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Abs tr act

Aself-organi zi ng ARTEX nodel is devel oped to categorize and classify textured inage
regions. ARIEXspecializes the EXCAFnodel of howthe visual cortex sees, and the
AR'model of howtenporal and prefrontal cortices interact wththe hi ppocanpal system
tolearn visual recognition categories and their nanes. FXCAE processing generates a
vector of boundary and surface properties, notably texture and brightness properties, by
utilizing milti-scale fltering, competition and diffusive flling-in Its context-sensitive
local neasures of textured scenes can be used to recognize scenic properties that grad
ually change across space, as well as abrupt texture boundaries. AR[increnentally
learns recogni tion categories that classify EXAFoutput vectors, class nanes of these
categories, and their probahbilities. Top-down expectations within ARTencode 1earned
prototypes that pay attention to expected visual features. Wen novel visual inforna-
tion creates a poor match wth the best existing category prototype, a nenory search
selects a new category wth vhich classify the novel data. ARIEXis conpared with
psychophysi cal data, and is benchnarked on classification of natural textures and syn-
thetic aperture radar inages. It outperforms state-of-the-art systens that use rule-based,
backpropagation, and K-nearest neighbor classi fiers.



1 Introduction

1.1 Background and Benc hmar ks

The brain’s unparalleled ability to perceive and recognize a rapidly changi ng world has
inspired anincreasi ng mmber of nodel s ai ned at exploi ting these properties for purposes
of autonatic target recognition. On the perceptual side, the braincan cope wth variable
illumnationlevel s and noi sy sceni ¢ data that conbine infornationabout edges, textures,
shadi ng, and depth that are overlaidin all parts of a scene. This type of general - purpose
processing enables the brain to deal wth a wide range of inagery, both famliar and
unfamliar. ( the recognition side, the brain can autononously discover and learn
recogni tion categories and predi ctive cl assifications that shape thensel ves to the statistics
of a changingenviroment inreal tine. The present article devel ops a newsel f-organi zi ng
neural architecture that conbines perceptual and recognition nodels that exhibit these
desirable properties.

These nodel s have indi vi dual 1y been derived to explain and predi ¢t data about how
the brain generates perceptual representations in the striate and prestriate visual cor-
tices (e.g , Arington, 1994; Biloch & Gossberg, 1997; Hancis &Gossberg, 1996; Cove,
Gossberg, &Nlngolla, 1995; Gossberg, 1994, 1997; Gossberg, Nlngolla, &Foss, 1997;
Ressoa, Mngolla, &Newnamm, 1995) and uses these representations to learn attentive
recogni tion categories and predi ctions throughinteractions betveeninferotenporal , pre-
frontal , and hi ppocanpal cortices (e.g., Badski &Gossberg, 1995; Girpenter &Goss-
berg, 1993; Gossberg, 1995; Gossherg &Mrrill, 1996). The perceptual theory in ques-
tionis called CAE theory. It consists of subsystens called the Boundary (ontour
System(BC5) and the Fature (bntour System(FCS) that generate 3- Dboundary and
surface representations that nodel the cortical interblob and blob processing streans,
respectively. The adaptive categorization and predictive theoryis called Adaptive Reso-
nance Theory, or ARl ARI'model s are capable of stably self-organi zing their recogni tion
codes using either unsupervised or supervised increnental learning in any conbination
through tine (CGurpenter &Gossberg, 1991; Cirpenter e d., 1992).

The present vork devel ops the ARIEXnodel to classify scenes that include conpl ex
textures, both natural and artificial. The ARIEX architecture was built up fromspe-
cialized versions of FXATE and AR'nodel s that have been designed to achieve hi gh
conpetence in classifying textured scenes wthout also incorporating nechanisns that
are not essential for understanding this conpetence. Just as the properties of the EA
CAE and ARTmodel s are “energent” properties that are due to interactions of their
various parts, the properties of the ARIEXarchitecture are al so energent properties due
tointeractions w thin and betveenits FXATEand ARnodul es. These newener gent
properties are not nerely “the sumof the parts” of the nodul es of vhi chthey are derived,
and need to be anal ysed on their own terns.

Inorder tounderstand the energent properties that are achi evedby joi ni ng a FACAE



vision preprocessor to an AR[adaptive classifier, ARIEXis benchnarked agai nst state-

of -the-art al ternati ve nodel s of texture classification. Qu nost strikingresults are derived
through benchnark studi es that classifynatural textures fromthe Brodatz (1966) texture

al bum whi chis of ten used as a standardi zed test of texture classificati onnodel s. ARIEX
benchnarks emul ated the conditions under which others benchnarked their al gori thng

on Bodatz textures. Asingle trial of onrline increnental category learning by ARIEX

can out perf ormanot her 1 eadi ng nodel s off- 11 ne bat chlearni ng usi ng a conpl ex rul e- based
system( Geenspan, 1996; Geenspan ¢ d., 1994). ARIEXalso outperforns IEnearest

nei ghbor nodel s i nboth accuracy and data conpression, and nul tilayer perceptrons (back
propagation) in both accuracy and processing tine.

The classification errors that ARIEX does produce are conpared w th hunan per-
ception of texture simlarities (R &Lohse, 1993, 1996). Acorrelation exists betveen
the psychophysi call y neasured simlarity between two textures and the probahility that
ARIEXw 11 confuse them

MARIFXis also used to classify regions inreal-worl d scenes that have been processed
by synthetic aperture radar (SAR). SARinagery has recently becone popul ar in nany
satellite inage processing applications because the SAR sensor can penetrate variable
veather conditions (Novak e d., 1990; Wxnan e d., 1995). The SARinages present
a challenge for texture classifiers because they contain pixel intensities that vary over
five orders of nagni tude and are corrupted by hi ghlevels of nul tiplicative noise, yielding
inconpl ete and di scontimious boundary and surface representations. Results bel owon
natural texture and SARinages illustrate howpatternrecogni tionnodel s that are based
on hiological principles and nechani sns can out performnodel s that have been derived
frommore traditional engineering concepts.

1.2PsychophysicalData and Model Properties

A least two diflerent approaches exi st to texture classification. Inone approach, the focus
is on separating regions wth diflerent textures by findi ng the boundaries betveen them
(Bergen &Adel son, 1988; Fogel &Sagi, 1989; Guusey &Browse, 1989; Mlik &Rerona,

1990; Ribenstein &Sagi, 1990; Bergen &landy, 1991). Anwother approach attenpts to
classify the textures within snall regions of a scene (Chelli, 1985, 1988; Bwik, Qark,
&eisler, 1990; Jain &Fwroklmia, 1991; Geenspan e d., 1994). Such an approach

di scovers texture boundaries by classifying the textures within eachregion diflerently. It
can also classifylocal regions vhose textural properties vary gradually across space, and
thus are not separated by a di stinct boundary.

Grusey and Laundry (1992) have provi ded psychoplysical data in support of the
latter type of processing by showing that hunan texture recognitionis only slightly im
paired when the boundaries betveen diflerent textures in a texture nozaic are blurred.
ARIEX does the latter type of classification. It derives a 17-dinensional feature vec-
tor frommul tiple-scale boundary features of the BUS and a surface brightness feature



of the FGS. This feature vector utilizes filters of four different scales, as suggested by
psychophysi cal experinents (Harvey &Cervais, 1978; Rchards, 1979; Wlson &Bergen,
1979). The spatial filters are evaluated at four diflerent orientations, therebyleading to a
16- dinensional (4 x 4) featwre vector. The 17 ™ dinensionis a surface brightness feature.
The ARIEXnodel uses these feature vectors to generate a context-sensitive classification

of local texture properties. These BCS and FCS operations are designedto be as sinple

and fast as possible wthout incurring a loss of accuracy in classifying texture data.

Alarge psychophysical literature supports the FACAEhypothesis that the Inman
brainforns distinct boundary and surface representations before they are bound t oget her
by object recogni tion categories. Fxperinental results that support the role of boundary
representations include the followng: (1) bject superiority effects occur using outline
stimli wthlittle surface detail (Dwidoff &Domelly, 1990; Fona, Haver, &Schwvartz,
1976). (2) The nunber of errors in tachi stoscopi ¢ recogni tion and the speed of identifica-
tion are of ten conparabl e using appropriatel y and i nappropri atel y col ored objects (Mal,
Smth, Dbherty, &Smth, 1979; Gtergaard &Duwidoff 1985). (3) There is no difference
inrecogni tionspeed using bl ack- and- whi te photographs or 1ine drawi ngs that are carefully
derived fromthem( B edernan & Ju, 1988).

Several types of data also inplicate a separate surface brightness and color process.
These include the followng: (4) (Oloredsurfaces nay be bound to anincorrect formdur-
ingillusory conjunctions (MLean, Boadbent, &Broadbent, 1983; Stefurak &Boynton,
1986; Teisnan &Schmdt, 1982). (5) blor can facilitate object namng if the object-
s to be naned are structwrally simlar or degraded (Crist, 1975; Price &Hmphreys,
1989). (6) lors are coded categorically prior to the processing stage at which they
are naned (Dwidoff 1991; Rosch, 1975). Two of the most recent studies in support
of the boundary-surface distinction vere carried out by Hder and Zucker (1998) and
Rogers- Fanachandran and Fanachandran ( 1998).

FAXCATE theory proposes that 3-Dboundary and surface features that are forned
in the prestriate visual cortex are categorized in the inferotenporal cortex (Gossberg,
1994, 1997). Both boundary and surface properties are proposed to be conbined during
the categorization process wthin bottomup and top-down adaptive pathvays that are
nodel ed by an AR['system Thwo consequences of this conception are that unanbi guous
boundaries can generate category recognition by thensel ves, and that boundaries can
prine 3-Dobject representations evenif they need to be suppl enented by 3- Dsurface
infornationin order to achi eve unarhi guous recogni tion Cavanagh (1997) has reported
data consistent wth this latter prediction.

