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Neura l  network s hav e bee n use d t o investigat e som e 
of  th e assumption s mad e i n Biederman' s recognitio n 
by component s (RBC )  theor y o f  visua l  perception . 
Biederman' s R B C theor y states ,  i n part ,  tha t  objec t 
vertice s ar e critica l  feature s fo r  th e 2 D regio n 
segmentatio n phas e o f  huma n objec t  recognition . 
Thi s pape r  present s computationa l  evidence  fo r 
Biederman' s clai m tha t  viewpoint-invarian t  vertice s 
ar e critica l  t o objec t  recognition .  I n particular ,  w e 
presen t  a  neura l  networ k mode l  fo r  2 D objec t 
recognitio n usin g objec t  vertice s a s imag e primitives . 
The neura l  ne t  i s  abl e t o recogniz e object s wit h a s 
much a s 6 5 % mid-segmen t  centere d contou r  deletion , 
whil e i t  i s  unabl e t o recogniz e object s wit h a s littl e a s 
2 5 % verte x centere d deletion .  I n additio n th e neura l 
net  exhibit s shift ,  scal e an d partia l  rotationa l 
invariance . 

Introductio n 

Within the computer vision, cognitive science, 
psychology ,  an d neurophysiolog y communitie s ther e 
i s muc h debat e ove r  wha t  visua l  primitives ,  i f  any , 
for m th e basi s fo r  visua l  reasoning .  On e importan t 
theor y o f  visua l  objec t  recognition ,  calle d recognitio n 
by component s ( R B C ) ,  ha s bee n propose d b y 
Biederma n [1985] .  S o m e importan t  principle s 
underiyin g thi s theor y include :  (1 )  a  2 D lin e drawin g 
i s sufficien t  fo r  mos t  unanticipate d visua l  processin g 
independen t  o f  depth ,  colo r  o r  texture ;  (2 )  lin e 
drawing s ca n b e segmente d int o distinc t  region s a t 
point s o f  dee p concavity ;  (3 )  object s ca n b e 
represente d i n 3 D a s a  se t  o f  primitiv e 3 D subpart s 
(geons) ;  (4 )  non-accidenta l  instance s o f  viewpoint -
invarian t  feature s i n th e 2 D lin e drawin g ar e 
sufficien t  t o permi t  fas t  acces s t o th e qualitativ e 
geon-base d mode l  o f  a  3 D object . 

Biederman' s R B C theor y i s compellin g fo r  man y 
reasons ,  suc h a s th e fac t  tha t  i t  propose s a  smal l 

number  o f  3 D primitives ,  geons ,  t o accoun t  fo r  al l 

possibl e objects^ .  Thi s implie s tha t  th e require d 
objec t  memor y grow s sub-linearl y wit h ne w objects , 
ensurin g a  manageabl e tota l  m e m o r y fo r  objec t 
recognition ,  eve n give n th e hug e variet y o f  object s i n 
th e world . 

Many researcher s ar e currentl y investigatin g th e 
psychological/neurophsiologica l  plausibilit y  o f  R B C , 
as wel l  a s whethe r  R B C ca n lea d t o powerfu l  an d 
efficien t  compute r  visio n systems .  Th e plausibilit y o f 
R BC rest s o n man y factors ,  suc h a s fas t  qualitativ e 
segmentatio n o f  2 D image s int o regions ,  well-define d 
mapping s o f  2 D region s t o geons ,  th e representationa l 
power  o f  th e se t  o f  3 6 geon s fo r  3 D objec t 
recognition ,  etc .  Biederma n ha s performe d extensiv e 
psychologica l  studie s o f  th e adequacy ,  robustnes s t o 
nois e an d occlusion ,  etc .  o f  2 D lin e drawing s fo r 
visua l  recognition .  Fo r  example ,  h e teste d th e 
adequac y o f  2 D vertice s t o carr y th e informatio n 
necessar y fo r  regio n segmentatio n b y contou r 
deletio n experiment s [Biederman ,  1985] . 

