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Abstrac t 

We describe an alternative approach to hand-
printe d wor d recognitio n usin g a  hybri d o f  proce -
dura l  an d connectionis t  techniques .  W e utiliz e tw o 
connectionis t  components :  on e t o concurrentl y mak e 
recognitio n an d segmentatio n hypotheses ,  an d an -
othe r  t o perfor m refine d recognitio n o f  segmente d 
characters .  Bot h network s ar e governe d b y a  pro -
cedura l  controlle r  whic h incorporate s systemati c do -
mai n knowledg e an d procedura l  algorithm s t o guid e 
recognition . 

We emplo y a n approac h wherei n a n imag e i s pro -
cesse d ove r  tim e b y a  spatiotempora l  connectionis t 
network .  Th e schem e offer s severa l  attractiv e fea -
ture s includin g shift-invarianc e an d retentio n o f  lo -
cal  spatia l  relationship s alon g th e dimensio n bein g 
temporalized ,  a  reductio n i n th e numbe r  o f  fre e pa -
rameters ,  an d th e abilit y t o proces s arbitraril y  lon g 
images . 

Recognitio n result s o n a  se t  o f  real-worl d isolate d 
ZI P cod e digit s ar e comparabl e t o th e bes t  reporte d 
t o date ,  wit h a  96 .0 % recognitio n rat e an d a  rat e o f 
99 .0 % whe n 9.5 % o f  th e image s ar e rejected . 

Introduction 

Although a device capable of handprint recogni-
tio n ha s m a n y application s (Schiirmann ,  1982) ,  th e 
proble m o f  recognizin g handprin t  b y machin e re -
main s largel y unsolved .  T h e failur e t o develo p a 
workin g solutio n t o th e proble m ca n bes t  b e at -
tribute d t o th e exces s o f  varianc e inheren t  i n un -
constraine d handprint ,  suc h a s difference s i n writin g 
style s betwee n authors ,  handedness ,  an d qualit y o f 
print . 

Traditiona l  connectionis t  model s fo r  characte r  an d 
wor d recognitio n operat e o n stati c image s (L e C u n e l 
ai ,  1990)rKeele r  e t  ai ,  1991) .  W e presen t  a n alter -
nativ e approac h i n whic h a n imag e i s considere d t o 
be a  time-varyin g signa l  an d i s presente d t o a  syste m 
i n a  piece-wis e fashio n ove r  time .  T h e temporalize d 
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imag e i s processe d b y a  spatiotempora l  connectionis t 
network . 

Th e approac h offer s severa l  advantages .  First ,  th e 
model  offer s shift-invarianc e alon g th e temporalize d 
dimension .  Second ,  th e mode l  inherentl y retain s th e 
loca l  spatia l  relationship s i n th e imag e alon g th e tem -
poralize d dimensio n withou t  havin g t o lear n the m 
explicitly .  Next ,  th e mode l  i s  architecturall y les s 
comple x tha n a  simila r  mode l  usin g tw o spatia l  di -
mensions .  Finally ,  th e mode l  i s capabl e o f  processin g 
arbitraril y  lon g input s alon g th e tempora l  dimension . 

I n mos t  approache s t o wor d recognition ,  a  segmen -
tatio n ste p i s utilize d prio r  t o characte r  recognitio n 
i n whic h a  wor d imag e i s decompose d int o it s com -
ponen t  characters .  Sinc e handprin t  sample s ofte n 
contai n character s whic h overla p o r  ar e disjoint ,  ade -
quat e segmentatio n i s a  difficul t  problem .  I n general , 
a wor d recognitio n syste m i s face d wit h a  dilemma : 
a wor d imag e canno t  b e properl y segmente d withou t 
first  recognizin g individua l  characters ,  bu t  individua l 
character s canno t  b e recognize d prio r  t o segmenta -
tion . 

