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Spatia l  C o m p e t e n c e vi a Self-Organisation : 

a n Intersec t  o f  Perceptio n a n d Deve lopmen t . 

Mark W. Peters (inarkpeters@cse.uiisw.edu.au) 
Departmen t  o f  Artificia l  Intelligence ,  Schoo l  o f  Compute r  Scienc e an d Engineering ,  Universit y o f  N e w Sout h Wales , 

Sydney ,  N S W 2052 ,  Australia . 

Abstrac t 

We address the question of how artificial systems and natural 
organism s develo p spatia l  competence .  Mos t  artificia l  system s 
dra w upo n considerabl e sophisticate d operator -  o r  developer -
originate d knowledg e abou t  wha t  i n th e worl d senso r  signal s 
represent .  Natura l  system s d o no t  hav e suc h sophisticate d aux -
iliar y source s o f  information .  W e ar e intereste d i n how ,  despit e 
this ,  the y achiev e perceptua l  organisation ,  an d suspec t  tha t  th e 
method s the y us e wil l  hav e generalisabl e effectiveness .  W e de -
scrib e a  proces s tha t  create s coheren t  mapping s betwee n th e 
physica l  worl d an d th e phenomenologica l  realm ,  analogou s t o 
retinotopicit y an d sensor y homuncularit y i n natura l  systems , 
and discus s it s applicatio n t o problem s o f  highe r  dimensional -
it y an d highe r  level s o f  abstraction .  Importantly ,  suc h a  proc -
ess ,  havin g prove d successfu l  i n th e perceptua l  robotic s do -
mai n o f  ou r  curren t  interests ,  i s  likel y t o b e foun d i n othe r  cog -
nitiv e domain s becaus e it s strength s li e i n it s  abilit y  t o organis e 
and implicitl y  summaris e dat a i n th e absenc e o f  clue s abou t 
what  tha t  dat a represents . 

Introduction 

Most  artificia l  system s dra w upo n considerabl e sophisticate d 
operator -  o r  developer-supplie d knowledg e whe n makin g 
assumption s abou t  wha t  lie s o n th e externa l  sid e o f  thei r  sen -
sor  arrays .  Natura l  system s d o no t  hav e suc h sophisticate d 
auxiliary ,  o r  a  priori ,  source s o f  information .  The y mus t 
c o me t o mak e th e righ t  assumption s completel y autono -
mousl y (give n th e hea d star t  provide d b y thei r  geneti c en -
dowment ) . 

Severa l  artificia l  self-organisin g low-leve l  visio n system s 
hav e bee n developed ,  e.g. ,  b y Linske r  (1988) .  Generi c t o 
thes e system s i s a  dependenc e o n a  pre-existen t  orthogona l 
matri x o f  inputs ,  resultin g fro m choice s m a d e b y th e operato r 
or  developer ,  o r  impose d b y vide o o r  hardwar e standards . 
Th e dat a tha t  thes e discret e visio n system s proces s com e 
conveniend y package d i n thi s orthogona l  matrix ,  whic h itsel f 
contain s m u c h implici t  informatio n abou t  th e outsid e world , 
but  no t  al l  o f  i t  helpful . 

Prokopowic z (1994 )  showe d tha t  ther e i s n o inheren t  valu e 
i n th e orthogonalit y o f  th e inpu t  image ,  bu t  tha t  wha t  i s es -
sentia l  t o a  visua l  robo t  i s a n interna l  mappin g betwee n pixel s 
and moto r  positions .  Hi s system ,  IRV ,  eschewin g or -
thogonality ,  locate s pixel s relativ e t o eac h othe r  vi a moto r 
c o m m a n ds i n th e for m o f  a  se t  o f  statement s t o th e effec t  that , 
give n moto r  movemen t  A/ ,  th e poin t  i n th e environmen t  tha t 
n o w appear s i n pixe l  B ,  wil l  nex t  appea r  i n pixe l  A . 

I R V i s dependen t  o n unequivoca l  knowledg e o f  it s moto -
rium ,  an d i t  i s  fro m thi s soun d basi s tha t  i t  build s th e organi -
satio n o f  it s  sensorium .  Knowledg e o f  th e motoriu m take s th e 

for m o f  direc t  contro l  o f  th e pa n an d til t  motor s tha t  gover n 
it s camera' s directio n o f  gaze .  I R V therefor e bear s some -
what  asymmetrica l  relationship s t o it s  sensoriu m (ran -
doml y ordere d bu t  subjecte d t o modification )  an d it s moto -
rium  (ordered ,  fixed ,  an d use d a s a  reference) . 

