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I.NTRODUCTJ:ON 

Land cover classif.ication and mapping has long .l)een a 

concern of those involved in natural resources aanayeaent. 

Cover-type maps are an invaluable source of inforaation on 

the distribution of natural resources on the earth•s sur-

face, and are used in all phases of resource planning and 

aanagement. ftodern remote sensing techniques have providt::d. 

a aeans of cJ.assi1:ying and aQpping la.rye .areas 1mcn. xaster 

and at less expense than older ground-baseil methods (Stan-

ton, 1975). 

Use of satell.ite sensors (such as the Landsat multis~ 

pectral. scanner) aay be more efficient than use' ot ,aeriai 

photography vhen the area to be mapped is very larye, a niyh 

level of detail. is not needed, or repetitive coverage i~ 

desired. cover,-type classifications o:t Lwidsat data have 

been perforaed by aanual interpretation of visual product~, 

or more commonly, com~uter-aided analysis of digital data. 

A variety of techniques have been used for computer classi-

fication of Landsat data, anu results have been varianle. 

Often, however, cover-type classifications nave bee~ less 
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accurate than hopcu ior, or to a lover leve~ of deLctD.. than 

needed.  The ~~ threshold tor acceptab~e accuracy ~ugges~eu 

by Anaerson, et. ai. (1976) is otten not reach~ except in 

general ltvei II ciassifications. 

Recent research eftorts have used additional dat.a to 

supp1ement the four bands of  Landsat ass data J..n an attempt 

to improve the accuracies  of computer classificat.J.ons. Host 

of these studies have been performed in areas in vnich tnere 

is an obvious  relationship between the  cover types of int~r-

est aud some ancillary variaole(s). A typical exa.J1tple is 

the distribul.ion of forest cover types al.ony gradients or 

sl.ope, aspect, and e1evation in the RocKy aountains (Hotf~r, 

et. a~., 1975). Little vork has  been done in areas wher~ no 

such clear trends exist; consequently, the full s~ecu:um oL 

these  procedures has not been examined. 

To further evaluate the  utility  of  ancillary data in 

Landsat ciassif~cations, a  project was .initiated to cl.assl.i:y 

the vegetation ot  the  Great Di.sma1 Swamp using Lanasat and 

supplemental data. The Great Dismal Sva•p HationaL wildlite 

Refuge vas  chosen as a study sit~ for several reasoill:i. 

First, recent  studies  have inc1.icated that mapping of vege~a-

tion communities in the svan~ using aultitemporal Landsa.t 



ass data alone couJ.d not be done at the desiren level oL 

detail to an acceptable degree of accuracy (Gaaaon, et. a~ •• 

1979). A detailed. aap ot photo-interpreted vegetation types 

has been produced for the Dismal. svaap. This aap can serve 

as .a •ground truth" or reterence data source for the swamp, 

and al.1ovs lov-cost classifier ,training and accuracy assess-

ment for the entire area. SeveL-a.1 data sets are availaoie 

for variables that may be relatea to vegetation distribution 

and are consequentJ.y suitao1e for incorporation as anciJ.lary 

data in a classification process. FinaJ.lJ, the area is eco-

logically complex, and is unlike ,any o~ the study sites u~ed 

in similar previous research. Therefore, the Great Dismai 

swamp offers a stringent test ot the contr.1.0ut.ion or anci~-

lary a.ata to a Landsat cla.s.sifieo.tion. 

It is hypothesized that the use of vegetation-related 

ancillary variables in a layered classification ox Lc.ndsat 

data for the Disaal. svaap vi.li result in accuracieli higher 

than those obtainable from classii:ication of spectrd..l. data 

a1one. 

The goal of this research project is to evaiuate ~ne 

use of vegetation-related ancillary variables tor ~mproving 

the p~rformance of Landsat c.l.a.ssit:ica.tion of the veg~~ation 

of the Great Dismal. swamp. Specific objectives are: 
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1) To use anc.i.1.~ary variabies in a 1ayered 

procedure to divide individual Landsa~ 

spectral cl.asses into more accurate vege-

tation classes. 

2) To test for improveaent in classifi-

cation accuracy o~ the l.ayered procedure 

over sing1e-stage unsupervised and 

spectral stra~ification classifications. 



LI~ERATURE BEVI.BW 

The practice of land cover aapping has progressed a 

great deai in the pa.st several decades. Early mapping 

efforts involved extensive fiela work and required consiu~r-

able investment ot ti.me and money. Since the 1940 1b, the 

use of panchroaatic, aedium-scale aerial. ~hotographs nas 

been an accepted technique, and has recent.iy been supple-

aented by the use of sma.l.1-scale aerial photographs ana s~t-

ellite iaagery (Lillesand and Kiefer, 1979). For aapping ot 

exten~ive areas into broad land cover classes, dig~ta.l. proc-

essing o~ Landsat spectral. data can be efticient anu cost-

effective. However, results have often been less accuratt 

than hoped for (Sharp, 1979), or to a lower level of aeta~ 

than needed. (Fleainy and Hoffer, 1979). 

Recent attempts to improve the perforaance ot digital 

Landsat classi1:ications have utilized anci1lary aata se~s to 

supplement the four channels of LanC1Sat spectral aata 

(Hutchinson, 1982). A variety of data types and class1fica-

tio~ algorithms have been used,u.nd most stuuies bave Froa-

uced promising resul.tli (Johnson and Bohae, 1980). 

s 
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Anci+lary ~ Types 

The first supplementary data be~s us~d in Lanu~at cov-

er-type classifications were composed ot additional ~pectraL 

data. Landsat data from several  dates hav~ been useu in 

au.ltite&poral cla!>Sifications to discri.Jlin4te object.S vhob~ 

spectral characteristics  vary over time (Gammon, et al., 

1979).  Also, use  of  other remote sensors aas providea cov-

erage  of additional spectral  wavelength bands tor ~~ in 

classification algorithms. For example, therRal iL~yery 

(Price, 1981), aud radar iaagery (Dailj, et al.., 1979; 

Clark, 1981)  have been combined with Land~t visible and 

infrared data to improve land cover classirications. 

The next  step taken to increase the inforaatiou avai~a-

ble to  a coa~uter classification algorit.Jl& was the consider-

ation or the spatial context  of the ~pectral data. Tnis was 

done  using  classification  algorithms ~uch as  those reported 

by Hornung and Smith (197q) and Kettiy .and Landgrebe (197b). 