In the ARIEXinpl enentation of this concept, the feature vectors that are forned
fromthe 17-di nensi onal boundary and surface features of the EACAE preprocessor are
input to an AR['classifier, which categorizes the textures using a hiologically-notivated
learning al gorithm Hmans learn to discrimnate textures by looking at themand be-
comng sensitive to their statistical properties insmnall regions. This is howour nodel is
trained Intuitivelyspeaking, nodel trainingis like having an observer 1ook at a number



of locations and trying to learn to categorize thembased on their local properties. The
ART classifier we wsed, called Gaussian ARIME, or GAM increnentally constructs

internal categories that have Gaussian receptive fiel ds in the input space, and that nap
tooutput class predictions (Wllianson, 1996, 1997). (élls with Gaussianreceptive fiel ds
are ubi qui tous in the brain, and have been used to nodel data about howthe inferotem
poral cortex learns to categorize visual input patterns (Logothetis e d., 1994). Such
nodel s are not, hovever, typically able to self-organize their own recognition categories
and to autononously search for newones with which to classify novel input patterns.
ARl'nodel s overcome this weakness by showi ng howconpl enent ary at tentional and ori-

enting systens are designed w th whi ch to bal ance between the processing of famliar and
expected events, on the one hand, and unfamliar and imexpected events on the other
(CGirpenter &Gossberg, 1991; Gossberg, 1980; Gossberg &Mrrill, 1996). Al learned
categorization goes on wthin the attentional system The orienting subsystemis acti-
vated in response to events that are too novel for the attentional systemto successfully
categorize them Interactions betveenthe attentional andorientingsubsystens thenlead
to a nenory search whi ch discovers a nore appropriate popul ation of cells wth which

to categorize the novel infornation These interactions are designed to explain howthe
brain contimes to learn qui ckly about huge anounts of newinfornation throughout life,

w thout being forced to just as quickly forget useful infornation that it has previously
learned.

Nter eachinput is presented (i.e., eachlocationis “observed’), GMautonatically
activates cells vhose receptive fiel ds adapt to represent the input by anounts proporti onal
totheir level of madiwith the input. Hovever, if the input is too novel for any existing
receptive fiel d to natch the input vell enough, then a nenory searchis triggered which
leads to the selection of a previously unconmitted cell popul ation w th whi cha newcate-
gory can be learned. Drring unsupervi sedlearni ng, the correct nanes of the regions that
are being classified are not supplied, and the level of natchthat is requiredfor a category
tolearnis constant. The paraneter that determines this degree of natchis called the
“vigilance” paraneter because it conputationally realizes the intuitive process of being
nore or less vigilant inrespose toinfornationof variable inportance (CGrpenter &Goss-
berg, 1991). Lowvigilance allovs the network to learn general categories in whi ch nany
input exenpl ars nay share the sane category prototype. Hgh vigilance enables the net-
vork tolearnnore specific categories, even categories inwhi chonl y a singl e exenpl ar nay
be represented. Thus the choice of vigilance can trade between prototype and exenpl ar
learning, even within a single AR['system Fiperinental evidence consistent with vigi-
lance control has been reported in nonkeys vhen they attenpt to performel assifications
during easy vs. difficult discrimnations (Spitzer, Ibsinone, &Mran, 1988).

Learning typically starts with a lowvigilance value, which leads to the fornation
of the nost general categories that are consistent with the input data. Because ART
nodel s are self-organi zi ng, suchlearni ng canproceedonits ownin anunsupervisednode.
Starting with alowvigilance val ue conserves nenory resources, but it canalso create the
tendency, alsofoundin children, to overgeneralize until further learningleads to category



refinenent (Chapnan, e d., 1986; Qark, 1973; Smthet d., 1985; Smth &lenter, 1978;

Vard, 1983). For example, it mght happen that, after learning a category that classifies
variations on the letter “E’, the letter “F’ will also activate that category, based on the
visual simlarity between the two types of letters. The difference between the letters “E
and “F’ is determned by cul tural factors, not by visual simlarity. Supervisedlearning
is often essential to prevent errors based on input simnilarity which do not correspond to
cul tural understandings, or other envirommentally dependent factors. AR[nodels can
operate in both unsupervi sed and supervi sed 1 earni ng nodes, and can sw tch bet veen the

tvo seanhessly during the course of learni ng.

Drring supervisedlearni ng, the vigilance paraneter, or required matchlevel, is raised
if an incorrect prediction is nade (e.g., if there is negative reinforcenent) by just e-
nough to trigger a nenory search for a new category. This type of vigilance control
sacrifices category generality only vhen nore specific categories are needed to natch the
statistical properties of a gi ven enviroment. Citegories of variable generality are hereby
autonatically learned based upon the success or failure of previously learned categories
in predicting the correct classification. Ablock di agramof the ARIEX architecture is
shownin H gure 1.

2 Multiple-scale Oriented Filter

The ARTEX1mil tiple-scale oriented fil ter further devel ops the BCS fil ter that was intro-
duced to explain texture data in Gossberg and Nlngolla (1985). Variants of this BCS
fil ter have since becone standard in nany texture segnentation algorithns (Mlik &
Perona, 1989; Sutter, Beck, &Gaham 1989; Bwik e d., 1990; Bergen, 1991; Bergen &
Landy, 1991; Jain &EBarrokhmia, 1991; Gaham Beck, &Sutter, 1992; Geenspan ¢ d.,
1994).

Hgue 2 diagrans the ARIEX version of BCS processing (Stages 1-5) for a single
spatial scale. & in Rchards (1979), ve used 4 spatial frequency chammels. FEach chan
nel computed 4 orientational contrast features. These filter equations and paraneters
are describedin Appendix I. Afunctional descriptionis givenhere. Stage 1 of the B(S
filter uses an on-center offsurround network whose cells obey nenbrane equations, or
shinting lavs (Gossberg, 1980, 1983) to discount the illwmnant, conpute contrast ra-
tios of the inage, and nornalize inage intensities. Stage 2 acconplishes multiple-scale
oriented fil tering using odd symmetric Gabor filters at the 4 orientations and spatial s-
cales. Stage 3 computes a local neasure of absolute orientational contrast by full-wave
rectifying the flter activities fromStage 2. These operations are neurally interpreted as
follows: Stage 1 operations occur in the retina and LGN Stage 2 operations at corti-
cal sinple cells, and Stage 3 operations at cortical conplex cells (Gossberg &Nngolla,
1985). Stage 4 sinplifies the BCS operations of boundary grouping by conputing a s-
nooth, reliabl e neasure of orientational contrast that spatially pools responses wi thinthe
sane orientation Stage 5 perforns an optional orientational invariance operation which
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shifts orientational resporses at each scale into a canonical ordering. Tis computation
shifts, wth wap around, the smothed orientational responses fromStage 4 so that the
oriertation wth maxinal amplitude is in the first orientation plane. The wefulness of
this operationis task dependent, as shown by our simml ations bel ow

Gabhamet al. (1992) also simplified Stage 4 of the BSS by pooling resporses from
Stage 3. Tey then wed a hand crafted sigmoidal discrimmtion neasure to convert
Stage 4 oubput info a probahilistic output function that coul d be conpared w th subj ects’
ratings of textwe discrimmahility In the present benclmark studies, the B flter
outputs forma part of the input vector to a GWMel assifier whi ch aut ononausly 1earns
the probahilistic recogni tion categories wth which texture discrimmatiors are made. W
mote inSection3 howthe Gahamet ol . (1992) study has beenextended toexpl ainal arger
data base about texture di scrimnation wsing addi tional FXAEtheory nechani sms.

3 Filled-in Surface Brightness

Te EXAE mdel suggests howthe BIS and K interact to gererate flledin 3-D
surface representations wthin the 8. These surface representations are derived from
scenic data after the illumnant has been discouted, as inStage 1 of Hgure 2. Ingereral,
these surface representations conhire infornation about hrightress, color, depth, and
form Qu siml ations bel owdenarstrate the utility of wing a flledinsuface brightness
feature to help learn recogri tion categories for texture di scrimmration.

Te simplest surface feature is one that is based on first-order diflerences in illum-
nation intersity. An improved swface feature discouts the illumnant to conmite a
measure of local contrast. Sucha featwre, hovever, canstill be corrupted by various sorts
of specular moi se inanimage. Inthe hrain, suchnoise canbe due to the Hindspot, retinal
veirs, and the retinal layers through which light mst pass to activate photodetectors.
In artificial semsors, too, such moise can derive fromsersor characteristics. Dscounting
the illumnant is also imsersitive to confextual groupings of inage features. Afilledin
swrface hrightress feature overcomes these deficiencies by smothing local contrast val-
wes vben they belong to the same region, while naintaining contrast diferences vhen
they belong to diffrent regions. Hlline-in hereby smothes over image mise in a form
sersi tive vay, and gererates a represertationthat reflects properties of aregion's formby
bei ng contai ned wthin the region boundaries. It also tends to maximze the separahility,
inhrightness space, of diferent region types by mni mzi ng wthin-regi on vari ance while
naxi mzi ng bet veerr regi on variance. Tis sort of preattentive and automatic separation
simplifies the task of an attentive pattern classifier such as G\M

In Gossherg et al. (1995), a miltiple-scale BXNEretvork vas devel oped to pro-
cess moisy SARimages for we by luman operators. There the goal vas to gererate
recorstructions of SARinages that vere pleasing to the eyes of expert photointerpreter-
s. The BSin this simlation wsed a grouping netvork wth a feedhack process that
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can conpl ete and sharpen boundary representations. These boundary groupi ngs created
sharply delineated i nage regions and filled-in surfaces. A though such a feedback group-
ing network has the renarkable property of converging within1 to 3 feedbackiterations,

it still has the disadvantage, at least insoftware simulations, of slow ng down processing
t1ne.