Fro m a  computationa l  poin t  o f  view ,  althoug h 
Biederman' s R B C theor y ha s bee n ver y influential , 
implementation s o f  thi s theor y withi n th e compute r 
science/compute r  visio n commun i t y (e.g . 
[Biederman ,  1992 ;  Bergevin ,  1993 ;  Dickinson , 
1992] )  hav e no t  ye t  teste d al l  importan t  aspect s o f 
R B C.  I n thi s paper ,  neura l  network s ar e use d t o 
replicat e som e o f  th e experimenta l  result s reporte d b y 
Biederma n concernin g th e adequac y an d viewpoint -
invarianc e o f  verte x informatio n fo r  recognizin g 
object s i n 2 D lin e drawing s [Biederman ,  1985] . 

Edge vertice s pla y a  crucia l  rol e i n R B C :  the y 
contai n th e informatio n necessar y t o segmen t  lin e 
drawing s int o distinc t  regions ,  t o eac h o f  whic h a 
geo n ca n b e matched .  Ther e exist s substantia l 
evidenc e tha t  vertice s constitut e a  2 D primitiv e 
crucia l  t o identifyin g th e 3 D primitive s (geons )  fo r  a 

^  Thi s geo n representatio n i s qualitativ e only ,  sinc e i t 
ignore s surfac e textur e an d othe r  fin e metri c 
variations . 
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particula r  image .  Figur e 1  demonstrate s th e 
importanc e o f  edg e vertice s fo r  objec t  recognition . 
Thi s figur e show s a  lin e drawin g o f  a  flashligh t  whic h 
canno t  b e recognize d give n partia l  evidenc e fro m 
edg e mid-segment s (top) ,  bu t  ca n b e recognize d 
give n partia l  evidenc e fro m edg e vertice s (bottom) . 

Figur e 1 .  N o n recoverabl e versio n o f  a n objec t  (lop) . 
Recoverabl e versio n o f  a n objec t  (bottom) . 
[Biederman ,  1985 ] 

From a computational perspective, this paper 
present s a  neura l  ne t  mode l  whic h exhibit s result s 
simila r  t o Biederman' s [1985 ]  experimenta l 
demonstratio n o f  th e importanc e o f  objec t  vertice s i n 
human 2 D objec t  recognition .  Th e neura l  networ k 
architectur e presente d i n thi s pape r  i s a  time-delay , 
recurren t  network ,  whic h recognize s simpl e objects , 
many o f  whic h wer e originall y studie d b y Biederma n 
[1985 ;  1987] .  Th e networ k i s abl e t o recogniz e 
object s wit h a s muc h a s 6 5 % mid-segmen t  centere d 
contou r  deletion ,  whil e i t  i s  unabl e t o recogniz e 
object s wit h mor e tha n 2 5 % verte x centere d contou r 
deletion .  I n addition ,  recognitio n exhibit s invahanc e 
t o position ,  scale ,  an d partiall y  t o rotation . 

E x p e r i m e n t a l  D e s i g n 

2D object recognition systems utilizing neural 
network s generall y operat e o n stati c image s (image s 
presente d a s a  spatia l  signal) .  I t  ha s bee n propose d 
tha t  objec t  recognitio n m a y benefi t  fro m considerin g 
image s a s spatiotempora l  signal s [Shastri ,  1989] .  I n 
thi s scheme ,  ro w /  o f  a n N x N imag e i s assimilate d b y 
th e networ k a t  tim e i  ( 1 <  i  <  N ) .  Recurren t  links ,  a s 
wel l  a s multipl e link s wit h varyin g delay s betwee n 

units ,  ar e employe d t o proces s th e temporalize d 
signal .  I n th e network s presente d here ,  thre e link s 
betwee n unit s i n subsequen t  layers ,  wit h delay s o f 
eithe r  1-2- 3 o r  1-3- 5 ar e utilized .  Thes e delay s ar e 
referre d t o a s th e time-dela y window .  Previou s wor k 
has show n tha t  th e spatiotempora l  approac h offer s 
advantage s suc h a s shift-invarianc e an d inheren t 
retentio n o f  loca l  spatia l  relationship s alon g th e 
temporalize d axi s [Fontaine ,  1992] . 