One common technique vas to  use edge detection aigorithas to 

identify spectrally  homogeneous areas on the landsc~pe whicn 

were then classified as units (Bryant, 1979). Tnis eli~i-

nated the speckling effect resUJ.ting from classification ot 

each  pixel  independently  of its neighbors.  Another methou 

of incorporating information on the spatia.l arranye11ient ot. 
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spectral tlata in aachine cla.ssifications was the us~ oL a 

textuLe channel. A texture channei, as described Dj Logan, 

et a~. (1979), is composed of the standard deviation ot the 

spectra1 values OI the pi.xel•s eight nearest neiyhnors. 

Line and saaple (row and co~uan) coordinates of pixe.:t.s have 

also oeen used as anc:U.lary channels to introduce spatial. 

constraints in classification algorithms (Logilll ana stra.n-

ler, 1980). such additional. channels of d4ta were 'Ulen 

incluaed in typical. algorith~s for classitication u~ aultis-

pectra1 data. 

Recently, non-spectral ancl.l.lary data layers have albo 

neen used in coa~uter-assistea Landsat classil:icdtions. The 

logic of the classification process dictates that the anciJ.-

lary variables to be used should be defined in a spatial 

context, be relQtively independent of each other, ana be 

stronyly related t.o the distribution of tne cover tjpes of 

interest. Hany such data are available. Examples inc~ude 

magnetic data in 9eo109ic sapping (Anuta, et al., 1~76), anu 

terrain data in vegetation aapping (Hoffer, et ai., 1979). 

Even political or ownership boundaries aay supply useLUl 

inforaation that cannot be deriveu troa spectral data alone 

(Davis ana Friedman, 1979). In addition, transforautions of 

priaary ancillary variables aay be usea to create secondary 
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variables more ciirectl.y relat.E:u t.o t.he cover typ~s o.t inter-

est. For exaiaple, spatial uitttrentiation of el~vation 

yield~ slope and aspect val.ues, which may be comnintd to 

torti solar radiation indices (Anuta, 197b). 

In many case.:::i, selection of the proper var1.a.blt:s 1:01: 

use in a digital Land.sat c1a.ssii.ica.tion a.ay be baseu on a. 

previous knowledge of the effect of certain factors on the 

distribution of cover types. Otherwise, sample data rrom 

locations for which the cover ty~e u.Dd ancillary V4riables 

are known maJ ne used to toraulate b-tatisticai aodels wnic~ 

describe the relationship between the ancillary var~ables 

and the cover types. For example, d.iscri~ina.nt analJsis 

(Tom, et al., 1978; Shasby, et al., 1980) and linear regr~-

sion techniques (Hoffer, et al., 1979) vere used with varia-

ble selection procedures to choose var.Labies and develop 

.such ~odels. The appropriate models and ancillary varian~es 

may then .be incor~orat.ect into cover-ty1>e clc.ssiticauon 

algor:Lthas. 

Classi'fication Techniques 

once the ancillary variables have oeen chosen, they 

must be put in computer-readable torm ,and spatially regis-

tered to the l..andsat data. Then, a variety of tecnn.iques 
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are avai1ai,le for incorpoLation o~ this data in aigital 

classi.£ic4~ions of l~nd use or land cover types (Johnson and 

Rohde, 1980). The techniyues usea 't.O date •aJ be ca~egor-

ized as radiance correction, single-stage, 1ayere4, or mora-

tied probo.bil.ities classiticati.on methods. 

Radiance Correction 

The first approach to be considered is the use ot topo-
r 

graphic data to r~move varia.tion in spectral response due to 

terrain. This technique involves aatheaatical adjustaent5 

to the raw data to siaul.ate the radiance val.ues tilat would 

have been recorded by the sensor if a1l pixels were on tlat 

1and. This is intended to remove spectral variation between 

siai1ar cover typeti occurring on ditferent topograpnic posi-

tions. According to F1eaing and Hoffer (1979), t.be ~roce-

dure succeeded in reducing spectral. variation, but Ul.d not 

result in increased classification accuracy. Siaildr~J, a 

terrain e~ect correction diQ not a~pea.r higb1y signl.±icant 

in iaproving the c~assification pe~foraed by Tom, e~ a~. 

(1978). A va.riat.ion of this procedure has been em~ioyed by 

Woodcock, et al.. (1980). The technique va.s teraed •diifer-

entia1 il.1uaination co•pensation• and invoived th~ lllie of 

terrain data after spectrai ciassifica~on to div1de each 

spectra1 class into shaded and unshaded portions. This dou-
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bled the uumner OL classes dllU reauced spectral va~icDi~i~y 

within each class. The ciasses were then eait~d ana aggre-

gated to form the vegetation types ot i.nt~rest. It is not 

knovn vhat etiect this portion of the classilication proce-

dure had on the results, as it vas one of severai &oUJ.tica-

tions of the control classitication. The~e results nave 

indicated that _adjustment of radiance values may not be tue 

best us~ of topographic data in a Landsat ciassification. 

Single-stage Classification 

Another method ot incorporation of anc.l..ilary data in a 

digital classification scheme is a typical su~erv1ssd or 

unsupervised procedure using additional channels o± aata. 

Such singie-stdge classifications with anciJ.lary data are 

characterized by the consideration o~ spectrai and ~ncillary 

data at the sa»e step in the classification algori~nm. both 

supervised and unsupervised sing:le-stage c.Lasstiiers typi-

cally use a saai,le ot: the entire da.ta set to •train II tne 

computer to r~cognize cover type classes. ~hen, ill a c~as-

sificat~on step, all other pixeis are assigued to the ciass 

they most liKely belong to. A siaple matheDaticai treatment 

of these procedures has been presented by svain an.a Davis 

(1978). and a general discussiou may be found in LiLiesana 

and Kieter (1979). 
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During ~he training pnase oL unsupervi.se~ classi.l.:icc-

tions, the computer identities spectral.l.y si.Jaiiar ~roups or 

clusters of ~ixels ill th~ sample. On1y a~ter all clusters 

are defin~~ are decisions aaae as to the cover type repre-

sented by the spectral clusters. Each cluster is der~ned oy 

a mean vector and variance-covariii.nce aatrix. For exam~~e. 

