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Abs tr act

Asel f -organi zi ng ARTEX model i s devel oped to categori ze and cl assi f y textured image
regi ons. ARTEXspeci al i zes the FACADEmodel of howthe vi sual cortex sees, and the
ARTmodel of howtemporal andpref rontal corti ces i nteract wi ththe hi ppocampal system
to l earn vi sual recogni ti on categori es and thei r names. FACADEprocessi ng generates a
vector of boundary and surf ace properti es, notabl y texture and bri ghtness properti es, by
uti l i zi ng mul ti -scal e �l teri ng, competi ti on, and di �usi ve �l l i ng-i n. Its context-sensi ti ve
l ocal measures of textured scenes can be used to recogni ze sceni c properti es that grad-
ual l y change across space, as wel l as abrupt texture boundari es. ART i ncremental l y
l earns recogni ti on categori es that cl assi f y FACADEoutput vectors, cl ass names of these
categori es, and thei r probabi l i ti es. Top-down expectati ons wi thi n ARTencode l earned
prototypes that pay attenti on to expected vi sual f eatures. When novel vi sual i nf orma-
ti on creates a poor match wi th the best exi sti ng category prototype, a memory search
sel ects a new category wi th whi ch cl assi f y the novel data. ARTEXi s compared wi th
psychophysi cal data, and i s benchmarked on cl assi �cati on of natural textures and syn-
theti c aperture radar images. It outperf orms state-of -the-art systems that use rul e-based,
backpropagati on, and K-nearest nei ghbor cl assi �ers.
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1 Introduction

1.1 Ba c kgr o und a n d Be n c hma r k s

The brai n's unparal l el ed abi l i ty to percei ve and recogni ze a rapi dl y changi ng worl d has
i nspi redan i ncreasi ng number of model s aimedat expl oi ti ng these properti es f or purposes
of automati c target recogni ti on. On the perceptual si de, the brai n can cope wi th vari abl e
i l l umi nati on l evel s andnoi sy sceni c data that combine i nf ormati onabout edges, textures,
shadi ng, and depth that are overl ai d i n al l parts of a scene. Thi s type of general -purpose
processi ng enabl es the brai n to deal wi th a wi de range of imagery, both f ami l i ar and
unf ami l i ar. On the recogni ti on si de, the brai n can autonomousl y di scover and l earn
recogni ti oncategori es andpredi cti ve cl assi �cati ons that shape themsel ves to the stati sti cs
of a changing envi ronment i n real time. The present arti cl e devel ops a newsel f -organi zi ng
neural archi tecture that combi nes perceptual and recogni ti on model s that exhi bi t these
desi rabl e properti es.

These model s have i ndi vi dual l y been deri ved to expl ai n and predi ct data about how
the brai n generates perceptual representati ons i n the stri ate and prestri ate vi sual cor-
ti ces (e. g. , Arri ngton, 1994; Bal och& Grossberg, 1997; Franci s &Grossberg, 1996; Gove,
Grossberg, &Mingol l a, 1995; Grossberg, 1994, 1997; Grossberg, Mi ngol l a, &Ross, 1997;
Pessoa, Mi ngol l a, &Neumann, 1995) and uses these representati ons to l earn attenti ve
recogni ti on categori es and predi cti ons through i nteracti ons between i nf erotemporal , pre-
f rontal , and hi ppocampal corti ces (e. g. , Bradski &Grossberg, 1995; Carpenter &Gross-
berg, 1993; Grossberg, 1995; Grossberg &Merri l l , 1996). The perceptual theory i n ques-
ti on i s cal l ed FACADEtheory. It consi sts of subsystems cal l ed the Boundary Contour
System(BCS) and the Feature Contour System(FCS) that generate 3-Dboundary and
surf ace representati ons that model the corti cal i nterbl ob and bl ob processi ng streams,
respecti vel y. The adapti ve categori zati on and predi cti ve theory i s cal l ed Adapti ve Reso-
nance Theory, or ART. ARTmodel s are capabl e of stabl y sel f -organi zi ng thei r recogni ti on
codes usi ng ei ther unsupervi sed or supervi sed i ncremental l earni ng i n any combi nati on
through time (Carpenter &Grossberg, 1991; Carpenter et al., 1992).

The present work devel ops the ARTEXmodel to cl assi f y scenes that i ncl ude compl ex
textures, both natural and arti �ci al . The ARTEXarchi tecture was bui l t up f romspe-
ci al i zed versi ons of FACADEand ARTmodel s that have been desi gned to achi eve hi gh
competence i n cl assi f yi ng textured scenes wi thout al so i ncorporati ng mechani sms that
are not essenti al f or understandi ng thi s competence. Just as the properti es of the FA-
CADEand ARTmodel s are \emergent" properti es that are due to i nteracti ons of thei r
vari ous parts, the properti es of the ARTEXarchi tecture are al so emergent properti es due
to i nteracti ons wi thi n andbetween i ts FACADEandARTmodul es. These newemergent
properti es are not merel y \the sumof the parts" of the modul es of whi chthey are deri ved,
and need to be anal ysed on thei r own terms.

Inorder to understandthe emergent properti es that are achi evedbyjoi ni ng aFACADE
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vi si on preprocessor to anARTadapti ve cl assi �er, ARTEXi s benchmarked agai nst state-
of -the-art al ternati vemodel s of texture cl assi �cati on. Our most stri ki ng resul ts are deri ved
throughbenchmark studi es that cl assi f y natural textures f romthe Brodatz (1966) texture
al bum, whi chi s of tenusedas a standardi zedtest of texture cl assi �cati onmodel s. ARTEX
benchmarks emul ated the condi ti ons under whi ch others benchmarked thei r al gori thms
on Brodatz textures. Asi ngl e tri al of on-l i ne i ncremental category l earni ng by ARTEX
canoutperf ormanother l eadi ngmodel ' s o�-l i ne batchl earni ng usi ng a compl ex rul e-based
system(Greenspan, 1996; Greenspan et al., 1994). ARTEXal so outperf orms K-nearest
nei ghbor model s i nbothaccuracyanddata compressi on, andmul ti l ayer perceptrons (back
propagati on) i n both accuracy and processi ng time.

The cl assi �cati on errors that ARTEXdoes produce are compared wi th human per-
cepti on of texture simi l ari ti es (Rao &Lohse, 1993, 1996). Acorrel ati on exi sts between
the psychophysi cal l y measured simi l ari ty between two textures and the probabi l i ty that
ARTEXwi l l confuse them.

ARTEXi s al so used to cl assi f y regi ons i n real -worl d scenes that have been processed
by syntheti c aperture radar (SAR). SARimagery has recentl y become popul ar i n many
satel l i te image processi ng appl i cati ons because the SARsensor can penetrate vari abl e
weather condi ti ons (Novak et al., 1990; Waxman et al., 1995). The SARimages present
a chal l enge f or texture cl assi �ers because they contai n pi xel i ntensi ti es that vary over
�ve orders of magni tude and are corrupted by hi gh l evel s of mul ti pl i cati ve noi se, yi el di ng
i ncompl ete and di sconti nuous boundary and surf ace representati ons. Resul ts bel owon
natural texture andSARimages i l l ustrate howpattern recogni ti onmodel s that are based
on bi ol ogi cal pri nci pl es and mechani sms can outperf ormmodel s that have been deri ved
f rommore tradi ti onal engi neeri ng concepts.

1 . 2 Ps y c h o ph y s ic a l Da t a a n d Mo d e l Pr o p e r t i e s

At l east twodi �erent approaches exi st to texture cl assi �cati on. Inone approach, the f ocus
i s on separati ng regi ons wi th di �erent textures by �ndi ng the boundari es between them
(Bergen&Adel son, 1988; Fogel &Sagi , 1989; Gurnsey &Browse, 1989; Mal i k &Perona,
1990; Rubenstei n &Sagi , 1990; Bergen &Landy, 1991). Another approach attempts to
cl assi f y the textures wi thi n smal l regi ons of a scene (Cael l i , 1985, 1988; Bovi k, Cl ark,
&Gei sl er, 1990; Jai n &Farrokhni a, 1991; Greenspan et al., 1994). Such an approach
di scovers texture boundari es by cl assi f yi ng the textures wi thi n each regi on di �erentl y. It
can al so cl assi f y l ocal regi ons whose textural properti es vary gradual l y across space, and
thus are not separated by a di sti nct boundary.

Gurnsey and Laundry (1992) have provi ded psychophysi cal data i n support of the
l atter type of processi ng by showi ng that human texture recogni ti on i s onl y sl i ghtl y im-
pai red when the boundari es between di �erent textures i n a texture mozai c are bl urred.
ARTEXdoes the l atter type of cl assi �cati on. It deri ves a 17-dimensi onal f eature vec-
tor f rommul ti pl e-scal e boundary f eatures of the BCS and a surf ace bri ghtness f eature
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of the FCS. Thi s f eature vector uti l i zes �l ters of f our di �erent scal es, as suggested by
psychophysi cal experiments (Harvey &Gervai s, 1978; Ri chards, 1979; Wi l son &Bergen,
1979). The spati al �l ters are eval uated at f our di �erent ori entati ons, thereby l eadi ng to a
16-dimensi onal (4� 4) f eature vector. The 17 th dimensi on i s a surf ace bri ghtness f eature.
The ARTEXmodel uses these f eature vectors to generate a context-sensi ti ve cl assi �cati on
of l ocal texture properti es. These BCS and FCS operati ons are desi gned to be as simpl e
and f ast as possi bl e wi thout i ncurri ng a l oss of accuracy i n cl assi f yi ng texture data.

Al arge psychophysi cal l i terature supports the FACADEhypothesi s that the human
brai n f orms di sti nct boundary andsurf ace representati ons bef ore they are boundtogether
by obj ect recogni ti on categori es. Experimental resul ts that support the rol e of boundary
representati ons i ncl ude the f ol l owi ng: (1) Obj ect superi ori ty e�ects occur usi ng outl i ne
stimul i wi th l i ttl e surf ace detai l (Davi do� &Donnel l y, 1990; Homa, Haver, &Schwartz,
1976). (2) The number of errors i n tachi stoscopi c recogni ti on and the speed of i denti �ca-
ti on are of ten comparabl e usi ng appropri atel y and i nappropri atel y col ored obj ects (Mi al ,
Smi th, Doherty, &Smi th, 1979; Ostergaard&Davi do�, 1985). (3) There i s no di �erence
i nrecogni ti onspeedusi ng bl ack-and-whi te photographs or l i ne drawi ngs that are caref ul l y
deri ved f romthem(Bi ederman&Ju, 1988).

Several types of data al so impl i cate a separate surf ace bri ghtness and col or process.
These i ncl ude the f ol l owi ng: (4) Col ored surf aces may be boundto an i ncorrect f ormdur-
i ng i l l usory conjuncti ons (McLean, Broadbent, &Broadbent, 1983; Stef urak &Boynton,
1986; Trei sman &Schmi dt, 1982). (5) Col or can f aci l i tate obj ect nami ng i f the obj ect-
s to be named are structural l y simi l ar or degraded (Chri st, 1975; Pri ce &Humphreys,
1989). (6) Col ors are coded categori cal l y pri or to the processi ng stage at whi ch they
are named (Davi do�, 1991; Rosch, 1975). Two of the most recent studi es i n support
of the boundary-surf ace di sti ncti on were carri ed out by El der and Zucker (1998) and
Rogers-Ramachandran and Ramachandran (1998).

FACADEtheory proposes that 3-Dboundary and surf ace f eatures that are f ormed
i n the prestri ate vi sual cortex are categori zed i n the i nf erotemporal cortex (Grossberg,
1994, 1997). Both boundary and surf ace properti es are proposed to be combi ned duri ng
the categori zati on process wi thi n bottom-up and top-down adapti ve pathways that are
model ed by anARTsystem. Two consequences of thi s concepti on are that unambi guous
boundari es can generate category recogni ti on by themsel ves, and that boundari es can
prime 3-Dobj ect representati ons even i f they need to be suppl emented by 3-Dsurf ace
i nf ormati on i n order to achi eve unambi guous recogni ti on. Cavanagh (1997) has reported
data consi stent wi th thi s l atter predi cti on.

