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A ONE-CLASS CLASSIFIER FOR IDENTIFYING URBAN
AREAS IN REMOTELY-SENSED DATA

Patrick M. Kelly, Don R. I{ush
[Jniveroity 0[ Ncw Mexico

Albuquerque, New Mexico

James hi. White

lam Ahmm National Laboratory

Los Alam-, New Mexico

Abstract

For numy remote sensing npplicalions, land cover can
Im dclerlllincd by uning spcctmd infrmmntion nlone,

lAmLi(ying urbnn nrcrw, howcwv, rquirm 1110u~e of
I i~xLllrc ill forlnnLion NillC(! I.hw? im!iui nrc noL gclwr-

nlly chrmacterizcd I)y n u niquc sprclrrd Hignnlur(’. WP

hiwc dcsiguml n onc-cl,nss clrwnificr to discriminnh lrt!-
twccn urljau nnd non-urhn dnla. ‘1’llc nllv~lll Irgc 10
uuing our c’xrsificntim Lcchniquc iH thJsL principks of

both nLaListicn: nnd mlnptivc paLtcrn rmmgniLion nrc

un4!tl ninmllnmwudy. ‘1’his prevent.ri IN*W d-la lhmt iu
wmIplclcly dirwimilnr frmn LIIC Lrtining hlm from !)c-

illg incorrccdy rkamifierl. AL WC nmw Lime il dlowfi
(lrciHinu l~oundmry nr.laptnLinll k) r[!duro Cliwnification
rrror in ovcrlnp nrrnn of the httmrc upnm. 11.wmhHwill

IN! il lu~t.rnL~!d uning n l,I\ N I) SA’I’ tmvw nf t IN! city of

t\ll)lllllli”rtlll(”,

1 Introduction

(HIANNKL WAVELEN(.iTll (pm)

1 Viaiblc lllue 0.45-().52

2 Visible Green 0,52-0,60

3 Visible Fled (),lX1-t),til)

4 Near Infrared om7w.!Kl

5 Mid Inbred 1.55- I .irl

G Thermal Infrared 10,4 -12,5

i Mid Infrared 2.08-2.36

fible 1: Spectral fhnda for ‘1’hl Dnta

n pixel r(qmwwuting n frmmcd mm far from nny city.
l“or thwc rmnonu, upectrd infr$rrnalion i~ indI\cirnL

to allow clixcrimination between urban and non.urbnn
dntA.

2 Feature Selection

rbN MbN
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Finally, related featureu were added together to p-

vide features invariant to rotation.

1.5 =[14641j
1.:5 = [-1-20?]]
!% =[-lo20-]j

\v5 ~[.; ?o -u]
IUJ -4 (l -4 l]

‘I%ble 2 lists the 5 ollc~~lilllcllsiollal ccntcr-weight+xl
convolution nmsks which nre used to crcntc the 25 twe

(Iimrmional &lJy-5 convolution masks. Thee 5-by-
.5 nmslw nrc crcmkd by convolving a horizontal mask
wilh m vcrliml maak, For inst.rmm, m E5L5 nmak

is fornwd by convolving a vcrtirnl tt5 msak with m
llorizonL.al L5 Inask.

~\ fter convolving Lhc base imngc with oue of lhc 5-
lIy-5 convrduLioll Iwrncls, dIIJ ,~~]CiilL(d ‘1’oxLurc ~n-

vrgy itlwamre (’1’Khl ) for rnclt pixel is cidculntcd hy

sumnling the nhsolute pixel vnlueri of lIIC convolved
ilnitgc within ii 15X 15 pixel wiudr)w, A tdid Or 2FJ
‘[’EM ~tnngm wrrr cnlculrtlut [luring this Mlngc of ilnngc
Ilrnrrwillg. ‘HliH RCLwmr thi!n rmlur,’tl hy cnmhining
~(’liltl!ll ‘1’1”31 illmgrs, MUCII ilH t,ll(! 1.51’X [III(I I’31,fi inl-
nww, I.lw S?JIM nud NWJ illmgm, rt.r. All inmgra wrrr
(Iivillml hy IJIC 1,5[,?) iwn~r 1,(1 mwlldizr fml urm Ibr
{m(~nlril~l., ilfkr Whkh lh? !,%l,fiilll:lg~W,mi (Ikiir(h!d.