Thre e networ k model s ar e constructe d usin g 
spatiotempora l  presentatio n o f  image s i n a n attemp t 
t o develo p a  networ k tha t  emphasize s objec t  vertices . 
Th e fws t  i s a  3-laye r  full y  connected ,  recurren t  net , 
th e second ,  a  3-layer ,  partiall y  connected ,  recurren t 
net ,  an d th e thir d a  4-laye r  recurren t  ne t  (Figur e 2a-c , 
respectively) .  Eac h ne t  contain s recurren t  link s o n al l 
hidde n an d outpu t  units ,  a s wel l  a s a  threshol d uni t 
connecte d t o eac h hidde n an d outpu t  units .  Th e 
U'aditiona l  3-laye r  net s ar e traine d an d teste d wit h 
bot h 1-3- 5 an d 1-2- 3 time-dela y windows .  Th e 4 -
laye r  ne t  use s a  1-2- 3 tim e dela y window . 

Al l  network s ar e traine d o n 1(X )  positiv e an d 10 0 
negativ e U-ainin g instance s o f  30x3 0 binar y image s 
(Figur e 3a) .  Fo r  convenience ,  image s ar e show n 
her e a s simpl e lin e drawings .  Th e positiv e trainin g 
instance s consiste d o f  shifte d (u p t o 5  bit s o r  1 8 % o f 
imag e size ,  fro m th e cente r  position )  image s wit h 
eithe r  0 ,  5 ,  10 ,  o r  1 5 % rando m contou r  deletio n 
(Figur e 3b-3e) .  Th e net s ar e traine d o n thes e 
perturbe d image s i n orde r  t o reduc e th e chanc e tha t 
th e networ k simpl y memoriz e th e origina l  image . 
The negativ e trainin g instance s consist s o f  rando m bi t 
pattern s havin g th e sam e numbe r  o f  on-bit s a s th e 
origina l  imag e (Figur e 3f) .  Trainin g i s performe d 
usin g th e Broyden-Fletcher-Goldfrab-Shann o secon d 
orde r  learnin g algorith m [Fletcher ,  1980] . 

o o o 
(b ) 

Figur e 2 .  (a )  3-laye r  full y  connecte d net ;  (b )  3-laye r 
partiall y  connecte d net ;  (c )  4-laye r  net .  Al l  hidde n 
and outpu t  unit s hav e a  recurren t  lin k an d a  lin k t o a 
threshol d uni t  (no t  shown) . 
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Figur e 3 .  (a )  Binar y representatio n o f  a  chair ,  (b )  0 % 
contou r  deletion ;  (c )  5 % contou r  deletion ;  (d )  1 0 % 
contou r  deletion ;  (e )  1 5 % contou r  deletion ;  ( 0 
rando m bi t  pattern .  Net s ar e traine d o n 10 0 instance s 
of  (b-e )  an d 10 0 instance s (0 -

Resu l t s 

Preliminary experiments indicate that vertical lines 
ar e th e primar y discriminatin g objec t  featur e i n th e 
trainin g set s fo r  th e traditiona l  3-laye r  partiall y  an d 
full y connected  net s (Figur e 2 a an d 2b )  wit h eithe r  a 
1-3- 5 o r  1-2- 3 time-dela y w indow .  Tha t  is ,  th e 
networ k i s abl e t o correctl y identif y object s wit h 
complet e non-vertica l  lin e deletion ,  whil e th e 
networ k i s unabl e t o correctl y identif y object s havin g 
hig h degree s o f  vertica l  lin e deletio n (Figur e 4) . 