using tour bands of Landsat spectral data, the location of a 

cluster in the feature space is described by the four mean 

values for tne aata points assigned to it, one mean for eacn 

spectral band. The dispersion ot the cluster is describea 

by a fourrt>y.-four variance-covariance matrix. Clusters are 

split or JOiDed in the cl.ustering a.l.goritba dependent on 

user-defined criteria such as ainiaWI distances between 

cl.uster centers or aaximua standard deviations vitnin clus-

ters. Varying these criteria will usua..l.ly resu:Lt ia varyl..Dg 

numbers of ciusters defined oy the computer. The 1,roceaure 

reaains the saae vhen anci.l..l.ary Qata. are addeu, ~xce~t tnat 

the algorithm then dea.ls with more than four data ai•en-

sions .• For exaa~le, adnition of three ancil.lary caannels to 

tour Landsat channe1s will. resuit in ciusters detin~d by a 

vector of seven means, and a sewen-by-sev~n dispersion 

matrix. 
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Att.er dei:ini't.ion ot each cluste~ iIL t.be training 1>hat;e, 

the r~aaining pix~ls are labelea in the ciassification phase 

with t.he number ot the cluster they most like~y beJ.ong to. 

This l.abeling or classification is basea on a varie't.y of 

possible decision rues: 11.inimua di.stance, •axiJIUD J.ikel.i-

hood, parallelipiped, Bayesian, and others. UnsUJ:iervi.sea 

single-stage classi.tications have been em~loyed vitn ancil-

lary and Landsat data sets bJ Anuta, et al. (1976), Hoffer, 

et al. (1979) a.nd Lo<jan and StriJller (1980). 

supervised. classifications differ froa unsupervisea in 

that the user cnooses the data ~oints to De assigned to 

clusters, not the coaputer. This aethod eapioys a training 

set ot pixels, for each ot which i.s known the true cover 

type and the ~our Landsat radiance values. The computer 

then calculates tne aean vector ana variance-covarLauce 

matrix for all pixels assigned to each cove~ type • .l.iioeling 

of pixe1s whose cover type is un.knovn proceeds as aescribeu 

earlier, using the statist1cs c~mputea in the t.rain~ng step 

and an ap~ropriate decision ru1e. Again, introduction of 

ancil.l.ctry data aere1y increases the diaensiona.lity or the 

data for the algorithm to work vith. Appiicat.ions of this 

procedure include work done by ffil..ler, et al. (1978), Striill-

ler, et a1. (1978), and Fleming and Hoffer (1979). 
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Layered Classification 

Another ~roc~~ure for clc...ssitication o± Lanasa~ and 

ancillary data is th~ layered approach. Tne logic ot tnis 

techni~ue has been described by swain, et al. (1975) anti 

Swain and HaUSJla (1977). Layered classifiers (also called 

decisi.on-tree or ~ulti-stage cliiSsitiers) involve ku.l.tiple 

steps using .c.. di.tterent data type and resu.lting in lU..tferent 

numbers of classes at each step. In work done by Suasoy, e~ 

al. (1980), the first classification step involvea th~ iden-

tirica.tion of ij8 s~ectr.al classes usiny a 11odili.e<1. cluster-

ing algorithll and fou:t.-ban.d Landsat data. Nex~, spec..~:ca.l 

classes which represented more than oue cover type were 

divided on the bii!iis o~ discriai.nant anal.xsis OE rour ter~ 

rain channels ot datd. In a vildland resource inventor} in 

Arizona (Johnson and Rohde, 1980), elevation data w~re used 

in b second ia}er recla~ification of vegetation ~}p~s that 

vere classified toge~her in the first step. For exam~~~. 

creosote busn vas foun~ to occur on lower ~lev~tion~ taan 

sagebrush, and therefore could be discriminated with eieva-

tion data, whi1e the two were inseparaoie DciSed on spectral 

data alone. Ernst and Hoffer (19~0) used a iayered proce-

dure to improve the classif~cation of wetland nabi~dts. In 

their study, so11.e of the spectr~1 classes 1:ormed 111 tile 

first ~-tep using Landsat data vcre spl~t during tu~ s~cono 
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step into up.i.and an<l. .1.owl.and cl.asses using ctigit..1..zt::a. :a.01..1.s 

units as an ancilJ.ary challllei. 

Both of t.h.e above e1W1J:1les used spectral da t.a -a.t tue 

first step in the process. An alternat1ve .1.S to separate 

the d.ata into classes based on ,ancillary aata first, then 

perform typical spectral classi.iications on each c.laSS inde-

pendently. This is es.sent1aily a pre- cla..ssification stra-

tification, and aay be used to reduce the variability or the 

spectral data to be ciassified (Hutchinson, 1981). other 

classifications using the layered techuique are discussea by 

Fleming ane1 lioffer (1979), Linden, et al. (1980), ~na 

ai1l.er, et. al.. (1980). 

f!odifieU. Probabilities CJ..assiti.cat.1..on 

A combination of the si.ngle-stage and layered ~roc~-

dures has been developed which employs moail:ied. prior pro~a-

bilities in the cl.asstiication step. khile Schol.z and Weis-

miller (1980) called this a ~dyered classification, t.he U£e 

of a similar technique by Strii.hler, et al. (1978) w~s ter~eu 

a probabilistic approach, ana was treatea in a sing1~-stage 

fashion. This procedure ditfers froa both single-stage ana 

layered techniques enough to be considered separa~e~y. 
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Th~ tirst step ind mouiti~u probaoii~ties 

clas~itication is the determination of prior pro.oau..LU.tie~ 

of cl;.ass membership Dased on soae type ot anci1larJ uata. 

For exilllpl.e, in the work done by Scholz and Wei.siai~~er 

(1980), a study area was divided int.o t.bree physiographic 

classes using an ancil.lary data channel. A sa•pliny ot tne 

area provided the p1:oportions ot each cover t}'pe wiuu.n each 

physiographic class. These proportions w~e used as ~~ior 

probabilities for the inclusion of a pixel into a given 

cover type, assuming its physiographic class was known. 

Next, the statistics tor spectral classes are ealculated 

using a typical supervised or un~upervisea approacb. 

Fina.ll.y, the spectta.l statistics an<1 i,rior proba.oi.l.ities ai:e 

used in a single-step classification of the spectral anu 

anciilary data. A pixel is assigned to the class for whicn 

it has the highest probability ot aellbership, where this 

probabil.ity is a function of the aean vector and covarianc~ 

matrix of the class, the prior probability vector ror the 

class, and the spectral and ancillary values for the pixei. 