‘1’hr rt=mllt wn~ n wt nf 14 illlilgM. wwh rtqlrmv]ling
wmItI trxtllr~ fimlurr fnr Llw ilmgr, h-h pid ill I h!

ima~o h m)w rrprwvltrd hy n vw’lm I)f 14 fratmrl”-.

3 One-Class Classification

will aMempt to define a “eked decision boundary” in

the feature space X around the in-class dnta. Ncw

data is then clamified 8s in-claaa or ouL-of-claas dnLn
depending on its location with respect to I he dceinirm
boundary.

In this paper, we use a one-chws clussitier 10 rlia-
criminate between urban and uon-urbau (Iata. ‘l-his

is achieved by first creating n decision boullrlfwy thnt
mrrounds Lhe aretw in X containing uriml tiata. N(:xi,,

in Iinding an optimal decision boundnry, rdl nvnilaldc
haining data for both urban and non-urban data arc
used hy nn adaptive algcrilhru 10 nlin inlizt chuwilicri-

tion error.

4 Initialization

Our classifier work~ as follows. Urhau dnta is rcp-

re8entcd by a =t rJf hypercllipmidnl clust.cm in Lhr
feature space. Data falling inrride nt l{!m3Lonc hypOr-

cllipaoid is considered in-class dnta ( urhnn ). t\ hyprr-
dlipaoid is Mined by a Iurmn vector, ~, it COVnf’iilll~l’

malrix (~ynmctric and positive dcfinilr), X. illld illl

dfective radius, d, The mean vector dctcrmincs Lhc

location of the hypcrellipsoid, while t tic cmmriancc mir-
1rix dtilcrtuiues itd uhape and oritinlatioll. ‘1’IIc H(lumvl

Mnhalanobia distance [4] ie used to determine if n WC.
tor ~ lies inside m outside of n givrn Ilypervlliptmid.

VccLorrr lying inaidc of a hyporellipm)id ~ati~fy:

Au iniLinl cluslcriug of Lhi! urlmn Ilr:liulng (Iiltil Is

nmdcd mr the huais for lhis clwriiicro Tlwrv ilrl’nilImx

Imn wnyrt ill whidl Lhiu might ho arrullll~lidlld, \\ ’11Ihw

the k-lmmna cluntcring rdgoriLhn~ [4], ‘1’his nlgorithm,

hnvwcr, uses Lhc Kudidean distrum IIWI rir for I.luN.
toring dntm, old nmy not yield rt!lJr{”H{’lltllLiv~’llylwr-
rllilm.f}idd cluW~rs. [11CWM!H MllCh iix 111(’w, l.hv vlmlur

ns?rgitlg rrchcnlc pHJpou?d in [$] ml ht! usrd. Aftrr
dunlrr rrwtcrn Ime hcen dctwnlim!d, (WUClivr rudii

nrr rwlrrtlrd for m% tlmrlrr, W rhtmuu’ tlIr rlhwliw”
rndilln d for mch rhuUrr mJ thnt undrr Lhr nwrutnptiml
dml lh~ dntm ia gnuxrtinn ill nnlum!, 1’% of Ihr dntn wIII

frill itmidc tlm houndnry (typicnlly P=!M%l) F,w mI I\’.
(Iiuwtmmnnl prohlenl, the dirttrihu Li{m id’ I hr ruprrml

Mnhnlnnohia dhlrtnma LrJrnrh of Lhr vrrtrma wiLhitl

J tliHLrihulilm wil h IV !h’grl’rs id’,Ngiw!tl rluttl~’r m n 1“

frredolu. [f pntLWn w-rtorn rmmial {If 14 fonl llrr~, Lm
I,xntlqdv, tlwn uu rlrwtitw rlllnlrr ,.mlillrn of 211.1 WINIIII

rfillw tlII* [lyl~l~ri)lliljffl~i(lnl lj~mmlnrl{w I (I rtmlnlll !~!l’til

Ilf Ihr Ilrllrl,

G Hypmcllipwid Modiflcntion
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I.ure ~pace. ~\n adaptive training algorithm in now em-
ldoycd LO reduce clnmifjcation error in areae of known