^ 

C P ^ 

I  I 

(a ) (b ) 

(c ) 

Figur e 4 .  (a )  Origina l  image :  truck ;  (b )  truc k wit h 
complet e non-vertica l  lin e deletion ;  (c )  truc k wit h 
hig h degre e o f  vertica l  lin e deletion .  Th e full y an d 
partiall y  connecte d network s ar e abl e t o correctl y 
identif y (a )  an d (b )  bu t  no t  (c) . 

Further experiments reveal that vertices are the 
primar y discriminatin g objec t  featur e i n th e trainin g 
set s fo r  th e 4-laye r  ne t  (Figur e 2c) .  Th e experiment s 
consis t  o f  trainin g five  network s t o recogniz e 1  o f  5 

objects :  chair ,  cup ,  lamp ,  house ,  an d tedd y bea r 
(Figur e 5) .  T h e firs t  thre e object s (chair ,  cup ,  an d 
lamp )  ar e selecte d fo r  thei r  similarit y t o image s use d 
i n Biederman' s h u m a n experiments .  T h e hous e i s 
selecte d becaus e o f  it s  increase d detai l  an d th e tedd y 
bear  i s selecte d fo r  it s  lac k o f  straigh t  edges . 

(a ) 

3 1 3 

L \ 

(d ) 

Figur e 5 .  Fiv e network s wer e traine d t o recogniz e 
on e o f  five  objects :  (a )  chair ;  (b )  cup ;  (c )  lamp ;  (d ) 
house ;  (e )  tedd y bear . 

The nets are then presented with corresponding 
image s havin g eithe r  25,45 ,  o r  6 5 % contou r  deletio n 
centere d eithe r  a t  th e mid-segmen t  o r  vertice s (Figur e 
6) .  Simila r  t o thos e result s obtaine d b y Biederma n 
wit h huma n subjects ,  th e network s ar e bette r  abl e t o 
recogniz e object s havin g mid-segmen t  a s oppose d t o 
verte x centere d contou r  deletion s (Tabl e I) .  I t  i s  clea r 
fi-om  thes e result s tha t  objec t  vertice s ar e critica l  t o 
objec t  recognitio n i n th e 4-laye r  recurren t  network . 

\ \ \  \ 

(a ) (b ) (c ) 

r n 

1 ' i 

(d ) 

Figur e 6 .  Chai r  wit h verte x an d mid-segmen t  contou r 
deletion ,  (a-c )  2 5 % ,  4 5 % ,  6 5 % vertex ;  (d- 0 2 5 % , 
4 5 %,  6 5 % mid-segment . 
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Tabl e I .  Recognitio n pattern s o f  object s havin g mid -
segment  an d verte x centere d contou r  deletions . 

Contour Locus of Contour Deletion 

Object *  Deletio n Mid-segment ^  Vertex ^ 
Chai r  2 5 % 2.64 5 2.67 0 
(3.006 )  4 5 % 2.58 5 25.11 2 

6 5 % 2.67 9 64.36 3 

Tabl e II .  Result s o f  shifting ,  scaling ,  an d rotatio n o n 
recognitio n o f  a  chair . 

Cup 
(3.348 ) 

L a mp 
(1.992 ) 

House 
(2.501 ) 

Tedd y Bear ^ 
(2.909 ) 