We hav e suggeste d a n alternativ e approac h t o 
deal  wit h th e segmentation/recognitio n dilemm a 

(Fontaine ,  1991) ,  an d hav e focuse d o n th e proble m 
of  recognizin g handprinte d digi t  strings .  W e presen t 
a schem e i n whic h segmentatio n an d recognitio n i s 
performe d b y a  hybri d syste m comprise d o f  tw o con -
nectionis t  network s an d a  procedura l  controller .  Th e 
first  network ,  th e Coars e Recognitio n Devic e ( C R D ) , 
assimilate s a  wor d imag e i n a  left-to-righ t  fashio n 
ove r  time ,  estimatin g segmentatio n boundarie s be -
twee n characters ,  whil e performin g coars e characte r 
recognition .  Th e secon d network ,  th e Refine d Recog -
nitio n Devic e ( R R D ) ,  i s specialize d fo r  isolate d char -
acte r  recognition ,  an d attempt s t o classif y portion s 
of  th e imag e hypothesize d t o b e character s b y th e 
C R D.  Bot h network s ar e governe d b y a  traditiona l 
procedura l  controller ,  capabl e o f  fusin g signal s em -
anatin g fro m th e tw o network s whil e incorporatin g 
domai n knowledge . 
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T h e spat iotempora l  approac h 

Most character recognition schemes operate on 
stati c characte r  image s whereb y a n imag e i s pre -
sente d t o th e syste m a s a  time-invarian t  signal .  A n 
alternativ e viewpoin t  i s  t o conside r  a n imag e t o b e 
a time-varyin g signa l  whic h i s presente d t o th e sys -
te m i n a  piecewis e fashio n ove r  time .  Fo r  example , 
conside r  a  matri x containin g M row s an d A^  column s 
of  data .  On e coul d envisag e a  column-wts e inpu t  o f 
dat a i n whic h a  syste m receive s al l  M piece s o f  dat a 
containe d i n colum n i  o f  th e imag e a t  tim e i .  Thus , 
A'^  tim e step s woul d b e neede d t o assimilat e th e en -
tir e matri x  o f  dat a int o th e system .  I t  wa s suggeste d 
by Shastr i  (1989 )  tha t  i n som e visua l  recognitio n do -
main s ther e ma y b e inheren t  advantage s t o conside r 
image s a s bein g spatiotempora l  signals ,  aki n t o othe r 
time-varyin g signal s suc h a s speech ,  an d t o proces s 
the m usin g spatiotempora l  connectionis t  models . 

Advantages of the approach 

Shift-Invariance. During the column-wise input 
of  a n imag e ove r  time ,  outpu t  emanate s fro m th e 
outpu t  laye r  a t  eac h tim e step .  I f  th e networ k i s 
optimize d suc h tha t  a  colum n o f  zer o input s (whit e 
space )  doe s no t  significantl y chang e th e stat e o f  th e 
network ,  the n th e time-integrate d networ k outpu t  i s 
independen t  o f  th e spatia l  positio n o f  th e characte r 
alon g th e temporalize d axis .  Thu s shift-invarianc e 
alon g th e temporalize d aixi s fall s  ou t  a s a  natura l 
byproduc t  o f  th e scheme . 

Retention of local spatial relationships. Con-
side r  a  uni t  i n th e firs t  hidde n laye r  o f  a  traditiona l 
(static )  network .  Th e activation s receive d b y thi s 
uni t  fro m unit s i n th e inpu t  laye r  ar e unlabele d lev -
el s o f  activation ,  an d hence ,  thi s uni t  canno t  deter -
min e whic h input s com e fro m spatiall y  neighborin g 
pixel s an d whic h d o not .  A s fa r  a s thi s hidde n uni t 
i s concerned ,  th e inpu t  i t  receive s fro m a n imag e I 
i s indistinguishabl e fro m th e inpu t  i t  receive s fro m 
an imag e / '  obtaine d b y permutin g / .  No w conside r 
a hidde n uni t  i n a  spatiotempora l  model .  Th e in -
put s t o suc h a  uni t  fro m tw o adjacen t  pixel s (alon g 
th e temporalize d dimension )  becom e availabl e t o th e 
uni t  i n adjacen t  tim e steps .  Consequently ,  th e spa -
tia l  structur e o f  th e inpu t  (alon g th e temporalize d 
dimension )  i s mad e explici t  t o th e hidde n unit . 