Thi s asymmetr y raise s a n interestin g question :  ar e th e 
organisationa l  principle s use d b y I R V capabl e o f  learnin g 
bot h sensor y organisatio n an d moto r  organisation ? And ,  i f 
so ,  ca n the y b e use d t o evolv e a  syste m whic h migh t  li e 
betwee n an y unknow n sensorium-motoriu m coupling ,  an d 
lear n it s wa y t o a  positio n o f  contro l  ove r  th e whol e appa -
ratus ? 

Th e answe r  t o thes e question s i s  positiv e i f  th e senso -
rium  ca n self-organise ,  sinc e i t  can ,  i n turn ,  b e use d t o or -
ganis e a n unknow n motorium ,  a s ha s bee n shown ,  e.g. ,  b y 
va n de r  Smag t  (1995) ,  whos e wor k i s i n som e way s a  mir -
ro r  imag e o f  IRV .  A n d i f  so ,  thi s migh t  hel p explai n h o w 
immatur e animal s lear n t o improv e simultaneousl y bot h 
thei r  coordinatio n an d perception ,  becomin g spatiall y 
competen t  adults .  Thi s i s  on e motivatio n fo r  undertakin g 
thi s research .  Th e potentia l  t o develo p robot s tha t  firs t  con -
figur e themselve s (an d i n s o doing ,  adaptivel y lear n h o w t o 
perceiv e an d behave )  i s  a  secon d motivator ,  bu t  perhap s 
th e mos t  importan t  motivatio n i s tha t  th e proble m charac -
teristic s ca n b e cas t  i n a  context-independen t  form .  Th e 
proble m i s tha t  o f  learning ,  unsupervised ,  i n a n ope n loop , 
and i n th e absenc e o f  al l  meta-information ,  a  succinc t  rep -
resentatio n whos e interna l  similaritie s aptl y captur e simi -
larit y i n th e unsee n sourc e o f  th e data .  Th e applicabilit y o f 
a solutio n therefor e extend s beyon d th e domai n unde r  cur -
ren t  discussion . 

We us e th e analog y o f  a  jigsa w puzzl e t o illustrat e th e 
principl e characteristi c o f  ou r  algorithm .  Th e usua l  step s 
fo r  solvin g a  jigsa w puzzl e ca n b e characterise d thus : 

1. Locate corner and edge pieces 
2.  Coarsel y grou p al l  piece s accordin g t o mai n colou r 

and textur e (e.g. ,  'sky' ) 
3.  Selec t  pair s o f  hig h similarit y 
4.  Fi t  piece s t o neares t  neighbour s foun d i n ste p 3 . 

We note that steps 1 and 4 both depend on the form (edges) 
of  th e pieces ,  wherea s step s 2  an d 3  depen d onl y o n thei r 
conten t  (colou r  an d texture) .  However ,  difficul t  problem s 
ar e ofte n devoi d o f  convenien t  a  prior i  'form '  clue s 
(analogou s t o jigsa w piec e edges ,  o r  locatio n i n a n or -
thogona l  matrix )  becaus e thes e ar e th e artifact s o f  a  prio r 
organisatio n -  precisel y wha t  w e d o no t  have ,  nee d t o de -
rive,  an d canno t  assume .  W e mus t  instea d rel y solel y o n a 
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m e t h o d ana logou s t o step s 2  a n d 3 ,  g r o u p i n g accordin g t o 
similarity . 

Methods 

Rathe r  tha n simpl y arrangin g piece s o f  a n image ,  ou r  curren t 
tas k i s t o arrang e input s tha t  carr y thos e piece s o f  informatio n 
t o us .  O n c e arranged ,  th e input s wil l  c o n v e y an y i m a g e cor -
rectly .  T o exten d th e analogy ,  i t  i s a s if ,  havin g complete d th e 
jigsaw ,  w e ar e abl e t o not e th e locatio n o f  eac h piec e an d th e 
precis e uniqu e shap e o f  tha t  piece .  U s i n g tha t  informatio n 
alon e w e ar e abl e t o assembl e a n y othe r  j igsa w from  th e s a m e 
cutter ,  withou t  seein g it s i m a g e . 

We defin e a  sensor y inpu t  a s a  lin e o f  c o m m u n i c a t i o n tha t 
provide s informatio n abou t  a  singl e poin t  i n th e world .  Thi s 
information ,  it s  signal ,  varie s ove r  t im e i f  tha t  par t  o f  th e 
worl d changes .  A n inpu t  als o ha s a n interna l  locatio n i n a 
contex t  m a d e b y th e se t  o f  al l  inputs . 