Fere ve replace the full B filter and groupi ng network by a miltiple-scale BCS
fil ter and a single scale of one-pass feedforward boundary processing to control filling-in
of the brightness feature. (bnputer sinul ations sunmarized bel owdenonstrate that this
sinplification does not inpair classification benchnarks on Brodatz textures and on SAR
textured scenes. 'The sinplified boundary segnentationis, noreover, conputationally 75
tines faster than the feedback network. The sl over feedback benchnarks are not reported
here. Accurate texture classification thus does not seemto depend upon photoreal i smof
the correspondi ng percept. Stages 6-9 of H gure 2 showhowthe BCS fil ter output is used
to derive the one-pass boundary segnentation. Appendix IT contains the equations and
paraneters of this sinplified bri ghtness fil1ing-in process.

These FXCATE preprocessing resul ts can be placedinto alarger franevork to better
understand their rel evance for underst andi ng lnman texture di scri mnation. Three issues
need to be considered: (1) the use of asinplifiedStage 4 spatial pooling operationinstead
of long-range grouping by a feedback netvork; (2) the role of surface representations;
and (3) the need for 3-Dboundary and surface representations. VMen are 1ong-range
groupings, such as illusory contours, not needed to inprove texture discrimnahility?
This is nore true vhen the inages contain dense enough textures to obviate the need for
groupi ng over long di stances. Mot all of the data considered even by Gahamet al. (1992)
vere of this type, hovever, since their displays contained regularly placed features that
coul d group together in orientations colinear, perpendicular, or oblique to their defining
edges. Guthirds et al. (1993) shoved that a multiple-scale BCS fil ter, supplenented by
the 1ong-range groupings of a feedback netvork, coul d simul ate the pairwise ordering of
luman ratings of texture discrimnahility better than the Gahamet aof. (1992) variant
of the BSfilter onits ow

Gossberg and Ressoa (1997) have siml ated a variant of FACAE theory in whi ch
both 2- Dand 3- Dboundary and surf ace operations vere needed to simil ate psychophys-
ical data about the discrimnation of textured regions conposed of regular arrays of
equi l uminant, colored regions on backgrounds of variable lumnance, as in the experi-
nents of Beck (1994) and Ressoa, Beck, &Ningolla (1996). This latter simul ationstudy
vas restricted, however, to textures composed of colored squares on achronatic back-
grounds, rather than the stochastic factors that arise in Bodatz and SARtextures. The
Gossberg and Ressoa (1997) study al so does not anal yze howrecogni tion categories for
di scrimnating textures are learned Rken together, hovever, these several studies pro-
vide converging evi dence that FACAE nechani sns can expl ain challengi ng properties
of data concerni ng hunan texture segregation.
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4 ART Heuristics

The 16-dinensional feature vector produced by Stages 1-5 (representing orientational
contrast at 4 orientations and 4 spatial scales) and the single filled-in brightness feature
produced by Stages 6-9 yield a 17-dinensional boundary-swrface feature vector. GIM

must 1 earn a nappi ng fromt he i nput space popul ated by these feature vectors toa discrete

out put space of associatedregion class labels. A& noted above, G\Mshares a nunber of

key properties with other ARIMP archi tectures (CGirpenter, Gossberg, and Reynol ds,

1991; CGarpenter et ol., 1992). GWlearns nappings increnentally, wthout any prior
knowt edge of the probl emdonain, by self-organi zing an efléi ent set of recognition cate-
gories that shape thensel ves to the statistics of the input enviroment, as vell as a nap
fromrecogni tion categories to class labels, whi chare supplied during supervi sedlearni ng.
Because G\M earns i ts nappi ngs i ncrenentally, a previously trai ned GVinet work nay

be retrained wth newinput /output contingencies, including new class labels, without
any need to retrain the network on the previous data. Hnally, although G\Mis trained

only wthindividual class labels, it alsolearns to accuratel y estinate the probahilities of
its class label predictions, as we showin our sinul ations bel ow

In a typical AR netvork (CGarpenter & Gossberg, 1987, 1991), an input vector
activates feature selective cells wthin the attentional systemthat store the vector in
short-ternmenory. Thi s short- termmenory pattern then activates bottomup pat hways
vhose signals are fil tered by 1 earned adapti ve veights, or 1ong-termnenory traces. The
fil tered signal s are added up at target category nodes whi ch conpete via recurrent 1ateral
inhi bitionto determune whi chcategory activities will be storedinshort-ternmenory and
thereby represent the input vector. The degree of activation of a category provides an
estinate of the likelihood that aninput bel ongs to the category. Activating a categoryis
like “naki ng a hypothesis”.

X they are being activated, the sel ected categories read-out 1 earned top- downexpecta-
tions, or prototypes, vhich are natched agai nst the input vector at the feature detectors.
Thi s nat chi ng process plays the role of “testing the hypothesis”. The vigil ance paraneter
defines the criterionfor a good enough natch. A noted above, lowvi gilance leads to the
learning of general categories, whereas high vigilance leads to the learning of specialized
categories, evenasingle exenplar, inthe limt of veryhi ghvigilance. By varyingvigilance,
an ART'systemcan hereby 1 earn both abstract prototypes and concrete exenpl ars.

If the chosen category’s natch function exceeds the vigilance paraneter, then the
bot tomup and top- down exchange of feedback signals locks the systeminto a resonant
state. The resonant state signifies that the hypothesis natches the data well enoughto be
accepted by the system AR proposes that these resonant states focus attention upon
rel evant feature conbinations, and that only resonant states enter conscious avareness
(Gossberg, 1980). Resonance triggers learning in both the bottomup adaptive veights
that are used to activate the selected recogni tion category, andin the top-down veights
that represent its prototype. This learningincorporates the newinfornation supplied by

11



the input vector into the 1ong-termmenory of the attentional system

If the category’s natch function does not exceed vigilance, this designates that the
hypothesis is too novel to be incorporated into the prototype of the active category. A
bout, of nenory search, or hypothesis testing, is then triggered through activation of the
orienting system Mnory search either discovers a category that can better represent
the data or, if no suchlearned category already exi sts, autonatically chooses uncommit-
ted cells with which to learn a new category. ARl hereby increnentally di scovers new
categories whose degree of generalization varies inversely with the size of the vigilance
paraneter. Neurobhiol ogical data about recognitionlearningininferotenporal cortex that
are consistent w th these hypotheses are revi eved by Girpenter and Gossberg (1993) and
Gossberg and Mrrill (1996).

Al of the above properties proceed autononously in AR['netvorks as they undergo
unsupervi sed 1 earni ng. ARIMPextends these AR['designs to include both supervi sed
and unsupervi sed learni ng (CGirpenter, Gossberg, &Reynolds, 1991; Garpenter et al.,
1992). In ARIMMP, the chosen ART'categories learn to nake predictions whichtake the
formof nappings to the nanes of output classes. In such an ARINP system nany
di flerent recogni tion categories canall learn to napinto the sane output nane, nuch as
nany di flerent visual fonts of a givenletter of the al phabet can be grouped into several
diflerent visual recognition categories, based upon visual simlarity, before these visual
categories are napped into the sane audi tory category that is used to nane that letter.

ARIMP systens propose howto correct a prediction, as inthe case vhere the letter
“E’ is di sconfirned by envi ronmental feedback that the correct letter is “F’, using only
local operations in environments that nay be filled wth wexpected events. ARIMP
does this using a mm naz [ earning principle, which conjointly naxi mzes predi ctive gen
eralizationvhile it mnimzes predictive error. ARIMAP does this by trying to formthe
largest categories that are consistent withenviromental feedback. Amnatch tracking pro-
cess realizes this principle byincreasing the vigilance val ue af ter each di sconfirnati onuntil
it exceeds the chosen category’s natch function. This vigilance increase is the mninal
one that can trigger newhypothesis testing on that learning trial. Mtch tracki ng hereby
gi ves up the mni mmanount of generalization that is requiredto correct the error. In
sumary, an ARIMP systemorgani zes its categorization of experience based both on
the simlarity of the input feature vectors and upon feedback fromthe enviromental
response, whether culturally or otherwise determined, to the nanes or other behaviors
that its categories predict.

5 Gaussian ARTMAP

Gaussian ART (WI11ianson, 1996, 1997) provides a neans for an AR['systemto learn
the statistics of aninput enviroment. Eachof its categories defines a Gaussian distribu
tionin the input space, wth a nean and vari ance in eachinput dinension, as vell as an
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overall @ prior: probability. The Gaussian ARbottomup activation function eval uates
the probability that the input belongs to a category, givenits Gaussian distribution and
@ priors probability. The natch function eval uates howwell the input fits the category’s
distribution, whichis nornalized to a unit height. This natchis a neasure of the dis-
tance, inunits of standard deviation, betveenthe input vector and the category’s nean.
M gilance specifies the naxi mumallovable size of this distance.