Reduction in network complexity. In the spa-
tiotempora l  scheme ,  a  spatia l  dimensio n i s effectivel y 
exchange d fo r  a  tempora l  dimension ,  thereb y de -
creasin g th e complexit y  o f  th e network .  Durin g net -
work training ,  th e numbe r  o f  link s i n a  networ k cor -
respond s t o th e numbe r  o f  fre e parameter s i n a n un -
constraine d nonlinea r  optimization .  A  substantiv e 
reductio n i n networ k complexit y ca n dramaticall y 
decreas e th e dimensionalit y o f  th e optimization . 

Processing arbitrarily long inputs. Develop-

in g a  wor d recognitio n syste m withi n a  traditiona l 
feed-forwar d connectionis t  framewor k ha s prove n dif -
ficult,  althoug h recen t  progres s ha s bee n mad e b y 
replicatin g an d tessellatin g networ k substructure s 
t o accommodat e image s wit h multipl e character s 
(Keele r  e l  al. ,  1991) .  Th e abilit y  t o proces s arbi -
traril y  lon g image s i s inheren t  i n ou r  approach ,  an d 
offer s a n alternativ e mean s t o proces s wor d image s 
withi n a  connectionis t  framework . 

Spatiotemporal networks 

Spatiotemporal data representation necessitates 
workin g withi n a  framewor k capabl e o f  processin g 
time-varyin g signals .  Th e connectionis t  mode l  w e 
employe d wa s inspire d b y th e Tempora l  Flo w Mode l 
(Watrou s &  Shastri ,  1986 )  whic h ha s achieve d goo d 
result s i n speec h recognitio n (Watrous ,  1988) . 

I n orde r  t o regai n th e spatia l  relationship s afte r  a n 
imag e i s temporalized ,  th e signa l  need s t o b e respa -
tialize d b y temporall y integratin g th e signal s fro m 
differen t  tim e slices .  Tempora l  integratio n i n ou r  net -
work s i s obtaine d i n tw o ways :  self-recurren t  link s o n 
th e unit s provid e a  recor d o f  th e pas t  activatio n o f 
th e unit ,  an d multipl e link s betwee n units ,  eac h wit h 
a distinc t  propagatio n delay ,  allo w th e receivin g uni t 
t o comput e a  functio n ove r  severa l  tim e slices . 

Training spatiotemporal networks 

Spatiotemporal networks generate varying outputs 
over  time ,  an d henc e a  targe t  outpu t  i s necessar y a t 
each tim e step .  Thi s targe t  sequenc e i s know n a s th e 
targe t  function ,  an d th e developmen t  o f  a  suitabl e se t 
of  targe t  function s i s a  tempora l  credi t  assignmen t 
problem .  Althoug h th e selectio n o f  targe t  function s 
fo r  a  particula r  proble m ca n b e guide d b y domai n 
knowledg e an d huma n intuition ,  selectio n i s primar -
il y  experimental .  Th e targe t  function s use d i n th e 
developmen t  o f  th e R R D an d C R D ar e describe d i n 
th e nex t  section . 

T h e w o r d recognitio n s y s t e m 

Our system, depicted in Figure 1, is comprised of 
thre e components :  th e Refine d Recognitio n Devic e 
(RRD) ,  Coars e Recognitio n Devic e (CRD) ,  an d Pro -
cedura l  Controlle r  (PC) . 

Refined recognition device (RRD) 

The RRD is responsible for accurate recognition 
of  handprinte d digits .  W e hav e develope d th e R R D 
i n a  modula r  manne r  i n orde r  t o incorporat e domai n 
knowledge ,  reduc e th e numbe r  o f  fre e parameters , 
and simplif y networ k analysis . 

The R R D i s comprise d o f  te n individuall y traine d 
Singl e Digi t  Recognitio n Networks ,  eac h o f  whic h i s 
responsibl e fo r  th e detectio n o f  a  particula r  digit . 
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Figur e 1 :  Th e Hybri d System .  Th e imag e i s pro -
cesse d b y th e C R D i n a  left-to-righ t  fashion ,  moni -
tore d b y th e Procedura l  Controller .  Onc e a  confiden t 
signe d arise s (prescribe d b y Thresholdin g Logic),  th e 
most  recentl y scanne d portio n o f  th e imag e i s sen t  t o 
th e R R D fo r  verification .  I f  verified ,  th e classificatio n 
i s recorde d an d th e network s reset .  Afte r  scannin g i s 
complete ,  postprocessin g algorithm s mak e th e final 
wor d classificatio n decision . 

