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RHO-SPACE: 

A N E U R AL N E T W O RK FO R T H E DETECTIO N A N D REPRESENTATION O F O R I E N T E D EDGES* 

D.K.W.Walters, Computer Science Dept., State University of New York at Buffalo, NY 14260 

Abstract 

Thi s pape r  describe s a  neura l  networ k fo r  th e detectio n an d representatio n o f  oriente d edges .  I t 
was motivate d bot h b y th e inheren t  ambiguit y o f  convolution-styl e edg e operators ,  an d th e processin g 
of  oriente d edg e informatio n i n biologica l  visio n systems . 

The inpu t  t o th e networ k i s th e outpu t  o f  oriente d edg e operators .  Th e computation s withi n th e 

networ k ar e base d o n orientatio n dependent ,  three-dimensional ,  excitator y an d inhibitor y neighbor -

hoods i n whic h computation s suc h a s latera l  inhibitio n an d linea r  excitatio n ca n occur . 

Rho-spac e ha s a  variet y o f  interestin g properties ,  whic h hav e bee n investigated .  Thes e include : 

l )  Bot h coars e an d fine  representatio n o f  th e orientatio n informatio n i s possible . 

2)  N o globa l  thresholdin g i s required ,  an d th e loca l  adaptiv e thresholdin g i s localize d i n orientation ,  a s 

wel l  a s i n spatia l  position . 

3)  Th e filling-in  o f  dotte d an d dashe d line s readil y occurs . 

4)  Ther e i s a  natura l  representatio n o f  connectivity ,  whic h agree s wit h huma n perception . 

5)  Illusor y contours ,  o f  on e typ e produce d b y th e huma n visua l  syste m ar e produced . 

6)  Al l  processin g i s completel y data-driven ,  an d n o domai n dependen t  knowledg e o r  mode l  base d pro -

cessin g i s used . 

1. Introduction 

The mos t  univers,ill v  applie d stag e o f  low-leve l  visua l  processin g i s th e detectio n o f  imag e edges , 

be the y intensit y edges ,  motio n edge s o r  textur e edges .  Ye t  ther e ar e som e basi c theoretica l  problem s 

whic h complicat e th e detectio n an d representatio n o f  imag e edges .  On e suc h proble m i s th e inheren t 

ambiguit y i n th e respons e o f  an y singl e convolution-styl e edg e operator ;  th e operato r  respond s t o th e 

conjunctio n o f  edg e location ,  orientation ,  amplitude ,  etc. ,  an d th e value s o f  thes e contributin g factor s 

can no t  b e untangle d fro m a  singl e response .  I n thi s pape r  i t  i s  argue d tha t  th e ambiguit y proble m lie s 

not  wit h edg e operator s themselves ,  bu t  wit h h o w th e operato r  response s ar e bein g interprete d i n 

curren t  compute r  visio n systems .  Fo r  example ,  neural-base d biologica l  visio n system s us e 

convolution-style ,  oriente d edg e operator s an d appea r  t o hav e solve d th e ambiguit y problem .  Thi s sug -

gest s tha t  a  solutio n exist s usin g th e styl e o f  representatio n an d computatio n possibl e i n neura l  net -

works . 

Thi s pape r  explore s th e us e o f  a  neura l  networ k fo r  th e detectio n an d representatio n o f  oriente d 

edges .  Grossber g an d MingoU a [l ]  hav e als o addresse d th e edg e detectv) r  ambiguit y proble m throug h th e 

use o f  network s whic h mode l  neura l  computation s a t  th e leve l  o f  th e dynamic ,  cooperativ e an d com -

petitiv e interaction s o f  feedback ,  shunting ,  etc .  Ou r  researc h differ s i n tw o mai n ways :  first,  th e 

neura l  network s studie d perfor m static ,  noniterative ,  discret e computation s o f  th e typ e tha t  coul d b e 

easil y implemente d i n a  clocked ,  discrete ,  paralle l  digita l  architecture ;  an d second ,  emphasi s i s place d 

on th e typ e o i  dis t  ibute d representatio n tha t  i s  possibl e i n suc h networks . 