Guwssian AR also uses distributed learning, in which miltiple categories can all
cooperate to classify aninput event. Giussian ARThereby avoi ds the problens incurred
by “grandnother cell” nodel s of recogni tion. FEachsuch categoryis assignedcredit based
onits proportionof the net activation, whichis determnedby all categories whose natch
functions satisfy the vigilance criterion. FEach category then learns by an anount that
is determned by its credit. WHen Gaussian AR[is extended to CGaussian ARINAP
to enable it to benefit fromboth supervised and unsupervised learning, each category’s
credit is determned byits proportionof the net activationof its ensenbl e, which consists
of all categories that nap to the sane output prediction. The nornalized strength of
each ensenbl ¢’ s predictionis a probahility estinate for that prediction. The equations
and paraneters for Guwussian ARIMP are found in Appendi x IT1.

6 Some Alternative Texture Classifiers

6.1 G@mmisand letue Ktratian Mlod

Inorder to eval uate the promise of any vision system particularly one that attenpts to
expl ai n such a conpl ex conpetence as textured scene cl assification, one needs to eval uate
that it really “wvorks”. This is particularly the case when the key behavioral properties
energe due tointeractions across the entire system Thereis thus nosubstitute for ruming
such a systemon benchnarks on whi ch conpeting systens have also been eval uated

Qr benchnark comparisons, presentedin Section 7, eval uate ARIEXunder condi tions

that are as simlar as possible to those under which these conpeting systens have been
eval uated.

ARIEX perfornance is first conpared to that of a systemthat was used to classify
natural textures in Geenspan et al. (1994) and Geenspan (1996). Wcall their nodel
the Hybrid Systembecause it is a hybrid architecture that used a 1og- Gabor Gaussian
pyramd for feature extraction folloved by one of three alternative classifiers. A though
the Hybrid Systemwas not developed to explain hiological data, it has the virtue of
havi ng been devel oped to the point that it could be successfully tested on benchnark
data bases that use textures or textured scenes as their inputs. Mst other hiologically
derived nodel s have not yet reached this level of devel opnent .

The Hybrid Systenis 1og- Gaibor pyramd uses three levels, or spatial scales, and four
orientations at each scale. Fach level, after the first one, of the Gaussian pyramd is
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obtained by blurring the previous lover level (i.e., smaller spatial scale) wth a Guwssian
kernel (with standard deviation o = 1) and then decinating the inage (i.e., renoving

3 out of 4 pixels in each 2x2 pixel block). Die to decination, the Gussian at each
successive level effectivel y has twice the o of the Giussianusedinthe previous level. The
final outputs of all three pyramdlevels of the Hybri d Systemhave the sane net anount

of blurring, produced by three successive blur/decinate steps. This anount of blurring

is equivalent to convol ving with a single Gussiankernel witho = /21 = V12 +22 44 2,
whi ch produces an 8x8 pixel resolution. That is, each patchof 8 x 8 pixels in the input
inage yields a single pixel in an output inage for each oriented contrast feature. In
Geenspan (1996), classificationresults at 16 x 16, 32 x 32, and 64 x 64 resolution vere
al so reported.

Wthout further preprocessing, ARIEX produces feature inages at single pixel reso-
lution. B nake a fair conparisonwith the results reported by Geenspan et al. (1994)
and Geenspan (1996), ARIEXfeature inages need to be reduced, via blurring and dec-
ination, to the sane resolution used there. For exanple, to change the ARIEXfeatures
to 8 x 8resolution, the snaller-scale ARIEXfeatures require additional blurring prior to
decimation so that their net anount of blurringis equivalent to convol ving with a single
Gwssiankernel witho = /21.

The net anount, of blurringis acrucial considerationfor the tvotypes of tasks onwhi ch
the systens are conpared. The first task is classificationof alibrary of texture inages.
Because this task does not include transitions between diflerent textures, perfornance
nonotoni call y inproves as blurring is increased, since blurring reduces variance and thus
inproves the signal-to-noise ratio. The second task is classification of a texture nosaic.
Fere, texture transitions need to be accurately resol ved, so perfornance degrades with
over-blurring, W denonstrate both of these phenonena bel ow

62 (amismd ssifictian Mlod

In the Hybrid Systenis first classification schene, the extracted features are clustered
independently in each feature di nension using the Kneans procedure. Mppings from
these clusters to class labels are then forned using a batchlearni ng, rule-based al gori thm
called I'TRILE ( (wodnan, et al., 1992). The clusters in this schene are forned to dis-
cretize the input, so that I'TRIE can formexplicit rules napping themto the output
classes. I'TRUEforns a large mmher of rules. The exact mumber is never stated in
Geenspan (1996). (hthe large problens, hovever, a naxi mmnof 10,000 is alloved, and

as nany as 430 rules per class are reported for discrimnating only tw textures. Aoth-
er drawback of this approachis that wnsupervised discretization via IKkneans clustering
throws avay potentially inportant infornation because the clusters nay span di scrim-
nation boundaries in the input space. Hnally, GMenjoys a najor practical advantage
inthat it uses a sinple incremental learni ng procedure as opposed to the conpl ex and
conput ational l y expensi ve batchlearni ng procedure used by I'TRILE
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The tvo alternative classifiers used in Geenspan (1996) are standard increnental
learni ng schenes: the Knearest neighbor (IENY) classifier and the mul tilayer percep-
tron (MP), backpropagation algorithm These two approaches have conpl enentary
advart ages and flave. IKNNlearns quickly (one training epoch) but achieves no data
conpression. ME on the other hand, achieves better data conpression but 1earns very
slowty (500 slowlearning training epochs in Geenspan, 1996). An additional drawback
of MPis that it uses a formof misnatchlearning that nay suffer from“catastrophic
forgetting” if trained on newdata wth different contingencies fromprevious data. %
denonstrated by our resul ts bel ow GAVonbi nes the good properties of the above three
classifiers: like I'TRIE GAMpredicts the posterior probabilities of the output classes;
like KNN GAM earns local nappings qui ckly; 1ike MP, GAMachi eves si gni ficant, data
conpression. A though GAViuse a nore 1ocal representation than ME and thus coul d,
inprinciple, require nore nenory, GlMconpensates for this by constructively formng
a representationof appropriate size for vhatever problemit is trained on.

7 Texture Classification Resul ts

7.1 10-'Btue Lilvay

ARIEXvas first conpared to the Hybri d Systemon the 1i brary of ten textures shownin

FHgure 3A whose top rowcontains structured textures and vhose bottomrow cont ai ns
unstructured textures. Fach texture inage consists of 128 x 128 pixels. Three other
inages of each texture are not shown In Geenspan (1996), classification results of
the Hybrid Systemusing I'TRIE IKKNN and MP classifiers vere published for this
database. The classifiers vere trainedondata at three diflerent 1evel s of spatial resol ution,
wi tha diflerent mmber of training sanples per class at eachresol ution: 300 sanples at 8
x 8 resolution, 125 sanples at 16 x 16 resol ution, and 40 sanples at 32 x 32 resol ution
ARIEX vas trained on the sane data set under the sane conditions. ILike the Hybrid
Systemy ARIEXused an orientationally variant, or OV, representationon this problem
since generalization to novel orientations of the sane texture during testing was not
required ARIFXwas eval uated wi th five randomorderings of the data, and the results

vere averaged.

Tble 1 shows conparative results for the Hbrid Systemand ARIEX at the three
spatial resolutions. Table 1 lists the classification rate, mmber of epochs, and mmber
of categories (or hidden units, stored exemplars, etc.) for each systemconfiguration
The mumber of epochs indicates hownany training trials vere needed. The mmber of
categories indi cate howvell the nodel compresses the data. Inthe case of IENN there
is no conpression, so each input or exenplar forms a different category. The mmber
of veights indicate the nenory resources, or conputational conplexity, that is needed
to achieve this degree of compression. The goal is to mnimze the mumber of epochs,
categories, and veights. 60 hidden wnits are listed for MP because the average MP
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Figure 3: (Next page). A)10-texture database of textures corresponding to Figure
et al. (1994). Toprowconsists of structured textures, and bottomrowof unstruc
Textures fromBrodatzal bumare l abeled with plate number. Toprow(left toright):
herringbone weave (D17), french canvas (D21), cotton canvas (D77), jeans. Bottor
right): grass (D9), pressed cork (D4), handmade paper (D57), pigskin (D92), and wc
42-texture database fromBrodatz al bum ROW 1: reptile skin (D3), cork (D4), wir
(D9), bark (D12), straw(D15). ROW2: herringbone (D17), wool (D19), frenchcanvas
(D24), sand (D29), water (D38). ROW 3: strawmatting (D55), handmide paper (D57
(D68), cotton canvas (D77), raffia looped (D84), pigskin (D92). ROW 4: fur (D93).
skin (D10), homespun wool (DI1), raffa weave (D18), ceramic brick (D26), netting (I
5: lizard skin (D36), strawscreening (D49), raffa woven (D50), oriental cloth (
cloth (D53), oriental rattan (D65). ROW 6: plastic pellets (D66), oriental gr
oriental cloth (D78), oriental cloth (D80), oriental cloth (D82), woven matting
strawmatting (D85), sea fan (D87), brick (D95), burlap (D103), cheesecloth (D105
(D110).
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10 Bdtue Rdlan

(Oonfigurati on (ass. Rate | # Samples/Tass | # Fpochs | # Gitegories | # Wights
8 x 8 Rsduian
Hbrid System I'TRUE 94. 3% 300 Bitch — —
Hbrid System MP 9. 5% 300 500 60 1,500
Hbrid System KKNN 87. 0% 300 1 3,000 48, 000
ARIEX all features 95. 8% 300 1 26. 6 958
ARIEX all features 96. 3% 300 5 34.0 1,224
MRIEX no large-scale features 97. 1% 300 5 41.0 1,148
ARIEX 1o brightness feature 95. 6% 300 5 38.4 1, 306
ARIEX no large-scale or 95. 7% 300 5 47.2 1,227
bri ght ness features
16 x 16 Reduian
Hbrid System I'TRUE 95. 0% 125 Bitch — —
Hbrid System MP 96. 0% 125 500 60 1,500
Hbrid System KKNN 93. 0% 125 1 1,250 20, 000
ARIEX all features 97. 2% 125 1 17.4 626
32 x 2 Rsduian
Hbrid System I'TRUE 97. 8% 40 Bitch — —
Hbrid System MP 100. 0% 40 500 60 1,500
Hybri d System KN 99. 0% 40 1 400 6,400
ARIEX all features 100. 0% 40 1 10.6 382