In the ARTEXimpl ementati on of thi s concept, the f eature vectors that are f ormed
f romthe 17-dimensi onal boundary and surf ace f eatures of the FACADEpreprocessor are
i nput to an ARTcl assi �er, whi ch categori zes the textures usi ng a bi ol ogi cal l y-moti vated
l earni ng al gori thm. Humans l earn to di scrimi nate textures by l ooki ng at themand be-
comi ng sensi ti ve to thei r stati sti cal properti es i n smal l regi ons. Thi s i s howour model i s
trai ned. Intui ti vel y speaki ng, model trai ni ng i s l i ke havi ng an observer l ook at a number
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of l ocati ons and tryi ng to l earn to categori ze thembased on thei r l ocal properti es. The
ARTcl assi �er we used, cal l ed Gaussi an ARTMAP, or GAM, i ncremental l y constructs
i nternal categori es that have Gaussi an recepti ve �el ds i n the i nput space, and that map
to output cl ass predi cti ons (Wi l l i amson, 1996, 1997). Cel l s wi thGaussi an recepti ve �el ds
are ubi qui tous i n the brai n, and have been used to model data about howthe i nf erotem-
poral cortex l earns to categori ze vi sual i nput patterns (Logotheti s et al., 1994). Such
model s are not, however, typi cal l y abl e to sel f -organi ze thei r own recogni ti on categori es
and to autonomousl y search f or newones wi th whi ch to cl assi f y novel i nput patterns.
ARTmodel s overcome thi s weakness by showing howcompl ementary attenti onal and ori -
enti ng systems are desi gnedwi thwhi chto bal ance betweenthe processi ng of f ami l i ar and
expected events, on the one hand, and unf ami l i ar and unexpected events on the other
(Carpenter &Grossberg, 1991; Grossberg, 1980; Grossberg &Merri l l , 1996). Al l l earned
categori zati on goes on wi thi n the attenti onal system. The ori enti ng subsystemi s acti -
vated i n response to events that are too novel f or the attenti onal systemto successf ul l y
categori ze them. Interacti ons betweenthe attenti onal andori enti ng subsystems then l ead
to a memory search whi ch di scovers a more appropri ate popul ati on of cel l s wi th whi ch
to categori ze the novel i nf ormati on. These i nteracti ons are desi gned to expl ai n howthe
brai n conti nues to l earn qui ckl y about huge amounts of newi nf ormati on throughout l i f e,
wi thout bei ng f orced to just as qui ckl y f orget usef ul i nf ormati on that i t has previ ousl y
l earned.

Af ter each i nput i s presented (i . e. , each l ocati on i s \observed"), GAMautomati cal l y
acti vates cel l s whose recepti ve �el ds adapt to represent the i nput byamounts proporti onal
to thei r l evel of matchwi th the i nput. However, i f the i nput i s too novel f or any exi sti ng
recepti ve �el d to match the i nput wel l enough, then a memory search i s tri ggered whi ch
l eads to the sel ecti on of a previ ousl y uncommi ttedcel l popul ati onwi thwhi cha newcate-
gory can be l earned. Duri ng unsupervi sed l earni ng, the correct names of the regi ons that
are bei ng cl assi �edare not suppl i ed, and the l evel of matchthat i s requi red f or a category
to l earn i s constant. The parameter that determi nes thi s degree of match i s cal l ed the
\vi gi l ance" parameter because i t computati onal l y real i zes the i ntui ti ve process of bei ng
more or l ess vi gi l ant i nrespose to i nf ormati onof vari abl e importance (Carpenter &Gross-
berg, 1991). Lowvi gi l ance al l ows the network to l earn general categori es i n whi chmany
i nput exempl ars may share the same category prototype. Hi gh vi gi l ance enabl es the net-
work to l earnmore speci �c categori es, evencategori es i nwhi chonl y a si ngl e exempl ar may
be represented. Thus the choi ce of vi gi l ance can trade between prototype and exempl ar
l earni ng, even wi thi n a si ngl e ARTsystem. Experimental evi dence consi stent wi th vi gi -
l ance control has been reported i nmonkeys when they attempt to perf ormcl assi �cati ons
duri ng easy vs. di�cul t di scrimi nati ons (Spi tzer, Desimone, &Moran, 1988).

Learni ng typi cal l y starts wi th a l owvi gi l ance val ue, whi ch l eads to the f ormati on
of the most general categori es that are consi stent wi th the i nput data. Because ART
model s are sel f -organi zi ng, suchl earni ng canproceedon i ts owni nanunsupervi sedmode.
Starti ng wi th a l owvi gi l ance val ue conserves memory resources, but i t can al so create the
tendency, al so f ound i n chi l dren, to overgeneral i ze unti l f urther l earni ng l eads to category
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re�nement (Chapman, et al., 1986; Cl ark, 1973; Smi thet al., 1985; Smi th&Keml er, 1978;
Ward, 1983). For exampl e, i t mi ght happen that, af ter l earni ng a category that cl assi �es
vari ati ons on the l etter \E", the l etter \F" wi l l al so acti vate that category, based on the
vi sual simi l ari ty between the two types of l etters. The di �erence between the l etters \E"
and \F" i s determi ned by cul tural f actors, not by vi sual simi l ari ty. Supervi sed l earni ng
i s of ten essenti al to prevent errors based on i nput simi l ari ty whi ch do not correspond to
cul tural understandi ngs, or other envi ronmental l y dependent f actors. ARTmodel s can
operate i n both unsupervi sedandsupervi sed l earni ng modes, and can swi tchbetweenthe
two seaml essl y duri ng the course of l earni ng.

Duri ng supervi sed l earni ng, the vi gi l ance parameter, or requi redmatch l evel , i s rai sed
i f an i ncorrect predi cti on i s made (e. g. , i f there i s negati ve rei nf orcement) by just e-
nough to tri gger a memory search f or a new category. Thi s type of vi gi l ance control
sacri �ces category general i ty onl y whenmore speci �c categori es are needed to match the
stati sti cal properti es of a gi ven envi ronment. Categori es of vari abl e general i ty are hereby
automati cal l y l earned based upon the success or f ai l ure of previ ousl y l earned categori es
i n predi cti ng the correct cl assi �cati on. Abl ock di agramof the ARTEXarchi tecture i s
shown i n Fi gure 1.

2 ultiple-scale OrientedFilter

The ARTEXmul ti pl e-scal e ori ented �l ter f urther devel ops the BCS �l ter that was i ntro-
duced to expl ai n texture data i n Grossberg and Mi ngol l a (1985). Vari ants of thi s BCS
�l ter have si nce become standard i n many texture segmentati on al gori thms (Mal i k &
Perona, 1989; Sutter, Beck, &Graham, 1989; Bovi k et al., 1990; Bergen, 1991; Bergen &
Landy, 1991; Jai n &Farrokhni a, 1991; Graham, Beck, &Sutter, 1992; Greenspan et al.,
1994).

Fi gure 2 di agrams the ARTEXversi on of BCS processi ng (Stages 1{5) f or a si ngl e
spati al scal e. As i n Ri chards (1979), we used 4 spati al f requency channel s. Each chan-
nel computed 4 ori entati onal contrast f eatures. These �l ter equati ons and parameters
are descri bed i n Appendi x I. Afuncti onal descri pti on i s gi ven here. Stage 1 of the BCS
�l ter uses an on-center o�-surround network whose cel l s obey membrane equati ons, or
shunti ng l aws (Grossberg, 1980, 1983) to di scount the i l l umi nant, compute contrast ra-
ti os of the image, and normal i ze image i ntensi ti es. Stage 2 accompl i shes mul ti pl e-scal e
ori ented �l teri ng usi ng odd-symmetri c Gabor �l ters at the 4 ori entati ons and spati al s-
cal es. Stage 3 computes a l ocal measure of absol ute ori entati onal contrast by ful l -wave
recti f yi ng the �l ter acti vi ti es f romStage 2. These operati ons are neural l y i nterpreted as
f ol l ows: Stage 1 operati ons occur i n the reti na and LGN, Stage 2 operati ons at corti -
cal simpl e cel l s, and Stage 3 operati ons at corti cal compl ex cel l s (Grossberg &Mingol l a,
1985). Stage 4 simpl i �es the BCS operati ons of boundary groupi ng by computi ng a s-
mooth, rel i abl e measure of ori entati onal contrast that spati al l y pool s responses wi thi nthe
same ori entati on. Stage 5 perf orms an opti onal ori entati onal i nvari ance operati on whi ch
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Figure 1: Block diagram of ARTEX image classi�cationsubsystems.
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shi fts ori entational responses at each scale into a canonical ordering. This computation
shi fts, wi th wrap around, the smoothed orientational responses fromStage 4 so that the
orientation with maximal ampl i tude i s in the �rst ori entation plane. The usefulness of
thi s operation i s task-dependent, as shownby our simulations below.

Grahamet al . (1992) al so simpl i�ed Stage 4 of the BCS by pool ing responses from
Stage 3. They then used a hand-crafted sigmoidal di scrimination measure to convert
Stage 4 output intoa probabi l i sti c output functionthat couldbe comparedwithsubjects'
ratings of texture di scriminabil i ty. In the present benchmark studies, the BCS �lter
outputs forms part of the input vector to a GAMclassi�er which autonomously learns
the probabi l i sti c recogni tion categories withwhichtexture di scriminations are made. We
note inSection3howthe Grahamet al . (1992) studyhas beenextendedtoexplaina larger
data base about texture di scriminationusing addi tional FACADEtheory mechanisms.

3 Fi l l e d- i n Sur fa c e r i ght ne s s

The FACADEmodel suggests howthe BCS and FCS interact to generate �l l ed-in 3-D
surface representations within the FCS. These surface representations are derived from
scenic data after the i l luminant has beendiscounted, as inStage 1 of Figure 2. Ingeneral ,
these surface representations combine information about brightness, color, depth, and
form. Our simulations belowdemonstrate the uti l i tyof using a �l l ed-insurface brightness
feature to help learn recogni tion categories for texture di scrimination.

The simplest surface feature i s one that i s based on �rst-order di�erences in i l lumi -
nation intensi ty. An improved surface feature di scounts the i l luminant to compute a
measure of local contrast. Sucha feature, however, cansti l l be corruptedbyvarious sorts
of specular noi se inanimage. Inthe brain, suchnoi se canbe due to the bl indspot, retinal
veins, and the retinal layers through which l ight must pass to activate photodetectors.
In arti�cial sensors, too, such noi se can derive fromsensor characteri sti cs. Discounting
the i l luminant i s al so insensi tive to contextual groupings of image features. A�l l ed-in
surface brightness feature overcomes these de�ciencies by smoothing local contrast val -
ues when they belong to the same region, whi l e maintaining contrast di�erences when
they belong to di�erent regions. Fi l l ing-in hereby smoothes over image noi se in a form-
sensi tive way, andgenerates a representationthat re
ects properti es of a region' s formby
being containedwithin the regionboundaries. It al so tends to maximize the separabi l i ty,
in brightness space, of di�erent region types by minimizing within-region variance whi l e
maximizing between-regionvariance. This sort of preattentive and automatic separation
simpl i�es the task of an attentive pattern classi�er suchas GAM.

InGrossberg et al . (1995), a multiple-scale FACADEnetworkwas developed to pro-
cess noi sy SARimages for use by human operators. There the goal was to generate
reconstructions of SARimages that were pleasing to the eyes of expert photointerpreter-
s. The BCS in thi s simulation used a grouping network with a feedback process that
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can compl ete and sharpen boundary representati ons. These boundary groupi ngs created
sharpl y del i neated image regi ons and �l l ed-i n surf aces. Al though such a f eedback group-
i ng network has the remarkabl e property of convergi ng wi thi n 1 to 3 f eedback i terati ons,
i t sti l l has the di sadvantage, at l east i n sof tware simul ati ons, of sl owi ng down processi ng
time.

Here we repl ace the ful l BCS �l ter and groupi ng network by a mul ti pl e-scal e BCS
�l ter and a si ngl e scal e of one-pass f eedf orward boundary processi ng to control �l l i ng-i n
of the bri ghtness f eature. Computer simul ati ons summari zedbel owdemonstrate that thi s
simpl i �cati ondoes not impai r cl assi �cati onbenchmarks onBrodatz textures and onSAR
textured scenes. The simpl i �edboundary segmentati on i s, moreover, computati onal l y 75
times f aster thanthe f eedback network. The sl ower f eedbackbenchmarks are not reported
here. Accurate texture cl assi �cati on thus does not seemto depend upon photoreal i smof
the correspondi ng percept. Stages 6{9 of Fi gure 2 showhowthe BCS�l ter output i s used
to deri ve the one-pass boundary segmentati on. Appendi x II contai ns the equati ons and
parameters of thi s simpl i �ed bri ghtness �l l i ng-i n process.

These FACADEpreprocessi ng resul ts can be pl aced i nto a l arger f ramework to better
understandthei r rel evance f or understanding humantexture di scrimi nati on. Three i ssues
needto be consi dered: (1) the use of a simpl i �edStage 4 spati al pool i ng operati on i nstead
of l ong-range groupi ng by a f eedback network; (2) the rol e of surf ace representati ons;
and (3) the need f or 3-Dboundary and surf ace representati ons. When are l ong-range
groupi ngs, such as i l l usory contours, not needed to improve texture di scrimi nabi l i ty?
Thi s i s more true when the images contai ndense enough textures to obvi ate the need f or
groupi ng over l ong di stances. Not al l of the data consi deredevenbyGrahamet al . (1992)
were of thi s type, however, si nce thei r di spl ays contai ned regul arl y pl aced f eatures that
coul d group together i n ori entati ons col i near, perpendi cul ar, or obl i que to thei r de�ni ng
edges. Cruthi rds et al . (1993) showed that a mul ti pl e-scal e BCS �l ter, suppl emented by
the l ong-range groupi ngs of a f eedback network, coul d simul ate the pai rwi se orderi ng of
human rati ngs of texture di scrimi nabi l i ty better than the Grahamet al . (1992) vari ant
of the BCS �l ter on i ts own.