2 5 % 
4 5 % 
6 5 % 

2 5 % 
4 5 % 
6 5 % 

2 5 % 
4 5 % 
6 5 % 

2 5 % 
4 5 % 
6 5 % 

7.81 8 
11.34 7 
10.47 6 

1.72 5 
2.48 4 
5.87 8 

4.00 3 
5.85 4 
5.63 6 

3.16 4 
3.93 7 
7.31 6 

93.22 4 
92.86 4 
94.56 0 

1.88 9 
98.09 0 
75.67 5 

4.97 9 
10.25 3 
32.32 5 

3.50 8 
10.53 1 
11.86 6 

(1 )  Objec t  nam e an d scor e (se e footnot e 2 )  o f  prototypica l 
image . 
(2 )  Th e value s give n ar e th e scor e =  [0.5l i  (O ;  -  T ;  ̂ * \ 0 \ 
wher e O ;  i s th e outpu t  value ,  an d T j  i s  th e targe t  value .  Th e 
scor e i s representativ e o f  th e deviatio n o f  th e tes t  imag e 
fro m th e prototypica l  image .  Therefor e a  lo w valu e 
represent s a  hig h degre e o f  matc h betwee n th e prototypica l 
and tes t  image . 
(3 )  Vertice s ar e considere d t o b e wher e curve d line s 
intersec t  on e another . 

In order to determine if the trained networks 
exhibi t  position ,  scal e an d rotationall y invarian t 
characteristics ,  th e networ k traine d t o recogniz e a 
chai r  i s  furthe r  tested .  Scaled ,  shifted ,  an d rotate d 
chair s ar e presente d t o th e net .  Th e ne t  i s abl e t o 
successfull y identif y al l  suc h object s a s wel l  a s 
distinguis h th e chai r  fro m othe r  object s (e.g .  cup , 
lamp ,  triKk ,  house ,  an d rando m patterns )  (Tabl e II) . 

Relate d W o r k 

This work complements three other systems designed 
t o evaluat e th e computationa l  feasibilit y o f  R B C 
[Biederman ,  1992 ;  Bergevin .  1993 ;  Dickinson ,  1992] . 
The P A R V O syste m [Bergevin ,  1993 ]  take s noise -
fre e lin e drawings  an d extract s geon s fro m segmente d 
region s t o d o objec t  recognition .  O P T I C A 
[Dickinson ,  1992 ]  focuse s o n th e segmentatio n o f 
region s fro m noise-fre e lin e drawings ,  bu t  doe s no t 
perfor m ful l  recognition .  Th e syste m b y Biederman , 
et .  al .  [1992 ]  extract s geon s fro m lin e drawings ,  but , 
simila r  t o [Dickinson ,  1992 ]  doe s no t  recogniz e 

Objec t 
chai r 

shift left 
shif t  u p 
shif t  down/righ t 
shif t  up/lef t 

scale 50%2 
scal e 8 0 % 
scal e 1 2 0 % 

rotate 15°^ 

cup 
lam p 
truc k 
hous e 

random lines'^ 

rando m vertices ^ 

Score * 
3.00 6 

3.132 
1.76 4 
6.86 9 
3.23 3 

6.313 
6.38 3 
2.07 3 

2.813 

96.818 
87.59 0 
102.66 0 
102.37 4 

78.573 

89.00 3 

(1 )  Scor e a s compute d i n Tabl e I .  Lo w valu e represent s 
hig h degre e o f  matc h betwee n prototypica l  an d tes t  image . 
(2 )  Th e ne t  i s  no t  abl e t o correctl y classif y image s scale d 
les s tha n 20% . 
(3 )  Th e ne t  i s no t  abl e t o correctl y classif y image s wit h 
more tha n 45 °  rotation . 
(4 )  Randoml y draw n horizonta l  an d vertica l  line s wit h n o 
vertices . 
(5 )  Randoml y draw n vertices .  Eac h verte x wa s a  3  bi t 
vertica l  segmen t  connecte d t o a  3  bi t  horizonta l  segment . 

objects. Biederman's system is most similar to ours, 
i n tha t  i t  use s a  neura l  networ k architecture ;  i t  differ s 
by no t  explicitl y  identifyin g viewpoint-invarian t 
features :  analysi s o f  th e neura l  network' s hidde n 
layer s i s require d t o mak e suc h feature s explicit .  I n 
contras t  t o thes e systems ,  ou r  syste m i s  abl e t o 
explicitl y  identif y a  viewpoint-invarian t  imag e 
featur e (vertices) ,  an d correctl y identif y object s i n 
nois y (contou r  deleted )  images . 

