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Abstract - The pcaprbr d ~ a r s r b ~ s  n nrttl rrr~thnd of nhrrdrl 
pPnrmlton that can ht* t i ~ ~ d  jot' .?+D ~ T L P I J P ~  o/+jwt wroyni- 
!ton htj inrnns of c v ~ d ~ n r r  mllrc t tnn through hirrnrrhrral 
j ) o m n w t ~ r  nrts. T ~ F  modpl d a t o b n s ~  ts rnmpospd of o # P I  of 
htgh-d~ntrnrxonnl t n l ~ v ~ ~ t n t e o n  t a h l ~ ~  r~bitb J ~ e h r r  p a w n -  
r lers ns thtrr r n d i r r ~ .  In thf mndd grnrmlton PTW~SR. the 
tnhb.p nw wqt.gtpwrl with olqrrf h y p o l l ~ r ~ ~ ~  nssor'tnt~d vi1tfh 

pow-~nt!apalan( f rn tu r~s  that m r r  cs!rnrltd from sample im- 
I~( IPR 01' C,'AD dntn Thp ~nrpn'anl nspcrl of thr rrlrthod i.r 
rhnf  fmttrrp sa l t~nrq  w p w s r n t i n g  dlqrnmrnnt tng pmtrrr oJ 
thc  f rn! t~w ,~  .ran be e a a h n i ~ d  awtotrlnttrcally and s trnrt l tan~.  
orrslv mfh f h ~  frnt?ur rrgrstmtion. Arr nlgrrrrlhn~ for ~ ~ m h t -  
r i t~ng  16r fr nt1arP cn1rrnr.y 1s prn~o,*rd on ~ I L P  I ~ . P I . P  oflramrng 
rrtrrhnntsrrrs aJ ncirml nrlrr~otss. I f  rs ahnwn lhml thr dpn- 
rithnc ran b~ P O S ~ I ~  prnploy=ri for mndplinq c*~rnr~d o b ~ r t s  
u~hhos~ surfacr patches can $r tmnsjorned tnio  a unnry und 
ti htrrur?! pnlarnrtr.~ aprtrcs. Rrsrrlts ofsnnir s i n ~ l ~ l o t t o n  ~ x -  
j~r t~r~ i rn t l s  an r q m r t t d .  

1 Introduction 

M m ~ y  11i~11-lev~I viaiorr syntvtns r ~ r l u i r ~  a goor! urr nf t hr  
rrlt:va~~t knowlrrlgr of thr  o\?jrrts to kit! r w o p i z ~ d .  111 a 
r t~r)drI-bas~d t)!sintr , ~ y s t ~ r n ,  thr  knowfrd~r i~ usrldty o1pl;l- 

~irartl in ti mod~I  ~WSP whicl~ plays x r.rllr:ial roIr for t h ~  
\~~rfornlancc  of thr wholr gstpru. In ~rnrral.  t h ~  nlncl~l 
fcrrrratii,i~ ~I'OCPFS ~ I I V ~ V P S  f i~ l lnwin~ two rlla1n parts: 

Extrwti~lg cll;u.actrristic- frattires of the 11iodt-l objrvt,~ 
Fmm s,unl)lrl trairlillg iillxgrls or CAD rlata. 

Registering ttic ext,racted f~a tu r ra  illto n1otl~1 rlatabwr: 
with a good strurttrrp fio that t l ~ q  ran I)r taken into 
r~r:omit lo11 cnuv~nier~t ly. 

T l ~ r  Fraturc extrartioir is a raqy task 4 i t w  inaIly ~fficrcnt 
nlgoritllnlu ror t h ~  fraturr pxtraction a r ~  availabl~ ([3] !. T h p  
f i n t t ~ ~ r  spq ia tmt~on .  I l o w ~ v ~ r .  13 111url1 rZiffictiIt to perfornl 
nx  c.rb:r~parrd rvltll r l i ~  frat.ilrt tlxt,rat.tion In t l ~ r    no st of 
itindr>l-h;cr~d m~tliotlu proporrrl tit~til now, ~ I I P  f ~ a t u r ~  rpg- 
1qtratinii IS C R ~ T ~ N ~  oilt hy indrxlng mode1 fratlirm irlto sonle 
r n f ~ q r r r t o t w n  Irrlrl~q that. arr  I I R I ~  tn protlllrr. r t l  t l ~ f  rrrog- 
n i t~nn pl-~xqq~. Itypnth~fies at.rortIi11~ to .qtxrIsorg irlfo~rnat~orl. 
Thr  table c t~l l r t r~rer  arp listtally very s i n ~ p l ~  and t l ~ r  inlyol- 
tarit point for rrliablr rwuq~~itinrl  19 to me as mxnp fraturea 
xk ppr>w~t)lt, for s ~ t t i r ~ g  up rorrrrt Iiypotllmeu 