This technique should not be considered a si.ng~e-stage 

approa.ch because the spectral and ancillary data la1ers are 

used in totally different aanners: the former iu a li!a:u . .mua-

likelihood decision rule, the latter as an indicator of 
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prior pi::oLabil.ities. However, neither is it a co11veut1.onc:..L 

layered approach bince all data ty~es are used in tne same 

equation in tne classification digorithm. Rather,~~ is d 

hybrid oi. the two procedures, and ex.hibits cnaractei:istics 

siai.l.ar to each. 

Accuracy Assessment 

A necessary step in the classification proces5 is 

assessment of the accuracy ot the final proauct. Th~s per-

mits evaluation ot tne usefulness ot the proauct, a~ well as 

comparison with classifications aone using other uata 

sources or techniques. 

Classifier per~ormance may be evaluated using ~1.tner 

site-specilic or non-site-specific techniques. .Non,-~1.te-

speciL1.c accuracy assessment invo1ves only the coaparison or 
tota1 acreages of various cov~r types as c1assitiea h} tn~ 

computer with known acreages of cover types trom a r~±erence 

source (Meyer, ~t al., 1975). Site-specix1.c accuracy 

assessment, novever, provides 1.nforaation on iocat~ons and 

distributions of classi.f.1.cat.1.on error among cover types, and 

is generally the preierred techLique. This proceuur~ t}pi-

cal.ly invol.ves coaparison of a siUlpl.e of classu.1.ea pixels 

with aerial photographs or manual. observat.ions of th~ cori:e-
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spondiny loca.1:.ions on the ground. The nu1111>er of correct.l.y 

cl.assified pix.ei.s, as well as oau.ssioa ana. co1U11iss.1.on 

errors, are then x:eport.ed in a contingency ta1>l.e or error 

matrix (Lill.esanu and Kiefer, 1978). liovs ot thesu matrices 

general.l.y represent the cover types oft.he pixels as 

assigned during the Landsat classification, and coiwnn~ rep-

resent the cover ty~es of the pixels as recorae<1 in llle 

"ground truth" or reference data. 

~everal techniques exist tor evuluating site-st'ecii:ic 

or non-site-specitic classification accuracy. The s:uaple~t 

procedure involves merely coaputillg the overall percentage 

of correctly classified pixeis. This is done oy summing th~ 

diagonal elements of an error matrix and uividing ~y the 

total number of pixels classitied. 

In recent Jears, statistical. anaiysis techniqu~s have 

been a~p1ied to classification .accuracy assessment. ror 

exa•ple, a simple linear regression of ~novn covtr tJpes on 

classified cover types may be used to indicate the ae:gree ot 

agreement between the yround tru'Ul ana til~ com~u~er cl~ssi-

fication. In this method, high correlation coetficients 

indicate .b.igher cla..ssi.t.1.cation ~ccura.cies. Analysis oL var-

iance (Rosenfield, 1981) has al.so 1>een proposed as a means 
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of statistJ.call} cva.t.uating classi~ier performance. A tech-

nique E;lll~loying discrete multivariate ana~ysis has veen sug-

gested by congalton (1981). This procedure inuica~cs 

whether a classification has produced signiticant~y netter 

results than a •random• classification of the same data to 

the same yroups. In o random classificQtion, each cell 

entry is equal to the product ot the marginal probabl.1.ities 

for that row and column. Tne kappa statistic uses the dit-

ference betvten diagonal entries from the observ~d trror 

matrix and the corresponding diagonal. entries from a ran-

domly classiiied error matrix. Kappa may Vi.LY trom -1 to 

+1, although only the worst ciassitications vJ..l.l r~sult in a 

kappa value less than zero. High classification accuracies 

correspond to Kappa val.ues near one. Kappa values ~or dl.1.-

ferent classification procedures may ne compared us.J..ng a 

t-test (Congalton and Head, 1981) to cnecK tor simi~ar 

degrees of accurd.cy. This is a flexible and poveriul tecil-

nique, and eii.Jlinates the effect of different aargina.1. fre-

quencies of cover types Ol'l the expression of class1.f.1.cat.1.on 

accuracy. 
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Comparison 2! Cla.ssificotion Tecbnigues 

Hoffer (1975) reported that consistent improv~ments .i.n 

accuracy were not observed in a study using unsupervised 

singlt-stage classification of Landsat ana ancil.!ar) data. 

I.n a1i other studies, improveaents .:&.n overall ciassitication 

accuracy were noted, ranging from 7i (Scholz and Weis~iller, 

1980) to 271 (Strahler, et al., 1978). Ho one technique 

reviewed proved consistently better or worse than others, 

and all show~ so•e iiaitations. However, aost au~hors con-

cluded that use ot ancil..l.ary data in LandWit classitications 

shoved great proai.se. 

Severdl difficu1ties were encoWLtered in a nua~er oL 

these studies. Bost probleas involved violations ot tne 

assumptions inherent in the classification al.gorithJ11S. Tne 

first problem encountered was in the sdilpl.ing ot the study 

area data for unsupervised clustering or supervised training 

procedures. Proper c~as.sification relies on tae asswa~tion 

that the sample used for training or clustering encompasses 

the total variability in eacb. chann~1 o1 the data tor ea.ch 

class. Hoffer (1975) reported that difficulties arose wnen 

the sample was representative of the variation in the spec-

tral data. but not the variation in tne topographic aata. 

This problem vas resolved in another stud) vhicb ~&ployed a 
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topographica.u.y-stratitiea random sa111ple to better represent 

the topographic vuriation (lio11.er, ~t ai., 1979). 

aany of the algorithms in use for classificatiou assume 

that the data used are pai:aaetric; typically, tnat they tol-

lov a multivariate noraa1 distribution. This is generally 

an acceptable asswaption for au~tispectral data ou ~and use 

or land cover types that e1.b.ibit tairly consistent s~ectcal 

characteristics. However, aany of the ancillary aata used 

show no such distri~ution. Por example, water bodies may 

occur at almost any elev~tion wnd uay not show a c~acter-

istic elevation distribution that can be adequately 

described ny a mean and variance. In such cases, n~nparGae-

tric techniques such as t.b.ose described by Xoa, et .al. 