Ther e ar e thre e w a y s i n w h i c h an y t w o input s ca n b e sai d 
t o b e related : 

E n v i r o n m e n t a l  P r o n m i t y -  th e point s i n th e worl d t o 
whic h th e input s refe r  ar e clos e together ; 

Behav ioura l  P r o n m i t y -  ove r  t im e th e value s o f  th e in -
put s var y proportionall y a n d i n t im e wit h eac h other ; 

Geomet r i ca l  P r o x i m i t y -  th e interna l  location s (coordi -
nates )  assigne d t o th e input s ar e clos e together . 

I t  i s th e relationship s o f  thes e thre e kind s o f  proximit y tha t 
for m th e subjec t  o f  thi s paper .  T h e inpu t  t o ou r  algorith m i s 
behavioura l  data ;  th e outpu t  i s  geometrica l  data .  W e s h o w 
tha t  ther e i s  sufficien t  i s o m o r p h i s m b e t w e e n unavailabl e en -
vironmenta l  dat a an d availabl e behavioura l  dat a suc h tha t  th e 
latte r  ca n b e use d t o construc t  a  coheren t  geometrica l  repre -
sentatio n o f  th e former .  F r o m thi s observatio n w e ultimatel y 
wis h t o bootstra p a  learnin g v isuo-moto r  agen t  (se e Figur e 1) . 

A s th e goa l  o f  thi s w o r k i s t o deriv e orde r  fo r  a  se t  o f  in -
puts ,  i t  i s  inappropriat e t o a s s u m e o r  inheri t  orde r  from  else -
where .  Therefor e w e m u s t  ignor e th e organisatio n inheren t  i n 
th e standar d vide o matrix .  Similarly ,  w e d o no t  d e p e n d o n 
an y framing  concept s suc h a s up ,  d o w n ,  left ,  right ,  o r  a n y 
alignment s wit h th e directio n o f  fall ,  o r  th e robot' s bas e o r 
moto r  axes .  I n fact ,  w e r a n d o m l y scramble d th e location s o f 
al l  pixel s (c.f .  P r o k o p o w i c z 1 9 9 4 ) .  D o i n g s o m e a n s tha t  ou r 
geometrica l  a r rangemen t  o f  input s remain s i m m u n e t o con -
figuratio n peculiaritie s an d i s  determine d onl y b y th e conten t 
of  th e signals . 

O ne ca n d r a w n o inferenc e abou t  th e organisatio n o f  a n y 
visua l  syste m o n th e basi s o f  o n e stati c image .  I f  ther e i s n o 
chang e i n th e input ,  an y applie d orderin g produce s spuriou s 
geometrica l  arrangements ,  bearin g n o relatio n t o th e envi -

Environmenta l 
Ordef 

Learnin g 
Agency 

-

-

Behavioura l 
Order 

SUmulus 
Respons e 
Coherenc e 

-

-

Geomelnea l 
Order 

Sel f 
Calibratio n 

-

-

Accurat e 
Represanlatio n 

.  \ 

Motor 
Mappin g 

Figur e 1 :  T h e interna l  organisationa l  detou r  from  envi -

ronmenta l  orde r  t o learning . 
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Figur e 2 :  Over-sorte d arrangement s o f  input s base d 
on similarit y i n stati c input ,  a )  i s  th e initia l  rando m 
orderin g o f  inputs ,  b )  -  e )  ar e stage s i n th e orderin g 
process ,  f )  i s  th e final  stabl e bu t  incorrec t 
arrangemen t  o f  inputs ,  g )  i s th e origina l  unscramble d 
environment ,  h )  anothe r  environmen t  tha t  woul d 
produc e th e sam e arrangement . 

ronmen t  (se e Figur e 2 )  a s ther e i s to o m u c h ambiguit y pre -
sen t  i n th e relationship s betwee n pixels .  I t  i s  a s i f  th e jig -
sa w ha d m a n y piece s o f  th e sam e shap e an d colour ,  whic h 
ca n jus t  a s wel l  b e se t  i n m a n y differen t  arrangements .  So , 
th e criterio n fo r  organisin g th e arra y o f  input s ca n onl y b e 
behavioura l  proximit y ( c o m m o n historie s betwee n inputs , 
or  similarit y ove r  time ,  no t  jus t  i n a  snapshot) . 