2. Representations for Oriented Edges 

Althoug h ther e i s considerabl e debat e amongs t  visio n researcher s a s t o th e existenc e o f  a n optima l 

edge detecto r  [2,3,4,5] ,  ther e i s genera l  agreemen t  abou t  h o w oriente d edge s shoul d b e represented .  Th e 

standar d representatio n consist s o f  a n amplitud e o r  gradien t  image ,  A(x,y X i n whic h eac h poin t 

represent s th e amplitud e o r  gradien t  o f  th e edg e a t  spatia l  positio n (x,y) ;  an d a n orientatio n imag e 

'  Thi s researc h i s funde d b v NSF Gran t  1S T 840982 7 awarde d t o th e author . 
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Bix,y) ,  i n whic h th e valu e o f  eac h poin t  represent s th e orientatio n o r  gradien t  directio n a t  spatia l  posi -

tio n (x,y) .  Th e implici t  assumptio n i s tha t  th e loca l  edg e amplitud e an d orientatio n a t  eac h imag e 

poin t  ca n b e measured .  Bu t  th e ambiguit y proble m invalidate s thi s assumptio n fo r  th e respons e o f 

individua l  edg e operators .  On e potentia l  solutio n i s t o loo k a t  th e respons e o f  a  se t  o f  edg e operator s a t 

eac h imag e location ,  suc h a s se t  o f  oriente d operators .  I t  wil l  b e show n tha t  th e respons e o f  th e se t  a s a 

whol e contain s significan t  structura l  information .  Bu t  mos t  technique s usin g oriente d edg e operator s 

use eithe r  thresholdin g o r  loca l  averagin g t o produc e a  singl e estimat e o f  edg e amplitud e an d orienta -

tio n fro m th e set ,  an d thi s lose s th e structura l  information .  Thi s poin t  ha s bee n mad e b y Zucke r  [6] , 

w ho propose s a  model-matchin g schem e fo r  reconstructin g th e edg e informatio n fro m th e responses .  A 

model-fre e approac h i s take n her e whic h use s a  distribute d representatio n o f  oriente d edg e information , 

p-space ,  i n whic h th e response s o f  oriente d edg e operator s fo r  a  singl e imag e poin t  ar e no t  combine d 

throug h thresholdin g o r  othe r  techniques ,  whic h allow s th e subsequen t  computation s t o disambiguat e 

th e orientation ,  positio n an d amplitud e information . 

3. Rho-Space Representation 

Rho-spac e i s a  thre e dimensiona l  space ,  wher e th e x  an d y  dimension s represen t  th e spatia l 

dimension s o f  a n image ,  an d th e thir d dimension ,  p ,  represent s th e orientatio n o f  image  contour s 

(intensit y edges ,  textur e boundaries ,  lines ,  etc.) .  Th e spac e i s discretize d i n al l  dimensions . 

The inpu t  t o p-spac e i s currentl y produce d b y convolvin g a n imag e wit h a  se t  o f  Canny-typ e 

oriente d edg e operator s [2] ,  o f  eithe r  8  o r  1 8 separat e orientations .  Figur e 1  show s a  diagra m o f  th e p -

space .  Eac h orientatio n plan e show n i n Fig .  1  ca n b e though t  o f  a s th e resul t  o f  convolvin g th e imag e 

wit h a n edg e operato r  o f  a  give n orientation .  Th e valu e a t  eac h locatio n o f  a  singl e orientatio n plane -

i s the n th e amplitud e o f  th e outpu t  o f  tha t  particula r  operato r  a t  tha t  imag e location .  Figur e 1  show s 

6 orientatio n planes ,  bu t  i n th e compute r  implementatio n eithe r  8  o r  1 8 orientatio n plane s wer e used . 

The algorithm s develope d fo r  th e p-spac e representatio n assum e tha t  ther e i s a  simpl e processo r 

associate d wit h eac h poin t  o r  pixe l  i n th e space ,  an d eac h processo r  i s locall y connecte d onl y t o thos e 

processor s i n it s three-dimensiona l  neighborhoo d (a s define d below) .  Eac h simpl e processo r  i s actuall y a 

networ k o f  neural-typ e units ,  bu t  ca n b e simulate d a s singl e processo r  whic h run s a  simpl e internall y 

store d program .  Th e p-spac e processor s perfor m local ,  noniterativ e computation s suc h a s discret e form s 

of  latera l  inhibition ,  shor t  an d lon g rang e linea r  excitation ,  an d shor t  an d lon g rang e linea r  inhibition . 