mwrlnp Imi,woon dilrerent cl,nmm. DU ring ndapt.at ion,

Im-]1 ]Iypdlipsoid in Lllc cliuailicr will nmintrtin its

Iwiginirl Orirllliltic in,dLhouglI its posiLiml irnd Hhapc
will hI? llm~iiiid, ‘] ’he nlgorit]lnl thnl WthIISC is sillli]nr

m l.lIr !,v~ algorithm [[j], mKi LIIUH is rrfcrrd to m

dm 14VQ-fil 31 dgorittm ( I,VQ using LIIc Mallalanohis

Ilist. nm. Nld ric).

Awu nw t Ilat wc hnve n hypmd Ii psoidid dccirrion
Iloumhiryl nild a NCW w?ctor which wc would like to

includo wilhin d)c in-chair dnta rcgicm (see Figure 1).
\\’o nrc only going 10 illbw LIIC IIIUiUI vector & id Lk

rig(’uvdlm d I]IC covariancc lnaLrix X to clIruIgc. ‘]’]lis

IIIIVIIIS LIIaL I.ilc! orimL:dimr of the Chl!il.or will rWTkLill

Iixml, nltlml~ll its puaitim illl(lshape iIl:lyIII’ modi-

Iiml. ‘l”lIt?rluslw will I)(! mmlifml ill wlch it wny Ill/It

th Iblhving nrc true: ( I ) Lhc II(?W point, L,, Iiw on
I III? IIVW I-III*I m honndnry; (2) tlIv original lmlndrwy
lmilll lying 1111I]IC oppailc side of LhI! hyperdlipmid

(roll) z,, rmminti on the dmrtm Imundmy; id (3) Lhc
‘ \’ .lr~ ll~,lific!{l ill sllcll ;1 \~ily Illlilt lll~pIliglvlv:llllmr III - ,

Iq’l)mdlipsoiil iri rmiy trLrclcht!d “lowilrds” &,.

Pobro C&srar hknllkaWrr

sew Vrbll”:“.-.
,/ I . . B
,. . ....-”

qlfnmlwvrrlnf - “- .. . \,

(rrlpul (Iunla

Nc9 VRM)I

,,wl.v~
W&dchum

r=trict our attention to modifying

Let us decompcaw S-1 aa followo:

~-l = MAAIT

the inverse of X.

(4)

where M is the orthonormal eigenvcclor Ilmtrix Ibr
,.-1
4, and :~ i~ Lhc diagOntd OigCllVdUU lllil LrlX. 1,)
strcl:h the cluster we will modify the cngcnvnluwi d’
Y-’, and keep tl,e eigenvectors fixed. ‘1’IIuH we wish
10 iind n ncw invem! Covnriance Ilmtrix:

q I = 3fAAh,Vr (5)

wtwrc Lhc %tretch rmmix”, .fh, takm on LIIC form:

[

l+t$, p 1) .,. (~ -

(1 I+tizp . . . 0
h= . . . ,,, .,. . .

I

((i)

(1 . . . (1 1 + fi.yp

‘1’hc piwanreLcr p rieLcrmines Lhe lotnl fitrvtrh, :11111

the parnnrctern Ai dclcrrnine the perc(~ntilg~ ~hoh+ ill

the dirm!lion Of the ifh principrd rr)lupmwnl, ‘l”lIt’ d,

wtiafy Lhc following constraints:

1=1

our god is to drlnrllliue the pnrillll~’lt’rs p nll(l h,

HO Lhilt Lh(! Ilyl)(!r(’llil]uoidnl hrmnd:my i%IIrovml tl~ ~,, ,

(&l - Lf, )‘rx:’(~,,- fl,, ) = d

Xlil = hlAA~illr

I,(”L IIH dclim n :Icw vmtor & LII hv:

..- Au ‘,~fr(~ ‘. ~,, )
&-

‘1’h : mnpuncub d’ this vvctor, :,, i =
roprmmt l,h(’ HLrt!@h of dir prcrjrrli(m Id’ L

N prim”ipnl cfmpfmmls. Willh thin, (H) 1-:111

I.(W Ilh:

.“rA,,~ n f:;’(1 -+ ($,,,) = d
●

1=1

(s)

(!))

