ewn by insp<'l'tion ), 
and to adjust the transformat ion from descriptor to katu re so as to 
maximi;~.r this power. Tn our 'Hi-category problem, we cou ld onlv 
guess a t reasonable transformat ions. I n any case, o ne should not 
~xpect the fea ture to be a simple linear function or:l descriptor. 

T he d erivation of features in TOPO may be indica ted by an exam­
ple. Consider a descript01·, MCONC(u p), wl1ich is a measur~ of the 
presence or an upwarcl - f~tcing conca,·ity in the character. l·or a flat­
topp~:d o r round-topped cha racter, such as T o•· 0, ~~ <: o :-< q up) 
shou ld h;n-c the value 7.ero. For a cha ractn such as U or\ ', ~~co:--:<:­
(up) shou ld have a \'alue of eight or greate r. For a Y or an open­
toppecl4, howen"r, we should on ly expect values offi\T or g rc:ttcr. 
Owing to t he linea r nature of the do t-product units used in the pattern 
classifier, it is impossible Cor a single fCature p roportional to~ ~ coN c­
(up) to discriminate between Y a nd T, for exam ple, without treating 
U as a "supcr-Y. " VVe actu ally require two featu res o nt· tha t 
"switches" in the range 0 to 5 and one that docs so a t a higher range. 

Tile two transfo rmations tha t derived featuresll·om MCONc (up) in 
TOPO a rc shown in Figure 9 . There were two such 1\:atures corres­
ponding to each spur descr iptor and concavity ckscri ptor in TOP o. 
ln al l, TO PO producecl6H features: 16 for the spurs, 16 for the eon­
cavities, 8 for the enclosures, 6 lor O\'erall character size and shape, 
and 22 resulting fi·om special calcu lations about the width or 
the character a t va rious levels, discontinuities in the profiles, etc. Each 
feature was calcu lated fi ·om a numerical desc riptor by a iransf(mna­

tion arrived at by inspection. 
1 t should he eYiclcnt fi·om the foregoi ng description t ha t the 
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development oCTo PO was a cut-and-try afl"air. The extraction of 
topological entities and the generation of desc riptors and features 
were cominutd only as far as patience permitted. For exam ple, a 
f..:ature to look for st ructure within an enclosure and help discrimi­
nate bet ween 0 and Q was never implemen ted. It is the author's 
opi n ion that th e generation a nd selection ol'features for pattern 
classification, especially in the multi-ca tegory case, is the greatest 
problem area in pattern recognition at the presen t.:!~ 

(;/ assifiwt iou 
.\n adaptive pattern classifier, or leaming mach ine, was used to 
classif)r the characters on the basis of the feature vecto rs generated by 
a preprocessor, either PREP or 1'0 PO. The learning machine was of 
the piecewise linear (PWL) type, descri bed by 1 ilsson. 41 The lcam­
ing machine for these experiments was implemented by a compu ter 
program called c.>. u1 (Collected A lgori thms fo r Learning.\ lach­
ines) , -12 runn ing on th e SDS 910 computer, which sim ulated the 
anion of" the :\liN 0 S I I hardware learn ing machine canst ructecl 
earl ier du ring this project.·lU, ·13, 44 

52 

BrieOy, a learning machint" embodies a set of Dot ProdliCt Units 
(DPU's) that fcm11 the dot product (also called the in ner prodllct or 
V\'ctor product) between the incoming pattern, or feature \'l'clor, and 
a srtofstorecl weights. T ltejl11 DPU of the marhiiH·IimllS the dot 

product 

sj = .Y· wj = ~·x; Wjj 

I 

lxtwecn the pattem vector X and tlw weig-ht , ·ector fl 'i associat\'cl 
with thcj"' DPU. I n a P\VL learning machine, a small numbcr of 
DPU 's arc assigned to each of the 4·6 character categorie-s. Thc 
largest clot p rod uct fo rmed among the DP U's assigned to a category 
is takC II as the resjJollse for tha t category. 