We first  trie d t o us e natura l  environmenta l  m o v e m e n t  a s 
th e sourc e o f  change .  Thi s prove d t o b e ineffective ,  a s i t  i s 
difficul t  t o find  convenien t  place s wher e a  camer a ca n b e 
set  u p i n th e confidenc e tha t  sufficien t  m o v e m e n t  wil l  b e 
detecte d b y al l  pixels .  T h e nex t  approac h wa s t o us e th e 
camera' s pan-til t  moun t  t o continuousl y chang e th e direc -
tio n o f  gaz e o f  th e camera ,  bu t  thi s wa s curtaile d du e t o 
fea r  tha t  th e motor s woul d overheat .  Th e mos t  effectiv e 
solutio n wa s t o dispens e wit h a  camer a completely ,  an d 
simpl y connec t  a  V C R ,  tune d t o a  televisio n station ,  di -
rectl y int o th e computer .  Thi s provide d a  continuou s 
sourc e o f  al l  kind s o f  'firs t  person '  movement :  pans ,  tilts , 
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Figure 3: Relative behavioural difference plotted against 
horizonta l  separatio n i n a  singl e lin e o f  vide o data .  Pixe l 
33 ha s zer o differenc e wit h itself ,  an d progressivel y 
mor e differenc e wit h pixel s fiirthe r  t o it s  lef t  an d right . 

Note: the values for pixels 63 and 64 are edge effects caused by the 
vide o imag e no t  quit e fillin g th e memor y allocate d t o it . 

zooms ,  tracking ;  an d plent y o f  natura l  'thir d person '  move -
ment  too . 

Usin g vide o inpu t  w e ca n sho w tha t  th e behavioura l 
proximit y betwee n an y tw o input s i s monotonicall y relate d t o 
thei r  environmenta l  proximit y (se e Figur e 3) .  So ,  behavioura l 
proximit y implie s environmenta l  proximity .  Curiously ,  onc e 
th e significan t  nois e ha s bee n remove d thi s relationshi p i s 
closel y approximate d b y th e elegan t  curve : 

y =  l-l/e ' (1 ) 

We wonde r  whethe r  thi s relationshi p migh t  b e a  genera l 
one ,  sinc e i t  seem s t o conve y th e diminishin g probability , 
havin g foun d somethin g a t  on e location ,  o f  fmdin g somethin g 
simila r  a t  othe r  increasingl y distan t  locations .  A r m e d wit h th e 
knowledg e o f  th e relationship' s monotonicity ,  w e ca n n o w 
describ e th e two-dimensiona l  versio n o f  th e metho d i n detail . 

We star t  b y randoml y selectin g on e input .  A ,  an d searchin g 
fo r  other s wit h hig h behavioura l  proximit y t o A .  Behavioura l 
proximit y ca n b e define d b y a  threshol d of ,  say ,  1 5 % o f  th e 
m a x i m u m possibl e behavioura l  differenc e betwee n inputs . 
Once w e hav e foun d enoug h simila r  input s (th e numbe r  re -
quire d i s th e numbe r  o f  dimension s w e inten d ou r  represen -
tatio n t o have ,  plu s 2 )  w e observ e the m fo r  a  while ,  i n orde r 
t o determin e al l  mutua l  behavioura l  proximities . 

We assig n nomina l  location s (i.e. ,  Cartesia n coordinates )  t o 
tw o o f  thes e inputs ,  startin g b y assigning ,  say ,  (0 ,  0 )  t o A ,  (1 , 
0 )  t o B .  Othe r  input s wil l  b e arrange d relativ e t o thes e tw o 
accordin g t o thei r  mutua l  behavioura l  proximities .  Fo r  in -
stance ,  i n Tabl e 1 ,  th e geometri c distance s o f  C  (0.2 ,  0.25 ) 
hav e bee n calculate d fro m th e behavioura l  difference s ab ,  ac , 
be ,  an d th e geometri c distanc e A B = 1 ,  a s follows : 

A C = 
ABf (ac ) 

f(ab ) 
BC = 

ABf jbc ) 

f(ab ) 

I 

Figur e 4 :  I n th e uppe r  diagra m A  an d B  ar e use d t o 

locat e tw o position s fo r  C .  I n th e lowe r  diagra m A  an d 

C ar e use d t o locat e tw o position s fo r  D .  I n th e cas e o f 
C th e poin t  chose n i s arbitrar y bu t  fo r  D  i t  i s  th e poin t 

neare r  th e geometri c distanc e estimate d fro m B . 

Table 1: Calculating the geometric location of inputs in 

tw o dimensions . 