( 10)

,2 . .. .. Iv!
Illltl)1.111’

M, rl. wril

[11)

(1?)
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In sulllrnary, lhe new inverse covariance matrix is

given by (5) where the components of A4 are computed

Ilsing (10), (12), aud (13),

Tllc cllmlcr nlor.lificnLion IImthod discmaul abcwc
Imovidl!s il fouldnlioll for lhc r.ksiiicr :Ldilplntion id-

gorilhm, Using lhI! clmler Ilmdilicaliou tcchuiquc 10

IIllnv(! c Il!Jlt!r# “lmvardm’ and “’irway fronl”’ lrainiug vnc-

Lora, L]!ih ;dgorilhnl will nt,ll!nlpl to lllillillliZC CkSiftCa-

1ion t!rror ill regions of known uw?rkrp ].M!lWPCH cli~~,

\\)c will restrict our attention Cotllodifying clustmrs for

a single cl,nsa of data only. This process is Lhen LMGd

ildepemlent.ly for each class of data.

6 LVQ-MM Algorithm

m ■ ■

l;i~llrr i!: A ‘1’wn.l )illrmmioll;ll Syt411vll 11,.fnro /\cl;IIWv
I iflll

CAm 1

WE 2 v

Figure 3: Selecting Dtisircd Lhmndary

lhe hypcrdipsoirh nhould b * modified?” Rmsidcr I b

twn caacs iihlsLrated in Figure 3. III Gise 1 wc wanl LO

modify cluster 1 to include the ncw vector ovvn though
dlc lllwul vector for Cluder I & farther i~\\’hy [rem Lhv
new veclor than the nlean vector for cluster 2 iu LermH
of Huclidcan diatnncc. In terms nr Nlnhnlanohis di.s-

tnnce, however, the opposit(! in t.ruc. In ( ‘WC 2, on LIW

other hmml, the rolernLLrerevered. W: WmILto modify
clushr ‘2 10 include the new vector. TIN* Huclidcnn
distrmcc 10 cluster 2 is smaller thnn tlw I;uclidcim dis-

Lnncc to cluster 1, nnd in tvrms or Xlnllnlanohis tlis-

tancc, tluater 1 is dosrr. (Wxmly, the clust(!r to hf.
Ilm(lifld Nholl]d h(? Lk Cllld,f’r Wh(EU* Imllllii:lry ix rkw-

mt 10 I II(: iN:w vrclor (in tern~ of Ellcli(lwlll {lifrt.allrf~;.

IL Cilll Iw HIlown that thf’ dinmltce frolll t Iw houndnry
1.0 tho llc’w wwtor is giv,w by

diJt = 1(1- r+1 IIL, - /’1! (14)

whrm d in the drcctivc clllstwr rndimr, illl!l In i~ t INS

Nqunrr!d Mnhhmhia diatnuce 10 h III*W w’rtor. “l”IKI

ndnptnt iou ltMqJ, thm, wmkrr w frdlown,

l,VC&MM ALG(IIUTIIM

—.

(i) St!h’1 n trnining wYLor lhnL i!r Imw’l,awiliml
(2) Ih’trrminr which cllmtrr l.u Ill(diry

(3) hlodify nwnn uning (3)
(4) hlmlif’y invtww rmmrinnw Innt rix llNiug (fi)

‘1’his nlgorithnl i~ typicnlly run for w’w’rnl Iumw,s
I Ilrlmgll I lw I.rnining tlntn,
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Figure 4: IMsc Efkctivc Clunt.cr Radii

goritllnl ~cllsure mnvcrgcnce oftl~edecisioll bouml-

nry positions. As Lhe LWJ- M M rdgorithln cxccutea,
t.lwre will Iw umlinueus ccmllicl in We regions of the

feature sprwe where urban and nonurban dntn overlap.
Iloundaries will continually move outward to “catch”

more iu-clnss data, and them move inwnrd to reject rJut-
or.clm dnm. The I.mrric principle for cooling in this
nlgorithm will hc tlmt we will rmly move the decision

lmundary ‘“luvmrds”’ Lhc w!chor in qumt.ion, imrtw.1 Or

moving 1.11(’Imunditry ml top of il. J\n the :dgorithnl
Ilrl]grwwi!s, LIIC nmoulll Which Lhe dorixioll h[mndary

i~ ullowd to tIIoVc will dccrt!w4c.