The category responses may be utilized in two ways. Jfit is 
desired to explicitly categorize a character, the character is assigned 

to the ca tegory with the largest response. r\ testing margin or dmd ::.one 
may be employed, so that any character for which the largest responS\' 
does not exceed rhe second la rgest by the margin is class\·d as a reject. 
I n the performance results listed below, the reject margin is not used. 
The performance scores arc thus oft he simpl<"st possible type: 
perc<"nrage ofsuccessful classifications with no n:jerts allowed 
( rrsponse tics are broken arbitrarily) . 

Alternatively, irthe goal is no t to achiew ~~ succinct prrlixmancc 
measu re but rather to use tlw character-classification in[onnation for 
contextual analysis, the responses may be used to obtain co11jidntce 
itifomwtion. T he simpk:st confidence measure is till' set of"-l·G responses 
from the learn ing mach ine, with a higlwr response ind icating a highcr 
con fidcnce til a t tlie c ltaracter belonged to tile ca u.:gory in question. 

T o adapt a learning machine, a tmi11ing pattem is presented, and the 
responses to that pattern a rc obtained . If the response in the true 
category of the traini ng paltern does not exceed the la rgest response 
among the other categories by a value ca ll ed the traini11g margi11, the 
DPU yielding the response i n the t rue category is marked to be 
iucrernented, and that yieldi ng the competing response is marked tO be 
decremeuled. This is done by setting 

a true = I a CUOl(ll'ling = -I 



in the adapt vector A, and setting all the othe r components of !Ito zero. 
Adapta tion of' the weig h ts is then perfo rmed according to thcj ixed­
incremmt error correction mLe: 

I Vi .._ Wi t- ai · D · .\', fo r a ll j . 

1 n other \\·ords, t he pattern vector is addrd to or su b trac tcd from the 
jth weight ,·ector, depend ing on ai . Dis an overa ll mul t iplying factor 
cal led the adapt slejJ si.:e, usually set to a sma ll intcgr r througho u t a 
block of' training. (O ther methods or determ ini ng tlte responses and 
.-\ and 0 lead to lcaming machines othe r tha n the P\VL 
mac!t ine.)·11, 4~ 

The adaptation causes the subseq uent clot prod uct between the 
pattern ,·c::ctor and the weight vector to be chang ed by an amouut 

Since x~ and D are always posi t ive, the sign of a j automatica lly 
deter m ines w hether the response ( i.e., the dot prod uct) of th e jl11 

DPC' with the patte rn.\' is enhanced or reduced . Thro ugh th is means, 
appropriate DPU's can lx: mad<.: to respond to certain patterns a nd 
ul timately to c lasses of patterns. 

T o perform a learning-machine experiment, the adaptive weights 
\\' ii a rc in itialized, usually to zero. The t rai ning pa tterns a rc then 
p resen ted seq u~:utially. The responses to each t raining pal lt:rn are 
formed, a nd if' the classificatio n is incorrect the m achi ne is tra ined. 
One pass through the t ra ining pa tterns is called an iteration. T ypica ll y, 
repeated iterations through the tra ining set a re performed u ntil the 
c lass ifi catio n performance on th ~.: tra ining pa tterns ceasrs to improve. 
:\ t that t ime, the test p:\ltem s may be pi-esentC"d , a nd the classifica­
tion perf(wmanec on them recorded. This perfo rma nce is gene rally 
ta ken as the measure of' success of the learning machine on the task 
represented by the tra ining and test pa tterns. 