0 1 1  tllr> o t l i ~ r  I l a ~ l t l ,  I l ~ r  iavrrmts~ of thr f ~ a t r ~ s ~  nurltl>~r 
will n l ~ k r  the sim of C l a t n t ) ~ ~ ~  vrry la~gp. and in co~lsr- 
rliIrrhrr. the rhost for h ~ r l t h ~ ~ w  ~rrmfiratton n ! r r ~ a ~ r ~  draqti- 
rally. A rmaqnl~able nlociifiratior~ to t l ~ e  f~aturr  rcgrstrarion 
ptocrm is to ~ssor ia t r  wit11 earh ~ndrxed f e a t u r ~  a r o ~ f i -  
I lrr~t kltow~t~g ths d ~ s c r ~ ~ l ~ ~ t ~ a t l t i g  pnwm of the f~atrtre For 

difcsrnt r ~ r o ~ n i t ~ i o n  I>lirpnsm TIIP tllsrrinii~lat~ing powrr is 
n~r~a l ly  rrfrrrml m tto jtalam .snlirnrp and i t s  I I R ~  will iaril- 
itatc IlypntE~rsis vtrrfirat,ion hy nrgl~ctinp; s l n r p  nllrnhrr 
of lm potential l i y ~ ~ o t l ~ m r s .  

rnl n ~ t t o n r k r .  It. IR X ~ R ~ ~ ~ I I P I I  that ,  ill t h ~  itiorlr~l pnt-ra- 
tier1 process. siunj~Ir IrlIagrs nF u i o d ~ l  01)j~cts a r r  PIIORII 
In turn to tIlc rnodcl-'t)uilrlit~~ inodihcs that pxtrart p0 .w  
inrjnn'nnt [ m h r r s .  TIip fr.at!ll-r~ ,WP tllm rt.~istvrrtl irito 
uotnp interprrtntiori ~nhlra  with the frxture p;irarurf,rrs nq 
t.l~pir intlicrs. At t 3.10 wnlrlcn t itilv. a t Eircu-layrrs nviu d rirt- 
work is r o i ~ t r ~ i r t e r l  for rwlrh t~ i t~ rv r~ ta t . i on  tshlr, with it% 
input. cells corrmpondinp; t,o titblp entries arlrl its out~lut  
cells t-o possilde nlorlrl rd~jlbrtu. Dtirli~g t.11~ re?atr~r+l rPKlu- 
trariot~. t11c rirtwnrk in irprlat~11 tlp u . s i r ~ ~  tllr WPII-krioan 
hart-pmpngntron algnritlut~ wtth trair~ing arlrl trachrr pat- 
tpmu fornlrd rsnm t l ~ r  ~l~t l rxr t l  tal>lrs. Aftvr t f ~ r  rragixt ra- 
tion, ir~pltt p a t k ~ n l ~  rorrr~pott(!i~ig cacb to a rablo m t r p  arr 
Fonlied mltl sllnwn to tlir t,rainerI livtwork in RP(IIIPII(:+~. Tllr 
o ~ ~ t p u t  signal ir t h n  1inrr1 ns v a l ~ ! ~  of the sdirnry co~fisirnl 
for the C O I I R ~ ~ P T P ~  f ~ ~ t ~ i r ~ - ~ ~ ~ d - o l ) j w t  pair. 