Table 1:

Recognition statistics on 10-texture library at three pixel resolution

and 32 x 32. The number of weightsis determ ned by mul tiplying the number of categ
the number of weights per category, or WPC. WPCis calcul ated based on the di men
input space, M, and the number of output classes, K. M=15for the Hybrid System,
ARTEX, and K =10 because there are 10 textures. For MLP, WPC =M+ K =25. For K- NI
WPC =M+1 =16. For ARTEX with all features, WPC =2M+2 =36. For ARTEX wi th
no large-scale features (M=13), WPC =28. For ARTEX wi th no brightness feature
, WPC =34. For ARTEX wi th no large-scale or brightness features (M =12), WPC
For example, the 48,000 wei ghts for K- NNare computed as follows. The Hybrid Syst
features per input sample. With K- NN, these 15 features plus the correct class
stored for each training sample. Therefore, the number of weights that nust be s
(number of training samples). Since there are 300 samples/class and 10 classes,
training samples. Inall 16 x3,000=48,000 wei ghts.
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resul ts were reported for 30, 60, and 90 hi dden umi ts.

MRIFXwas tested with several configurations, wth diflerent subsets of its features
renoved. Wthits full 17-dinensional feature set, ARIEX achieved 95.8% correct after
only one increnental training epoch, and 96.3% after five epochs. By conparison, the
Hybrid Systemwi th I¢ NN achi eved onl y 87. 0% correct after one training epoch, at the
cost of 3,000 stored exenplars conpared to 23 internal categories for ARIEX Wth
much longer training tines (i.e., 500 training epochs using MP, or the conputationally
expensi ve batclrlearni ng procedures wsing Kneans and I'TRULE), the Hybrid System
di d not natch the perfornance of ARIEXw th onl y one i ncrenental 1earni ng epoch, and
exhi hi ted 49% nore errors than ARIEXwith 5 traini ng epochs.

Three al ternative ARIEX configurations vere also tested to elucidate why ARIEX
achi eved better results than the Hybrid System ARIEXuses four spatial scales versus
only three for the Hbri d System Therefore, perhaps its largest spatial scale conferredan
advant age to ARIEX Thi s possibility was tested by renoving the largest scale, resulting
inaslight perfornance increnent (97.1%). Another uni que feature used by ARIEXis its
filled-insurface brightness feature, whichseens to be nore effective than the nul ti-scale
Gaussian bl urri ng used by the Hybrid System Renoving the brightness feature resul ted
in a perfornance decrenent (95.6%). This difference quantifies hownuch surface as
opposed to boundary properties influence recognition accuracy on these data. Hnally,
both the large-scale and the brightness features vere renoved. This resultedin a simlar
perfornance decrenent (95.7%).

The nodest role played by the surface brightness feature in classifying these data is
consistent with cognitive evidence summarized above suggesting that boundary inputs
that go directly to the luman cognitive recognition systemare often sufftient to ac-
curatel y recogni ze nany objects. Surface brightness and color properties becone nore
inportant insof ar as the boundaryinfornation, byitself, is anbi guous. G venthat bound-
aries are predicted to be perceptually invisible within the BiSitself (viz., the interblob
cortical processing strean), these results are consistent wth the possibility of being able
to quickly begin to recogni ze certain objects using their invisihle boundaries even before
these objects becone visible through their surface properties.

The ARIEX advantage, even wi th five ARIEXfeatures renoved, is probably due to
sone renai ni ng di flerences betveenthe systens: (1) the nature of band- pass fil tering prior
to orientational fil tering, (2) the bandw dth characteristics of the orientational fil ters, (3)
spatial pooling at the third spatial scale, and/or (4) the classification schene. The first
diflerence is in the Stage 1 band pass fil tering operation prior to the orientational Gibor
filtering. The Hybrid Systemuses a Laplacian pyramd in which both the center and
surround Gawssians that nake up the band pass fil ter double in size wth each scale. In
ARIEX onthe other hand, only the surround Giussi an grows w theachsuccessi ve spati al
scale. It preserves on-center resolution while varying the scale of inage nornalization
and noi se suppression. Thus, the Hybrid Systemis nuch nore restrictive in the range of
spatial frequencies that are passedthroughtoits orientational fil tering stage. The second
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diflerence is that the oriented fil ters used by the tvo nodels have diflerent bandwi dth
characteristics: the ARIEX Gabor fllters are defined with higher-frequency sinevaves
(50% higher frequency; see Appendix I for paraneters). 'The third difference is that
Stage 4 of ARIEXperforns spatial poolingfollowingorientational filtering at eachspatial
scale. The Hybri d Systemdoes not dothis inits largest spatial frequency channel at 8 x 8
resolution. Therefore, this discrepancy mght hel p expl ai n why ARIEXout perforns the
Hbrid Systemat 8 x 8 resolution, but not at lover resolutions. The fourth diflerence
is the classification stage. The advantages of the self-organizing Gwssian ARINAP
classifier over those used by the Hybrid Systemare described above.

72  lagr Btue Lbaies

In Geenspan (1996), recognitionstatistics of the Hybrid Systemon a 30-texture library
vere presented. This library consists of 19 textures fromthe Bodatz album and 11
addi tional textures of conparable conplexity. W were unable to obtain this database,
and so ve chose to eval uate ARIEXon a library of similar textures obtainedsolely from
the Bodatz al buy whi ch contai ns the 19 textures usedin Geenspan (1996) as a subset.

H gure 3Bshovs this library of 42 Bodatz textures. The plate mmbers fromthe Brodatz

al bumare listedin the caption The 19 textures eval uated in Geenspan (1996) comprise
the first three rows of Hgure 3, as vell as the first texture of the fouwrth row

MRIEXvas trained on this database at the same three resol utions as above, as vell
as at a 64 x 64 pixel resolution, whichuses 12 sanples per class. It is useful to conpare
perfornance at diflerent resolutions. However, the training set sizes used in Geenspan
(1996) are not consistent across resolutions. Bing 12 sanples per class at 64 x 64
resol ution corresponds to using 768 sanples per class at 8 x 8 resolution, rather thanthe
300 sanples per class that vere actually used, in terns of the inage extent fromwhich
the sanples are actually derived Therefore, in order to obtain a neani ngful neasure of
the perfornance i ncrenent resul tingfromb4 x 64 pixel resol utionversus 8 x 8 resol ution,
ve also trained ARIEXusing 768 sanpl es per class, as vell as 300 sanples per class, at
8 x 8 resol ution.

ARIFX vas eval uated on diflerent-sized subsets of the library shown in Hgure 3.
ARIEX vas eval uated on row1 (6 textures), onrows 1 and 2 (12 textures), on rows
1-3 (18 textures), etc., up to all 42 textures. ARIFXwas evaluated with five random
orderings of the data, and the results were averaged. For the 300 samples/class case,
the results are shown after 5 training epochs, and for the 768 sanples/class case, the
results are show after 2 training epochs. Thus, GMwas trained on about 1,500 net
sanpl es /cl ass in both cases.

FHgure 4 plots the results at 8 x 8 resolution for all the texture set sizes, from6
up to 42 textures. Hgure 4 (top) plots the classification rates, and Hgure 4 (botton)
plots the average mmber of categories that vere learnedin the ensenbles that predicted
each texture class. Note that the classificationrate degrades gracefully as the mmber of
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IP'Btue Rdan

(Oonfigurati on (ass. Rate | # Samples/Tass | # Fpochs | # Gitegories | # Wights
8 x 8 Redutian

Hbrid System I'TRUE 80. 0% 300 Bitch — —
Hbrid Systemy MP 89. 6% 300 500 60 2,700
Hbrid System IKKNN 82. 0% 300 1 9, 000 144, 000
ARIEX 92. 5% 300 5 208.0 7,488
ARIEX 94. 3% 768 2 357.6 12,874
16 x 16 Reduian

Hbrid System I'TRUE 84. 0% 125 Bitch — —
Hbrid Systemy MP 93. 4% 125 500 60 2,700
Hbrid System IKKNN 88. 0% 125 1 3,750 60, 000
ARIEX 95. 5% 125 1 68.0 2,448
2 x 2 Rsdutian

Hbrid System ['TRUE 4. 4% 40 Batch — —
Hbrid Systemy MP 98. 2% 40 500 60 2,700
Hbrid System IKKNN 96. 6% 40 1 1,200 19, 200
ARIEX 98. 9% 40 1 38.4 1,382
64 x 61 Rsduian

Hbrid System I'TRUE 97. 5% 12 Bitch — —
Hbrid Systemy MP 97. 3% 12 500 60 2,700
Hbrid System IKKNN 95. 0% 12 1 360 5, 760
ARIEX 100. 0% 12 1 33.0 1,188

Table 2: Recognitionstatistics on30-texturelibrary, at four pixel resolutions
x 32, and 64 x 64. Here, K=30 because there are 30 textures.

WPC =16. For ARTEX, WPC =36.