(1978) may be aore appropriate. 

AD additional uitficul.t1 vit.b data distributions is tne 

spread ot the data in the various cnanne.ls. hven i~ data 

are noraal.ly distributed, problems •ay emerge wnen the data 

show a higher variance in one channel than in other~. This 

causes many clust~ring a.l.gorith•s to suDdivide the aata more 

finely in that cii11ension than in tile rest. Hence, one data 

channel may influence the clust~ring proceaure more Ulan its 

relAtive importance warrants. Strahler (1981) reco&mends 
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~caling aata such ab texture and terrain ~o ail~viate this 

problem. 

An important factor to be considered in compar.LSon ox 

techniques is the computer processihg tule requirea tor tne 

algorithm. l.n single-stage classi.tiers, incorporation ot 

additional data chanuels cou1d increase the nWlber oi ca~cu-

lations in a geometric ¥regression. To&, et al.. (1~78) dis-

cuss the effect ot anci..l.lary data chann~l~ on processing 

time and algorithm eftic.J.ency (aefined as nuaber of cor-

rectly classified pixels per CPU second expendeo.). Their 

research indicates taat a point is reachea at which contiu-

ued addition of ancillary channels does uot increa~e accu-

racy enough to varr,ant the cost. Tne layered clcss.i:tier 

uses ditferent data channel.sat ditfarent steps, vhich elim-

inates the manipulat~on ot unnecessGry da~~ at each step. 

This r~sults in cousiaerably tas~er processing vita no siy-

nificc:W.t d..iffei:ence in accui:ac1 when coapai:ed. to single-

stage classifiers. 

In many cases, iand-cover cla~siticat..ion using Lands~~ 

spectrai data has not yielded sufficient.Ly accw:at~ or 

aetailed results. Consequently, ancillary spectr~i Qna 

non-spectral. data have .been incorporated in the c~aS!:>iiic4-



tion proce~s. Sev~ral algorithms for aeali.ng wi~a aaai-

tionai channel~ or data have oeen aeve~oped, and re~ults 

have been encouraying. At present, the co~putationn~ erri-

ciency, the l.ogical dec:ision approach, ana the fever vio-

lated asswu.p~~ons i.nvolved in the layered classifier~ lend 

them an aavantage over single-stage tecbniques. 



DATA AND PROCBDUB~S 

DescFiption Q! ~ Study Area 

The Great Dismal Swamp is a 50,590 ha. (125,0uU ac.) 

forested wetland situated on the Vir9inia-Nortn Caro.t.i.nu 

border in the aid-At1antic coast.al plain. The swamp is 

presently managea as a National Wildlife lietuge uy tile U.5. 

Department ot Intt!rior Fish and Wildlite Service. It is tne 

site of many biologica1, geoiogica.l., and hyaro1ogica.L stud-

ies, consequently, many types of data are availao~e from 

several. sources for ongoing research. 

The Great Disaa.L sva.ap is bounded. on the west. b)" the 

SuffolJt scarp, u Pleistocene beach ridge roughly 1~ feet 

higner in elevation than the maJor portion of the ~Walllp. 

Prom the &:arp, tne lana. sur~ace o~ th~ u.ismal Svc1Ap siope~ 

dovnvai:d to the east a_t. a gradient of aoout 0.2m/.k.111 (1 

foot/mil.e). T~o drainages cutting through the Sufro~K Scarp 

on the west provide an .llltlow of surface water to the ~waap, 

while outtl.ow occurs by means of the Disaill. swamp Canal dlld 

the Northwest and Pasquotan~ rivers. A netvorK ot over 40 

canal.s -and ditches t.o.rouyhout the svamF creQ.tes a.. co111plex 

pattern of drainages and barriers to water flow. 
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The majority of tb~ swawp resides on organic soJ..1£ 

rangiug in depth ~rom a few cen~imeLers to J.7m (1~ feet). 

Part oi the variation iu peat depth is due to "the reFeatea 

occurence of ~ires in the Dismal swamp. ~xten~ive fires hdve 

been documented since the early 1800 1 s ana nave been respon-

sible for the loss of up to 1.5 meters or aore o~ peat soJ..L. 

in certain areas. 

The Greut Dismal Svaap lies near t.h~ northern or soul:A-

ern extremes ot the range of several pl.ant sp~cies dlld con-

sequently exhibits a great diversity of vegetation types 

(Garrett and carter, 1977). The maJor vegetation co~munities 

in the Great Disaal. swaap include c)press~um. swwap t_ypes, 

maple-dominated m.1.:x.ed hardwood stands, ink.berry a1u1 uayber.I.·y 

shrub coamuni~es, anu pw:e stands of Atlant.ic wh.ite-cea~r, 

loblolly, and po~d pines. Gradations and mixtures or the 

above types occur in many combina't.ions and loc~tions 

throughout tne svaap. In addition, disturbances to ~he 

swamp by cti.tching, iogging, and fires are believea to have 

significantlj altered the ~revious distribution oI these 

vegetation t1pes. The result i.s a high.ly inteuaixeu assort-

ment of communities and ecotone5 which maKes aappiny and 

subsequent manage1rient 01: vegeta't.ion a.nu wild.lite h<::.bitc:.t ~ 

compl.i.cated proc~ss. 



Preparation 21, ~ 

The crea't.i.on or a sp~tial uata base containiny LandsQt 

and ancil.lar 1 data types was necessary ~rior to an} cover-

type clabsitication. The spatial data base structure al~ow~ 

easy access to any data tJ:pe for any given location on the 

ground, and a site-specific overlay of any combination ot 

data types. The first step in the const.rucLiou OL this du~a 

base, therefore, was the registration ot all data LO a coa-

mon coordinate system. A grid toraat Dased on th~ Universal 

Transverse fterca.tor (0TH) project.ion vas chosen tor its ~i.Ill-

plic1.t:y and adai,tc:U>ility. Al.1 data sets were registereu to 

this co~mon base using tirst order coordinate transtorwation 

equations. To simplif} data processing and lessen t..he coa-

puter storage requirement.a, all data were sca1ed to intege: 

values between O and 25~, inclusive. This is .becau~e com-

puter rep~es~ntation of values in that range is babed on an 

eigh~-bit byte, allowing za or 256 quantized leve~~. 