The rr~odcl hasp 1s tilo'it ~ 1 1 i t ~ t 1  hjr thp  o1q~c.t ~ w o ~ r ~ i -  
tion h a ~ w l  on t h ~  paran~ter- rwts  approarll, in wflicli t tir 
evidcnrr for globally uotlxlrtrbtIt ititrrpretationa is ri~llt~rtetl 
throunlt gorntx I~i~rarr+Ii~r-xl ~ l ~ t w o r k s  (Il], [2] 1. This corn- 
~mtted salie11r.y c.oeKr.i(=rit:: of the tahl~  ~ r ~ t r i c s  r i l r i  tlr: usrtl 
to sprcify thr  itlrtial nlatr {lf tlip rlrtwork~ to ~ l c r f o r r ~ ~  rllr 
rvolvin~ mmtmin t ~ f l l t~ f i r -n t ron  ~ . W C I I . ~ .  Gpnprally nprak- 
ina, thc main arlvar1tap;rn of silrh a11 approar:l~ are thr trJrr- 
MICF t o  imagtb noiatls mld oc.rlilsiona as wr~ll xs tl113 ~ W ~ ~ I P R R  of 
the on-line recogition. I t  is 11ot~(i that, tlie nlodel i s  fit also 
for interpmtnfinn irpf (IT) approach if t,hc requlr~d srarch 
prorms is planet1 by 11rir1y: ttlr f ~ a t l ~ r ~  sa l i~nry corfitir:irtlt:: 
rlcl. [lo],. 
In our C I S ~ ~ P I I ~  illl~~ll'll1~ll~~t10tl. the ~)rin~itivf pour- 

ir~variant. f ~ a t l u ~ s  arr rltnsrn w 1mary andl binary rcm- 
straints for derrrrlhirl~ s i ~ r f a r ~  patches vn the model rdi4acr 
s11ri.w~~. Exprrlmrt~tal r ~ ~ i i l t s  sl~orving 1)~havrors of t l ip 

proposetl n~etltori arr  r)rr~rrrti.tl. 

2 Interpretation Tables for Modeling 
Irltprprctation tatilm wr a kirlrl or data utrtlrtilrrs wll~ch 
nrsoriate i n t ~ r p r ~ t a t i o t ~  t~p~)r)tltmr~s with rlrorlr.1 fi+alllrrxs tn 
produce an ef l ic i~t~t  feat~u.r> ~ i ~ a t r ~ l i i t ~ g  prnrpdilrp ( [ 5 ]  ). Cor- 
rcsporlding to a npcrific{l f r a h ~ r r  tyjw,  a11 in t r ry r~ r t~ t io r~  
t a l h  is ii Iri~h-di~rl~nsirlr~al t n 1 , l ~  wit,lr t,Ilp fexturp param- 
etrm a8 I ~ S  I I ~ ~ I C W  Fur a f ra t i~rc  F with n pxmnrrtrm. 
an interpretation table ran hp constn~cted by specifyirig 
Ihr irtdicrs of t l ~ p  t ahlr r n t r i ~ a  nq kF2 . .  . . . kFn ), o r  



sitllply k ~ .  where BrC quantified parmnpter vkltt~s. The 
rrrordwl itemu in the entries are Elypotlirses amociat~rl with 
t l ~ r  r:orresponding features. In ohject reeognlt~ort, ~f a fea- 
Lure located xt kr belonp to model  object^ M,. Mb , .  . ., 
t.11~ rrcord of t . 1 ~  ratly cat) he writtrn M 

wbrrr M,. Mb. . - . indicat~ t t i ~  hypoth~lles atloilt ohjrcf OC- 
culrcnce when F is found in Rensor data. If multiple types 
of f~aturw arP ~ r ~ e d .  the sante number of tables s110i11d he 
ronatructed. 

In parameter-neta approach, the init,ial hyputt~~uw gener- 
atctl frotn the tables can he sent to pmunrter n~twnrks fnr 
p t t ing  ~IobrElg consi~tmt intcrpret~tlons via, a canstraitlt, 
satisficat ion protms. IF the t~vpothpaes have the ~ m i e  pmi-  
t~ility for ~lnpporting each interpretatior~. the conrrtr~nt ~ x t -  
infiration pr&CeRR usually costs B long coniputationd time 
tjefor~ reaching the  table state. In fact. I~o~~ever .  each fea- 
burp reg~sterpd in the tablm I I ~  a diR~rent disrrin~~~irrtlng 
powr for thp. recopition of diff~rent, ohjerts. For rxrrtn- 
plr, tlrr! featnrm belonging to only onp o b j ~ r t  will proviric 
u~tich Rtlanger evirIcnrr for occIirrmce or tlw ohject than 
the othern, asld it hence will play a more important role 
111 rwogming the ohj~ct.. To evaluate t . 1 ~  disrrirritnating 
pourer, WP armr b h ~ t  II saliency coeficierit ~hould he =so- 
(:~fited with rarh frat.ur~-mtd-object pair provided t h ~  3ct of 
motlel ubject i4  give^. Accordingly, tthe record of the entry 
rorrcspondin~ to feattlre F shollld he hewsitten aw 