For MLP, WPC =45. For

classes is increased, vhile the average mmber of categories per class gradually increases.
Thus, ARIEXscales vell as the number of textures increases. ARIEXachieves hi gher
classification rates, and creates nore categories, for the 768 samples/class case than it
does for the 300 sanpl es /cl ass case. Table 21ists the results of the Hbrid Systemon the

30-texture library reported in Geenspan (1996), along with the resul ts of ARIEXon the

30 textures in the first five rows of K gure 3, at four spatial resolutions. A& Rble 2 shovs,
ARIEXobtai ns hi gher classificationrates thanall three variations of the Hybrid System
at all the resolutions. A& lover resolutions, as the classificati on probl embecones easier,

MARIFX creates snaller representations. These representations range fromabout 13,000

veights at 8 x 8 resol ution down to about 1,000 veights at 64 x 64 resol ution
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Figure 4: ARTEX performance on various subsets of the texture library in Figur
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7.3 Texture Mbsailc

ARTEX was also trained and tested ona texture mosaic problemreport
et al. (1994) in order to evaluate classification accuracy at textur
an analysis indicates the extent to which a systemthat classifies
onlocal texture properties, as suggested by the human psychophysi
above, can also identify texture boundaries. The test mosaic is a
(Figure 5, TOP) which consists of five textures (grass, raffia, wood
wool ). As in Greenspanetal. (1994), ARTEXwas trainedonthese textu
an additional sixthtexture (sand). ARTEX was trained at four spat
itsresultingclass predictions for the texture mosaic are shownin
white, theclass predictions correspond(inorder) tosand, grass, r
and wool. Unlike the texture library problems above, performance
95. 7% correct downto 79.5% correct) at lower resolutions because
at texture boundaries. The texture predictions of the Hybrid Syste
8 x8resolution), shown visually in Figure 5 of Greenspan et al., (1
less accurate than those obtained by ARTEX.

7.4 (nparisonto Psychophysical Results

ARTEX is able to classify alarge number of textures, and to local
bet weentextures, withhighaccuracy. But is the performance of ART
what we knowabout humantexture perception? Toinvestigatethis que
the errors that ARTEX produces with measures of the perceived sin
pairs of textures (Rao & Lohse, 1993, 1996). Rao and Lohse derive
fromsubjects’ hierarchical clustering of 56 Brodatz textures ba;
via mul tidimensional scaling (MDS). 3-Dcoordinates for the 56 tex
which preserved 88% of the variance containedin the clustering st
measurements were also independently validated by comparison with
the textures on 12 di mensions suchas “highcontrast”, “repetitive

Our data set (which was used in the previous benchmarks) cont ai
textures used by Rao and Lohse. W trained ARTEX on these 21 textu
same procedures as describedabove. ARTEXobtained 93. 9% correct o1
training with 768 samples/class for 2 learning epochs, and 87. 9% c
with300samples/class for 5learningepochs. For eachpair of the 2°
we tallied the number of times ARTEX mi stook one of the two texture
Despite the difference in absolute number of errors, both training
same negative correlation(correlationcoefficient =—-0.3) between th
confusions and the MDS distance betweenthe textures. Therefore, t
textures appear to people, the more likely ARTEXis to confuse ther
may not be hi gher because of the difference between the sets of text
inthe simul ations and the experiments, and the fact that texture s

23



Figure 5: Top: Texture mosaic consisting of grass (D9), raffa (D84), wood (D68), h
(D17), and wool (D19, inset). Rows 2 and 3:) Classification results, at four level
following training on the five textures in the mosaic, as well as on asixthtexture
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Figure 6: The percentage of all errors due to confusion between pairs of textures
function of the distance in MDS coordinates between the textures (see Rao & Lohse,
The data set consists of the following 21 textures: D3, D9, D10, D11, D15, D18, D2¢
D50, D52, D55, D57, D73, D78, D80, D82, D83, D86, D87, D93, D110 (see Figure 3).

confusability are not identical measures of performance. Figure
errors between each pair of textures as a function of their distanc
after training ARTEX with 768 samples/class for 2 epochs.

8 Clasifyiing SAR I Regias

ARTEX was also evaluated on classification of textured regions inr
apertureradar (SAR) i mages at single-pixel resolution. W are grat
of MITLincolnLaboratoryfor makingthese SARimages available. SARF
gradually and stochastically across space, and exhibit a great de:
out of image pixels. This is the type of problemthat our brains nee
are confronted by the noisy images created by retinal photorecept
illustrate howthe types of processes that haveevolvedto cope with
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noise andpixel drop-out workjust as well withman-made sensors. Ind
human observers who become expert ininterpreting SARimages use s
mechani sms to the ones that we report herein.

The SARi mages were obtained using a 35- GHz synthetic aperture re
by 1 foot resolutionand aslant range of 7 km( Novak etal., 1990). W
any classification benchmarks on SARimagery of sufficiently highres
meaningful comparisons to our results. The images were taken of 1
scenery, and contain four region types—grass, trees, roads, and
we trained the systemto classify. W selected nine 512x512 SAR i
large amounts of these four regions, and hand-labeled them with t
photographs of the scenes. The labels, fromdark gray to white, ¢
shadows, roads, grass, andtrees, respectively. For computational
were reduced via grey-level consolidation fromtheir original si
200x200 pixels. Following the feature extraction steps, the oute
image were disregarded in order to avoid border effects. Therefor
180x180 pixel area of the images will be shown.

Figure 7 (topleft) shows the output of Stage 1 of ARTEX (see Fi gur
spatial scale, for one of these images. It converts five orders of -
theradar returnintoanormalizedimage that preserves the (Wber-]
contrast of the original. Substantial multiplicative noise remain
mi ddle) shows the Stage 8 BCS boundaries. Theyarefarless preciset
using a CC Loop (see Grossberg, Mingolla, &WIlliamson, 1995). Fi
shows t he Stage 9 filled-inbrightness feature that is organizedbyt
that t he surface brightness representationsmooths out the noise i
Figure 7 (middleleft) shows the hand-1labeledclass labels of the fc
image.

This SARclassificationproblemrequires accurate classification
as well as many regiontransitions. Unlike the texture mosaic prob
this probleminvolves trainingonthe same types of i mages that are
texture mosaics, SARimages contain many region transitions. In :
labeledregionclasses are rather crude, and, at single-pixel reso
averaging to reduce the variance of features within regions. The

requires learning anextremel y noisy mapping fromthe set of input f{
labels.

Before evaluating ARTEX, we first anal yze the discriminability of
based on the surface brightness feature (Stage 9 in Figure 2) in or
tility of using surface brightness as compared with using the outco
processing (Stage 1 inFigure?2). Figure 8 (top) shows the brightne:
four regiontypes following only Stage 1 center-surround processin
show, a great deal of overlapexists between the region types. Fig
the distributions of the Stage 9 filled-in brightness outputs. Thi
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Figure 7: Results are shown on a 180x180 pi xel SARimage, whichis one of nine i ma;
set. Top row: Stage 1 output (left); Stage 8 BCS boundaries (middle); Stage 9 F
output (right). Middle row: Hand-labeled classes for SARregions. Fromdark tol]
are radar shadows, roads, grass, and trees (left). Classification using the Stage
feature and a Gaussian classifier yields 57.8% correct (mi ddle). Classification
surface brightness feature and a Gaussian classifier yields 71.4% correct (righ
GAM classification using all 17 features. 81.7% correct using OVrepresentatio:
correct using Ol representation (middle). 85.9% correct using Ol representatic
probability esti mates.
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SAR{ assification

Configuration Tot al Shadow Road| Grass Tree
Stage 1 Feature 57.8 58.7 0.0 87.5 21.7
Stage 9 Feature 71.4 71.6 21.0 93.6, 50.5
ARTEX OV (no votingp.8 76.6| 62.5] 88.0 79.5
ARTEX OV (voting) 81.7 78.0| 62.4] 88.9 80.3
ARTEX OI (no votijngl.9 76.5| 68.9 88.6/ 78.7
ARTEX OI (voting) 82.9] 78.4| 69.6 89.4 79.4
ARTEX FP (no votingp.0 79.5| 72.6/ 91.3 82.38
ARTEXFP (voting) 85.9] 80.1 72.2 91.6/ 82.6

Table 3: Classification results on SARimages for different configurations. Left
net classification rate, with remaining columns showi ng breakdown in the four ind
types. The first two rows showresults (using a Gaussian classifier) based on a sin
feature, the Stage 1 center-surround feature (1st row) and the Stage 9 filled-in fe
The remai ni ng rows showthe classification results of different ARTEX configurati oz
wi t hout voting. ARTEXOVis ARTEXwi th anorientation variant representation, ART]
ARTEXwi th anorientationinvariant representation, and ARTEXFPuses the ARTEX OI
probability estimates by filling themin wi thin the BCS boundaries.

brightness helps toseparate input features ina natural scene. Th
itivelyclear by comparing the Stage 1 image inFigure7 (topleft) w
in Figure 7T (topright). The latter image is muchclearer looking e
the eye, even though the boundaries that organize it are rather coa

The usefulness of the surface brightness processingis further el
classificationrates basedononly the Stage 1 and Stage 9 features.
tributed data were classifiedusinga Gaussianclassifier, inwhicht]
region type was represented by a single Gaussian distribution. Tt
is shownin the mi ddle image of Figure 7 and in the middle, right i
Quantitative performance measures are listedin Table 3. These res
fulness of FACADE preprocessing, particularlyinovercom ng frequ
due tomultiplicative noise, and also provide a baseline for eval ua
the complete image classificationsystem whichalsouses amultisc:
GAMrather than a Gaussianclassifier.