‘1’lw coding irlgorithu: for Ijhc l,V()-hl M nlgorithlll
will !mppnrl, n rnh!c net of rftm:tiw, rlu~l~~r rmlii. For

ally givcu ctustcr j Ilaving :m dktiv{q r.lmlm rmlimr
or (/j, lwrJ fnkc rmlii ‘will nlw> l}{! Worcd. one will h{!

illl clrcct. ivc uulcr riadius, ih?nolcd (f,+, rind the second

will be nn elt~ckive inner rmlius, dcnotml d,-. Gmmet-

rically speaking, the clusLcr hont:daricn generrtl.ed hy
Il!w truo Wcclivc cluster rndim, (Ij,will Iic Imf,wecn the

clutrtcr houmlnricn gencrat,ed hy Lhc fnlsc rndii (see k’ig-

urr 4). TIN*! falrw Mcctivc rmlii will hi! Inwd in~tt!:d
~lr LIw iictllnl df’cctiv~i r.lunt(!r rndii duriilg ndiqmttion.

\Vhru ~lcl~:rlnining ir nn ill-CliUIS vrctur cllrrrwtly

t’:dls (mt~i(lv IJ[ n ClllrrLt!r, 11111:fn!sc ~!lh:ctivi~ rndim d;
will hi? 11s4’(1:rs opporwd to dl. ‘1’hc rlu~hr llmdilicn-

l.ioll rvlllim’ will lhrn nfljmt I*Iw rluslor so tlhnt 1.11P

(:dw! lmumlmy gcnmntcd hy ll~ing d; nH 1,110olfwtivr
rllmtm r:ldiilrn f;dls oll top of LIIr llli~cl:wriliml vurtor,
N(II 0 I.h:ll. I III* I rlw rlu~lm I)tjllllcl:lry i~ til(woil t,,wnr,l
I.Iw llliw”lns~ililvl Wwlor, 1,111.il. IIIIIW Ilt.)1,Illovv ;11111;0

wily Ilp ltJ it. “1’lw S:IIIII! illml llfdil~ f{w {Il!nling N ilh

llli~rln~~iliml ~1111.-(lf-rliuwtr:lillitl~ wwhm, I*XWIII, III;IL
fl,- i~ Ihmd as IIIw d’(!ct.iwl rllml~’r rniliurt,

‘1’ln”:1:1111:11rrlrding nlu(mlhlll will Iw 111111;Ilu[willllll
whirh 11{’lvrlllimw INW d,” 111111d 1 ;Irl! Ilm[liliml !Illr.

).
illg Lhv mvruti(m llf I,\’[/. h! hl, I h~r{” ;Irr nullmrom
II WIIIMUIH whirh nmy ho Inwd, \Vo Ijrvwwt tmly 11111*
Inw IIHWI f{)r l]lltnillin~ t III: rwmll~ Ilrrw’lltwl iu thirn
pnpor ,\ rnoling pnrnllwlrr, rmd, iH NAWIIWI wlwrr

II “+ r(vtl * 1. (No cvmlInK Iwrllrn wh,w rod . ()),

Enrh rlmitm j iu Illw rlnnnililv hnn n.wlwinLml with it
+, Ih)lh of Lhvnt’ wrhm nrr inilirdlyvnlmw for d,- nnd d,

wl, 1,1I 1,111*nrl unl Wmt ivv rlllslm rnlliurn Ii}r rllml,rr j,

1/, . Aftm rhnrlor j i~ ndnptml Lu inrludv nn lml~idr

vector, its eflective outer radius, d;, is illcrrwrcd hy

multiplying it by (1 + cool). Similarly, afler cluster j

is adapted to reject an inside vector. d;, is decreased
by multiplying it by ( 1 – cool). Ueiug Lhis techniquu,
each cluster’s movement ability is ‘cooled” Imsed only

on ita own recent kvel of activity, and no~ that of Lhc
entire Eyetem. Obviouu modifications LO Lhis mcthm-1

of “cooling” can be made to change the systcm behrw-
ior.