Grossberg and Pessoa (1997) have simul ated a vari ant of FACADEtheory i n whi ch
both 2-Dand 3-Dboundary and surf ace operati ons were needed to simul ate psychophys-
i cal data about the di scrimi nati on of textured regi ons composed of regul ar arrays of
equi l umi nant col ored regi ons on backgrounds of vari abl e l umi nance, as i n the experi -
ments of Beck (1994) and Pessoa, Beck, &Mingol l a (1996). Thi s l atter simul ati on study
was restri cted, however, to textures composed of col ored squares on achromati c back-
grounds, rather than the stochasti c f actors that ari se i n Brodatz and SARtextures. The
Grossberg and Pessoa (1997) study al so does not anal yze howrecogni ti on categori es f or
di scrimi nati ng textures are l earned. Taken together, however, these several studi es pro-
vi de convergi ng evi dence that FACADEmechani sms can expl ai n chal l engi ng properti es
of data concerni ng human texture segregati on.
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4 euri sti cs

The 16-dimensi onal f eature vector produced by Stages 1{5 (representi ng ori entati onal
contrast at 4 ori entati ons and 4 spati al scal es) and the si ngl e �l l ed-i n bri ghtness f eature
produced by Stages 6{9 yi el d a 17-dimensi onal boundary-surf ace f eature vector. GAM
must l earnamappi ng f romthe i nput space popul atedby these f eature vectors to a di screte
output space of associ ated regi on cl ass l abel s. As noted above, GAMshares a number of
key properti es wi th other ARTMAParchi tectures (Carpenter, Grossberg, and Reynol ds,
1991; Carpenter et al . , 1992). GAMl earns mappi ngs i ncremental l y, wi thout any pri or
knowl edge of the probl emdomai n, by sel f -organi zi ng an e�ci ent set of recogni ti on cate-
gori es that shape themsel ves to the stati sti cs of the i nput envi ronment, as wel l as a map
f romrecogni ti on categori es to cl ass l abel s, whi chare suppl i edduri ng supervi sed l earni ng.
Because GAMl earns i ts mappi ngs i ncremental l y, a previ ousl y trai nedGAMnetworkmay
be retrai ned wi th new i nput/output conti ngenci es, i ncl udi ng new cl ass l abel s, wi thout
any need to retrai n the network on the previ ous data. Fi nal l y, al thoughGAMi s trai ned
onl y wi th i ndi vi dual cl ass l abel s, i t al so l earns to accuratel y estimate the probabi l i ti es of
i ts cl ass l abel predi cti ons, as we showi n our simul ati ons bel ow.

In a typi cal ARTnetwork (Carpenter &Grossberg, 1987, 1991), an i nput vector
acti vates f eature sel ecti ve cel l s wi thi n the attenti onal systemthat store the vector i n
short-termmemory. Thi s short-termmemory pattern thenacti vates bottom-uppathways
whose si gnal s are �l tered by l earned adapti ve wei ghts, or l ong-termmemory traces. The
�l tered si gnal s are addedup at target category nodes whi chcompete vi a recurrent l ateral
i nhi bi ti onto determi ne whi chcategory acti vi ti es wi l l be stored i n short-termmemory and
thereby represent the i nput vector. The degree of acti vati on of a category provi des an
estimate of the l i kel i hood that an i nput bel ongs to the category. Acti vati ng a category i s
l i ke \maki ng a hypothesi s".

As they are bei ng acti vated, the sel ectedcategori es read-out l earnedtop-downexpecta-
ti ons, or prototypes, whi chare matchedagai nst the i nput vector at the f eature detectors.
Thi s matchi ng process pl ays the rol e of \testi ng the hypothesi s". The vi gi l ance parameter
de�nes the cri teri on f or a good enoughmatch. As noted above, l owvi gi l ance l eads to the
l earni ng of general categori es, whereas hi gh vi gi l ance l eads to the l earni ng of speci al i zed
categori es, evena si ngl e exempl ar, i nthe l imi t of veryhi ghvi gi l ance. By varyi ngvi gi l ance,
anARTsystemcan hereby l earn both abstract prototypes and concrete exempl ars.

If the chosen category' s match functi on exceeds the vi gi l ance parameter, then the
bottom-up and top-down exchange of f eedback si gnal s l ocks the systemi nto a resonant
state. The resonant state si gni �es that the hypothesi s matches the data wel l enoughto be
accepted by the system. ARTproposes that these resonant states f ocus attenti on upon
rel evant f eature combi nati ons, and that onl y resonant states enter consci ous awareness
(Grossberg, 1980). Resonance tri ggers l earni ng i n both the bottom-up adapti ve wei ghts
that are used to acti vate the sel ected recogni ti on category, and i n the top-down wei ghts
that represent i ts prototype. Thi s l earni ng i ncorporates the newi nf ormati on suppl i ed by
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the i nput vector i nto the l ong-termmemory of the attenti onal system.

If the category' s match functi on does not exceed vi gi l ance, thi s desi gnates that the
hypothesi s i s too novel to be i ncorporated i nto the prototype of the acti ve category. A
bout of memory search, or hypothesi s testi ng, i s then tri ggered through acti vati on of the
ori enti ng system. Memory search ei ther di scovers a category that can better represent
the data or, i f no such l earned category al ready exi sts, automati cal l y chooses uncommi t-
ted cel l s wi th whi ch to l earn a newcategory. ARThereby i ncremental l y di scovers new
categori es whose degree of general i zati on vari es i nversel y wi th the si ze of the vi gi l ance
parameter. Neurobi ol ogi cal data about recogni ti on l earni ng i n i nf erotemporal cortex that
are consi stent wi th these hypotheses are revi ewedbyCarpenter andGrossberg (1993) and
Grossberg andMerri l l (1996).

Al l of the above properti es proceed autonomousl y i n ARTnetworks as they undergo
unsupervi sed l earni ng. ARTMAPextends these ARTdesi gns to i ncl ude both supervi sed
and unsupervi sed l earni ng (Carpenter, Grossberg, &Reynol ds, 1991; Carpenter et al . ,
1992). In ARTMAP, the chosenARTcategori es l earn to make predi cti ons whi chtake the
f ormof mappi ngs to the names of output cl asses. In such an ARTMAPsystem, many
di �erent recogni ti on categori es can al l l earn to map i nto the same output name, much as
many di �erent vi sual f onts of a gi ven l etter of the al phabet can be grouped i nto several
di �erent vi sual recogni ti on categori es, based upon vi sual simi l ari ty, bef ore these vi sual
categori es are mapped i nto the same audi tory category that i s used to name that l etter.

ARTMAPsystems propose howto correct a predi cti on, as i n the case where the l etter
\E" i s di scon�rmed by envi ronmental f eedback that the correct l etter i s \F", usi ng onl y
l ocal operati ons i n envi ronments that may be �l l ed wi th unexpected events. ARTMAP
does thi s usi ng a minimax l earni ng pri nci pl e, whi ch conj oi ntl y maximi zes predi cti ve gen-
eral i zati onwhi l e i t mi nimi zes predi cti ve error. ARTMAPdoes thi s by tryi ng to f ormthe
l argest categori es that are consi stent wi th envi ronmental f eedback. Amatch tracki ng pro-
cess real i zes thi s pri nci pl e by i ncreasi ng the vi gi l ance val ue af ter eachdi scon�rmati onunti l
i t exceeds the chosen category' s match functi on. Thi s vi gi l ance i ncrease i s the mi nimal
one that can tri gger newhypothesi s testi ng on that l earni ng tri al . Match tracki ng hereby
gi ves up the mi nimumamount of general i zati on that i s requi red to correct the error. In
summary, an ARTMAPsystemorgani zes i ts categori zati on of experi ence based both on
the simi l ari ty of the i nput f eature vectors and upon f eedback f romthe envi ronmental
response, whether cul tural l y or otherwi se determi ned, to the names or other behavi ors
that i ts categori es predi ct.

5 aussi an P

Gaussi an ART(Wi l l i amson, 1996, 1997) provi des a means f or an ARTsystemto l earn
the stati sti cs of an i nput envi ronment. Eachof i ts categori es de�nes a Gaussi an di stri bu-
ti on i n the i nput space, wi th a mean and vari ance i n each i nput dimensi on, as wel l as an
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overal l a pri ori probabi l i ty. The Gaussi anARTbottom-up acti vati on functi on eval uates
the probabi l i ty that the i nput bel ongs to a category, gi ven i ts Gaussi an di stri buti on and
a pri ori probabi l i ty. The match functi on eval uates howwel l the i nput �ts the category' s
di stri buti on, whi ch i s normal i zed to a uni t hei ght. Thi s match i s a measure of the di s-
tance, i n uni ts of standard devi ati on, between the i nput vector and the category' s mean.
Vi gi l ance speci �es the maximumal l owabl e si ze of thi s di stance.

Gaussi an ART al so uses di stri buted l earni ng, i n whi ch mul ti pl e categori es can al l
cooperate to cl assi f y an i nput event. Gaussi anARThereby avoi ds the probl ems i ncurred
by \grandmother cel l " model s of recogni ti on. Each suchcategory i s assi gnedcredi t based
on i ts proporti onof the net acti vati on, whi ch i s determi nedby al l categori es whose match
functi ons sati sf y the vi gi l ance cri teri on. Each category then l earns by an amount that
i s determi ned by i ts credi t. When Gaussi an ARTi s extended to Gaussi an ARTMAP
to enabl e i t to bene�t f romboth supervi sed and unsupervi sed l earni ng, each category' s
credi t i s determi nedby i ts proporti onof the net acti vati on of i ts ensembl e, whi ch consi sts
of al l categori es that map to the same output predi cti on. The normal i zed strength of
each ensembl e' s predi cti on i s a probabi l i ty estimate f or that predi cti on. The equati ons
and parameters f or Gaussi anARTMAPare f ound i n Appendi x III.

6 Some l ternati ve exture l assi ers

6.1 Comparisonof FeatureExtractionMethods

In order to eval uate the promi se of any vi si on system, parti cul arl y one that attempts to
expl ai n sucha compl ex competence as textured scene cl assi �cati on, one needs to eval uate
that i t real l y \works". Thi s i s parti cul arl y the case when the key behavi oral properti es
emerge due to i nteracti ons across the enti re system. There i s thus no substi tute f or runni ng
such a systemon benchmarks on whi ch competi ng systems have al so been eval uated.
Our benchmark compari sons, presented i n Secti on 7, eval uate ARTEXunder condi ti ons
that are as simi l ar as possi bl e to those under whi ch these competi ng systems have been
eval uated.

ARTEXperf ormance i s �rst compared to that of a systemthat was used to cl assi f y
natural textures i n Greenspan et al . (1994) and Greenspan (1996). We cal l thei r model
the Hybri d Systembecause i t i s a hybri d archi tecture that used a l og-Gabor Gaussi an
pyrami d f or f eature extracti on f ol l owed by one of three al ternati ve cl assi �ers. Al though
the Hybri d Systemwas not devel oped to expl ai n bi ol ogi cal data, i t has the vi rtue of
havi ng been devel oped to the poi nt that i t coul d be successf ul l y tested on benchmark
data bases that use textures or textured scenes as thei r i nputs. Most other bi ol ogi cal l y
deri vedmodel s have not yet reached thi s l evel of devel opment.

The Hybri d System' s l og-Gabor pyrami d uses three l evel s, or spati al scal es, and f our
ori entati ons at each scal e. Each l evel , af ter the �rst one, of the Gaussi an pyrami d i s
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obtai ned by bl urri ng the previ ous l ower l evel (i . e. , smal l er spati al scal e) wi th a Gaussi an
kernel (wi th standard devi ati on � = 1) and then decimati ng the image (i . e. , removi ng
3 out of 4 pi xel s i n each 2x2 pi xel bl ock). Due to decimati on, the Gaussi an at each
successi ve l evel e�ecti vel y has twi ce the � of the Gaussi anused i n the previ ous l evel . The
�nal outputs of al l three pyrami d l evel s of the Hybri d Systemhave the same net amount
of bl urri ng, produced by three successi ve bl ur/decimate steps. Thi s amount of bl urri ng
i s equi val ent to convol vi ng wi th a si ngl e Gaussi an kernel wi th � = 21 = 12 + 22 +4 2,
whi ch produces an 8x8 pi xel resol uti on. That i s, each patch of 8 � 8 pi xel s i n the i nput
image yi el ds a si ngl e pi xel i n an output image f or each ori ented contrast f eature. In
Greenspan (1996), cl assi �cati on resul ts at 16 � 16, 32 � 32, and 64 � 64 resol uti onwere
al so reported.