Inpu t 

A 

B 
C 

X 

0.0 0 

1.0 0 
0.2 0 

y 

0.0 0 

0.0 0 
0.2 5 

Behavioura l 
Difference s 

ab:  402 3 
ac:  128 7 
be:  333 9 

Geomeuica l 
Distance s 

AB:  1.0 0 
AC:  0.3 2 
BC:  0.8 3 

(2 ) 

fro m whic h th e Cartesia n coordinate s o f  C  ar e easil y de -

rived.  Fo r  C  w e arbitraril y  choos e on e o f  th e tw o points , 
Ci ,  C2 ,  tha t  satisf y th e geometry .  Fo r  subsequen t  input s w e 

follo w essentiall y  th e sam e procedure :  comparin g a  short -

lis t  o f  input s alread y set ,  an d selectin g fro m the m thos e 
exhibitin g mos t  behavioura l  proximity ,  the n usin g formu -

la e o f  th e sam e for m a s (2) ,  calculatin g tw o possibl e loca -

tion s fo r  th e candidat e input .  O f  thes e tw o w e choos e th e 

one neare r  th e distanc e estimate d usin g th e behavioura l 
proximit y o f  anothe r  referenc e inpu t  (se e Figur e 4) . 
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Not e tha t  relativ e t o environmenta l  space ,  ou r  geometri c 
spac e ma y appea r  skewed ,  inverted ,  scaled ,  o r  eve n bent . 
Thi s i s no t  significan t  sinc e th e actua l  mappin g i s stil l 
monotoni c and .  minimally ,  need s onl y provid e th e motoriu m 
wit h a  monotonicall y coheren t  representatio n o t  th e environ -
ment .  I t  i s  therefor e sufficient .  A  secon d learnm g process , 
e.g. ,  va n de r  Smag t  (1995 )  mus t  b e implemente d t o ma p 
moto r  command s fro m thi s geometrica l  representatio n bac k 

t o th e world . 

Results 

Afte r  onl y on e pas s th e proces s converge s closel y upo n th e 

environmenta l  orde r  i t  canno t  directl y observe .  I n Figur e 5 

we presen t  th e resultin g geometri c locatio n plotte d agains t 

environmenta l  location .  Not e that ,  eve n a t  thi s stage ,  a  previ -
ousl y scramble d imag e passe d throug h th e ne w rearrange -

ment  o f  input s i s perfectl y comprehensibl e t o th e nake d eye , 

exhibitin g relativel y mino r  distortion s a s object s translat e 
throug h th e imag e plane .  A n y roboti c contro l  syste m tha t 
operate s non-ballisticall y  woul d b e abl e t o us e suc h inpu t  t o 
iterativel y positio n eithe r  itsel f  o r  a  mechanica l  ar m relativ e 
t o observe d objects . 

The proces s ca n b e enhance d i n a  numbe r  o f  ways .  A  shor t 
lis t  ma y b e maintaine d fo r  eac h input ,  containin g othe r  in -
puts ,  whic h hav e s o fa r  bee n foun d t o sho w greates t  behav -
ioura l  proximit y t o it .  Afte r  th e firs t  pas s throug h al l  inputs , 
thi s lis t  ca n b e use d fo r  fine-tuning  o f  location s a t  a  loca l 
level ,  fo r  al l  subsequen t  passes .  Extendin g th e tim e ove r 
whic h observation s o f  behavioura l  proximit y ar e mad e re -
duce s nois e effects .  Raisin g th e threshol d fo r  inclusio n i n 
triangulatio n calculation s als o improve s accuracy ,  sinc e i t 
constrain s selectio n t o nea r  neighbours ,  whos e environ -
mental-behavioura l  proximit y relationship s ar e les s ambigu -
ous ,  du e t o th e proxima l  steepenin g o f  th e curv e i n Figur e 3 . 

Incorrec t  triangulation s earl y o n i n th e proces s hav e stron g 
detrimenta l  effect s o n subsequen t  organisation .  I t  i s  therefor e 
worthwhil e allowin g th e earlie r  observation s t o exten d fo r 
longe r  period s tha n late r  ones ,  an d t o us e a  muc h highe r  be -
havioura l  proximit y threshold . 