Eac h Singl e Digi t  Recognitio n Networ k consist s o f 
fou r  Singl e Sca n Networks ,  eac h o f  whic h assimilate s 
dat a fro m a  differen t  "scan "  o f  th e image .  A  Singl e 
Scan Networ k i s constructe d fro m a  numbe r  o f  adapt -
abl e layers ,  operatin g i n conjunctio n wit h a  numbe r 
of  pretraine d Featur e Detectio n Modules .  A  Featur e 
Detectio n Modul e i s forme d b y th e replicatio n an d 
tessellatio n o f  a  pretraine d Loca l  Receptiv e Field . 

Feature detection modules. Many of the Arabic 
numeral s ca n b e approximatel y writte n usin g fou r 
simpl e stylu s strokes :  horizontal ,  vertical ,  slash ,  an d 
backslash .  Th e simplicit y an d recurrenc e o f  thes e 
stroke s suggest s th e utilit y  o f  developin g pretraine d 
featur e detectio n modules ,  whic h ca n b e integrate d 
int o a  large r  network .  A  separat e Loca l  Receptiv e 
Fiel d module ,  o r  L R F ,  wa s pretraine d t o detec t  eac h 
of  thes e fou r  feature s ove r  a  localize d area . 

Th e generi c L R F modul e i s see n i n Figur e 2 .  I t 
receive s inpu t  ove r  a  spatia l  field  o f  4  inputs ,  a  tem -
pora l  field  o f  4  tim e steps ,  an d consist s o f  4  inpu t 
units ,  4  hidde n units ,  an d a  singl e outpu t  unit .  Hid -
den uni t  n  receive s informatio n fro m al l  inpu t  units , 
and utilize s n  link s fro m eac h inpu t  unit ,  wit h re -
spectiv e delay s o f  1 ,  2,... ,  n ,  creatin g a  spatia l  win -
do w o f  widt h n  int o th e tempora l  signal .  A s lon g 
as a  featur e t o b e detecte d b y a n L R F i s presen t  i n 
it s 4  b y 4  receptiv e field,  th e L R F wil l  emanat e a n 
outpu t  signal ,  albei t  wit h a  sligh t  lag .  Eac h specifi c 
L R F t o detec t  horizontal ,  vertical ,  slash ,  an d back -
slcis h stroke s wa s traine d usin g th e sam e generi c L R F 

Hidde n Unit s 

Are a 
»le\»e d 

Hidde n Uni t 
• 3 

'  Spac e 

Figur e 2 :  A  generi c Loca l  Receptiv e Fiel d (LRF) . 
Hidde n Uni t  n  i s abl e t o vie w a  spatia l  field  o f  widt h 
4 an d a  tempora l  windo w o f  widt h n ,  thereb y respa -
tializin g th e tempora l  signal .  Uni t  # 3 ,  fo r  example , 
view s th e shade d portio n o f  th e image . 

modul e unti l  a  lo w erro r  wa s achieve d o n a  larg e se t 
of  stroke s o f  variou s orientations . 

One techniqu e fo r  extendin g loca l  detector s t o ac t 
upo n large r  fields  o f  interes t  i s t o replicat e an d tessel -
lat e the m (L e Cu n e i  ai ,  1990) .  W e refe r  t o a  grou p 
of  identica l  an d tessellate d L R F s a s a  Featur e Detec -
tio n Module ,  o r  F D M .  Spatia l  informatio n alon g on e 
dimensio n i s retaine d sinc e a n F D M i s comprise d o f 
severa l  spatiall y  differin g LRFs ,  whil e spatia l  infor -
matio n alon g th e othe r  dimensio n i s encode d b y th e 
tempora l  sequenc e o f  L R F firings. 

Single scan networks. Consider scanning an M 
by M imag e o f  a n isolate d digi t  usin g a  left-to-righ t 
column-wis e scan .  Althoug h usefu l  discriminator y 
informatio n m a y b e presen t  i n th e rightmos t  column s 
of  th e image ,  thi s informatio n i s no t  detecte d b y th e 
networ k unti l  th e final  tim e steps .  I t  m a y b e usefu l 
t o emplo y multipl e scan s i n a  variet y o f  directions , 
wher e eac h sca n feed s informatio n int o a  separat e 
grou p o f  inpu t  units . 