I n dealing wi th the n ine-view sets of'fca tu re vec tors p roduced by 
t lw P RE P p reprocessor, the running procrdure was modifi ed 
~lightly (Fig. 1 0). Duri ng train ing, one of tltc nine l(·atu re vectors 
rt'prcseming a training pattern was selected quasi-ra ndomly a t each 
iteration. Thus, it took nine iterations for the machine to encounter 
each view of' each patter n. The use of' mul tip le views had the ef-lect of 
"bmacleni ng" the tra in ing experience of the lea rning machine. 
During "ni ne-\ ·iew testing," all nine views o f' each test pa llc rn were 
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presented and the nine responses in each category wert: added 
togethe r to form cumulative responses that wc1T used ;~s the basis lor 
classi fication . It will be seen that the redundancy achieved by 
accumula ting the nine responses led to a sign ificant impro,·enwnt in 
perfo rmance. This techn iq uc has also been used successfu lly b:· 
Darli ng anciJost·plt i n the proces~ing of satell ite photographs. -t:. 

ExperimentaL Results 
A series of experiments were performed on t it~.: singk--cocln aud 
m ultiple-cod er data files, using the preprocessors and learning 
machin e descri bed abo,·c. Experiments were run under four 
concli lions. 

I n Condit ion I , t he characters wnc preprocrsscd by PREP, but 
on ly the one feature vector representing the central \·icw o!'cach 
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pattern was used for training a nd testing the learni ng mach inf'. O nly 
the single-coder file was run under Conditiou 1. 

In Cond ition 2, the charac ters wen· preprocessed by 1' RE P in all 
uirH' views, and n ine-view training a nd tes ting were performed as 
described above. A P\'\'L learning machine w ith two DPU's per 
ca tcgory was used in Conditions J and 2. 

In Con el i tion 3, the characters were p repr ocessed by TO P o, and 
the si ngle featu re \·ectors produced by TOPO were nsecl for train ing 
a nd testing. Owing to computer rest rictions, a learni ng machine with 
o nly one DPU per category was used. Thi s is genera ll y called a linear 
rather t han a PWL lcaming mac!Jinc, alh:r the form o!"the dis­
criminant functions in J(·atu rc space. ·11 

In Condition 'I· t llc responses ofthe learning machines in Condi­
tions 2 all(! 3 for each test pattern were added together a nd t.;1ken as a 
new basis for class ifica tion. This procedure was a way of harnessing 
the preprocessor-classifier systems of Conditions 2 <Jnd 3 "i n tandem" 
in order to improve class ifiration pf'rlormance, in a man ner analogous 
to the nine-view testing oft he PREP feature vectors. 

The results of the experiments arf' presented in T able I. T he 
resul ts show a significan t improveme nt .i n performance for the case 
of n ine-view training and testing ovrr single-vinv trai ning and test­
ing, and fur ther improvem ent with the combined system of Condi­
tion 4·. The most imporLaut resu lts can l>e summarized as fo llows: 

Using thf· com bined system , a correct dmractcr-classification rate 
of97o/0 (wi th no rejects) was obtained on ind ependen t test of 
relatively unconstrained hand prin ti ng .in t he 46-ch aracter FoR TRAN 
alphabet, when the learning machine was a llowed to specialize on 
data fi·om a single codn. vVlwn tl1e learning machine was trained on 
the printing of32 coders and tested on the printi ng of" 17 others, tl1e 
correct classification rate was onl y 85~/o . These rates a re fo r the 
isolated characters, without context. 

A well -known set ofq uantized hand-prin ted charac ter images 
(lc ticrs and numerals only) collected by High leyman were also 
processed undrr Condi t io n 2, yielding a tes t c lassif-icat ion score or 
6~0j0 . P reviously reported classifica tion methods, not employing 
preprocessing, bad achieved scores of58o/0 or less. These c ha racters 
arc of" very poor quali ty, being only 86% to 89% classifiable by 
h um ans. These results are d escribed in R eference 39. 
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TA n L 1o 1. E;jJeritllmlal R esults 011 "Tu•u Files '!f Nallll-jHilllrd :Jiplumwnnic Clwt<ll"IN> 

Cullditiu11 PrejHoressor 

PREP, I view 
2 PREP.~ views 
:l TOPO 
~· C0111bincd 

Number<!/ 
1/eralioll.>. 

Si11gle-Coda File 

JU 
'2i 
IU 

J /altifdt-Cudu Fit.: 

:.1 PREP, 9 views lB 
:3 TOPO + 
-~ Comi.Jined 

::-single-view classification scores. 