The entir e proces s ma y b e analogou s t o th e extensio n o f 
axon s fro m on e are a o f  th e nervou s syste m t o another .  Thos e 
tha t  firs t  reac h a ,  say ,  cortica l  destinatio n ar e th e mos t  fre e t o 
tak e a  location ,  an d th e leas t  likel y t o chang e thei r  location . 
Late r  axon s wil l  see k ou t  area s mos t  correspondin g t o thei r 
own signals ,  bu t  wil l  exer t  negligibl e attractio n o n suc h area s 
simpl y becaus e o f  th e weigh t  o f  number s alread y there . 

Applications 

Spatia l  mapping s derive d i n th e manne r  jus t  describe d obvi -
ousl y d o no t  posses s th e nea t  orthogonalit y o f  standar d pixe l 
arrays .  Standar d grid-lik e neighbourhood s an d al l  convolu -
tion s tha t  depen d o n the m ar e therefor e inapplicabl e t o dat a 
i n thi s form .  However ,  non-orthogonal ,  neighbour -
independen t  method s hav e bee n foun d fo r  edg e detectio n 
(Prokopowic z &  Coope r  1995) ,  motio n detectio n (Proko -
powic z 1994) ,  th e locatio n o f  centroid s i n bot h artificia l  (Pe -
ter s &  S o w m y a 1996 ,  1997 ,  1998b )  an d natura l  (Sparks ,  Le e 
& Rohre r  1990 )  systems ,  an d th e calculatio n o f  spatiall y  lo -
cate d interes t  metric s (Peter s 1998) . 
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Figur e 5 :  Plo t  o f  geometri c distanc e agains t  environ -
menta l  distanc e calculate d afte r  onl y o n e pass ,  s h o w -
in g tha t  perfec t  monotonicit y ha s alread y b e e n 

achieved . 

T h e se t  o f  input s nee d no t  b e restricte d t o jus t  on e 
source .  Multipl e c a m e r a s ca n b e se t  u p t o suppl y i n c o m i n g 
data ,  an d th e algorith m ca n stil l  b e applied .  Th i s i s  thu s a 
solutio n t o s o m e fo rm s o f  th e dat a fusio n p rob lem .  T h e r e 
m ay b e a  nee d t o adjus t  signal s t o normal is e bot h rang e 
an d sig n i f  senso r  device s ar e o f  sufficientl y differen t  de -
sign .  Additionally ,  derivative s m a y b e use d instea d o f  th e 
origina l  signal . 

G i v e n tha t  th e geometri c a r rangemen t  o f  input s d e p e n d s 
solel y o n environmenta l  change s i t  wil l  evo lv e t o a  space -
invarian t  state ,  effectivel y creatin g th e invers e functio n fo r 
th e optica l  distortio n an d sampl in g bia s o f  th e anterio r 
part s o f  th e system .  N o t e tha t  i t  shoul d no t  b e a s s u m e d tha t 
sampl in g pattern s w o u l d b e fixed  durin g operation .  Peter s 
& S o w m y a (1998a )  hav e show n tha t  ther e ar e goo d rea -
son s fo r  changin g samplin g densit y an d bia s accordin g t o 
dat a receive d durin g operation . 

Havin g overcom e space-variance ,  th e syste m i s abl e t o 
produc e a  relativel y metrica l  memor y m a p o f  it s  sur -
roundin g space ,  whic h ca n the n b e use d t o not e change s 
tha t  tak e plac e i n th e environmen t  eve n whil e th e syste m i s 
lookin g i n anothe r  direction .  I t  ca n als o b e use d t o calibrat e 
a moto r  mappin g b y followin g a  progra m o f  rando m 
moves ,  an d observatio n o f  th e resultan t  changes . 

M u ch self-calibratio n researc h ha s bee n directe d a t 
finding  th e min imu m se t  o f  prerequisite s fo r  calibration . 
Pollefey s &  Va n Goo l  (1997 )  hav e show n tha t  a  syste m 
require s a  min imu m o f  thre e image s (o f  th e sam e scene . 
wit h c o m m o n point s identified )  t o complet e it s calibration . 
Othe r  approache s includ e developin g a  syste m t o deriv e 
th e functio n tha t  convert s give n pixe l  location s t o give n 
spatia l  location s (Sharm a &  Srinivas a 1996 ,  Srinivasa) . 
Ther e ha s bee n ver y littl e wor k attemptin g t o dea l  wit h 
varyin g camer a parameters ,  thoug h thi s ha s bee n show n t o 
be possibl e i n th e absenc e o f  ske w (Pollefeys ,  Koch ,  & 
Van Goo l  1997) . 