W ~ ~ C I ' P  Ce,Ch, .  . . arr valurs of bhe saliency coefficientn. 
The use of feature saliency ha3 received attention of many 

rmcarcllrs9 ([6]. 171. [8l). somc a l~or i th rn~  l l ~ v c  h w r ~  pro- 
powd for evallltlt.lng f~atlir? saliency for rl l~? points or 3- 
D data points on the bhsi~ of comparl~on of edqe or Bur- 
farr ~llapes (Ill]. 1131). However. them is IittIp a t t ~ ~ ~ t . ~ o n  
tlfa!, hrur hem paid For romputing t lw rn~f f i r~e t l t~  for 3- 
D structtrral f~at~urm. We Iltrve desiped al~ori t t i~n for 
~)urfornlir~~ the co~r~yt~t,ation for unary ronxtmnntn on Hnr- 
FWP f ~ a t t l r ~ ~  ([12]), and, in the papvr, W P  uhall nlndiiy t'tw 
alp;u~.ithn~ to  takr int.0 acrorlnt t . 1 ~  bianrg, ronsfrninta or1 
1.1.1atlot1n L~t,wccn, nr nmong. f ~ a t u r ~ s  

3 Pose-Invariant Scene Description 
3.1 Patch-Based Object Deacription 

A ~naili Factor dom~nattr l~ performmcr or model-hwd ~ p -  
fP!llR is the h e 1  o l  the U R W ~  model f~aturm. Irl our method. 
w r  awlme both sruuple and sensor images inclrirl~ only o l ~  
jecta that ran t ) ~  drarriherl as a Ii~t,  of ianfat,rd ~nrfarr  
pat,{:h~s. Suppow a H R R ~ P ~ P  image I R  s ~ p ~ ~ ~ n t t d  Into rn 
patch~u TI. P2. - .  ., P,. Then. the wene S projected to 
tllr ~ ~ u a g ~  can br seprwnted 

It  h a ~ ,  bwrt A ~ I O W ~  that tht! patch-bh~d dmription is a 
conlpact scene rcprcsri~taliun bhat hiw 1 1 1 ~  fol lowln~ prop 
trtiw. 

* -4 significxit percrntagr of nixnr~far.ttirrd part* cm b? 
pprFrctly r r p r w ~ t ~ t d  nr w~ll  approxiuiatrly hy a small 
rt~lnlber of sillface patr:hrs of ~ i m p l ~  K ~ W P S .  

* description i s  e w y  to obtair~ l y  using 3-D RetlROV 
data siich RA ranp 1rltngt.H (141. I S ] ) .  

The dcrrcription prrservm rnany global propwtim of 
t.hc rl~surihrd otljrct-q. It ;ucrurtas that ahhsence of aomr 
R I L ~ X P  polntti in a semed image will not catw harm 
to bwka R U C ~  ~LS object idetltification. 

Given isolated patches in a ~egmented ima~e. wc need 
dsa to desrrit~c tllern to get a rornplrtt! d~cript ion of the 
scpne. In ~ ~ t r e r a l ,  trat~slation- and ratation-invariant (pose- 
i~lvariantl cf~scriptions are prefarable becaliw they are not 
~11~cept i I ) l~  to t h ~  C ~ ~ I I R P R  af ot~ject paws in a 3-0 space. 
It] thr fnIlowir~g. we ~ h l l  ~ ~ A C I I R ? ~  on Rome of uuch pow- 
invariant constrait~tx 011 patcli dcsrriptiot~. 