Wi thout further preprocessi ng, ARTEXproduces f eature images at si ngl e pi xel reso-
l uti on. To make a f ai r compari sonwi th the resul ts reported by Greenspan et al . (1994)
andGreenspan (1996), ARTEXfeature images need to be reduced, vi a bl urri ng and dec-
imati on, to the same resol uti on used there. For exampl e, to change the ARTEXfeatures
to 8� 8 resol uti on, the smal l er-scal e ARTEXfeatures requi re addi ti onal bl urri ng pri or to
decimati on so that thei r net amount of bl urri ng i s equi val ent to convol vi ng wi th a si ngl e
Gaussi an kernel wi th � = 21.

The net amount of bl urri ng i s a cruci al consi derati onf or the twotypes of tasks onwhi ch
the systems are compared. The �rst task i s cl assi �cati on of a l i brary of texture images.
Because thi s task does not i ncl ude transi ti ons between di �erent textures, perf ormance
monotoni cal l y improves as bl urri ng i s i ncreased, si nce bl urri ng reduces vari ance and thus
improves the si gnal -to-noi se rati o. The second task i s cl assi �cati on of a texture mosai c.
Here, texture transi ti ons need to be accuratel y resol ved, so perf ormance degrades wi th
over-blurri ng. We demonstrate both of these phenomena bel ow.

6.2 Comparisonof Classi�cationMethods

In the Hybri d System' s �rst cl assi �cati on scheme, the extracted f eatures are cl ustered
i ndependentl y i n each f eature dimensi on usi ng the K-means procedure. Mappi ngs f rom
these cl usters to cl ass l abel s are then f ormedusi ng a batch l earni ng, rul e-basedal gori thm
cal l ed ITRULE(Goodman, et al . , 1992). The cl usters i n thi s scheme are f ormed to di s-
creti ze the i nput, so that ITRULEcan f ormexpl i ci t rul es mappi ng themto the output
cl asses. ITRULEforms a l arge number of rul es. The exact number i s never stated i n
Greenspan(1996). On the l arge probl ems, however, a maximumof 10, 000 i s al l owed, and
as many as 430 rul es per cl ass are reported f or di scrimi nati ng onl y two textures. Anoth-
er drawback of thi s approach i s that unsupervi sed di screti zati on vi a K-means cl usteri ng
throws away potenti al l y important i nf ormati on because the cl usters may span di scrimi -
nati on boundari es i n the i nput space. Fi nal l y, GAMenjoys a major practi cal advantage
i n that i t uses a simpl e i ncremental l earni ng procedure as opposed to the compl ex and
computati onal l y expensi ve batch l earni ng procedure used by ITRULE.

1 4



The two al ternati ve cl assi �ers used i n Greenspan (1996) are standard i ncremental
l earni ng schemes: the K-nearest nei ghbor (K-NN) cl assi �er and the mul ti l ayer percep-
tron (MLP), backpropagati on al gori thm. These two approaches have compl ementary
advantages and 
aws. K-NNl earns qui ckl y (one trai ni ng epoch) but achi eves no data
compressi on. MLP, on the other hand, achi eves better data compressi on but l earns very
sl owl y (500 sl ow-l earning trai ni ng epochs i n Greenspan, 1996). An addi ti onal drawback
of MLPi s that i t uses a f ormof mi smatch l earni ng that may su�er f rom\catastrophi c
f orgetti ng" i f trai ned on newdata wi th di �erent conti ngenci es f romprevi ous data. As
demonstratedbyour resul ts bel ow, GAMcombi nes the goodproperti es of the above three
cl assi �ers: l i ke ITRULE, GAMpredi cts the posteri or probabi l i ti es of the output cl asses;
l i ke K-NN, GAMl earns l ocal mappi ngs qui ckl y; l i ke MLP, GAMachi eves si gni �cant data
compressi on. Al thoughGAMuse a more l ocal representati on thanMLP, and thus coul d,
i n pri nci pl e, requi re more memory, GAMcompensates f or thi s by constructi vel y f ormi ng
a representati on of appropri ate si ze f or whatever probl emi t i s trai ned on.

exture l assi cati on esul ts

7.1 10-TextureLibrary

ARTEXwas �rst compared to the Hybri d Systemon the l i brary of ten textures shown i n
Fi gure 3A, whose top rowcontai ns structured textures and whose bottomrowcontai ns
unstructured textures. Each texture image consi sts of 128 � 128 pi xel s. Three other
images of each texture are not shown. In Greenspan (1996), cl assi �cati on resul ts of
the Hybri d Systemusi ng ITRULE, K-NN, and MLP cl assi �ers were publ i shed f or thi s
database. The cl assi �ers were trai nedondata at three di �erent l evel s of spati al resol uti on,
wi th a di �erent number of trai ni ng sampl es per cl ass at each resol uti on: 300 sampl es at 8
� 8 resol uti on, 125 sampl es at 16 � 16 resol uti on, and 40 sampl es at 32 � 32 resol uti on.
ARTEXwas trai ned on the same data set under the same condi ti ons. Li ke the Hybri d
System, ARTEXused an ori entati onal l y vari ant, or OV, representati on on thi s probl em
si nce general i zati on to novel ori entati ons of the same texture duri ng testi ng was not
requi red. ARTEXwas eval uated wi th �ve randomorderi ngs of the data, and the resul ts
were averaged.

Tabl e 1 shows comparati ve resul ts f or the Hybri d Systemand ARTEXat the three
spati al resol uti ons. Tabl e 1 l i sts the cl assi �cati on rate, number of epochs, and number
of categori es (or hi dden uni ts, stored exempl ars, etc. ) f or each systemcon�gurati on.
The number of epochs i ndi cates howmany trai ni ng tri al s were needed. The number of
categori es i ndi cate howwel l the model compresses the data. In the case of K-NN, there
i s no compressi on, so each i nput or exempl ar f orms a di �erent category. The number
of wei ghts i ndi cate the memory resources, or computati onal compl exi ty, that i s needed
to achi eve thi s degree of compressi on. The goal i s to mi nimi ze the number of epochs,
categori es, and wei ghts. 60 hi dden uni ts are l i sted f or MLPbecause the average MLP
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Fi gur e 3 : ( Ne xt pa g e ) . ) 1 0 - t e x t ur e da t aba s e o f t e x t ur e s c o r r e s pondi ng t o Fi g ur e 2
e t a l . ( 1 9 9 4 ) . Top r ow c ons i s t s o f s t r uc t ur e d t e xt ur e s , a nd bo t t omr ow o f uns t r uc t
Te xt ur e s f r omBr o da t z a l buma r e l a be l e d wi t h pl a t e numbe r . Top r ow ( l e f t t o r i g ht ) :
he r r i ng bone we ave ( D17 ) , f r e nc h c anva s ( D21 ) , c o t t o n c anva s ( D77 ) , j e a ns . Bo t t om
r i g ht ) : g r a s s ( D9 ) , pr e s s e d c o r k ( D4 ) , handmade pape r ( D57 ) , p i g s k i n ( D92 ) , a nd wo
42 - t e x t ur e da t aba s e f r omBr o da t z a l bum. RO 1 : r e pt i l e s k i n ( D3 ) , c o r k ( D4 ) , wi r e
( D9 ) , ba r k ( D12 ) , s t r aw ( D15 ) . RO 2 : he r r i ng bone ( D17 ) , wo o l ( D19 ) , f r e nc h c anva s
( D24 ) , s a nd ( D29 ) , wa t e r ( D38 ) . RO 3 : s t r aw ma t t i ng ( D55 ) , handmade pape r ( D57
( D68 ) , c o t t o n c anva s ( D77 ) , r a�a l o ope d ( D84 ) , p i g s k i n ( D92 ) . RO 4 : f ur ( D93 ) ,
s k i n ( D10 ) , home s pun wo o l ( D11 ) , r a�a we ave ( D18 ) , c e r ami c br i c k ( D26 ) , ne t t i ng ( D
5 : l i z a r d s k i n ( D36 ) , s t r aw s c r e e ni ng ( D49 ) , r a�a wove n ( D50 ) , o r i e nt a l c l o t h (
c l o t h ( D53 ) , o r i e nt a l r a t t a n ( D65 ) . RO 6 : pl a s t i c pe l l e t s ( D66 ) , o r i e nt a l g r a
o r i e nt a l c l o t h ( D78 ) , o r i e nt a l c l o t h ( D80 ) , o r i e nt a l c l o t h ( D82 ) , wove n ma t t i ng
s t r aw ma t t i ng ( D85 ) , s e a f a n ( D87 ) , br i c k ( D95 ) , bur l a p ( D103 ) , c he e s e c l o t h ( D105
( D110 ) .
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10-TextureProblem

Con�gurati on Cl ass. Rate Sampl es/Cl ass Epochs Categori es Wei ghts
8 � 8Resolution:
Hybri d System, ITRULE 94. 3 300 Batch | |
Hybri d System, MLP 94. 5 300 500 60 1, 500
Hybri d System, K-NN 87. 0 300 1 3, 000 48, 000
ARTEX, al l f eatures 95. 8 300 1 26. 6 958
ARTEX, al l f eatures 96. 3 300 5 34. 0 1, 224
ARTEX, no l arge-scal e f eatures 97. 1 300 5 41. 0 1, 148
ARTEX, no bri ghtness f eature 95. 6 300 5 38. 4 1, 306
ARTEX, no l arge-scal e or 95. 7 300 5 47. 2 1, 227

bri ghtness f eatures
16� 16Resolution:
Hybri d System, ITRULE 95. 0 125 Batch | |
Hybri d System, MLP 96. 0 125 500 60 1, 500
Hybri d System, K-NN 93. 0 125 1 1, 250 20, 000
ARTEX, al l f eatures 97. 2 125 1 17. 4 626
32� 32Resolution:
Hybri d System, ITRULE 97. 8 40 Batch | |
Hybri d System, MLP 100. 0 40 500 60 1, 500
Hybri d System, K-NN 99. 0 40 1 400 6, 400
ARTEX, al l f eatures 100. 0 40 1 10. 6 382

Tabl e 1 : Re c o gni t i o n s t a t i s t i c s o n 1 0 - t e x t ur e l i br a r y a t t hr e e pi xe l r e s o l ut i o n
and 32 � 3 2 . The numbe r o f we i g ht s i s de t e r mi ne d by mul t i p l y i ng t he numbe r o f c a t e g
t he numbe r o f we i g ht s pe r c a t e g o r y, o r . i s c a l c ul a t e d ba s e d on t he di me ns
i nput s pa c e , , a nd t he numbe r o f o ut put c l a s s e s , . =15 f o r t he ybr i d Sys t e m,
ARTEX, and =10 be c aus e t he r e a r e 1 0 t e xt ur e s . Fo r LP, = = 25 . Fo r - NN

= 1 = 16 . Fo r ARTEX wi t h a l l f e a t ur e s , = 2 2 = 36 . Fo r ARTEX wi t h
no l a r g e - s c a l e f e a t ur e s ( =13 ) , = 28 . Fo r ARTEX wi t h no br i g ht ne s s f e a t ur e
, = 34 . Fo r ARTEX wi t h no l a r g e - s c a l e o r br i g ht ne s s f e a t ur e s ( = 12 ) ,
Fo r e xampl e , t he 4 8 , 0 0 0 we i g ht s f o r - NN a r e c omput e d a s f o l l ows . The ybr i d Sys t
f e a t ur e s pe r i nput s ampl e . i t h - NN, t he s e 1 5 f e a t ur e s pl us t he c o r r e c t c l a s s
s t o r e d f o r e a c h t r a i n i ng s ampl e . The r e f o r e , t he numbe r o f we i g ht s t ha t mus t be s
( numbe r o f t r a i n i ng s ampl e s ) . S i nc e t he r e a r e 3 0 0 s ampl e s /c l a s s a nd 1 0 c l a s s e s ,
t r a i n i ng s ampl e s . I n a l l 1 6 � 3 ; 0 0 0 = 48 ; 0 0 0 we i g ht s .
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resul ts were reported f or 30, 60, and 90 hi dden uni ts.

ARTEXwas tested wi th several con�gurati ons, wi th di �erent subsets of i ts f eatures
removed. Wi th i ts f ul l 17-dimensi onal f eature set, ARTEXachi eved 95. 8 correct af ter
onl y one i ncremental trai ni ng epoch, and 96. 3 af ter �ve epochs. By compari son, the
Hybri d Systemwi th K-NNachi eved onl y 87. 0 correct af ter one trai ni ng epoch, at the
cost of 3, 000 stored exempl ars compared to 23 i nternal categori es f or ARTEX. Wi th
much l onger trai ni ng times (i . e. , 500 trai ni ng epochs usi ng MLP, or the computati onal l y
expensi ve batch-l earni ng procedures usi ng K-means and ITRULE), the Hybri d System
di dnot match the perf ormance of ARTEXwi th onl y one i ncremental l earni ng epoch, and
exhi bi ted 49 more errors than ARTEXwi th 5 trai ni ng epochs.