Thes e self-calibratio n solution s ca n onl y b e use d i n sys -
tem s tha t  ar e alread y somewha t  organised .  The y require : 
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1.  certaint y tha t  th e worl d ha s no t  change d betwee n suc -

cessiv e image s 
2.  a n organise d image-producin g infrastructur e tha t  en -

able s recognitio n o f  visio n primitive s suc h a s corner s 
or .  alternatively ,  operato r  inpu t  o f  veridica l  exampl e 

dat a 
3.  a  clea r  distinctio n betwee n calibratio n an d operatio n 

phases . 

The algorithm we have introduced requires none of these, 
thoug h i t  shoul d b e note d tha t  i t  i s  unlikel y t o matc h th e pre -
cisio n o f  othe r  techniques .  Instead ,  b y reducin g prerequisites , 
th e algorith m become s usefu l  i n situation s wher e other s ar e 
simpl y inapplicabl e (e.g. ,  whe n mor e tha n on e paramete r 
changes ,  whe n ther e i s skew ,  whe n al l  camer a parameter s ar e 
unavailabl e o r  unforeseeable) . 

Implications 

Thi s metho d provide s a  ne w interpretatio n o f  Hebbia n learn -
in g (Heb b 1949 )  i n whic h input s (neurons )  wit h behavioura l 
proximit y migrat e o r  extrud e efferen t  processe s toward s eac h 
other ,  rathe r  tha n th e traditiona l  interpretatio n i n whic h neu -
ron s someho w strengthe n a n explici t  mutua l  connection . 

I f  th e huma n visio n syste m achieve s it s spatia l  organisa -
tio n an d hig h level s o f  visua l  acuit y vi a self-organisin g 
means simila r  t o thos e described ,  the n w e woul d expec t  t o 
see larg e difference s betwee n matur e adul t  visio n an d neo -
nat e vision .  Thi s i s becaus e th e metho d depend s o n continu -
ou s environmentall y meaningful ,  temporall y varyin g visua l 
input ,  an d thi s i s no t  availabl e t o u s unti l  w e ar e bom . 

Evidenc e from  test s o f  infant s reveal s tha t  the y d o indee d 
exhibi t  inferio r  visua l  acuit y an d inferio r  contras t  sensitivity , 
jus t  a s w e woul d expect .  Developmen t  o f  visua l  acuit y i s 
rapi d unti l  approximatel y si x months ,  bu t  continue s unti l 
twelv e months ,  b y whic h tim e normall y developin g infant s 
achiev e 20/2 0 visio n (se e Figur e 6) .  Contras t  sensitivit y im -
prove s a t  a  simila r  rate . 

Severa l  neurophysiologica l  studie s demonstrat e tha t  labil e 
neurona l  leve l  mapping s ar e quit e c o m m o n .  Merzenic h & 
Kas s (1982 )  showe d h o w cortica l  rea l  estat e recentl y mad e 
vacan t  i s co-opte d b y remainin g afferen t  lines ,  whos e coher -
ent  convergenc e i n ne w area s o f  th e corte x ca n onl y b e ex -
plaine d b y th e similarit y o f  th e signal s the y convey ,  no t  a 
pre-establishe d developmenta l  arrangement . 

Th e patternin g o f  ocula r  dominanc e column s discovere d 
by Hube l  &  Wiese l  (1977 )  i s anothe r  example ,  wher e input s 
from  anatomicall y quit e separate d origin s (th e tw o eyes )  see k 
out  c o m m o n destination s i n th e cortex ,  an d actuall y terminat e 
i n area s o f  les s tha n 0. 4 m m diameter . 

Moreover ,  thei r  late r  wor k wit h Stryke r  (Hubel ,  Wiese l  & 
Stryke r  1978 )  showe d tha t  withi n thi s geometrica l  arrange -
ment  ther e exis t  stil l  finer  convergences ,  thos e o f  th e lin e 
orientatio n preferenc e neurons . 

Can a  singl e neurophysiologica l  proces s explai n al l  o f 
thes e example s o f  convergenc e o f  signal s carryin g simila r 
data ? An d ca n th e sam e proces s b y use d t o explai n th e obvi -
ous homuncularit y o f  th e somatosensor y cortex ,  discovere d 
by Penfiel d &  Jaspe r  (1954) ? W e fee l  tha t  ou r  proces s coul d 
wel l  explai n h o w suc h mapping s develop ,  an d als o give s a 

I  mont h 2 month s 

3 month s Adul t 

Figur e 6 :  Simulation s o f  wha t  1-month ,  2-month ,  an d 
3-mont h ol d infant s se e whe n the y loo k a t  a  woman' s 

fac e a t  a  distanc e o f  5 0 c m (Goldstei n 1989) . 