3.2 Unary Constraints on Patches 
To describe a nwne inforn~atively, ~t i~ necessary to spec- 
ify the types and puametpm of patch~n in the uep~nt .ed  
imng~.  In the ni~tlrod, wp R I I P P ~ P  that. only four t,yptt~ of 
a r ~ r f x ~ s  - planar, spheric. cylindricd anrY conic tlurfaces - 
appear on the O ~ ~ P C ~ R  to b~ niod~lprl. Then, a patch P, 
i t r  A sensor-orient4 roordirratc Ryatern can be described by 
t h ~  identificatiorls of its pririritivp typ?. grneral type, m d  
a trriplrt P, =< I,.o,,s, >. where I,,e, and a, ~ndicate, r e  
spectivcly, its location and ori~ntation vpctors and  it,^ nize. 

w~itlg the wnsor-oriented description, we wpresent the 
pm-invariant zltjav tonstraintn on the patch t?y x fmturr 
Ircrlnr rw 

k , , / P , )  = Ik,i.Elz.l;,3), ( 4 )  

w l ~ ~ r e  Fi,  (1 5 k,, 5 N,, )  we d u ~  of the pmttnetcrs that 
are chmen to describe the patch. All of the mmbinxtiona of 
k,J forms thc fenlaw spare of  the i r n q  pxt.rh dmcription 
x11d  it^ s i ~ p  Z is given hy Z = n:='=, N , .  

The fcaturc vector is defined zu follows. 

k;,: primitive type: 

I : if PI is a plmw one; 
2 : if P, is x ~pheric one: 
3 : if PI i~ a cylindricai one; (51 

4 : i l  PI is A ronir: oirp 

kI2: general type: 

1 : if 'P, i R  x convex One: 
k,2 = 

2 : ~f PI is a concave one. (6)  

e k,a: patch aizs: 

where r ( x )  i~ a furictior~ qu~tifying x into integer, k,M 
the maximurn for tllp size descr~pt~on, a~ ant1 s~ tlre 
upper and low bounds of the size, rqectively. 

Fiq.3 ~ 1 1 0 ~  tthe sample irnagea we iiwd in our expri-  
nwnta iuld, hy nwrmling khr = 4 ,  the Scene-3 in the figlm 
is d ~ ~ r r i h d  ~ZR 

3.3 Binary Constraints on Patches 
l3ir1a1.y constrwrits d w r i l ) ~  r ~ l a t i n n ~  between pxtchm ex- 
tracted From ample  images. Suppo~e we have two pawhen 
P, and FJP,, which rlm:rihd iw 



r ~ > r p ~ r t  ivrly. I I I  t,he ~rr~sor-orirnttd roordlrtatcs. Tllr post.- 

illvariant hinary coristraints art- then dcfcribctl as a rclofaon 
~ P I ~ ~ P L W  IIPCtOr' aR 

wlirrp k, ,  1 i~ rnmhinatinn OF the prill~itiv~ t,yprs OF t , l l ~  two 
~mt,rllrs. xr~d klI2 a pow-invarimt pmarneter. T11r: follnwing 
rliows a ~ i r n p l ~  ~ x p l ~ n a t i o n  of the definitiw~s. 

E l , [ :  combinntion af primitive types: 

Thr vali~rn of k,,l art3 shnwrt in TPLhlv 1. w h r r ~  plant, 
ifl denotrrl an P, a p t t ~ r ~  iw S. rylirtrler an Y, xnd roue 
as dl. 

kTJ2: relation parameters: 

wliere r(r). kM.rbr and rx we drhrtl in tlrr mmr 
way M the SIXP c ~ n ~ p ~ ~ t a t i o r l  in tIir unary rborlstraint 
rle~rrlpt~inn. r,> i a  tlw tlistancr b ~ t w r n  t11~ lorations. 
or angl~s hetwpen rile orientation vpctora, of the two 
patchcs. It ~ I W  hren s11owr1 that such parrutiratPrr; an: 
1)0~~-111variant and ran 1 ) ~  emily rompntmt from the 
sensor-oriented d~ncr ip t io~  giwn by erl.(9). 

I n  R P I I C I . ~ .  thr rrlational ronstraiut,~ can l ~ e  rxtcndrcl to 
~ o u p s  of more thrill two pxtc-lwn. Wr irnr only binary corl- 
straints hprp tnaiilly L ~ c a u ~ r  large grouts of patches will 
lrsad to l a r ~ ~  nu t l~hrs  of t,ht> tahle dinrmaions allti it will 
ron~plicat.~ thr 1~wning prorPss for aa l i~nry  c:on~piit,ation. 

patch 
pair 
k1, I 

4 Neural Saliency Computation 
Many factors in an nbjprt rlesrription haw infliirncr on 
nrr~irwi~cr  of rnorlel ohj~ctn. Some smrarchem have at- 
t.~nlptecl to compute ~alirncy of n b j ~ r t  I~at.ilr~s on tlir ba- 
sis of ~wmctr ic  or statmistir: prnpcrti~s of tlir f r a t l ~ r ~ s  ( [ T I ,  
1113). 01. frorn t.he viewpoint of patch vi8ihiIity ([&I). 