Thes e computation s pu t  th e oriente d edg e informatio n int o a  for m tha t  i s usabl e b y a  wid e rang e o f 

^ ^  ^  ' ^  ̂  -< • 

^yy "  x '  /  /  ^^^ ^ 

^ ^ ^ ^  ^^^^^  '^^ 

Figur e 1 
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lo w an d intermediat e leve l  visua l  computation s suc h a s perceptuall y base d enhancement ,  segmentatio n 

and groupin g [7] .  Furthe r  description s o f  th e p-spac e representatio n ca n b e foun d i n [8,9] . 

3.1. Definitions 

Assume ther e ar e k  processor s i n p^space ,  an d defin e X j  t o b e th e activit y o f  processin g uni t  j . 

3.2. Excitatory and Inhibitory Neighborhoods in Rho-Space 

Al l  p-spac e computations ,  an d th e definition s o f  oriente d line s i n p-spac e ar e base d o n th e concep t 

of  th e loca l  neighborhoo d o f  eac h poin t  i n p-space .  Th e excitator y neighborhood ,  E j ,  o f  poin t  j 

include s al l  point s whic h ar e directl y connecte d t o j ,  an d whic h participat e i n excitator y operations . 

The inhibitor y neighborhood ,  / j ,  o f  poin t  j  consist s o f  al l  point s whic h ar e directl y connecte d t o j , 

and whic h participat e i n inhibitor y computations . 

Al l  E j  an d I j  ar e define d a s function s o f  th e edg e operator s use d t o generat e th e inpu t  t o p -

space .  Th e tw o spatia l  dimension s o f  th e neighborhoods ,  n  b y m ,  ar e th e spatia l  dimension s o f  th e con -

volutio n kernel s o f  th e edg e operators .  Th e orientatio n dimension ,  d ,  o f  th e neighborhood s ar e deter -

mine d b y th e numbe r  o f  separat e orientation s represente d i n th e convolutio n kernels .  Fo r  example ,  fo r 

sixtee n oriente d 7  b y 7  operator s o f  th e typ e illustrate d i n Figur e 2a ,  th e excitator y neighborhoo d fo r 

th e centra l  soli d horizonta l  pixe l  i s  tha t  show n i n Figur e 2b ,  wher e th e non-empt y circle s represen t 

th e location s i n th e excitator y neighborhood .  Figur e 2 b show s jus t  a  smal l  portio n o f  p-space ,  par t  o f 

each o f  thre e consecutiv e orientatio n planes .  Th e middl e plan e correspond s t o horizonta l  edge s ( O 

degrees) ,  while  th e to p an d botto m plane s contai n informatio n abou t  orientation s o f  +22. 5 an d -22. 5 

degree s respectively .  Th e excitator y neighborhoo d o f  eac h poin t  i n p-spac e lie s withi n a  smal l  rec -

tangula r  bo x shape d regio n o f  p-space . 

The inhibitor y neighborhood ,  / j ,  o f  poin t  j  i s  th e complimen t  o f  th e excitator y neighborhood , 

Ej ,  define d ove r  th e n  b y m b y d  spac e centere d o n th e poin t  j . 

Each neighborhoo d ca n b e divide d int o tw o halve s b y a  plan e whic h passe s throug h th e centra l 

point ,  an d whic h i s orthogona l  t o th e orientatio n directio n o f  th e centra l  point .  Le t  fj j  an d E j ^  refe r 

t o th e tw o halve s o f  E j . 

bo O O O O O ® 
O O  O  O  O  ®> ® 

O O  O  O  ®  ®  ® 
® ®  ®  ®  ®  ®  ® 
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4.  Computat ion s Usin g th e Rho-Spac e Representatio n 

The computation s i n p-spac e ar e al l  loca l  computation s whic h involv e onl y a  singl e processo r  an d 

it' s  loca l  neighbors .  Fou r  suc h computation s ar e latera l  inhibitio n (LI) ,  short-rang e linea r  inhibitio n 

(SRLI) ,  short-rang e linea r  exciutio n (SRLE) ,  an d mid-rang e linea r  inhibitio n (MRLI) .  Eac h processor , 

X j ,  i s  compose d o f  5  neura l  units :  O j ,  i s  th e outpu t  o f  th e oriente d edg e operators ;  T j  i s  th e outpu t  o f 

LI ,  L j  i s  th e outpu t  o f  SRLI ;  F j  i s  th e outpu t  o f  SRLE ;  an d R j  i s th e outpu t  o f  MRLI .  Fo r  example , 

LI  i s  define d : 

Tj=Oji max (( Oj-Moj.), 0)/(Oj~Mo.,.)) 

where Mqj. = max (O^ st Oi is an element of Ij). 