The aata base cons2.!::.ts o~ ault.iple iayers o~ dat.a, each 

in image (matrix) format. Each pixel (cell) in each i.Jllage 

contains the value or so~e variable 1or a unique ~O-~e~~r 

square on the ground. i'he eI.1.tire study area is covered by a 

matrix of 810 rovs and 420 columns, with rows oriented 

east/vest and colwans oriented north/soutn. 
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The rirst da~a set to De entered into ~he spatial aat..a. 

.oase was a vegetation type 111e1p of ~he Di.s11.al sva&i' ( .Figure 

1). This aap had been prouucea irom photo-inter~ret.,g,tiou 

of col.or-i.nfrar~d aerial. photographs and contained ovei: 70 

detailed cl.asses of overstory and understory vegetatiou 

(Carter and Gammon, 1976). The maF was digitizeu a~ the 

EkOS Data Center and r~gister€d to the 50-aeter UTtt griu ot 

the data base. Each unique vegetat.J..on class was as5l..gned a 

code number, with areas outside the sv~.11p boun<iary a!:>Si911.e<1 

a zero. 1t was deciaea that ratner aetailed cl.asse~ vou..lu 

be sought during the classificau..on, ~ince broad ~evel. I 

classes (Anderson, et. al., 1976) voula not be as m~aniugrul 

to resource •an~g~rs. Therefore, tne 76 vegetation cl.asses 

vere collapsed to torm a 1!>-class level Ill and a b,-class 

iev~l II classification structure ( Figurt ~ ). ~nese vege-

tation images were ~uJ.>seguently used in classitie~ ~raining, 

cluster laoeling, and accuracy assessment. 

The spectral data chosen for this study came ILa.t the 

January 27, 1978 overpass o± the Landsat c satellite. Ail 

preprocessing of Landsat data vas performeu on the Interac-

tive Dig~tal Image Hanipul.ation sy~tem (IDLaS) at th~ EhOS 

Data Center in Sioux. Fal.ls, sout.n DaJCo't.a. Sensor uiJ.scalio-

ration caused a stri.pir.Lg in tbe l.llage that. was corrected 
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Level III Level II 

1. Pine 1. Coniferous evergreen 
2. Pine-deciduous mix 
3. Atlantic whitecedar 
4. Whitecedar-deciduous mix 
s. Inkberry shrub 2. Broadleaved evergreen 
6. Evergreen vines 
7. Broadleaved evergreen 
8. Deciduous-broadleaved evergreen 3. Deciduous-evergreen mix 

mix 
9. Deciduous-pine mix 

10. Deciduous-whitecedar mix 4. Deciduous 
11. Deciduous with evergreen under-

story 
12. Deciduous with deciduous under-

story 
13. Deciduous (hydric species) 
14. Agriculture and other s. Agriculture and other 
15. Water 6. Water 

Figure 2. Vegetation Categorization of the Great Dismal Swamp. , 



using tvo iterations or a uistogram nor&olization ~na 

smoothing routine (Johnson and Rohde, 1980). Twent}-nine 

geometric control points were then locatea on tile L~ndsat 

scene and on orthopnotoquad aaps. The .iJlagb and grouna 

coord.lllates of these points were used to derive coefficients 

for a ±irst-order nearest neighbor geoaetric registrution. 

Final~y. the sva&p bOundarJ, digitized from the v~g~--tation 

aap, was usea to &asK out all pixels outsiae the swa~p. 

These pixels were set equal to zero to avoid ciassit)ing the 

urban ~nd agricultural areas not within the stud1 area. The 

result of the above procedures vas ~our hiillas ot sp~t.J:.al. 

data for ;the Dismal. swamp, in the fora ot four 810 by 420 

matrices of 50-meter square pixels. 

A textur~ J.Jaage (Logan et. al., 1979) vas adduu to the 

spatial data base to incorporat~ information on the varia-

bilit} of s~ectral data with.in,~ spdtial fieigllbornooa. 

Logan suggests that texture measures ~ay be considtrea inui.-

cative ot cover type ho~c,geneity. Large. pure stands of 

vegetation wou1d be ~xpected to have low ~~ectra1 neighbor-

hood variability, and consegu~nt1y low texture values. 

Edges between cover types or st~nds of mixea vegetation 

types may be expecte<1 to exhibit high spectral var~ab.l.l.it) 

in a spatial neighborhood, and result lll high texture val-
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ues. To creote th.is texture iadge, the four-uand spectral 

data was reduced ~o two bands using principal coa~ohents 

techniques. Next, each pixel in the texture imag~ vas 

assigned the value of the standard deviation or the first 

principa1 coaponent of each of its eight nearest neighbors. 

These val.ues were then scal.ed to integer numbers between O 

and 25!>. 

Garrett illld Carter (1977) state that "the single most 

important environaenta1 factor in the (Disaa1) swamp is the 

vater regiae.• Bydro1ogic factors such as ground water lev-

els, soil depth, and drainage conditions are often observed 

to •exert a strong intluence on distribution (of vegetation 

types)", (Carter, et. al., 1978). Therefore, htdroiogic 

variables seem natu£al. choices for aJlciliaxy ttata ~ypes in 

the classification of a wetl.and. Consequent.J.y, two uata 

sets vere included in the digital data Dalie to supply 

in.£o~a:ation on important hydrologic param~ters. Tnese were 

1and surface elevations and organic soil. depths. 

Dl wetland ecosystems such as the Disaa1 swaDV, micro-

topography aay be a very significant factor in the water 

regiae, especially a.sit pertains to flooding. Regeneration 

of vet1a.n<1 t)'pes such as A'll.antic white-cedar aay <.l~i'end 



31 

greatly on tne effect of microreliet on moisture conditions 

in the seedbed (USDA, 196~). Digital elevation da~a such as 

may be obtained froa the o.s. Geological survey or Uetense 

napping Agency are ot too iow a precision to adequ~tel.y 

aode.l the topograpay of the swamp; ~owever, extensive topo-

graphic surveys ot the Disaal swamp have provided elevation 

data at a precision of 0.01 foot (0.021mm). These data were 

used by Caruso and Paschai (1980) to create a ground surtace 

model of tile swaap. Their work included the aigitiz~tion ot 

all. points for which eievation was known, interpolation ot 

these values in unsurveyed portions ot ~he ~vaap, and the 

placement of these values in a north/sou~n - ea.st/west ori-

ented grid of 200-aeter square cells. This work was per-

formed using the Onitech contour Plotting System (CPS-1) on 

a Honeywell computer. Fw:tner uata editiny and reLormatting 

vas done on the Bon~yve.ll. auitics system and a Harris aini-

computer, bo't..tl at the USGS National. center in Besto~, Vir-

gina. A11 that r~aained to be done betore incorporat.i.on OL 

these data into the data base was to resample the ~00-meter 

cells to reduce the ce11 size to 50 aeters. Again, pixels 

outside the svaap boundary were set to zero to insure uni-

for•ity with other layers in the data base. 