Three al ternati ve ARTEXcon�gurati ons were al so tested to el uci date why ARTEX
achi eved better resul ts than the Hybri d System. ARTEXuses f our spati al scal es versus
onl y three f or the Hybri dSystem. Theref ore, perhaps i ts l argest spati al scal e conf erredan
advantage to ARTEX. Thi s possi bi l i ty was tested by removi ng the l argest scal e, resul ti ng
i na sl i ght perf ormance i ncrement (97. 1 ). Another uni que f eature usedbyARTEXi s i ts
�l l ed-i n surf ace bri ghtness f eature, whi ch seems to be more e�ecti ve than the mul ti -scal e
Gaussi an bl urri ng used by the Hybri d System. Removi ng the bri ghtness f eature resul ted
i n a perf ormance decrement (95. 6 ). Thi s di �erence quanti �es howmuch surf ace as
opposed to boundary properti es i n
uence recogni ti on accuracy on these data. Fi nal l y,
both the l arge-scal e and the bri ghtness f eatures were removed. Thi s resul ted i n a simi l ar
perf ormance decrement (95. 7 ).

The modest rol e pl ayed by the surf ace bri ghtness f eature i n cl assi f yi ng these data i s
consi stent wi th cogni ti ve evi dence summari zed above suggesti ng that boundary i nputs
that go di rectl y to the human cogni ti ve recogni ti on systemare of ten su�ci ent to ac-
curatel y recogni ze many obj ects. Surf ace bri ghtness and col or properti es become more
important i nsof ar as the boundary i nf ormati on, by i tsel f , i s ambi guous. Gi venthat bound-
ari es are predi cted to be perceptual l y i nvi si bl e wi thi n the BCS i tsel f (vi z. , the i nterbl ob
corti cal processi ng stream), these resul ts are consi stent wi th the possi bi l i ty of bei ng abl e
to qui ckl y begi n to recogni ze certai n obj ects usi ng thei r i nvi si bl e boundari es even bef ore
these obj ects become vi si bl e through thei r surf ace properti es.

The ARTEXadvantage, even wi th �ve ARTEXfeatures removed, i s probabl y due to
some remai ni ngdi �erences betweenthe systems: (1) the nature of band-pass �l teri ngpri or
to ori entati onal �l teri ng, (2) the bandwi dthcharacteri sti cs of the ori entati onal �l ters, (3)
spati al pool i ng at the thi rd spati al scal e, and/or (4) the cl assi �cati on scheme. The �rst
di �erence i s i n the Stage 1 band-pass �l teri ng operati on pri or to the ori entati onal Gabor
�l teri ng. The Hybri d Systemuses a Lapl aci an pyramid i n whi ch both the center and
surroundGaussi ans that make up the band-pass �l ter doubl e i n si ze wi th each scal e. In
ARTEX, onthe other hand, onl y the surroundGaussi angrows wi theachsuccessi ve spati al
scal e. It preserves on-center resol uti on whi l e varyi ng the scal e of image normal i zati on
and noi se suppressi on. Thus, the Hybri d Systemi s muchmore restri cti ve i n the range of
spati al f requenci es that are passed through to i ts ori entati onal �l teri ng stage. The second
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di �erence i s that the ori ented �l ters used by the two model s have di �erent bandwi dth
characteri sti cs: the ARTEXGabor �l ters are de�ned wi th hi gher-f requency si newaves
(50 hi gher f requency; see Appendi x I f or parameters). The thi rd di �erence i s that
Stage 4 of ARTEXperf orms spati al pool i ng f ol l owi ngori entati onal �l teri ng at eachspati al
scal e. The Hybri dSystemdoes not do thi s i n i ts l argest spati al f requency channel at 8� 8
resol uti on. Theref ore, thi s di screpancy mi ght hel p expl ai n why ARTEXoutperf orms the
Hybri d Systemat 8 � 8 resol uti on, but not at l ower resol uti ons. The f ourth di �erence
i s the cl assi �cati on stage. The advantages of the sel f -organi zi ng Gaussi an ARTMAP
cl assi �er over those used by the Hybri d Systemare descri bed above.

7.2 Larger TextureLibraries

In Greenspan (1996), recogni ti on stati sti cs of the Hybri d Systemon a 30-texture l i brary
were presented. Thi s l i brary consi sts of 19 textures f romthe Brodatz al bum, and 11
addi ti onal textures of comparabl e compl exi ty. We were unabl e to obtai n thi s database,
and so we chose to eval uate ARTEXon a l i brary of simi l ar textures obtai ned sol el y f rom
the Brodatz al bum, whi chcontai ns the 19 textures used i nGreenspan (1996) as a subset.
Fi gure 3Bshows thi s l i brary of 42 Brodatz textures. The pl ate numbers f romthe Brodatz
al bumare l i sted i n the capti on. The 19 textures eval uated i nGreenspan (1996) compri se
the �rst three rows of Fi gure 3, as wel l as the �rst texture of the f ourth row.

ARTEXwas trai ned on thi s database at the same three resol uti ons as above, as wel l
as at a 64 � 64 pi xel resol uti on, whi ch uses 12 sampl es per cl ass. It i s usef ul to compare
perf ormance at di �erent resol uti ons. However, the trai ni ng set si zes used i n Greenspan
(1996) are not consi stent across resol uti ons. Usi ng 12 sampl es per cl ass at 64 � 64
resol uti on corresponds to usi ng 768 sampl es per cl ass at 8 � 8 resol uti on, rather than the
300 sampl es per cl ass that were actual l y used, i n terms of the image extent f romwhi ch
the sampl es are actual l y deri ved. Theref ore, i n order to obtai n a meani ngful measure of
the perf ormance i ncrement resul ti ng f rom64� 64 pi xel resol uti onversus 8� 8 resol uti on,
we al so trai ned ARTEXusi ng 768 sampl es per cl ass, as wel l as 300 sampl es per cl ass, at
8 � 8 resol uti on.

ARTEXwas eval uated on di �erent-si zed subsets of the l i brary shown i n Fi gure 3.
ARTEXwas eval uated on row1 (6 textures), on rows 1 and 2 (12 textures), on rows
1{3 (18 textures), etc. , up to al l 42 textures. ARTEXwas eval uated wi th �ve random
orderi ngs of the data, and the resul ts were averaged. For the 300 sampl es/cl ass case,
the resul ts are shown af ter 5 trai ni ng epochs, and f or the 768 sampl es/cl ass case, the
resul ts are shown af ter 2 trai ni ng epochs. Thus, GAMwas trai ned on about 1, 500 net
sampl es/cl ass i n both cases.

Fi gure 4 pl ots the resul ts at 8 � 8 resol uti on f or al l the texture set si zes, f rom6
up to 42 textures. Fi gure 4 (top) pl ots the cl assi �cati on rates, and Fi gure 4 (bottom)
pl ots the average number of categori es that were l earned i n the ensembl es that predi cted
each texture cl ass. Note that the cl assi �cati on rate degrades graceful l y as the number of
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30-TextureProblem

Con�gurati on Cl ass. Rate Sampl es/Cl ass Epochs Categori es Wei ghts
8� 8Resolution:
Hybri d System, ITRULE 80. 0 300 Batch | |
Hybri d System, MLP 89. 6 300 500 60 2, 700
Hybri d System, K-NN 82. 0 300 1 9, 000 144, 000
ARTEX 92. 5 300 5 208. 0 7, 488
ARTEX 94. 3 768 2 357. 6 12, 874
16� 16Resolution:
Hybri d System, ITRULE 84. 0 125 Batch | |
Hybri d System, MLP 93. 4 125 500 60 2, 700
Hybri d System, K-NN 88. 0 125 1 3, 750 60, 000
ARTEX 95. 5 125 1 68. 0 2, 448
32� 32Resolution:
Hybri d System, ITRULE 94. 4 40 Batch | |
Hybri d System, MLP 98. 2 40 500 60 2, 700
Hybri d System, K-NN 96. 6 40 1 1, 200 19, 200
ARTEX 98. 9 40 1 38. 4 1, 382
6 � 6 Resolution:
Hybri d System, ITRULE 97. 5 12 Batch | |
Hybri d System, MLP 97. 3 12 500 60 2, 700
Hybri d System, K-NN 95. 0 12 1 360 5, 760
ARTEX 100. 0 12 1 33. 0 1, 188

Tabl e 2 : Re c o gni t i o n s t a t i s t i c s o n 3 0 - t e x t ur e l i br a r y, a t f o ur pi xe l r e s o l ut i o ns
� 3 2 , a nd 6 4 � 6 4 . e r e , =30 be c aus e t he r e a r e 3 0 t e xt ur e s . Fo r LP, = 45 . Fo r

= 16 . Fo r ARTEX, = 36 .

cl asses i s i ncreased, whi l e the average number of categori es per cl ass gradual l y i ncreases.
Thus, ARTEXscal es wel l as the number of textures i ncreases. ARTEXachi eves hi gher
cl assi �cati on rates, and creates more categori es, f or the 768 sampl es/cl ass case than i t
does f or the 300 sampl es/cl ass case. Tabl e 2 l i sts the resul ts of the Hybri d Systemon the
30-texture l i brary reported i nGreenspan (1996), al ong wi th the resul ts of ARTEXon the
30 textures i n the �rst �ve rows of Fi gure 3, at f our spati al resol uti ons. As Tabl e 2 shows,
ARTEXobtai ns hi gher cl assi �cati on rates than al l three vari ati ons of the Hybri d System
at al l the resol uti ons. At l ower resol uti ons, as the cl assi �cati on probl embecomes easi er,
ARTEXcreates smal l er representati ons. These representati ons range f romabout 13, 000
wei ghts at 8 � 8 resol uti on down to about 1, 000 wei ghts at 64 � 64 resol uti on.
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7. 3 Texture Mosai c

ARTEX wa s a l s o t r a i n e d a n d t e s t e d o n a t e x t u r e mo s a i c p r o b l e m r e p o r t
et al . ( 1 9 9 4 ) i n o r d e r t o e v a l u a t e c l a s s i � c a t i o n a c c u r a c y a t t e x t u r
a n a n a l y s i s i n d i c a t e s t h e e x t e n t t o wh i c h a s y s t e m t h a t c l a s s i � e s t
o n l o c a l t e x t u r e p r o p e r t i e s , a s s u g g e s t e d b y t h e h uma n p s y c h o phy s i
a b o v e , c a n a l s o i d e n t i f y t e x t u r e b o u n d a r i e s . Th e t e s t mo s a i c i s a
( Fi g u r e 5 , TOP) wh i c h c o n s i s t s o f � v e t e x t u r e s ( g r a s s , r a �a , wo o d
wo o l ) . As i n Gr e e n s p a n et al . ( 1 9 9 4 ) , ARTEX wa s t r a i n e d o n t h e s e t e x t u
a n a d d i t i o n a l s i x t h t e x t u r e ( s a n d ) . ARTEX wa s t r a i n e d a t f o u r s p a t
i t s r e s u l t i n g c l a s s p r e d i c t i o n s f o r t h e t e x t u r e mo s a i c a r e s h o wn i n
wh i t e , t h e c l a s s p r e d i c t i o n s c o r r e s p o n d ( i n o r d e r ) t o s a n d , g r a s s , r
a n d wo o l . Un l i k e t h e t e x t u r e l i b r a r y p r o b l e ms a b o v e , p e r f o r ma n c e h
9 5 . 7 c o r r e c t d o wn t o 7 9 . 5 c o r r e c t ) a t l o we r r e s o l u t i o n s b e c a u s e
a t t e x t u r e b o u n d a r i e s . Th e t e x t u r e p r e d i c t i o n s o f t h e Hy b r i d S y s t e
8 � 8 r e s o l u t i o n ) , s h o wn v i s u a l l y i n Fi g u r e 5 o f Gr e e n s p a n et al . , ( 1
l e s s a c c u r a t e t h a n t h o s e o b t a i n e d b y ARTEX.