SRLI is defined as : 

Lj =Tji max i-Mj^E^, 0)/-Mr,Ej^ 

where, Mj^e = niax (7^ st Ti is an element of Ej). 

All four computations are illustrated in Figure 3 where (a) shows a black-white checkerboard 

imag e i n whic h unifor m nois e ha s bee n adde d t o eac h pixel ,  an d par t  (b )  show s th e nonzer o pixel s 

presen t  i n th e inpu t  image .  I n par t  (c )  eac h whit e pixe l  indicate s tha t  a t  leas t  on e o f  th e oriente d 

operator s ha d a  non-zer o respons e a t  tha t  imag e point .  Thus ,  th e operator s ar e indicatin g tha t  al l  bu t 

one o f  th e point s i n thi s imag e coul d b e a n edg e point .  A  commo n metho d fo r  interpretin g suc h 

response s i s t o us e eithe r  a  globa l  o r  a  loca l  threshol d t o remov e unwante d responses ,  bu t  i t  i s  generall y 

not  possibl e t o find a  threshol d whic h remove s al l  o f  th e noise-generate d responses ,  an d non e o f  th e 

edge-generate d responses .  Par t  (d )  show s th e result s afte r  LI ,  whic h i s a  kin d o f  loca l  adaptiv e thres -

holding ,  bu t  whic h ha s th e adde d advantag e tha t  i t  i s  orientatio n selective .  Thu s a  hig h amplitud e 

horizonta l  edg e doe s no t  inhibi t  a  neighborin g lo w amplitud e vertica l  edge .  Par t  (e )  show s th e result s 

afte r  SRL I  whic h ha s th e functio n o f  removin g potentia l  edg e point s whic h ar e no t  connecte d t o othe r 

edge potentia l  points ,  an d thu s coul d no t  hav e arise n fro m tru e edges .  Par t  (f )  show s th e smal l  gap s i n 

th e line s representin g edge s bein g filled  i n b y SRLE ,  whil e par t  (g )  show s th e short ,  unconnecte d line s 

remove d afte r  MRLI ,  yieldin g th e connecte d edge s o f  th e checkerboard .  (Mor e detail s o f  thes e excita -

tor y an d inhibitor y interaction s ca n b e foun d i n [lO]) . 

5. Definitions of Lines in Rho-Space 

As on e o f  th e goal s fo r  computation s i n p-spac e i s t o grou p loca l  edge s int o a  for m whic h 

represent s mor e globa l  imag e edges ,  a  mean s o f  definin g a n imag e edg e i s required .  I f  w e wer e work -

in g i n euclidea n space ,  the n w e migh t  defin e a n imag e edg e a s a  connecte d lin e o f  loca l  edges ,  bu t  i n p -

P R l 

Figur e 3 
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spac e th e euclidea n definition s o f  connectivit y an d o f  line s d o no t  hold .  Thu s th e followin g p-spac e 

definition s ar e required . 

A poin t  j  i s  connecte d t o anothe r  poin t  j "  i f  an d onl y i f  bot h ar e nonzero ,  an d j  lie s withi n E y 

and j '  lie s withi n E j . 

(Not e tha t  tw o processor s i n rho-spac e ca n b e connected ,  withou t  th e edg e point s associate d wit h 

the m bein g connected. ) 

A lin e i s a  se t  o f  connecte d point s whic h lac k neighbor s i n thei r  inhibitor y neighborhoods . 

A lin e en d i s a  lin e point ,  j ,  whic h ha s neighbor s i n eithe r  f j ,  o r  J?p ,  bu t  no t  i n both . 