Thi s wor k bear s som e similaritie s t o recen t 
researc h i n objec t  recognitio n usin g neura l  networks . 
Spirkovsk a an d Rei d [1992 ]  us e network s fo r  objec t 
recognitio n whic h displa y position ,  scal e an d rotatio n 
invariance .  Th e majo r  differenc e i s tha t  the y hand -
cod e th e invariant s int o th e network ,  wherea s th e 
wor k presente d her e attempt s t o "learn "  th e invariant s 
necessar y fo r  recognition ,  an d doe s no t  assum e the m 
a priori .  Souce k [1992 ]  present s som e othe r 
example s o f  neural-net-base d objec t  recognitio n 
system s whic h ar e als o scal e an d translatio n 
invarian t  I n addition ,  th e us e o f  neura l  network s fo r 
scal e an d translatio n invarian t  patter n recognition . 
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suc h a s handwritin g recognition ,  i s widesprea d (e.g . 
[Fontaine ,  1992 ;  Fukushima .  1983]) . 

Discussio n 

We have described a neural net analysis of one aspect 
of  Biederman' s R B C theory ,  th e stron g dependenc e 
of  th e objec t  recognitio n proces s o n th e us e o f 
vertice s an d weake r  dependenc e o n edg e mid -
section s a s regio n segmentatio n cues .  Thes e 
experiment s provid e experimenta l  confirmatio n o f 
Biederman' s claim s o f  th e viewpoint-invarianc e o f 
vertice s i n 2 D lin e drawing s bein g critica l  t o objec t 
recognition .  Furthe r  wor k i s neede d t o prov e tha t 
R BC i s a  computationall y feasibl e explanatio n fo r  th e 
human visua l  system .  Here ,  i t  i s simpl y show n tha t 
lin e junction s ar e a n importan t  invarian t  propert y o f 
2 D lin e drawings ,  sinc e recognitio n fail s  fo r  mor e 
tha n 2 5 % verte x deletion . 

Fro m th e perspectiv e o f  2 D objec t  recognition , 
vertice s ac t  a s a n imag e primitiv e i n th e networ k 
presente d here .  Thus ,  objec t  recognitio n exhibit s 
scale ,  shift ,  an d partia l  rotationa l  invariance . 
Achievin g rotationa l  invarianc e ha s prove n t o b e a 
har d proble m i n th e are a o f  2 D an d 3 D objec t 
recognition ,  s o i t  i s no t  surprisin g tha t  th e neura l  ne t 
presente d her e doe s no t  exhibi t  complet e invarianc e 
t o rotation . 

F u t u r e W o r k 

We intend to extend this work in order to achieve 
highe r  degree s o f  rotationa l  invarianc e fo r  2 D an d 
3 D objec t  recognition .  O n e approac h currentl y bein g 
considere d i s th e determinatio n t o wha t  exten t 
vertice s m a y yiel d invarian t  cue s fo r  achievin g 
invarianc e unde r  perspectiv e transformation .  Ou r 
futur e wor k include s studyin g ho w neura l  network s 
can b e use d t o "learn "  invarian t  propertie s othe r  tha n 
objec t  vertice s an d geometri c propertie s know n 
analyticall y  (e.g .  conies ,  set s o f  lin e an d points ,  etc. ) 
[Forsyth ,  1991] .  Thi s extensio n i s concerne d wit h th e 
fac t  tha t  fe w example s o f  geometri c invarian t  ar e 
currentl y know n [Forsyth ,  1991] .  Sinc e suc h imag e 
propertie s ar e clearl y crucia l  t o an y efficien t  wide -
rangin g recognitio n system ,  th e librar y o f  invarian t 
feature s need s t o b e extended . 
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