Tl~enrrtlcally, t h s  ua1i~t11:y romputatiorr tank ran l)r corl- 
aidrrpd zu A lrwning prowsR hwwt on aolnta xiven t raini~q 
patterns. WP haw d ~ s i p e d  an dgorithru ~ r ~ i n ~  the fra- 
turr Irnrning conrept mid iniple~nevt~d it with xrl artificial 
i~ettral ti~t.work. AR shown i t )  Fig.1, the nrt.wook Iiw t h r ~ r  
lny~rs  of rrlls. Each input cvll is wsoriat,rrl with rarh entry 
of thr rollsidrrrd ~ r ~ t r q w t a t ~ n l l  tahle. Aftrr t h ~  tl~srript,inl~ 
of a train111g image is ~xtrartrrl. thc input. ( : ~ l l ~  awnciated 
wit11 t.hp patch~s ir i  b h e  drw-iptiori a r v  activated. That is 
In say, ~iv13n tllc rxtrwt~rl inkage d~srriptin!~, wr urt the 
l n p ~ t  signal& to the input cells rclatcd to the registered fea- 
t.111rs t , ~  1, and 0 mtherwise The o u t p ~ ~ t  cells nf thr network 
RrP wsnrint~d with tEw P O R R ~ ~ ~ P  r n o d ~ l  okiwt,~. WP know 
frorn tlic srunpl~ in la^^ what ohjwtn aw OrrurrEnR and the 
tr~rher ~ignals sl~owing blip ot:rnrrt:ncp of bhr r11orl~l ollj~rta 
cnrl be then tletrrmincd by the knowlvdgc. 

T~PIP WP a training p11;~qr m d  a perfor~nalic-r phasc* in 
Iliv prorpss of c o i u p ~ i t ~ i ~ ~ ~  salirnr.y ( : o I + ~ ~ ' ~ P T I ~ H  tlir txl)lr 
rrltrim. The training pllnre rs intel~rl~d to ~ n ~ n ~ o r i x r  Ihr: 
patvh occbirrrc:nt'P in the t r d n ~ ~ i ~  inlaps by ~nndifying the 

input cells output ceUs 

hidden cells 

f f P I  1 

P P P  

w~iplht ropfficients of t,hr nrt patllways. Let, t h ~  wriqlrt 
ro~ffic:ierIt, of the  pat11 out from r-th of tht! (k-I)-th layer 
~ l r l  to the +tI1 r ~ l l  r+F ~ I I P  k-tb Iaypr I I P  d~lmterl by ~ t r f - ]  :. 
The c ~ l l  nntput, s i p a h  wc cornl,tit,rd hy 

where 
1 

f ( t l  = 
1 + expl-t/~sof' 

113) 
P S S  

Then. I>y tislng tI1c1 t ~ a r l ~ e r  ~imal~  dprivml from ttw training 
image, the weight rorffiri~nts nf the patlies are modified by 
the tliflerpncu of thr trnarhvr ~ i g n d  y, mrl t l~c  nutpilt ~ l g r ~ d ~  
0; from the output cclk m 

where r is a snlall ~lositivr nuflibrr ~pecilyirig rna~~iiturlv of 
ewh modification. When a trai~iing i m a ~ r  is rqistered, the 
npt,work starts tllr nlodification wrording to thr  r ~ ~ l w  givm 
abow rqlpatpdly until ~ I I P  Prror s i p 4  tlptwwn t h ~  m t -  
put and trachrr ~ i ~ n x l s  is IPSR t,tlan x sprcifi~d VAIIIP. This 
learning algorit)~tr~ is hm~d on trip typ~ral Imk-propapt Inn 
technique whose cnnvvrgcnce is di~russcd in J n ~ u q t  rbvcry 
t.ext about neural rlctwork tlleory leg. [g]).  