Tne organic soi.ls or tne D~wa.l swam~ may be consider~ 

both causes and ettects or th~ vegetation coamunitits tnat 

exist on them. While the i>eat soils are u result ot the 

accumulation of litter froa ~he rorest canopies above tuew, 

they a1so have an iaportant infl.u~nce on maintenance of soi~ 

moisture c.:onditions favorable to wet..l.and torest type~. 

Although the depth or these soi~s bas neen alterea ~ignl.i:i-

cantly in some areas, it vas still believed that organic 

soil depth aay have.~ correlation with the distribu~ion or 

certain vegetation t)'pes, and thus was incl.ua.eu. as an anc:u..-

lary variable in the data ba~e. A soiL survey conuucted in 

the sva•lJ h~s 1:>rovicted. the dei>t.l.l o:l org~nic soil , .. ~ over ~00 

locations throughout the southern portion ot the ~tud) area. 

Dl addition, peat depths were recorde4 for the oorings o~ 

numerous water table wells scattered througn tbe en~ire 

swamp:. In the same llanuer as the elevation data, tnese p~t 

depths vere digitized, interpolated, anu registered to the 

50-aeter gr id cell.s. Due to the s1acll.ler a.aount of da.ta in 

the northern part of the swamp and J..im~tations in tne int~r-

polation .algorithg, certain areas o~ the swamp totail1 lack 

peat depth data. 

The structure and content ot the spatial data lkLS~ tor 

the Dismal Svaap is summarizea in Figure 3. 
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Pixel Size: SO meters by SO meters 
(0.4 hectares, 0.89 acres) 

Image Size: 810 rows by 410 coltmII1S 
(320400 total pixels, 233681 pixels within 
boundary of study area; study area size is 
93472.4 hectares) 

Location: lJIM Zone 18; northwest corner of study area 
at 4071300 m north, 360200 m east 

Contents: Landsat band 4 (green) 
Landsat band 5 (red) 
Landsat band 6 (near infrared) 
Landsat band 7 (far infrared) 
Vegetation level IV (76 classes) 
Vegetation level III (15 classes) 
Vegetation level II (6 classes) 
Spectrally-derived texttll"e 
Elevation 
Peat Depth 
Swamp boundary 

· Figure 3. Structure and Contents of the Great Dismal Swamp Spatial 
Data Base. 



Classifica~ion Procedures 

Three classification procedures vere exa.JDined .in t~is 

study  to  evaluate  the ut:i.lity of anciilary data in a cover-

type classification ot Landsat data tor t.he D.i.smal swamp. 

These included a &tandard unsupervised approaCh, a two-stage 

unsupervised  procedure employing spectral stratificdtion 

(Rohde, 1978),anu a tbree-st~ge lay~rea procedure i~corpo-

rating ancil.lar} aata in the third stage. Ail ot ~ ~ above 

procedures were accomplished usJ.ng the ID.Il!S system and sta-

tistical proyrams on u Burroughs-6700 at the BROS D~T.a Cen-

ter. 

A typical unsupervJ.Sed classification of  the spectrai 

data (classitic~tion A) was pertoraed as a control classiti-

cation  for later comparison with the lajered procedure. The 

first  step i.n this procedure was tne clustering  of a system-

atic saaple of  data (271 of all. non-zero pixels) which 

resulted in 29 computer ciasses ( Figur~ 4 ). Tht rea.ainder 

0£ the data  were then placed into Ulese classes using~ mc.i-

imwa likelihood algoi:i.tha. Finaliy, visuai co11pa.i: ison oi: 

the classi.:tied image with the vegetation cover type map led 

to the assignment  of each of  the 29 co~puter c~asses to one 

of  the  15 level. II vegetation categories. A check oL this 

assignment scheme was perfor~ed by com~uterized crosstabula-
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tion of the ~ample from the classified 11l~9~ and th~ 

vegetation iaage. Tne final assignment ot coaput~r c~ass~s 

to vegetation types i~ shown in Pigure 5. 

A second classification scheme (ciassii:ication B) was 

devel.oped involving a two-step spectral st.ra~ification as 

described by Rohde (1978) • .ID the first step of this c~as-

sification procedure, spectra1 data were sp.lit into tour 

classes using an unsupervised classifi.cat.ion a.lgori thlll ( 

Figure 6 ). 7hese broad classes represent an approximate 

classil.:i.cation of water, evergreen, deciduous, and aiXeci. 

cla.sses. These four classes were then clustered. itnd clas~i-

fied independently into one, nine, tive, and tive classes, 

respectively, using an unsupervised proceaure. The rirst 

step of this tvo-step spectral classi£ication reduct'<l the 

variability of the data to be classified, and al.iow~a inde-

pendent aani~Ulation of the clustering cr~teria J.Il t.he sec-

ond step. :Ideal.ly, this procedure results in the extrac1:.ion 

of subclasses of aore detail. froa tne fev broad first-stage 

classes. The assignment of the twenty computer cldsses 

derived ~roa the above ~rocedurc va.s perxoraea as Dexore, 

using visual coaparison of the aisplay~« ciassifiea JJDage 

with a vegetation map, and cros~tabulat.i.on of a &a.ple 1roa 

each iaage. The class assignaents are given in Figure 7. 
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Single-Stage Unsupervised Classification •. 
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Spectral Classes Vegetation Groups (Level III) 

14, 15 1 (Pine) 

11, 16, 19 2 (Pine-deciduous mix) 

8 4 (Whitecedar-deciduous mix) 

12, 13 9 (Deciduous-pine mix) 

2, 9 11 (Deciduous with evergreen 
tmderstory) 

4, 5 12 (Deciduous with deciduous 
tmderstory) 

3, 6, 7, 10 13 (Deciduous-hydric species) 

17, 18, 20 14 (Agriculture and other) 

1 15 (Water) 

Figure 7. Assignment of Spectral Classes to Vegetation Groups, 
Two-Stage Spectral Stratification Classification. 
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The tinaJ. classification scneae (c.lassification C) used 

tne ancil.lary data sets ot elevations, peat depths, cnu ttx-

ture values at the tJlird stage ot .a layered proceuure. 