clu e a s t o why .  M a n y researcher s hav e looke d a t  th e brai n 
from  th e standpoin t  o f  computationa l  an d physiologica l 
economy i n variou s forms ,  bot h spatia l  an d temporal .  D o n g 
& Atic k (1995 )  concentrat e o n th e potentia l  usefulnes s o f 
inferre d decorrelatio n function s i n th e latera l  geniculat e 
nucleus ,  an d us e time-varyin g image s a s a  wa y o f  expli -
catin g th e statistic s o f  th e processe s the y infer .  W e showe d 
h o w simila r  decorrelatio n coul d bypas s massiv e computa -
tiona l  problem s i n motio n trackin g (Peter s &  S o w m y a 
1996) .  Michiso n (1991 )  speculate d tha t  ther e ar e evolu -
tionar y constraint s forcin g econom y i n th e wirin g o f  th e 
cortex .  Suc h constraint s woul d naturall y caus e neuron s 
carryin g simila r  signal s t o converg e rathe r  tha n exten d 
axon s throug h th e finite  spac e o f  th e brain . 

The advantag e o f  convergenc e accordin g t o behavioura l 
proximit y i s tha t  i f  tw o signal s ar e normall y s o simila r  tha t 
on e ca n b e take n t o impl y th e other ,  i t  i s  considerabl y mor e 
economica l  t o arrang e the m s o tha t  the y ar e literally ,  phe -
nomenologicall y an d neuro-anatomically ,  nex t  doo r  neigh -
bours ,  rathe r  tha n attemptin g t o construc t  a n explici t  rela -
tionshi p o r  rul e whic h expresse s thei r  near-identity . 

Such a  proces s coul d hav e originate d fa r  bac k i n th e 
earl y day s o f  evolutionar y developmen t  o f  th e centra l 
nervou s system ,  a s a n economica l  organisin g principle ,  ye t 
n o w b e usefu l  a t  an y leve l  o f  abstractio n wher e a  stron g 
implicatio n relatio n need s t o b e physicall y instantiated . 

Discussion 

Th e method s describe d ar e use d t o organis e a  se t  o f  one -
dimensiona l  input s int o a  two-dimensiona l  arrangement . 
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However ,  ther e i s n o limi t  o n th e dimensionalit y o f  th e prob -
le m o r  it s solution .  Simila r  technique s coul d b e use d t o or -
ganis e input s i n arrangement s havin g thre e o r  mor e dimen -
sions ,  o r  t o organis e input s wit h paire d values ,  o r  tuples . 

Bot h traditiona l  connectionis t  an d symboli c approache s 
have bee n applie d t o simila r  problems .  The y bot h shar e th e 
shortcomin g o f  attemptin g t o represen t  comple x informatio n 
i n explici t  form ,  whic h lead s t o vas t  computationa l  demands . 

A connectionis t  approac h i s t o explicitl y  represen t  relation -
ship s betwee n input s b y weights .  Thi s become s impractica l 
when dealin g wit h eve n quit e constraine d visio n problem s 
involvin g only ,  say ,  12 8 b y 9 6 pixels .  Th e numbe r  o f  weight s 
generate d fo r  a n inpu t  arra y o f  thi s siz e i s 150,994,944 .  Th e 
symboli c approac h als o ha s grea t  difficult y i n representin g 
relationship s betwee n larg e number s o f  inputs .  It s fort e i s i n 
late r  stage s whe n visua l  dat a ha s bee n condense d an d sum -
marise d i n a  for m amenabl e t o symboli c representatio n an d 

logica l  manipulation ,  bu t  i t  i s no t  practica l  t o appl y a  sym -
boli c approac h t o th e ra w dat a i n orde r  t o ge t  t o thi s posi -

tion . 
By representin g environmenta l  relationship s implicitly , 

i n a  non-orthogona l  arrangemen t  th e dat a requiremen t  i s n o 
longe r  explosiv e (i.e. ,  onl y 12.28 8 fo r  12 8 b y 96) .  Th e 
complexit y i s  reduce d from  orde r  Â ^  t o orde r  Â . 

I n summary ,  w e demonstrat e a  robust ,  adaptive ,  self -

organisin g syste m wit h minima l  dependencies ,  practica l 
usefulnes s i n robotics ,  stron g biologica l  plausibilit y  an d 
explanator y power ,  computationa l  economy ,  an d poten -
tiall y  broa d applicatio n du e t o it s contex t  independence . 
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