8 Results

Urban and non-urban data sets werv w!lecLIxl frolll Llw

Albuquerque eccne to train and bmt our clsasificatcm

methods. The lion-urban training d~ta inrludos some
areas which, although they look dilTercnL thnn Ilrl)illl

areas,are ako highly textured, In eeletLing a sel of 11%1
data for this problem, urbrm nreaa whirh look silrrilnr
LOLhc urban training daLa were chosen.

we ii rst Lrnincd a linear chssifi(?r nnd :1 I-h iddrn

Iaycr neural network on the problem. [.incw claaniliers,
hy definition, do not define closed rlcciriiml hrmndarim,

nnd multi-layer perception neurrd netwmks nrr ncrL
guaranteed Lo form cl~ed decision Ixmlldnries. ‘l’n-
Idc 3 shows Lhe Iinerw ckaeificaLion rrsull~ using I hi:

f.MS nlgorithm, and Talde 4 shows the rcaults llnin~

the neural network. When used to clwrify Lhc ml-
tirc 1W4X1280 Albuquerque teat ilnrtge, Lht?scr.lawii-

Iiers cntegorizcd nbout 22% of Lhe imngc na urban.

I [lR~ NON CorrecL

Urban (train) 17763 W 99.s!%

Ncrnurlmn (Lrnin) 322 1SWM!l !19,70%

Urh:m (test) 154!MI 2:17 !)lt..l!l’x

Nunurlmn (trst) 1!)2 54048 !)r),y+%l

“1’nldc#: I,int!nr LV,murilicntion Uning th{! l.hlS l.rnrnul~
/\lgorithlll

I [11{1] midNON ( hrrrc~

IIrlmn (Irnin) 17n41!i

[ Nmmrhnn (hwL) I ml MINI !Ill,w’x I

‘1’nl)lr 4: ( haaifrrnliotl IJming Lhr Ilnrkllrflllnglllitlll

I.vmuing AIKWiLhlu
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for cIIch cluster, and this ckwaifier wru used to catcpp-
rize tile dnta from the Albuquerque tect smnc. Again,

LhiS c]asailicr categorized about 22% of the image M
urban. Numerical rermlta for this cl,aasifier are LJhown

in ‘1’atdc 5,

u Ill] NON (1.mrcct

Urhm (train) 17499 Mu !kml%
Lrrban (1c91) 13390 2306 85.3 1%
NOllllrllilll ~:j(J~ 20(!737 !)7.92[%

‘1’:ddr 5: (;lassificalion [Jsing 5 Clusters ( Ileforc AdrLp-
I.ntiml)

/\ller u~ing d]c LVQ-MM nlgoridlm to nlodify the
(Iccision Lwlndarics, only 17% of the hwt scene is caL-

egoriwxl na urtmn. These reeultrr arc given in ‘rablc 0,
‘1’his clmsilicr scpiwmlcs Llm Lrnillillg (Illlil wI*ll, imd rc-
jocts :Ihcmt (j.(;t]f~, or lht! Ilrhnn L(wl (!IIL& ]{ WIIIIS fronl

I hI* ;IIliIIILI’11 c]awiiicr Ilsillg mIly 1 (“lllst~!r nn’ giv(w ill

‘1’llhh! 71

I 111{11 NON (.’orrt!cl

!] rhnn (Lrnin) I 17N411 1 !NI,W%
Nmurlmn (trnin) 7 19(NIII4 I00.0096”
{Jrhan (tml) 146!i6 I Ml 93.:!7’%
Nrmurhnu ( tmrt) 3 54237 g~,()~

‘1’nhlc 6: (-lcnmiliraticm Using I,VQ-RI hl irnd 5 CIurMmr

IJl{ll SON [ ![wrccl

Ilrhau (Lrnin) li&ltl I !)!),o!)%

Nlmurh:lu (lrmin) I W !fifi(i~:] !)!). I !)%

!Irlmll ~Lww.) 1~J~l~J[) 24fj !ltOH’XJ

I ~mlllrh:lu (LIw1) I 74 54 I (i(i !)!),~l;l~, I

I’:11111’7 ( ‘Idssilir:ll.ilm l;sillg l.\ ’Q\l\l iIIItl I ( ‘Illsl.’r
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