7. Compari son to Psychophysi cal Resul t s

ARTEX i s a b l e t o c l a s s i f y a l a r g e n umb e r o f t e x t u r e s , a n d t o l o c a l
b e t we e n t e x t u r e s , wi t h h i g h a c c u r a c y . Bu t i s t h e p e r f o r ma n c e o f ART
wh a t we k n o w a b o u t h uma n t e x t u r e p e r c e p t i o n ? To i n v e s t i g a t e t h i s q u e
t h e e r r o r s t h a t ARTEX p r o d u c e s wi t h me a s u r e s o f t h e p e r c e i v e d s i m
p a i r s o f t e x t u r e s ( Ra o & Lo h s e , 1 9 9 3 , 1 9 9 6 ) . Ra o a n d Lo h s e d e r i v e
f r o m s u b j e c t s ' h i e r a r c h i c a l c l u s t e r i n g o f 5 6 Br o d a t z t e x t u r e s b a s
v i a mu l t i d i me n s i o n a l s c a l i n g ( MDS ) . 3 - D c o o r d i n a t e s f o r t h e 5 6 t e x
wh i c h p r e s e r v e d 8 8 o f t h e v a r i a n c e c o n t a i n e d i n t h e c l u s t e r i n g s t
me a s u r e me n t s we r e a l s o i n d e p e n d e n t l y v a l i d a t e d b y c o mp a r i s o n wi t h
t h e t e x t u r e s o n 1 2 d i me n s i o n s s u c h a s \ h i g h c o n t r a s t " , \ r e p e t i t i v e

Ou r d a t a s e t ( wh i c h wa s u s e d i n t h e p r e v i o u s b e n c hma r k s ) c o n t a i
t e x t u r e s u s e d b y Ra o a n d Lo h s e . We t r a i n e d ARTEX o n t h e s e 2 1 t e x t u
s a me p r o c e d u r e s a s d e s c r i b e d a b o v e . ARTEX o b t a i n e d 9 3 . 9 c o r r e c t o n
t r a i n i n g wi t h 7 6 8 s a mp l e s / c l a s s f o r 2 l e a r n i n g e p o c h s , a n d 8 7 . 9 c
wi t h 3 0 0 s a mp l e s / c l a s s f o r 5 l e a r n i n g e p o c h s . Fo r e a c h p a i r o f t h e 2 1
we t a l l i e d t h e n umb e r o f t i me s ARTEX mi s t o o k o n e o f t h e t wo t e x t u r e
De s p i t e t h e d i � e r e n c e i n a b s o l u t e n umb e r o f e r r o r s , b o t h t r a i n i n g
s a me n e g a t i v e c o r r e l a t i o n ( c o r r e l a t i o n c o e �c i e n t = �0 :3 ) b e t we e n t h
c o n f u s i o n s a n d t h e MDS d i s t a n c e b e t we e n t h e t e x t u r e s . Th e r e f o r e , t
t e x t u r e s a p p e a r t o p e o p l e , t h e mo r e l i k e l y ARTEX i s t o c o n f u s e t h e m
ma y n o t b e h i g h e r b e c a u s e o f t h e d i � e r e n c e b e t we e n t h e s e t s o f t e x t
i n t h e s i mu l a t i o n s a n d t h e e x p e r i me n t s , a n d t h e f a c t t h a t t e x t u r e s
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Fi gur e 5 : o : Te xt ur e mo s a i c c o ns i s t i ng o f g r a s s ( D9 ) , r a�a ( D84 ) , wo o d ( D68 ) , h
( D17 ) , a nd wo o l ( D19 , i ns e t ) . o s an : ) l a s s i �c a t i o n r e s ul t s , a t f o ur l e ve l
f o l l owi ng t r a i n i ng on t he �ve t e x t ur e s i n t he mo s a i c , a s we l l a s o n a s i x t h t e xt ur e
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Fi gur e 6 : The pe r c e nt a g e o f a l l e r r o r s due t o c onf us i o n be t we e n pa i r s o f t e x t ur e s
f unc t i o n o f t he di s t a nc e i n DS c o o r di na t e s be t we e n t he t e x t ur e s ( s e e Rao Lohs e ,
The da t a s e t c o ns i s t s o f t he f o l l owi ng 2 1 t e xt ur e s : D3 , D9 , D10 , D11 , D15 , D18 , D26
D50 , D52 , D55 , D57 , D73 , D78 , D80 , D82 , D83 , D86 , D87 , D93 , D110 ( s e e Fi g ur e 3 ) .

c o n f u s a b i l i t y a r e n o t i d e n t i c a l me a s u r e s o f p e r f o r ma n c e . Fi g u r e
e r r o r s b e t we e n e a c h p a i r o f t e x t u r e s a s a f u n c t i o n o f t h e i r d i s t a n c
a f t e r t r a i n i n g ARTEX wi t h 7 6 8 s a mp l e s / c l a s s f o r 2 e p o c h s .

lassif ingS Image egions

ARTEX wa s a l s o e v a l u a t e d o n c l a s s i � c a t i o n o f t e x t u r e d r e g i o n s i n r
a p e r t u r e r a d a r ( SAR) i ma g e s a t s i n g l e - p i x e l r e s o l u t i o n . We a r e g r a t
o f MI T Li n c o l n La b o r a t o r y f o r ma k i n g t h e s e SAR i ma g e s a v a i l a b l e . S AR
g r a d u a l l y a n d s t o c h a s t i c a l l y a c r o s s s p a c e , a n d e x h i b i t a g r e a t d e a
o u t o f i ma g e p i x e l s . Th i s i s t h e t y p e o f p r o b l e m t h a t o u r b r a i n s n e e d
a r e c o n f r o n t e d b y t h e n o i s y i ma g e s c r e a t e d b y r e t i n a l p h o t o r e c e p t o
i l l u s t r a t e h o w t h e t y p e s o f p r o c e s s e s t h a t h a v e e v o l v e d t o c o p e wi t h
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n o i s e a n d p i x e l d r o p - o u t wo r k j u s t a s we l l wi t h ma n - ma d e s e n s o r s . I n d
huma n o b s e r v e r s wh o b e c o me e x p e r t i n i n t e r p r e t i n g SAR i ma g e s u s e s
me c h a n i s ms t o t h e o n e s t h a t we r e p o r t h e r e i n .

Th e SAR i ma g e s we r e o b t a i n e d u s i n g a 3 5 - GHz s y n t h e t i c a p e r t u r e r a
b y 1 f o o t r e s o l u t i o n a n d a s l a n t r a n g e o f 7 k m ( No v a k et al . , 1 9 9 0 ) . We
a n y c l a s s i � c a t i o n b e n c hma r k s o n SAR i ma g e r y o f s u�c i e n t l y h i g h r e s
me a n i n g f u l c o mp a r i s o n s t o o u r r e s u l t s . Th e i ma g e s we r e t a k e n o f u
s c e n e r y , a n d c o n t a i n f o u r r e g i o n t y p e s |g r a s s , t r e e s , r o a d s , a n d r
we t r a i n e d t h e s y s t e m t o c l a s s i f y . We s e l e c t e d n i n e 5 1 2 x 5 1 2 SAR i m
l a r g e a mo u n t s o f t h e s e f o u r r e g i o n s , a n d h a n d - l a b e l e d t h e m wi t h t
p h o t o g r a p h s o f t h e s c e n e s . Th e l a b e l s , f r o m d a r k g r a y t o wh i t e , c
s h a d o ws , r o a d s , g r a s s , a n d t r e e s , r e s p e c t i v e l y . Fo r c o mp u t a t i o n a l
we r e r e d u c e d v i a g r e y - l e v e l c o n s o l i d a t i o n f r o m t h e i r o r i g i n a l s i z
2 0 0 x 2 0 0 p i x e l s . Fo l l o wi n g t h e f e a t u r e e x t r a c t i o n s t e p s , t h e o u t e
i ma g e we r e d i s r e g a r d e d i n o r d e r t o a v o i d b o r d e r e � e c t s . Th e r e f o r
1 8 0 x 1 8 0 p i x e l a r e a o f t h e i ma g e s wi l l b e s h o wn .

Fi g u r e 7 ( t o p l e f t ) s h o ws t h e o u t p u t o f S t a g e 1 o f ARTEX ( s e e Fi g u r
s p a t i a l s c a l e , f o r o n e o f t h e s e i ma g e s . I t c o n v e r t s � v e o r d e r s o f m
t h e r a d a r r e t u r n i n t o a n o r ma l i z e d i ma g e t h a t p r e s e r v e s t h e ( We b e r - l
c o n t r a s t o f t h e o r i g i n a l . S u b s t a n t i a l mu l t i p l i c a t i v e n o i s e r e ma i n
mi d d l e ) s h o ws t h e S t a g e 8 BCS b o u n d a r i e s . Th e y a r e f a r l e s s p r e c i s e t
u s i n g a CC Lo o p ( s e e Gr o s s b e r g , Mi n g o l l a , & Wi l l i a ms o n , 1 9 9 5 ) . Fi g
s h o ws t h e S t a g e 9 � l l e d - i n b r i g h t n e s s f e a t u r e t h a t i s o r g a n i z e d b y t
t h a t t h e s u r f a c e b r i g h t n e s s r e p r e s e n t a t i o n s mo o t h s o u t t h e n o i s e i
Fi g u r e 7 ( mi d d l e l e f t ) s h o ws t h e h a n d - l a b e l e d c l a s s l a b e l s o f t h e f o
i ma g e .

Th i s SAR c l a s s i � c a t i o n p r o b l e m r e q u i r e s a c c u r a t e c l a s s i � c a t i o n o
a s we l l a s ma n y r e g i o n t r a n s i t i o n s . Un l i k e t h e t e x t u r e mo s a i c p r o b
t h i s p r o b l e m i n v o l v e s t r a i n i n g o n t h e s a me t y p e s o f i ma g e s t h a t a r e u
t e x t u r e mo s a i c s , S AR i ma g e s c o n t a i n ma n y r e g i o n t r a n s i t i o n s . I n a
l a b e l e d r e g i o n c l a s s e s a r e r a t h e r c r u d e , a n d , a t s i n g l e - p i x e l r e s o
a v e r a g i n g t o r e d u c e t h e v a r i a n c e o f f e a t u r e s wi t h i n r e g i o n s . Th e
r e q u i r e s l e a r n i n g a n e x t r e me l y n o i s y ma p p i n g f r o m t h e s e t o f i n p u t f
l a b e l s .

Be f o r e e v a l u a t i n g ARTEX, we � r s t a n a l y z e t h e d i s c r i mi n a b i l i t y o f
b a s e d o n t h e s u r f a c e b r i g h t n e s s f e a t u r e ( S t a g e 9 i n Fi g u r e 2 ) i n o r
t i l i t y o f u s i n g s u r f a c e b r i g h t n e s s a s c o mp a r e d wi t h u s i n g t h e o u t c o
p r o c e s s i n g ( S t a g e 1 i n Fi g u r e 2 ) . Fi g u r e 8 ( t o p ) s h o ws t h e b r i g h t n e s
f o u r r e g i o n t y p e s f o l l o wi n g o n l y S t a g e 1 c e n t e r - s u r r o u nd p r o c e s s i n
s h o w, a g r e a t d e a l o f o v e r l a p e x i s t s b e t we e n t h e r e g i o n t y p e s . Fi g u
t h e d i s t r i b u t i o n s o f t h e S t a g e 9 � l l e d - i n b r i g h t n e s s o u t p u t s . Th i
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Fi gur e 7 : Re s ul t s a r e s hown on a 1 8 0x1 8 0 pi xe l SAR i mag e , whi c h i s o ne o f ni ne i mag
s e t . Top r ow: St a g e 1 out put ( l e f t ) ; St a g e 8 B S bounda r i e s ( mi ddl e ) ; St a g e 9 F
out put ( r i g ht ) . i ddl e r ow: a nd- l a be l e d c l a s s e s f o r SAR r e g i o ns . Fr omda r k t o l i
a r e r a da r s hadows , r o ads , g r a s s , a nd t r e e s ( l e f t ) . l a s s i �c a t i o n us i ng t he St a g e
f e a t ur e a nd a aus s i a n c l a s s i �e r y i e l ds 5 7 . 8 c o r r e c t ( mi ddl e ) . l a s s i �c a t i o n u
s ur f a c e br i g ht ne s s f e a t ur e a nd a aus s i a n c l a s s i �e r y i e l ds 7 1 . 4 c o r r e c t ( r i g ht
A c l a s s i �c a t i o n us i ng a l l 1 7 f e a t ur e s . 8 1 . 7 c o r r e c t us i ng OV r e pr e s e nt a t i o n

c o r r e c t us i ng OI r e pr e s e nt a t i o n ( mi ddl e ) . 8 5 . 9 c o r r e c t us i ng OI r e pr e s e nt a t i o
pr o babi l i t y e s t i ma t e s .
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SARCl ass i �cat i on

Co n � g u r a t i o n To t a l S h a d o w Ro a d Gr a s s Tr e e
S t a g e 1 Fe a t u r e 5 7 . 8 5 8 . 7 0 . 0 8 7 . 5 2 1 . 7
S t a g e 9 Fe a t u r e 7 1 . 4 7 1 . 6 2 1 . 0 9 3 . 6 5 0 . 5
ARTEX OV ( n o v o t i n g )8 0 . 8 7 6 . 6 6 2 . 5 8 8 . 0 7 9 . 5
ARTEX OV ( v o t i n g ) 8 1 . 7 7 8 . 0 6 2 . 4 8 8 . 9 8 0 . 3
ARTEX OI ( n o v o t i n g )8 1 . 9 7 6 . 5 6 8 . 9 8 8 . 6 7 8 . 7
ARTEX OI ( v o t i n g ) 8 2 . 9 7 8 . 4 6 9 . 6 8 9 . 4 7 9 . 4
ARTEX FP ( n o v o t i n g )8 5 . 0 7 9 . 5 7 2 . 6 9 1 . 3 8 2 . 8
ARTEX FP ( v o t i n g ) 8 5 . 9 8 0 . 1 7 2 . 2 9 1 . 6 8 2 . 6