Final Clas>ijimtioll Scol <'> 

·rraining 'J c.ft 
Pnllt'nl\' Pallt'nn 

~~~J \J Ll 

U~)U I ) * 

~) . jt' l) 

()~)0 0 * 
U-1-~ u 

IJB"u 
9lio u 
~ ll u u 

97° 0 

78° ~, 
77" 0 

s:,u,, 

:\ large number of p reliminary and auxil ia ry experiments, not 
described in this paper, were p erfo rmed. ]n part icula r, du ring the 
development of the TOPO preprocessor, an attempt was made to usc 
the [eatu res produced by TOP o in a bi na ry dccisi on- trct· dassi fie r. 
The results of" th is dfort were very poor, becausr it was impossibk to 

find features reliable enough to sen·c for dichotomization o!"thc 
char acter classes. 

For example, the p resence oLen enclosure W<lS a use less fea ture, 
because q uantization noise inlroduced some spurious enc losu res, and 
other <>xpected o nes were lost becausf' th ey were filled in or uot 

completely lormecl . It thus ap pears to us that, l(H· patterns with tile 
\·ariabilit.y ofl1and printing, a n approach that considers all the 
teat urcs in parallel is a necessity. 

T ile development of the TO p 0 preprocessor, the exploration or 
\·ariations of the P J{ E P preprocessor, and the running of"<:i<lssifica tion 
experiments with difl"cren t learning-machine configura lions an d el i!~ 

le rent data files were a ll severely restricted by system limitations or 
two types. First, it was awkward to handle the necrssa ry large cl;1ta 
files on our comp uter, which had paper tape input/output and one 
magnetic tape u nit. Second, all of the operations of' scanning, pre­
p rocessing, a nd cla ssification were performed in serial or at most in 
24-bit parallel by simulations in the computer (an SDS 910, w ith 
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12K words of24-bit memory and an 8fLsec cycle time). It sometimes 
took days to accomplish the experimenta l runs. H owever, the 
flexibility, guaranteed reproducibility, and operational advantages 
of computer simulation compensated for the drawbacks. With a 
view toward practical systems, it may be noted that the operations of 
PREP and the learning machine, and even much of To PO, are ex­
tremely well suited for implementation in parallel hardware. 

Conclusion 
This paper has been concerned solely with the classification of 
individual hand-printed characters, in isol ation . To this end, per­
forman ce scores based on the positive classi fication of each character 
have been presented, as the simplest and most understandable 
measure of performance. The end goal, however, is text recognition, 
not character recognition per se. The results presented here, includ­
ing the scores for classification by humans, indicate that context 
analysis wi ll be a necessary adj unct to character classification for the 
recognition of fa irly unconstrained, untutored hand-printed text. 
The companion paper by Duda and Hart37 describes our effort in 
context analysis. To assist context a nalysis, the classifier puts out not 
explicit classifications but lists of alternate categories and their con­
fidences for each character. This may be viewed as a way of retaining 
additional valuable information generated by the classifier, under a 
continuous transformation (from feature space, through the learning 
machine, to the space of category confidence values) . This preserva­
tion of alternative information is a vital aspect of context-aided text 
recognition, not to our knowledge previously discussed in the 
character-recogni tion literature. 

In experimenting with a large body of actual data from an un­
tutored hand-coding population, we are attempting to set a bench­
mark in an area not covered by the experiments in the form er 
literature, nor by the present commercial developments. At the 
current levels of avai lable computing power and cost, contextual 
analysis appears economically infeasible, at least for syntactically 
rich texts such as FORTRAN. However, if the progress of OCR is a 
guide, we may expect a pressure for the extension of recognition 
systems for hand printing to accept input from broader and less 
highly trained classes of coders. The character-recognition methods 
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described in th is paper and the context-analysis procedures 
described by D uda and Hart may then point toward systems of future 
importance. 
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