Th e R R D employ s fou r  scan s o f  th e image :  row -
wise ,  column-wise ,  revers e row-wise ,  an d revers e 
column-wise .  Dat a fro m eac h sca n i s processe d b y 
separate ,  bu t  topologicall y identical ,  networ k mod -
ules .  Figur e 3  illustrate s th e configuratio n o f  thi s 
module ,  referre d t o a s a  Singl e Sca n Network .  T w o 
pretraine d F D M s ( a horizonta l  an d slas h strok e de -
tector )  ar e employed ,  alon g wit h severa l  unstruc -
ture d hidde n layers . 

Single digit recognition networks. Information 
fro m eac h sca n i s processe d independentl y an d con -
currentl y b y th e fou r  SSN s an d th e outpu t  o f  eac h 
S SN i s passe d t o a  singl e outpu t  unit .  W e refe r  t o 
thi s complet e networ k a s a  Singl e Digi t  Recognitio n 
Network . 

Each Singl e Digi t  Recognitio n Networ k wa s 
traine d t o recogniz e a  singl e digi t  class ,  an d rejec t 
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FiguTt S: A Single Scan Network (SSN) Module. 
The inpu t  unit s pas s informatio n alon g link s whic h 
ar e eithe r  frozen ,  i f  the y ar e par t  o f  a  pretraine d 
F D M (dashe d lines) ,  o r  trainable ,  i f  the y ar e "regu -
lar "  link s (soli d lines) .  A  loca l  hierarchica l  structur e 
i s use d t o detec t  highe r  orde r  feature s a s informatio n 
propagate s toward s th e outpu t  unit . 

al l  others .  Trainin g sample s wer e draw n fro m th e 
U S PS O A T Handwritte n ZI P Cod e Databas e (1987 ) 
and th e N I S T Specia l  Databas e 3 .  Th e trainin g se t 
fo r  eac h Singl e Digi t  Recognitio n Networ k consiste d 
of  approximatel y 200 0 positiv e example s o f  th e digi t 
t o b e recognized ,  12 5 negativ e example s  o f  eac h othe r 
digit ,  an d 90 0 negativ e example s o f  image s contain -
in g partia l  o r  multipl e digits .  Image s wer e prepro -
cesse d vi a smoothing ,  deskewing ,  scaling ,  an d skele -
tonizatio n (Fontain e &  Shastri ,  1992b) . 

As describe d i n th e previou s section ,  a  tempora l 
targe t  functio n i s require d t o trai n spatiotempora l 
networks .  A  constan t  targe t  o f  0.0 5 wa s chose n fo r 
negativ e examples ,  whil e th e targe t  functio n fo r  pos -
itiv e example s wa s sigmoidal ,  risin g fro m a  targe t  o f 
0.0 5 a t  th e onse t  o f  th e digi t  t o 0.9 5 a t  th e en d o f  th e 
digit .  Network s wer e traine d usin g th e B F G S algo -
rith m (Fletcher ,  1980) ,  unti l  a  predetermine d erro r 
on th e trainin g se t  wa s achieved . 

Afte r  eac h Singl e Digi t  Recognitio n Networ k wa s 
traine d t o recogniz e it s respectiv e digit ,  al l  network s 
wer e combine d t o produc e th e R R D ,  capabl e o f  rec -
ognizin g al l  te n digits .  Fo r  complet e details ,  se e 
(Fontain e &  Shastri ,  1992a) . 

Coarse recognition device (CRD) 

Construction of the CRD was similar to the RRD, 
but  onl y on e Singl e Sca n Networ k wa s used ,  receiv -
in g informatio n fro m a  left-to-righ t  columna r  scan . 
The sam e targe t  functio n use d t o trai n th e R R D wa s 
use d fo r  th e C R D ,  althoug h trainin g example s wer e 
padde d o n th e lef t  an d righ t  wit h whit e spac e i n or -
der  t o enforc e shift-invariance ,  an d th e targe t  func -
tio n amende d accordingly . 