Tabl e 3 : l a s s i �c a t i o n r e s ul t s o n SAR i mag e s f o r di e r e nt c o n�gur a t i o ns . Le f t
ne t c l a s s i �c a t i o n r a t e , wi t h r e ma i ni ng c o l umns s howi ng br e a kdown i n t he f o ur i nd
t ype s . The �r s t t wo r ows s how r e s ul t s ( us i ng a aus s i a n c l a s s i �e r ) ba s e d on a s i n
f e a t ur e , t he St a g e 1 c e nt e r - s ur r o und f e a t ur e ( 1 s t r ow) and t he St a g e 9 �l l e d- i n f e
The r e ma i ni ng r ows s how t he c l a s s i �c a t i o n r e s ul t s o f d i e r e nt ARTEX c on�gur a t i o n
wi t hout vo t i ng . ARTEXOV i s ARTEX wi t h an o r i e nt a t i o n va r i a nt r e pr e s e nt a t i o n, ARTE
ARTEXwi t h an o r i e nt a t i o n i nva r i a nt r e pr e s e nt a t i o n, a nd ARTEXFP us e s t he ARTEXOI
pr obabi l i t y e s t i ma t e s by �l l i ng t he m i n wi t hi n t he B S bounda r i e s .

b r i g h t n e s s h e l p s t o s e p a r a t e i n p u t f e a t u r e s i n a n a t u r a l s c e n e . Th
i t i v e l y c l e a r b y c o mp a r i n g t h e S t a g e 1 i ma g e i n Fi g u r e 7 ( t o p l e f t ) w
i n Fi g u r e 7 ( t o p r i g h t ) . Th e l a t t e r i ma g e i s mu c h c l e a r e r l o o k i n g a
t h e e y e , e v e n t h o u g h t h e b o u n d a r i e s t h a t o r g a n i z e i t a r e r a t h e r c o a r

Th e u s e f u l n e s s o f t h e s u r f a c e b r i g h t n e s s p r o c e s s i n g i s f u r t h e r e l
c l a s s i � c a t i o n r a t e s b a s e d o n o n l y t h e S t a g e 1 a n d S t a g e 9 f e a t u r e s . T
t r i b u t e d d a t a we r e c l a s s i � e d u s i n g a Ga u s s i a n c l a s s i � e r , i n wh i c h t h
r e g i o n t y p e wa s r e p r e s e n t e d b y a s i n g l e Ga u s s i a n d i s t r i b u t i o n . Th
i s s h o wn i n t h e mi d d l e i ma g e o f Fi g u r e 7 a n d i n t h e mi d d l e , r i g h t i
u a n t i t a t i v e p e r f o r ma n c e me a s u r e s a r e l i s t e d i n Ta b l e 3 . Th e s e r e s

f u l n e s s o f FACADE p r e p r o c e s s i n g , p a r t i c u l a r l y i n o v e r c o mi n g f r e q u
d u e t o mu l t i p l i c a t i v e n o i s e , a n d a l s o p r o v i d e a b a s e l i n e f o r e v a l u a
t h e c o mp l e t e i ma g e c l a s s i � c a t i o n s y s t e m, wh i c h a l s o u s e s a mu l t i s c a
GAMr a t h e r t h a n a Ga u s s i a n c l a s s i � e r .

GAMwa s t r a i n e d a n d t e s t e d o n t h e n i n e i ma g e s u s i n g a l e a v e - o n e - o u
l e v e l o f i ma g e s ( i . e . , t e s t e a c h o f t h e 9 i ma g e s a f t e r t r a i n i n g o n
e n s u r e i n d e p e n d e n c e b e t we e n t e s t i n g a n d t r a i n i n g i ma g e d a t a . Al l i m
f o r t r a i n i n g a n d t e s t i n g i n o n e s t u d y . Th i s r e s u l t wa s c o mp a r e d t o
t r a i n i n g wi t h a s l i t t l e a s 0 . 0 1 o f t h e t r a i n i n g s e t . A t o t a l o f a
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Fi gur e 8 : Br i g ht ne s s di s t r i but i o ns o f f o ur r e g i o n t ype s : s hadows , r o ads , g r a s s ,
St a g e 1 c e nt e r - s ur r o und out put . Bo t t om: St a g e 9 �l l e d- i n o ut put . B S/F S pr o c e s s i
s e pa r a t e s r e g i o ns .
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s a mp l e s we r e u s e d o n a s i n g l e t r a i n i n g e p o c h . Fi v e GAM n e t wo r k s w
i n d e p e n d e n t o r d e r i n g s o f t h e d a t a . Th e c l a s s i � c a t i o n r a t e s a t t a i n
we r e a v e r a g e d . I n a d d i t i o n , ot i ng wa s d o n e a mo n g t h e s e � v e s y s t e ms .
a v e r a g i n g t h e p r o b a b i l i t y e s t i ma t e s a mo n g GAM n e t wo r k s t r a i n e d o n
o r d e r i n g s o f t h e t r a i n i n g d a t a , a n d c h o o s i n g t h e c l a s s p r e d i c t i o n w
p r o b a b i l i t y e s t i ma t e .

n a ona a an ) s n a on. Fi r s t , r e s u l t s o b t a i n e d wi t h o u t o
t a t i o n a l i n v a r i a n c e o f t h e BCS � l t e r a r e r e p o r t e d . GAM s e l f - o r g a n i
c a t e g o r i e s . Th e c l a s s i � c a t i o n r e s u l t ( wi t h v o t i n g ) i s d i s p l a y e d i
Th e n o n - v o t i n g a n d v o t i n g r e s u l t s a r e q u a n t i � e d i n Ta b l e 3 . Wi t h v o
s i � c a t i o n r a t e i s s l i g h t l y i mp r o v e d , f r o m 8 0 . 8 t o 8 1 . 7 c o r r e c t .
c l a s s i � c a t i o n r a t e wi t h v o t i n g mu s t b e we i g h e d a g a i n s t t h e c o s t o f
=5 , wh i c h e n t a i l s 5 t i me s mo r e c a t e g o r i e s a n d t r a i n i n g e p o c h s . Th e

t h e o r i e n t a t i o n a l l y v a r i a n t r e p r e s e n t a t i o n c a n b e s e e n i n h o w t h e r
e x a mp l e , t h e t h i n v e r t i c a l r o a d i s mi s c l a s s i � e d i n t h e c e n t r a l i ma g
t h e s y s t e m wa s n o t t r a i n e d o n a n y t h i n v e r t i c a l r o a d s .

n a ona n a an ) s n a on. Wi t h t h e o r i e n t a t i o n a l i n v a r i a n c e
o f t h e BCS � l t e r i n c l u d e d , GAMs e l f - o r g a n i z e d 2 6 0 . 0 c a t e g o r i e s . Th
g o r i e s p e r o u t p u t c l a s s , a n d a c o mp r e s s i o n o f 1 0 0 0 : 1 f r o m t r a i n i n g s
Th e c l a s s i � c a t i o n r e s u l t ( wi t h v o t i n g ) i s d i s p l a y e d i n Fi g u r e 7 ( b o t
v o t i n g a n d v o t i n g r e s u l t s a r e a l s o l i s t e d i n Ta b l e 3 . Wi t h v o t i n g , t h
i s s l i g h t l y i mp r o v e d , f r o m 8 1 . 9 t o 8 2 . 9 c o r r e c t . No t e t h a t t h e c l
t h e t h i n v e r t i c a l r o a d a r e c o r r e c t e d s i n c e a n y o r i e n t a t i o n d u r i n g
t o a n y o t h e r o r i e n t a t i o n d u r i n g t e s t i n g .

o a n n . Go o d r e s u l t s a r e a l s o o b t a i n e d a f t e r t r a i n i n g wi t h mu
p l e s . Th i s i s d e mo n s t r a t e d i n Fi g u r e 9 A, wh i c h p l o t s p e r f o r ma n c e ,
v o t i n g , a f t e r t r a i n i n g wi t h r a n d o ml y s e l e c t e d s u b s e t s o f t h e t r a i
r i g h t , t h e p l o t t e d p o i n t s c o r r e s p o n d t o t r a i n i n g wi t h 0 . 0 1 , 0 . 1
o f t h e t r a i n i n g s e t . Fo r e a c h o f t h e s e p o i n t s , t h e n umb e r o f s e l f - o r
s c i s s a ) a n d t h e c l a s s i � c a t i o n r a t e ( o r d i n a t e ) a r e s h o wn . No t e t h a t
t r a i n i n g s e t , GAM o b t a i n s g o o d p e r f o r ma n c e ( 7 5 { 8 2 c o r r e c t ) u s i n g
c a t e g o r i e s .

s n o a s a s. Th e p r o b a b i l i t y e s t i ma t e s o b t a i n e d wi t h t h e
s e n t a t i o n a n d v o t i n g ma k e g o o d c o n � d e n c e me a s u r e s b e c a u s e t h e y p r e d
t h e p r o b a b i l i t y t h a t a p r e d i c t i o n i s c o r r e c t . Th i s s u g g e s t s t h a t e a
s h o u l d b e we i g h t e d e q u a l l y i n a n y f u r t h e r o p e r a t i o n s t h a t c o mb i n e t
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Fi gur e 9 : ) The numbe r o f s e l f - o r g ani z e d c a t e g o r i e s ( a bs c i s s a ) a nd t he c l a s s i �c
di na t e ) a r e pl o t t e d f o r A , wi t h and wi t hout vo t i ng , t r a i ne d on di e r e nt s i z e d
t r a i n i ng da t a . Fr om l e f t t o r i g ht , t he po i nt s c o r r e s pond t o t r a i n i ng wi t h 0 . 0 1 ,
a nd 1 0 0 o f t he t r a i n i ng s e t . B) The a c c ur a c y o f c o n�de nc e me a s ur e s i s s hown by
c l a s s i �c a t i o n a c c ur a c y a s a f unc t i o n o f �l l e d- i n pr o babi l i t y e s t i ma t e s i n SAR i
t e m's c o n�de nc e me a s ur e s a r e r e a s o nabl y c l o s e t o t he i de a l c o n�de nc e me a s ur e s r e
t he da s he d di a g ona l l i ne . 3 1



space. One such operation i s spatial averaging, which has the di sadvantage of mixing
probabil i ty estimates betweendi�erent regions.

Abetter way to combine estimates i s to take advantage of the information contained
in the BCS boundaries (Figure 7, top middle), in order to maximize spatial averaging
within regions whi l e minimizing i t between regions. This can be done by di�using the
probabil i ti es wi thin the BCS boundaries, in the same way that brightness estimates are
di�usedinStage 9, inorder to obtaindi�usedprobabi l i ti es. See Appendix IVfor detai l s.
Figure 7 (bottomright) shows the deci sion regions fol lowing di�usionof probabi l ity esti -
mates. Withprobabi l i tydi�usion, classi�cationperformance onal l nine SARimages was
improvedfrom82.9 to 85.2 correct. These resul ts are al so l i stedinTable 3. Figure 9B
shows the accuracy of the �l l ed-inprobabi l i ty estimates as con�dence measures, plotting
classi�cationaccuracy as a functionof the probabi l i ty estimate of the chosenregion. This
plot approximates that of an ideal con�dence measure (diagonal l ine).

Further improvement in accuracy could be achieved by using cogni tive compari sons
betweencontiguous region types; for example, the fact that shadows do not occur below
roads or grass could be used to improve classi�cation of these regions. Such excursions
into cogni tive mechanisms go beyond the scope of the present study.

oncl udi ng emar s

The ARTEXsystemdemonstrates the uti l i ty of combining neural model s for vi sual per-
ceptionthat are basedonFACADEtheorywithneural model s for adaptive categorization
andpredictionthat are basedonAdaptive Resonance Theory. ARTEXextracts multiple-
scale ori entedcontrast features anda �l l ed-insurface feature that provide an informative
context-sensi tive representation of the textural and brightness properti es of an image.
ARTEXthen incremental ly l earns an internal categorizationof these features along with
a mapping frommultiple categories to the label s of the output classes. The model al so
learns class probabi l i ti es, which may be �l l ed-in to yield surface probabi l i ty maps that
improve classi�cation accuracy. ARTEXoutperforms other l eading texture-based clas-
si�ers on a variety of texture classi�cation benchmarks, and provides good classi�cation
at single-pixel resolution on noisy SARimages whose intensi ti es vary over 5 orders of
magni tude.

Giventhe success of ARTEXinthe domainof spatial lylocal i zedscene recogni tion, i t i s
interesting to compare i t wi thapproaches inthe more large-scale andchal l enging domain
of shape and object recogni tion. Two popular competing approaches are recogni tion by
components (RBC ) (Biederman, 1987; Hummel &Biederman, 1992), andmemory-based
recogni tion (Edelman&Poggio, 1992; Edelman, 1996). RBCposi ts the formation of an
intermediate representationprior to shape or object recogni tion. This intermediate repre-
sentationconsi sts of a structural descriptionof anobject, made upof volumetri cprimitives
cal l edgeons, andthei r spatial relations. The primary (andinour view, correct) cri ti ci sm
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of RBChas been that recovering useful volumetri c primitives i s often impossible given
the complexi ty of real -worldobjects and the noi siness of real -world images. In addi tion,
some of the key psychophysical data that motivated the Geon concept concerned how
humans better recognize l ine drawings with deleted segments when the drawings contain
recoverable features that the braincanrestore using amodal i l lusory contours, thanwhen
they do not (Biederman, 1987). Grossberg (1987, Section 20) provideda FACADEtheo-
ry explanation of these data by suggesting howandwhy amodal i l lusory contours would
formin the recoverable case, before thi s completedboundary representationinputs to an
ARTclassi�er for correct recogni tion. Geons playedno role in thi s explanation.