6. An Example of Grouping and Segmentation 

Fro m th e abov e definitions ,  i t  i s  possibl e t o grou p loca l  edg e point s i n p-spac e int o mor e globa l 

imag e edge s o r  lines ,  an d fro m structura l  informatio n abou t  lin e ends ,  i t  i s  als o possibl e segment  a n 

imag e int o set s o f  line s whic h ar e likel y t o hav e arise n fro m a  singl e objec t  [7] .  A n exampl e o f  thi s 

proces s i s see n i n Figur e 4 ,  wher e part s (a )  throug h (f )  sho w th e result s o f  th e p-spac e computation s 

describe d above ,  while  part s (g )  an d (h )  eac h sho w on e o f  th e tw o segment s generate d b y th e segmen -

tatio n algorithm .  Not e tha t  althoug h th e circl e an d th e rectangl e ar e connecte d i n th e imag e space , 

the y ar e no t  connecte d i n p-space ,  whic h aid s i n thei r  segmentation . 

7. Rho Space Properties 

Rho-spac e ha s a  variet y o f  interestin g properties ,  whic h hav e bee n investigated .  Thes e include : 

1)  Bot h coars e an d fine  representatio n o f  th e orientatio n informatio n i s possible . 

2)  N o globa l  thresholdin g i s required ,  an d th e loca l  adaptiv e thresholdin g i s localize d i n orientation ,  a s 

wel l  a s i n spatia l  position . 

3)  Th e fiUing-in  o f  dotte d an d dashe d line s readil y occurs . 

4)  Ther e i s a  natura l  representatio n o f  connectivity ,  whic h agree s wit h huma n perception . 

5)  Illusor y contours ,  o f  on e typ e produce d b y th e huma n visua l  syste m ar e produced . 

6)  Al l  processin g i s completel y data-driven ,  an d n o domai n dependen t  knowledg e o r  mode l  base d pro -

cessin g i s used . 

As a n example ,  conside r  th e illusor y contou r  property .  On e o f  th e propertie s o f  th e curren t 

implementatio n o f  p-spac e i s tha t  th e respons e t o a  singl e line ,  i s  th e lin e itself ,  an d tw o orthogona l 

end lines .  Thi s behavio r  wa s pointe d ou t  b y Mar r  an d Hildret h a s bein g a n undesirabl e sid e eff"ec t  o f 

oriente d edg e operator s [1 1 ] .  However ,  th e orthogona l  en d line s migh t  pla y a  positiv e rol e i n percep -

tio n th e formatio n o f  illusor y contours .  Fo r  example ,  whe n th e patter n i n Fig.5 a i s viewe d fro m th e 

Figur e 4 
Figur e 5 
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appropriat e distance ,  th e centra l  regio n m a y appea r  "darker "  tha n th e rest .  Thi s ca n b e explaine d i n 

par t  i n term s o f  a n illusor y circula r  contou r  bein g formed ,  an d th e orthogona l  en d line s ca n provid e 

suc h a  contour .  T o illustrat e this ,  a n exampl e p-spac e computatio n i s show n i n Figur e 5 .  Par t  (a ) 

show s th e inpu t  pattern .  Par t  (b )  show s th e nonzer o convolutio n responses ,  an d par t  (c )  show s th e 

nonzer o response s afte r  LI .  Par t  (d )  show s th e nonzer o response s afte r  SRLI ,  an d th e orthogona l  en d 

line s ar e apparent .  Par t  (e )  show s th e nonzer o response s afte r  th e SRLE ,  an d a  roughl y circula r  con -

tou r  whic h m a y correspon d t o th e illusor y contou r  i s formed .  I n par t  (f )  th e shor t  unconnecte d lin e 

segment s hav e bee n remove d b y M R L I  t o for m th e final  percept .  Thi s i s a n interestin g resul t  becaus e 

an illusor y contou r  ha s bee n forme d i n a  completel y data-drive n manner ,  withou t  referenc e t o models , 

or  inferrin g depth . 

Grossber g ha s show n tha t  th e illusor y contou r  forme d b y thi s patter n disappear s whe n th e indi -

vidua l  line s ar e rotate d b y 4 5 degree s abou t  thei r  interio r  en d points .  Unde r  suc h rotatio n th e orthogo -

nal  en d line s o f  th e line s woul d no t  joi n t o for m a  close d contour ,  an d n o illusor y contou r  woul d b e 

formed ,  thu s supportin g th e orthogona l  en d lin e hypothesi s fo r  thi s illusion . 
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