The trainin g se t  consiste d o f  approximately  202 5 

positiv e example s o f  th e digi t  t o b e recognize d an d 
225 negativ e example s o f  eac h othe r  digit ,  an d opti -
mizatio n wa s terminate d a t  a  predetermine d error . 

Procedural controller (PC) 

In many problems, there, is abundant domain 
knowledg e whic h ca n bes t  b e utilize d b y traditiona l 
procedura l  techniques .  W e therefor e emplo y a  Pro -
cedura l  Controller ,  responsibl e fo r  syste m control . 

I n ou r  basi c scheme ,  th e P C monitor s th e outpu t 
of  th e C R D (whic h assimilate s a  wor d imag e i n a 
left-to-righ t  fashion )  an d wait s fo r  th e C R D t o buil d 
up confidenc e i n classificatio n hypotheses .  W h e n a 
threshol d i s met ,  th e P C send s th e mos t  recentl y 
scanne d portio n o f  th e imag e t o th e R R D fo r  verifi -
cation .  I f  th e R R D accept s th e estimate ,  th e digi t  i s 
recognized ,  th e C R D i s reset ,  an d th e proces s contin -
ues .  I f  th e R R D reject s th e estimate ,  however ,  th e 
C RD mus t  eithe r  continu e processing ,  o r  backtrack . 
For  example ,  i f  a  continue d sca n increase s confidenc e 
i n th e curren t  hypothesis ,  i t  ca n agai n b e sen t  t o th e 
R RD fo r  verification .  I f  a  continue d sca n decrease s 
confidence ,  the n threshold s ca n b e altere d t o b e les s 
pessimisti c an d a  portio n o f  th e imag e rescanned ,  i f 
desired . 

Contro l  an d classificatio n decision s ar e m a d e b y 
procedura l  algorithm s drive n i n par t  b y signal s aris -
in g fro m th e connectionis t  networks ,  an d i n par t  b y 
domain-specifi c  knowledg e an d algorithms .  I n ZI P 
cod e recognition ,  fo r  example ,  a  give n imag e wil l 
usuall y contai n eithe r  5  o r  9  digits ,  constrainin g th e 
recognitio n problem .  I n m a n y domains ,  onl y a  sub -
set  o f  al l  possibl e string s ar e legal ,  i n whic h cas e a 
dictionar y o f  lega l  string s ca n guid e recognitio n an d 
ai d i n classificatio n (Shinga l  &  Toussaint ,  1979) . 

Fusing the components 

Fusing the components, fast and robust connec-
tionis t  network s perfor m recognitio n unde r  th e guid -
anc e o f  a  procedura l  componen t  capabl e o f  incorpo -
ratin g domai n knowledge .  Th e hybri d system ,  show n 
i n Figur e 1 ,  assume s a  dictionar y o f  lega l  string s an d 
suitabl e postprocessin g routines .  Th e "Threshold -
in g Logic "  bo x represent s th e algorithm s t o accep t 
or  den y th e decision s o f  th e C R D ,  an d t o contro l 
th e scanne r  positioning .  A  primitiv e thresholdin g 
metho d i s presente d i n th e nex t  section .  I n futur e 
work ,  w e envisag e th e derivatio n o f  thresholdin g logi c 
by statistica l  analysi s o f  th e outpu t  o f  th e C R D o n 
a larg e trainin g set . 

Results 

One must be cautious when comparing recognition 
result s achieve d usin g differen t  databases .  Ideally , 
a tes t  databas e shoul d b e widel y available ,  volumi -
nous ,  an d contai n sample s printe d b y a  diversit y o f 
authors ,  unawar e tha t  thei r  printin g m a y b e use d t o 
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Figur e 4' .  Digi t  recognitio n syste m outpu t  uni t  re -
sponse ,  ove r  time ,  t o a  typica l  se t  o f  ZI P cod e digi t 
images . 

tes t  a  recognitio n device .  Th e U S P S O A T Handwrit -
te n ZI P Cod e Databas e (1987 )  i s suc h a  databas e o f 
unconstraine d handprinte d samples .  A  se t  o f  270 0 
digit s fro m th e databas e no t  use d i n trainin g wa s 
reserve d fo r  testing . 