GAMwas trained and tested on the nine images using aleave-one-o1
level of images (i.e., test each of the 9 images after training on
ensure independence betweentesting andtrainingimage data. All i1
for training and testing in one study. This result was compared to
training withas little as 0.01% of the training set. Atotal of a
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Figure 8: Brightness distributions of four region types:
Stage 1l center-surround output. Bottom Stage 9filled-inoutput. BCS/FCSprocessi

separates regions.
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samples were used on a single training epoch. Five GAMnetworks -
independent orderings of the data. The classificationrates attai
were averaged. In addition, wvotingwas done among these five systems.
averaging the probability estimates among GAMnet works trained on
orderings of the training data, and choosing the class predictionw
probabilityestimate.

Orientationally Variant (OV) Representation. First, results obtained without o
tational invariance of the BCS filter are reported. GAMself-organi
categories. The classificationresult (withvoting) is displayedi
The non-voting and voting results are quantifiedin Table 3. W th v
sificationrate is slightly improved, from80.8% to 81.7% correct.
classificationrate with voting must be weighed against the cost of
n=5, whichentails 5times more categories andtrainingepochs. The
t he orientationallyvariant representationcanbe seeninhowther
example, the thinvertical roadis misclassifiedinthe central imapg
the systemwas not trained onany thinvertical roads.

Orientationally Invariant (OI) Representation. W th t he orientational invariance
of the BCSfilter included, GAMself-organized260.0 categories. Th
gories per output class, and a compressionof 1000:1fromtraining
The classificationresult (withvoting)is displayedinFigure 7 (bot
votingandvotingresults arealsolistedinTable3. Wthvoting, th
isslightlyimproved, from81.9%to 82.9%correct. Note that the cl
the thinvertical road are corrected since any orientation during
to any other orientationduringtesting.

Speed of Training. Good results are also obtainedafter training with mu
ples. This is demonstrated in Figure 9A, which plots performance
voting, after training with randomly selected subsets of the trai
right, the plotted points correspondto training with0.01%, 0.1%
of the training set. For each of these points, the number of self-or
scissa) and the classificationrate (ordinate) are shown. Note that
training set, GAMobtains good performance (75-82% correct) usi n;
categories.

Diffusing Probability Estimates. The probabilityesti mates obtained withthe
sentationandvoting make good confidence measures because they pred
t he probability that a predictionis correct. This suggests that e:
should be wei ghtedequally inany further operations that combi ne
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tems confidence measures are reasonably close to the ideal confidence measures re
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space. (e such operation is spatial averaging, which has the disadvantage of mxing
probahility estinates betveen difierent regions.

Abetter vay to conhine estimates is to take advantage of the information contained
in the BXS boundaries (Egue 7, top mdde), in order to maximze spatial averaging
within regiors while muimzing it betveen regions. Tis can be dore hy diflising the
protahilities wthin the B boundaries, in the same vay that hrightness estimtes are
diffisedin Stage 9, inorder to obtain difiised probahilities. See Appendix IVior details.
Hawe 7 (bottomri ght ) shovs the decisionregions folloving difisionof probahility esti-
nates. Whh probahility difiision, classification perfornance on all nine SARimages vas
improved from82. 9% to 85.2% correct. These results are alsolistedinBHe 3. KHgure 9B
shovs the accuracy of the flled-inprobahility estimates as confidence neasures, plotting
classificati onaccuracy as afunctionof the probahility estinate of the chosenregion. Tis
plot approximtes that of anideal confidence reasure (diagonal lire).

HRrther inprovenent in accuracy could be achieved by wsing cogritive comparisons
bet veen conti guous region types; for example, the fact that shadows do ot occur bel ow
roads or grass could be wed to improve classification of these regions. Such excursions
into cogui tive nechari st go heyond the scope of the present study.

9 Concl udi ng Renarks

Te RIEXsystemdenmstrates the utility of comhining rewral models for visual per-
ceptionthat are based on FCA Ftheory wthneural nodels for adapti ve categori zation
and predi ction that are based on Adapti ve Resonance Theory. ARIFXextracts mul tipl e-
scal e oriented contrast features and a filled-in surface feature that provi de aninfornative
context-sersitive representation of the textural and hrightress properties of an inage.
AREXthen increnental ly learns aninternal categorizationof these features along wth
a nappi ng fromml tiple categories to the labels of the output classes. The model also
learns class probahilities, which may be flledin to yield surface probability naps that
imrove classification accuracy. AREXoutperforrs other leading texture-based clas-
sifiers on a variety of texture classification benchrarks, and provi des good cl assification
at single-pixel resolution on moisy SARinmages vhose infersities vary over 5 orders of
nagi tude.

Gventhe success of AREXinthe domainof spatiallylocalizedscere recogrition, it is
interesting to conpare it wth approaches inthe mre large-scal e and chall engl ng domai n
of shape and object recognition To popular competing approaches are recogn tion hy
corporents (BBC ) (Bedernan, 1987; Humel &Bedernan, 1992), and renory-hased
recogr tion (Kl man &Regio, 1992, Eklnan, 1996). RBCposits the formation of an
internadi ate representationprior to shape or object recogrtion Tis intermed ate repre-
sertationconsists of astructural descriptionof anobject, nade upof vol unetri ¢ primti ves
called gears, and their spatial relations. Te prinary (andinow view correct) criticism
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of RChas been that recovering wseful volumetric primtives is often impossible given
the complexity of real-worldobjects and the moisiness of real-vorldinages. In addition
som of the key psychoplysical data that notivated the (eon concept concerned how
himars better recognize line drawings wth del eted segrents vhen the draw ngs contain
recoverable features that the hrain can restore wsing anodal illuwsory contowrs, than vhen
they do 1ot (Bedernan, 1987). Gossberg (1987, Section 20) provi ded a EXNEtheo-

ry explanation of these data hy suggesting howand why amdal illwsory contours voul d
formin the recoveral e case, before this compl eted boundary representationinputs to an
MARlclassifier for correct recogition. (goms played o role inthis expl anation

Te al ternati ve nenory- hased approach posi ts a di rect nappi ng froml owlevel ” fea-
tures to “highlevel ” internal categories. Imvariance to 3-Drotationis obtained by inter-
pol ating betveen ml tiple categories that represent diferent aspects, or 2-Dyrojections,
of 3Dobjects. ARIEXis corsistent wth a nenory-hased approach. Therefore, it is
weful to compare AREX to a speci fic nenory-hased nodel , such as that outlined by
Elelran (1996). Tis model comsists of a stage of inage fil tering folloved by a mappi ng,
viaradial basis functiors (BES), into a distributed representationof internal categories
that represent storedvievs of objects. The REF'nodel wses anal og-val ved trai ni ng si gnal s
andlearns via a matrix imversionor gradient descent al gorithm It has no speci fied nech-
ani smfor 1earni ng hownany basis functions to wse. ARmodels, in contrast, corstruct
andlearninternal categories ina generally unsupervi sed narmer, receivingonly alimted
hiologically pawsite, type of supervised feedback, nanely, if a supervised ARl'system
nakes an incorrect prediction, thenits active representationis reset, andits vigilance is
rai sed

Tree sel f-organ zi ng vi ew based ARnodel s have al ready been devel oped and benclr
narked, the &pect Netvork model of Seibert and Wknan (1992), the VBN od
el of Bakk and Gossberg (1995), and the ARFEMP1odel of Grpenter and Ross
(1995). Te present work on AREXshovs howto devel op a texture-sersi tive front end
for suchnodel s, and howto vse a Gkl assifier, whi chis also basedon R¥, tolearna
di stributed representationof individual 2-Dvievs, before these represertations are joi ned
together, wsing a vorking nenory for termporal evidence accuml ation, into 3-Dobject
recogl tion categories.
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Appendix I

BCS Filter
Te BS flter commutes 16 oriented contrast features fromd scales and 4 ori entati ons.

Stage 1. Ashuting oncenter off surround retwork compersates for variable illumna-
tion and computes ratio contrasts in the inage (Gossberg, 1983). The output at pixel
(¢,7) andscale g is

Ii' — (Gg *I)Z —Oéﬁ
9 =Y J 1
g Oé—l—IinGg*I)ij ’ ()

were I ;; is the inpt to pixel (2,7), and G 9 I derotes the cowolution of input matrix
I ={I,;} andthe Gussiankernel G 9. Iérrel G 9 is defied by

GY(p.q) = exp [—((i —p)f* Hj—q) *)/202], (2)

Oro?

g

wtho , =2 9, for the spatial scales ¢ ={0,1,2,3}. Rramster 5=0.5. Te valwe of « is
determned by the distribution of pixel intersities in the input image. Wused o =255
for matural texture inages, whichhave an anplitude range of pixel amplitudes of 0-255,

and o =2, 000 for SARinages, whi ch have a range of about 100-110, 000.

Stage 2. Teoutput af; of eqution (1) is comvol ved v th an odd-symetric Gibor flter
DY defred at fowr equally spaced orientatiors k,

bl =(D §* )i, (3)
vere the horizontal Gibor flter (£ =9) is defed by
Dijo(p,0) =G (p, ) - sinf0.5m(j — q) /). (4)

Stage 3. Alocal maswe of oriemtational contrast is obtained by full-vave rectifying the
orientational filter output from(3):

c?jk =|b ?jk|' ()

St age 4. Qientational contrast resporses myextihit li ghspatial variahility. Asmooth,
reliabl e masure of orientational contrast spatially pool s resporses w thi neachori ent ati on:

dl, =(G 7 7). (6)

Stage 5. Tis optiomal ori entati onal ¢ nvari ance stage shifts oriemational responses at
eachscale infoa canoni cal ordering, Tis shift naps the sane texture pattern, whichnay
be vi eved fromdi flerent angl es, into a canoni cal patternof orientational confrast signals.
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With waparound, the d ;& resporses are shifted so that the orientation with naxinal
amplitude is in the first orientation pl ane:

ije

Te wefulness of the orientational invariance stepinequation (7) is task dependert, as
shovn by our simml ations.