In thr p~rformat~r~  jlhnse, t l~r salirnr-y r:o~firlmt,s art= 
cdculxt,ed hy the fnlwarrl prrfornlanr~ of the trained net- 
work. Assr~nle thr ta1)lr hnu n,, m t r i e ~ .  Then, r ! ,  input 
pRt,tPrns ILPP for111~d Rn that, 011ly mtir input: c ~ l l  is activated 
in each pXttPr11. Tlw i~ipnt ~lat . tenl~ a r ~  bh~n R ~ O W I I  to 
the input laypr, a~ici the orltpirt sigilals arr takr11 w valu~u 
of t.he aalirncy cnrffirirntq of bht- corrrxpnr~dir~g rritrir~ for 
recognizing the c*onsid~red model ol~iect-q. 

Whenever a new tuod~l nhjwt is takcn illto a r c o ~ ~ ~ t ,  WP 

h w r  ta twtahlish atir !nore o t r t p ~ ~ t  r ~ l l  111 tllr network and 
restart the tralnirlg ptlnsr all over a~xirl. Sitlcc t,hr rnodrl 
generation prnrpss is ilrrrdly rxrri~rl o11t by off-line optbr- 
at.rona, the computational t,inw r~cluirrrl it1 the r r ~ t a r t ~ d  
procPRs is not prol,l~n~atic:. 

P S Y O S Y O Y O O  
1 2 5 4 5 6 7 R 9 1 0  

5 Exeperimental Results 
Wr havp m;~dr snnir rx~l~rirnent ,~ on synth~tir  SI:PIH' C ~ P -  

svri~t,ions to  flow rllr Frmihility nf t.hr proposed ~nrthod. 
Results of  on^ of them RI-P ~llustratrd i r ~  the followitlg, 
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scene 1 scene 2 scene 3 

(a) Object-A (b) Object-B (c) Object-C 

Fig.2. Model Objects Used in the Experiments. 

The model objects supposed to appear in the observed 
srenes are Object-A, B, and C shown in Fig.2. Six train- 
ing scenes, three of which are shown in Fig.3, are formed 
t,o carry out the training of the saliency computation net- 
work. In the example, we consider only the learning for the 
int,erpretation table constructed for unary constraints. The 
number of the input and output cells are chosen a s  32 and 3, 
respectively. The number of the hidden cells are 16 and the 
parameter uo in eq.(13) is 1.0. After the training patterns 
we shown to the network one after another, the network 
reaches its stable state after 238 times of inodificatioii of 
t,he weight coefficients. 

ARer the t,rainiilg process, t,he outputs of the network 
for the input patterns corresponding to each table entry 
is measured. The saliency coefficients of the patch-and- 
object pain are derived as illustrated in Table 2, 3, and 4, 
respectively. 

The results show that the saliency coefficients related to 
the patches belonging to only one model object have much 
larger values than some others. This is consistent with the 
meaning the coefficients are expected to have. 

6 Conclusion 
The work is aimed at solving the problem of feature saliency 
computation involved in an automatic model generation. 
An algorithm based on neural networks has been proposed 
for accomplishing the computation. 

Feature saliency conlputation is a very useful technique 
in dealing with 3-D object recognition problem. By using 
the method, it is sufficient, in many recognition tasks, to 
niatch a small number of patches of greater saliency for 
dctermining occurrence of specified model objects. In par- 
ticular, the saliency concept is very suitable for interpret- 
ing images containing occluded surfaces since the absence 
of soine less important patches does not hinder the whole 
rrcognition task. In the future work, we shall try to ap- 
ply the saliency computation algorithm to other types of 
invariant features, such as 2-D edges. It is also worth while 
t,o inveatigate how to use the computed saliency coefficients 
in general constraint satisfication parameter nets. 

Fig.3. Three Training Images Used in the Experiments. 

TABLE I1 SALIENCY COEFFICIENTS FOR PATCHES ON 

OBJECT .4 

11 7% 1 P$ I P2mR I Pi7 1 PG 
Ohiect - A 11 0.80 1 0.07 1 0.06 1 0.05 1 0.06 

Object - A 
Object - B 
Obiect - C 

TABLE IV SALIENCY COEFFICIENTS FOR PATCHES ON 

OBJECT C 

Object - B 
Object - C 

pi'i 
0.80 
0.33 
0.00 

I l  p3"f I p3m2 I p2 I 7% 
Obiect - A 11 0.43 1 0.80 1 0.00 1 0.43 

I1  I I I 

Object - B 11 0.02 1 0.05 1 0.26 1 0.02 
Ohiect - C 11 0.37 1 0.04 1 0.90 1 0.37 
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