Re f i ne d recognit io n devic e ( R R D ) 

To test the RRD, a winner-take-all scheme was 
chose n i n whic h classificatio n wa s performe d b y 
choosin g th e clas s correspondin g t o th e outpu t  uni t 
whic h generate d th e highes t  integrate d activation . 
Figur e 4  depict s th e outpu t  o f  ou r  syste m i n respons e 
t o a  se t  o f  te n digi t  images .  Th e plo t  show s th e out -
put  uni t  response ,  ove r  time ,  upo n assimilatio n o f 
th e images .  O n th e tes t  se t  o f  270 0 images ,  a n accu -
rac y o f  96.0 % wa s obtaine d wit h n o rejections .  W h e n 
9.5 % o f  th e image s wer e rejected ,  th e erro r  rat e wa s 
decrease d t o 1 % o n th e remainin g images . 

C o a r s e recognit io n devic e ( C R D ) 

On the 2700 images in the USPS test set, the pi-
lo t  C R D achieve d a  94.5 % recognitio n rate ,  usin g th e 
same classificatio n decisio n a s th e R R D .  Afte r  testin g 
on th e U S P S dataset ,  w e informall y teste d th e C R D 
on a  smal l  se t  o f  handprinte d digi t  pair s t o deter -
min e th e potentia l  o f  th e C R D t o provid e adequat e 
recognitio n an d segmentatio n hypotheses .  W e chos e 
a crud e thresholdin g logic :  i f  th e activatio n o f  th e 
outpu t  uni t  designe d t o recogniz e digi t  i  exceede d 
hal f  it s  msocimu m output ,  th e portio n o f  th e imag e 
was accepte d a s belongin g t o digi t  clas s i  an d al l  ac -
tivit y i n th e networ k wa s rese t  t o zero .  Figur e 5  de -
pict s th e outpu t  o f  th e pilo t  C R D o n a  se t  o f  touchin g 
an d overlappin g digi t  pairs .  Stif f  peak s correspon d 
t o th e acceptanc e o f  a  digi t  an d th e subsequen t  reset -

Figur e 5 :  Outpu t  uni t  respons e o f  th e Coars e Recog -
nitio n Devic e i n respons e t o a  se t  o f  image s depictin g 
touchin g o r  overlappin g pair s o f  digits .  Shar p peak s 
i n respons e correspon d t o recognitio n o f  a  digi t  an d 
subsequen t  resettin g o f  th e C R D . 

tin g o f  th e C R D .  Initia l  result s suggeste d tha t  eve n 
withou t  th e P C ,  R R D ,  o r  sophisticate d thresholdin g 
logic ,  th e schem e possesse d th e potentia l  t o proces s 
digi t  strings . 

Pilot system 

To test the capability of our scheme to segment and 
recogniz e overlappin g an d touchin g digits ,  w e imple -
mente d a  primitiv e Procedura l  Controller .  Th e P C 
monitore d th e C R D outputs ,  an d permitte d a  hy -
pothesi s  i f  a  C R D outpu t  uni t  ha d achieve d hal f  it s 
m a x i m u m value .  I f  th e R R D rejecte d th e hypoth -
esis ,  scannin g continued .  I f  th e R R D accepte d th e 
hypothesis ,  th e hypothesize d segmentatio n bound -
ar y expande d unti l  confidenc e i n th e R R D classifica -
tio n decreased .  A t  th e poin t  o f  acceptance ,  networ k 
activit y wa s reset ,  an d scannin g continued . 

Sinc e pair s o f  digit s whic h touch ,  o r  whos e fields 
overlap ,  ar e no t  readil y available ,  tes t  dat a wa s syn -
thesize d fro m th e isolate d ZI P cod e digi t  images .  W e 
teste d th e syste m o n si x separat e dat a sets ,  eac h 
comprise d o f  50 0 images .  Th e set s differe d depend -
in g o n whethe r  th e digit s wer e draw n fro m th e train -
in g o r  testin g set ,  an d ho w muc h thei r  fields  over -
lappe d (a s a  percentag e o f  th e widt h o f  th e first 
digi t  i n th e pair) .  Tabl e 1  show s recognitio n re -
sults .  Th e percentag e o f  eac h se t  containin g digi t 
pair s whic h touc h i s  significant ,  sinc e man y tradi -
tiona l  segmenter s canno t  cop e wit h suc h samples . 
Th e rejec t  colum n show s th e percen t  o f  th e image s 
rejecte d b y th e system .  I n ou r  pilo t  implementation , 
an imag e wa s rejecte d i f  eithe r  th e C R D di d no t  gen -
erat e a  hypothesis ,  o r  i f  th e C R D an d R R D coul d no t 
agre e o n a  hypothesis .  Th e accurac y colum n show s 
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Tabl e 1 :  Digi t  Pai r  Recognitio n Result s 