The al ternative memory-basedapproachposi ts a di rect mapping from\low-level" fea-
tures to \high-l evel" internal categories. Invariance to 3-Drotation i s obtainedby inter-
polating betweenmultiple categories that represent di�erent aspects, or 2-Dprojections,
of 3-Dobjects. ARTEXis consi stent with a memory-based approach. Therefore, i t i s
useful to compare ARTEXto a speci�c memory-basedmodel , such as that outl ined by
Edelman(1996). This model consi sts of a stage of image �l tering fol lowedby amapping,
via radial basi s functions (RBFs), into a di stributed representationof internal categories
that represent storedviews of objects. The RBFmodel uses analog-valuedtrainingsignal s
andlearns via amatrix inversionor gradient descent algori thm. It has no speci�edmech-
ani smfor l earning howmany basi s functions to use. ARTmodel s, in contrast, construct
andlearninternal categories ina general lyunsupervi sedmanner, receiving onlya l imited,
biological ly plausible, type of supervi sed feedback; namely, i f a supervi sed ARTsystem
makes an incorrect prediction, then i ts active representation i s reset, and i ts vigi lance i s
rai sed.

Three sel f-organizingview-basedARTmodel s have al readybeendevelopedandbench-
marked, the Aspect Networkmodel of Seibert andWaxman(1992), the VIEWNETmod-
el of Bradski and Grossberg (1995), and the ART-EMAPmodel of Carpenter and Ross
(1995). The present work onARTEXshows howto developa texture-sensi tive front end
for suchmodel s, andhowto use aGAMclassi�er, whichi s al so basedonRBFs, to learna
distributedrepresentationof individual 2-Dviews, before these representations are joined
together, using a working memory for temporal evidence accumulation, into 3-Dobject
recogni tion categories.
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S Fi l ter

The BCS�lter computes 16 orientedcontrast features from4 scales and 4 orientations.

St age 1. Ashunting on-center o�-surroundnetwork compensates for variable i l lumina-
tion and computes ratio contrasts in the image (Grossberg, 1983). The output at pixel
( ; ) and scale i s

g
i =

i � ( g )i �

+ i +( g )i
; (1)

where i i s the input to pixel ( ; ), and g denotes the convolution of input matrix
I = i and the Gaussiankernel g. Kernel g i s de�nedby

g
i ( ; ) =

1

2 � 2
g

exp [�(( � )2 +( � ) 2) 2� 2

g ]; (2)

with � g =2 g, for the spatial scales = 0; 1; 2; 3 . Parameter =0:5. The value of i s
determinedby the di stribution of pixel intensi ti es in the input image. We used =255
for natural texture images, whichhave an ampl i tude range of pixel ampl i tudes of 0{255,
and =2; 000 for SARimages, whichhave a range of about 100{110,000.

St age 2. The output g
i of equation(1) i s convolvedwithanodd-symmetric Gabor �l ter

g
k de�ned at four equal ly spaced orientations ,

g
i k =(

g
k

g)i ; (3)

where the horizontal Gabor �l ter ( =0) i s de�nedby

g
i 0( ; ) = g

i ( ; ) � sin[0:75 ( � ) � g] : (4)

St age 3. Alocal measure of ori entational contrast i s obtainedby ful l -wave recti fying the
orientational �l ter output from(3):

g
i k =

g
i k : (5)

St age . Orientational contrast responses mayexhibi t highspatial variabi l ity. Asmooth,
rel iablemeasure of ori entational contrast spatial lypool s responses withineachorientation:

g
i k =(

g g)i k: (6)

St age . This optional o r i e n t a t i o n a l i n a r i a n c e stage shi fts ori entational responses at
eachscale intoa canonical ordering. This shi ft maps the same texture pattern, whichmay
be viewedfromdi�erent angles, into a canonical patternof ori entational contrast signal s.

4 0



With wraparound, the i k responses are shi fted so that the orientation with maximal
ampl i tude i s in the �rst ori entationplane:

g
i k =

g
i e where =[ +arg max ( g

i )] mod 4: (7)

The usefulness of the ori entational invariance step in equation (7) i s task-dependent, as
shownby our simulations.

oundar and Surf ace Processi ng

The thi rd spatial scale ( =3) of the BCS �lter i s input to addi tional processing stages
which forma boundary segmentation that i s used to �l l -in a surface representation, as
diagrammedinFigure 2. Because the superscript i s constant inthe fol lowingequations,
i t i s l eft out.

St age 6. At each orientation, boundaries are contrast-enhancedusing shunting compe-
ti tion:

i k =
i k � i k

+ i k + i k

; (8)

where =0:1.

St ages 7 and 8. The recti�ed i k are summedacross ori entationto yield the boundary
signal s:

i =
4

k=1

[ i k] ; (9)

where [ ] i s the hal f-wave recti�cation operator.

St age . The boundary signal s i block di�usive �l l ing-in of the di scounted signal s i

from(1), and thereby yield a �l l ed-in surface brightness feature i . FCS�l l ing-inobeys
the di�usionequation,

i =� i +
p;q i

( pq � i ) pqi + i ; (10)

where di�usion i s among the four nearest neighbors, i = ( ; � 1); ( �1; ); ( +
1; ); ( ; +1) , and the boundary-gatedpermeabi l i ti es obey

pqi =
1+ ( pq + i )

(11)
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(Cohen&Grossberg, 1984; Grossberg&Todorovi�c, 1988). At equi l ibrium, equation (10)
yields

i =
i + p;q i pq pqi

+ p;q i pqi

: (12)

Inour implementation, the equi l ibriumequation (12) i s i terated 1000 times. Parameters
are =0:05; =10:0; =100:0.

aussi an P
GAMconsi sts of an input layer, 1, and an internal category layer, 2, which receives
input from 1 via adaptive weights. Activations at 1 and 2 are denoted, respectively,
by =( 1; :::; ) and =( 1; :::; ), where i s the dimension of the input space,
and is the number of committed 2 category nodes. InARTEX, i s the output vector
of the FACADE�lter. Each 2 category model s a local densi ty of the input space with
a separable Gaussian receptive �eld, and maps to an output class prediction. The th

category' s receptive �eld i s parametri zed by two M-dimensional vectors: i ts mean, ,
and standard deviation, . Ascalar, , represents the amount of training data for
which the node has receivedcredi t.

Cat egory Mat ch and Act i at i on. The input to category i s determinedbythema t c h

value

=exp �

1

2
i=1

i � i

� i

2

: (13)

Function measures howclose the input vector i s to the category' s mean , relative
to i ts standarddeviation . The net input signal to category i s

=
i=1 � i

; (14)

where ( i=1 � i)�1 normal i zes the Gaussian and is proportional to i ts a p r i o r i proba-
bi l i ty.

Acategory succeeds in temporari ly storing activi ty in short-termmemory only i f i ts
match value i s large enough to exceed the vigi lance parameter . The category i s
thus stored only i f . Otherwise, i t i s rapidly reset. In addi tion, the category' s
stored activi ty, , i s normal i zed by a shunting competi tion that occurs across al l active
categories. That i s,

=
+

i f ( ); =0 otherwise ; (15)
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where ( ) i s the set of al l categories, , such that . Parameter =0:00001. The
activi ty represents the posterior probabi l i ty ( ) for the category given the input
vector.

Out put Predi c t i on. Equations (13){(15) describe activation of category nodes in an
unsupervi sed learning GaussianARTmodule. The fol lowing equations describe GAM's
supervi sedlearningmechanism, whichincorporates feedback fromclass predictions made
by the 2 category nodes. When a category, , i s �rst chosen, i t l earns a permanent
mappingtothe output class, , associatedwiththe current trainingsample. Al l categories
that map to the same class prediction belong to the same e n s e mb l e , ( ). Each time
an input i s presented, the categories in each ensemble sumthei r activi ti es to generate a
probabil i ty estimate, , of the class prediction that they share:

= : (16)

The systemprediction, , i s obtained fromthe maximumprobabi l i ty estimate by a
winner-take-al l competi tion across classes:

=arg max ( ); (17)

which al so determines the chosen ensemble. Once the class prediction i s chosen,
feedback fromchosenclass to the categories sel ects those categories that mapto the
class and suppresses those that do not (Carpenter &Grossberg, 1987). As a resul t, the
category activi ti es are renormal i zed to values

= i f ( ) ( ); =0 otherwise. (18)

Just as represents ( ), represents ( ; ).

Mat ch Tracki ng. If i s the correct prediction, then the network resonates and
learns the current input. If i s incorrect, thenmatchtracking i s invoked. As original ly
conceived, matchtracking involvedrai sing continuously froma basel ine value , thereby
causing categories with to be reset unti l the correct prediction was sel ected
(Carpenter, et al . , 1991). Because GAMuses a di stributed representation at 2, each

maybe determinedbymultiple categories, according to (16). Therefore, i t i s di�cul t
to determine numerical ly howmuch needs to be rai sed in order to sel ect a di�erent
prediction. It i s ine�cient (on a conventional computer) to determine the exact amount
to rai se by repeatedly resetting the active category with the lowest match value ,
each time re-evaluating equations (15), (16), and (17), unti l a newprediction i s �nal ly
sel ected.

Instead, a one-shot match tracking algori thmis used. This algori thminvolves rai sing
to the average matchvalue of the chosenensemble:

=exp �

1

2
=1 i=1

i � i

� i

2

: (19)
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In addi tion, al l categories in the chosen ensemble are reset: =0 for al l ( ).
Equations (14){(17) are then re-evaluated. Based on the remaining non-reset categories,
a newprediction in (17), and i ts corresponding ensemble, are chosen. This search
cycle automatical ly continues unti l the correct prediction i s made, or unti l al l committed
categories are reset; namely, for al l 1; :::; , andanuncommittedcategory i s
chosen. Matchtracking assures that the correct prediction comes fromanensemble with
a better matchto the training sample thanal l the reset ensembles. Uponpresentationof
the next training sample, returns to the basel ine value: = .

Learni ng. GAMlearns wheni t makes a correct output prediction, or a predictionthat i s
not di scon�rmed. The 2 parameters and are thenupdatedto represent the sample
stati sti cs of the input using local l earning rules. When category learns, i s updated
to represent the amount of training data for whichthe th node has been assignedcredi t:

:= + : (20)

The learning rate for and is modulatedby , so that the parameters represent the
sample stati sti cs of the input:

i := (1� �1) i +
�1

i; (21)

�
2

i := (1� �1)�2i +
�1( i � i)

2
; (22)

GAMis ini tial i zedwith =0. Whenanuncommittedcategory i s chosen, i s increment-
ed, andthe newcategory, indexedby = , i s ini tial i zedwith =1 and =0, andwith
a permanent mapping to the correct output class. Learning then proceeds via (20){(22),
wi th one modi�cation: a constant, 2, i s added to the right hand side of equation (22),
yi elding � i = . Ini tial i zing categories with thi s nonzero standarddeviationmakes (13)
and (14) wel l -de�ned. Varying has a markede�ect on learning: as i s rai sed, l earning
becomes slower, but fewer categories are created. General ly, i s much larger than the
�nal standard deviation to which a category converges. Intui tively, a large represents
a lowlevel of certainty for, andcommitment to, the location in the input space codedby
a newcategory. As i s rai sed, the network settl es into i ts input space representation in
a slower and more graceful way. Al l datasets are preprocessed to have a uni t standard
deviationineachfeature dimension, so that has the samemeaning inal l the dimensions.
On the texture classi�cation problems in Section 7, we used =1. On the noi si er SAR
classi�cationproblems in Section 8, we used =4.
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At each image posi tion ( ; ), the fol lowing di�usionequation i s i terated.

i =
( ; ) + p;q i pq pqi

+ p;q i pqi

: (23)

Here ( ; ) i s GAM's probabi l i ty estimate for output class , i consi sts of the 4
nearest neighbors to ( ; ), and the boundary-gatedpermeabi l i ti es obey

pqi =
1+ ( pq + i )

; (24)

where i i s the strengthof the boundary computed in(9). Equation (23) i s i terated250
times. Otherwise, the same di�usionparameters are used as inAppendix II. Final ly, the
di�usedvalues i are normal i zed to produce the di�used probabi l i ty estimates,

i =
i

i

: (25)

The size of the probabi l i ty estimate, ( ; ), i s determined by both the absolute input
magni tude to i ts ensemble, andthe input magni tude to i ts ensemble relative to the input
magni tude to other ensembles. The shunting decay parameter in equation (15), which
produces partial normal i zation of activi ty in the GAMcategories, causes the absolute
input magni tude to a�ect the probabi l i ty estimate. Aposi tive i s useful because i t pre-
vents the network fromproducing a large probabi l i ty estimate whenthe input magni tude
to al l the ensembles i s very low.
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