Appendix 11

Boundary and Surface Processing

Te third spatial scale (¢ =3) of the BS fiter is imput to additional processing stages
whi ch forma boundary segrentation that is wed to fll-in a surface representation, as
di agramedin K gure 2. Becaise the superscript g is corstant in the followng equati ons,
it is left out.

Stage 6. A eachorientation, boundaries are contrast-enhanced vsing shinting corpe-
tition:

Cijk — dijk
k= 8
Jiar CHe ik Hd ik (8
vhere ¢ =0.1.
Stages 7 and 8. Te rectified f;; are sumed across orientationto yield the boundary
signal s:
4
gi; = > [furl (9)
=1

were [ | * is the half-vave rectification operator.

Stage 9. Te boundary sigmals ¢ ;; Hock diffisive flling-inof the discomtedsigmls a
from(1), and thereby yield a flled-insurface hrightness feature h ;- K flling-inobeys
the diflision equation,

d

gihis ==Avig+ 3 (b = hig) Puij +a i, (10)
P,9€Ny;
were difisionis anmg the fouwr nearest neighbors, N g ={(t,7=0, (¢e—1,7), (¢ +
1,7), (i,j4H)}, andthe boundary-gated permpahilities obey
)
P... — 11
" Ty 49 ) -
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(@hen &Gossherg, 1984 Gossherg &bdorovid, 1988). A equilihrium equation (10)
viel ds
a;j + Zp,qENU Py P

At Ypeens, Py
Inow implenertation, the equilibriumequation (12) is iterated 1000 tings. Parareters
are A =0.05, ¢ =10.0, ¢=100.0.

hij = (12)

Appendix 111

Gaussian ARTMAP

GWMcarsists of an inpat layer, F 1, and an internal category layer, £ 5, which receives
input fromF § via adaptive veights. Ativations at £ 1 and F' 5 are demoted, respectively,
ye =(zq1,...,2m) ady =(y1,...,yn), vtere M is the dmersion of the imput space,
and V is the mmher of comtted F o category modes. In AREX is the output vector
of the XA FEflter. Fach F o category madels a local dersity of the input space wth

a separable Gussian receptive field, and naps to an output class prediction. Te j

category’ s receptive field is parametrized by tvwo Mdivensiomal vectors: its mean, g i
and standard deviation, o ;. Ascalar, n;, represents the anoumt of training data for
vhi ch the node has recei ved credi t.

Category Maitch and Activation. Teinput tocategory j is determnedby the ma t ¢ b

th

val ve ,
1 & (i — i
G; =exp (—Z (w) ) . (13)
2.5\ o
Frnction G ; masures howcel ose the input vectar @ is to the category's manp  ;, relative

toits standard deviation o ;. The net input sigmal to category 7 is
N
9; = Mij Gy, (14)
i Oji
viere ([T, o))" normalizes the Gussian and n ; is proportional toits ¢ pri or i proba
hility
Acategory succeeds in temporarily storing activity in short-termmenory only if its
mtch value G ; is large emough to exceed the vigilance paramster p. Te category is
this stored only if G ; > p. Qlerwse, it is rapidy reset. In addition the category’s
stared activity, v ;, is normalized by a shinting competition that occurs across all active
categories. That is,

g; P .
y, = —————— it j€T(p); 1y =0otherwise |, 15
T Terpm o (o) ’ (12
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were T(p) is the set of all categories, j, swhthat G ; > p. Pwramter £ =0.00001. Te
activity y; represents the posterior probahility P(jle ) for the category given the input
vector.

Out put Prediction. Euatios (13)(15) describe activation of category nodes in an
wsupervi sed learni ng Gussian AR module. Te followng equatiors describe GWVIs

supervi sed 1 earni ng nechani sm vhi chincorporates feedback fromel ass predi ctions nade

by the F' 5 category modes. Wen a category, j, is first chosen, it learns a pernavent
nappi ng to the oubput class, C, associatedwththe current trainingsample. Al categories

that nap to the sane class prediction C belong to the samg e ns e mb [ e, E(C). Echtine
aninput is presented, the categories in each ersenhle sumtheir activities to gererate a
probahility estimate, z ¢, of the class prediction C' that they share:

20 = Y- (16)
JEE(C)
Te systemprediction, C' .,, is obtained fromthe naxi mumprobakility estinate by a
wrmer-take-all conpetition across cl asses:
Cmax :arg mg'( (ZO)7 (17)

vhi ch also determnes the chosen emsenle. Qe the class prediction C max 18 chosen,
feedhack fromchosenclass C' .., to the categories selects those categories that nap to the
class and suppresses those that do ot (Grpenter &Gossherg, 1987). & aresult, the

category activities y ; are renormalized to val ues

Y = 95 if j€T(p)NE(Cun); 3 =0 otlervise. (18)
2 IET (p)NE(Cumar) I

Jst as y ; represents P(jla ), o represents P(j|® , Ch.x).

Match Tracking. If ( is the carect prediction, then the netvork resomates and
learrs the cwrent input. If C' ., is incorrect, thenmatchtrackingis invoked % origimally

corcel ved, matchtracki nginvol vedraising p contimowsly froma baseline val ve p, thereby
casing categories § wth G ; < p to be reset util the correct prediction vas selected
(Gupenter, et al., 1991). Bcawe GMwses a distrihuted represertation at F 9, each

z¢ nay be determired by mul tiple categories, according to (16). Terefare, it is diflit

to determne mmerically howmmch p needs to be raised in order to select a diferent

prediction It is inefldient (on a covertional computer) to determne the exact anourt

to raise p hy repeatedy resetting the active category with the lovest match value G i
each tine re-eval vating equatios (15), (16), and (17), wril a newpredictionis fially
selected

Irstead, a one-shot match tracking al gorithmis wed Tis al gorithmivol ves raising p
to the average matchval ve of the chosen ersenhil e:

1 N . M T — (i 2
e (32w (2) ). (19
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Inaddition, all categories in the chosen ensenhile are reset: ¢ j =0far al j € E(C,..).
Ruations (14)-(17) are then re-eval vated Bised on the rerai i ng non-reset categories,
arewprediction C' ., in (17), and its corresponding ersenle, are chosen. Tis search

cycle automatically contimes until the correct predictionis made, or until all cormtted
categories are reset; mamly, G ; < pforallj € {1,..., N}, andanwcomntted categoryis
chosen. Mt ch tracking assures that the correct prediction cons froman ersenhle with

a better match to the trainng sample thanall the reset ersenbles. pon presentati on of

the rext training sample, p returrs to the baselire value: p = D

Learni ng. GMearns whenit nakes a correct output prediction, or apredictionthat is

ot disconfrred Te F°  parameters g ; and o ; are thenupdated to represent the sarple
statistics of the input wsing local learning rules. Wen category j learns, n ; 1s updated
to represent the anount of training data for whichthe j  mode has been assi gned credi t:

ny =ty (2

Te learning rate for ¢ ; ando ; is mdulatedbyn ;, sothat the paramsters represent the
sarpl e statistics of the input:

pii = (L—yini ity ng ' a, (21)
o5 o= (L—yini oy, +y ingH (e — pii)?, (2)
GMs intializedwth N =). Wen anuncormnt ted categoryis chosen, N is increngn-

ed, and the rewcategory, indexed by j =V, is inmtializedwthy r=landn ;=0, andwth
a permarert mapping to the correct output class. Iearning then proceeds via (20)~22),

wth ore modification: a corstant, ~ 2 is added to the right hand sice of equation (22),
vielding o ;; =y. Initializing categories wth this nomzero standard devi ation nakes (13)

and (14) vell-defred Varying v has a marked efect onlearning: as + is raised, learning

becores slover, it fever categories are created (ererally, ~ is mchlarger than the

final standard devi ation to which a category converges. Intuitively, alarge v represents
alowlevel of certaintyfor, and commtnent to, the locationinthe input space coded by

a rewcategory. 5 v is raised the retwork settles intoits input space representationin

a slover and nore graceful vay. Al datasets are preprocessed to have a wit standard
deviationineachfeature dinension, so that + has the samg mearinginall the di pensi ors.

1 the texture classification problems in Section 7, ve wed v =1. 1 the misier SAR
classification problers in Section 8, ve wsed v =4

Appendix IV

Filling-in Qut put Probabilities
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A eachimage position (7, ), the followng diffisionequationis iterated

20(8,7) + Xpgen, e B
A+ 2 peen i, Brij

Rre z ¢(i,j) is GWIs probahility estimte for otput class C', N ;; corsists of the 4
rearest vei ghbors to (7, ), and the boundary- gated perreahilities obey

6

qi;c = (23)

B, = : 24
" T4elg 0 49 ) 2
were g ,; is the strengthof the bondary computedin (9). Epation (23) is iterated 250
timas. Qherwise, the sane diflisi on parameters are wed as in Appendix I1. Kmally, the
difisedvalves ¢ ;. are nornalized to produce the diflised probahility estimates,
Qiic = 4:;c (25)

>od Qijd'

Te size of the probahility estimate, 2 ¢(7,7), is determred by both the absolute input
nagni tude to its ersenle, and the input nagni tude toits emsenl e rel ative to the input

nagri tude to other emsentles. The shunting decay parameter ¢ inequation (15), which
produces partial normalization of activity in the GMcategories, cases the absolute
input nagni tude to affect the probahility estinate. Apositive € is weful becaise it pre-
verts the retvork fromproduci ng a large probahility estinate vhen the input nagni tude

toall the emsenhles is very low
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