Set 

1 
2 
3 
4 
5 
6 

Typ e 

Trai n 
Trai n 
Trai n 

Test 
Test 
Test 

Overla p 

0 
5 
10 

0 
5 
10 

Touc h 

9.6 
46. 6 
63. 8 

10. 2 
45. 6 
59. 8 

Rejec t 

10. 6 
7. 0 
6.8 

10. 8 
6.8 
6.4 

Accurac y 

88. 8 
74. 8 
68. 7 

89. 9 
75. 5 
67. 3 

5 a < D 
Correc t Correc t Correc t 

Classification :  0 9 Classification :  2  Imag e Rejecte d 

Figure 6: Examples of correctly and incorrectly clas-
sifie d o r  rejecte d pairs . 

th e accurac y o f  th e syste m o n th e image s whic h wer e 
not  rejected .  Althoug h domai n knowledge ,  suc h a s 
th e expecte d numbe r  o f  digit s presen t  i n a n image , 
can significantl y augmen t  recognition ,  n o suc h infor -
matio n wci s used .  Example s o f  correctl y an d incor -
rectl y classifie d pairs ,  draw n fro m Se t  6 ,  ar e show n 
i n Figur e 6  (vertica l  line s indicat e point s o f  segmen -
tation) . 

F u t u r e w o r k 

The direction for future work is well defined based 
on thes e results .  Th e C R D need s t o b e refined ,  an d 
thresholdin g parameter s derive d base d o n statistica l 
analysi s o f  th e outpu t  o f  th e C R D o n a  trainin g set . 
A confidenc e mode l  fo r  recognition ,  usin g th e join t 
uni t  response s o f  th e C R D an d R R D ,  need s t o b e de -
veloped .  Domai n knowledg e an d algorithm s shoul d 
be incorporated ,  sinc e domai n knowledg e ca n hav e 
a considerabl e impac t  o n recognition .  W e ar e cur -
rentl y investigatin g ZI P cod e recognition ,  a n appli -
catio n ric h i n domai n knowledge . 

Concluding remarks 

We have presented an alternative approach to word 
recognitio n i n whic h wor d image s ar e viewe d a s time -
varyin g signal s an d ar e processe d b y fas t  an d ro -

bus t  spatiotempora l  connectionis t  network s unde r 
th e guidanc e o f  a  traditiona l  procedura l  controller . 

Connectionis t  network s ar e elastic ,  offe r  fas t  recog -
nitio n afte r  training ,  an d ca n b e implemente d o n 
a singl e microchip .  B y employin g spatiotempo -
ra l  network s t o proces s temporaiize d images ,  shift -
invarianc e i s gained ,  loca l  spatia l  relationship s ar e re -
tained ,  a  reductio n i n networ k complexit y ove r  stati c 
connectionis t  network s i s achieved ,  an d arbitraril y 
lon g image s ca n b e processed . 

Recognitio n result s o f  th e Refine d Recognitio n De -
vic e ar e comparabl e t o th e bes t  reporte d t o dat e o n a 
difficul t  se t  o f  real-worl d handprinte d digits .  Initia l 
C RD result s demonstrat e th e powe r  o f  th e mode l  t o 
cop e wit h string s o f  touchin g an d overlappin g digi t 
strings ,  an d initia l  result s o n touchin g pair s o f  digit s 
ar e encouraging .  W e fee l  tha t  ou r  alternativ e ap -
proac h t o wor d recognitio n provide s severa l  distinc t 
advantages ,  an d offer s interestin g area s fo r  futur e 
work . 
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