Where confusion existed in the twenty coaput~r classes 

derived in the spectral. stratification procedure, aiscrimi-

nant analysis of anci.l.iary variabies in a ~hird step pro-

vided a further breakdown of coaputer classes into componeut 

vegetation types ( Figure 8). 

For E:xaaple, crossta.buJ.ation ot a. saap.le of pi.xci.s froa 

computer class K with the vegetation image indicated that 

class K vas composed mainly of vegetation types A, b, and c. 

:In the spectral. stl:atification procedure, the entire set ot 

pixels in class K was assigned to only one of the three veg-

etation type~, say B. Therefore, there eXJ..Sted error when-

ever a meliber of cl.ass K be.longing to vegetation types A or 

c was assigned to B. To reduce this error, class K was 

sp1it using ancil.lary data in the layered procedure into 

three subc:lasses that would aore accurate~y corre~pond to 

vegetation t1pes A, B, and c. In al.l. cases, there was no 

intuitive basis for this further splitting, because an exact 

re1ationship Detween the anci.a.1ary variao~es and the cover 

types vas not; knovn. However• use of ii.near discri11.inant 

analysis is a~propriate for such a task, and has Deen aocu-

&ented in a siailar situation by Shasby, et. al.. (1980). 
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Viscriainant Analysis Proceuures 

Discrimina»t analysis is a pover~ul multivariate sta-

tistical. too~. and has been used extensively for reaote 

sensing problems (see chapter 12, nanual ot Re.mote sensing, 

1975) .• l.n this project, it is used in a. classi:ticc:..tion 

sense to W:»sign cases (pixels) to groups (vegetation types) 

using ~crimi.nating variables (elevations, peat depths, and 

te1~ure val.ues) assuaett to be associated with cover type. 

Disc~.1.11in~t analysis involves the use of a set of onserva-

tions of known group (cover typ~) identity to estiaa1:e coex-

ficients for discriminant functions. Observations of 

unknown gi:oup identi~y may then be classified i.nto groups 

based on their score 1:rom tile discrilliWUlt tu1a.ctions (Tat-

suoka, 1971). Thes~ classification functions are equivalent 

to those used in &axi&um likelihood classification itl.gor-

ithas.,. Thereiore, the discriminant analysis procedure ot 

coefficient calculation and sUbsequent classification is 

identical to a supervised. aaxiaum ii.kel.i.hood c1assi~ication. 

1n both cases, a saapie of pixeis of Known identity are used 

to bu.1.l.d staT..istical aodel.s aescribl.llg the groups th~y 

belong to, in terms ot the measurements mad~ on each pixel. 

Then, both procedures aay ciassify unknown observations into 

groups based on the sample sta,tistics. 
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The use of discrimincnl:. analysis also provi<1cs valuab.le 

inforaation tor further interpretation of tu~ data. Among 

these are te~ts to evaluate the success of the discriminat-

ing functions, comparisons 0£ tne rela~ive iaportance o~ the 

discr.iainating variables, and descriptions of the .1.ocat.1.ons 

of group centers in n-d.imensional. space (Kiecka, 197~). 

Therefore, d.1.scriainant analysis was used in th.1.S pro-

ject to further discriminate •confused• spectrai cli:LSSes, 

and to gain additiona1 insight into the interaction 0% the 

ancill.ar:y variables with tne vegetation cover types,. Spe-

cifical.l.y, answers to several questions w~re sought ~rior to 

the use ot: the ancil.l.ary variables in cl.a.ssificauon. 

1. Bow veil cio the ancill.ary variabl.es perfora 
in subdiv~di.ng of the various spectral. ciasses 
into component vegetation groups (i.e. in t.ll.e 
presence of a previous spectral. cl.assificat.ion)1 

2. Hov vell dot.he ancillary varia&>les al.one di.scri-
ainate between vegetation groups int.he a»sence 
of any spectral c1ass.itication? 

3. What is the etfect of the four spectral bands ustd 
as discri11illating vari.a.bles with .ana without tAe 
ancil.l.ary variabl.es1 

4. Was the second step in the spectral stratification 
necessary, or, does subdivision ot the xou.r bro~u 
spectral ciasses from step one into veg~~ation 
groups using ancil.1ary variab1es perform clllJ worse 
than a sia.iJ.ar subdivision of the twenty si,ectcii.l 
classes froa step two? 

~- ~hat interpretations can be drawn a.J>out tne rela-
tionships of the ancil.lary variables to veget:.ation 
type distribution? 



In order to ansv~r these questions, four discri1u .. nant. 

analysis procedures we~e performed, using a saa~ie ot pixels 

troa the Dis•al Swamp a~ta Dase. A stratified sa~t'le or 

pixels va~ taken from the iaage clas.su.1..ec1 by spectrc:U. stra-

tification. Bach of the ~venty classes representea a stra-

tum, from which a sample was allocated pro~ortiona.l to th~ 

number of pixels in the class. A thirty pixel ainia\lll was 

imposed to prevent the creation of singular covariahce 

matrices later in the procedure. Also, no aore than soo 

pixels were chosen froa any class. A totca.l. ot 5039 pixels 

were selected, rbpresenting roughly a two percent sdl.ipling 

intensity. For each pixel ~n the saaple, the spectral ciass 

number, vegetation cover type, elevation, peat depth, tex-

ture, and spectra..:L data were recorded. 

The DISCHlttINAHT routine from the SPSS statistical 

package (Hie, et. a1.,1975) was used to conduct discrl.lilinan~ 

analyses of the sample data. Part of this analysis was ptr-

forued on a Burroughs 6700 mainirame at the EROS D~t.a Cen-

ter, and the remainder on an iBft 370 at VPI & SU in 

Blacksburg, Virginia. 

Some general conventions vere,applied to all the uis-

criminant analyses or the sample data. Pirstr variance-co-
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variance matrices of ancillary data for the vegeta~ion 

groups vere not assumed equal, ~o pooled dispersion aatrices 

vere not used. Second, aissing va.J.ues for elevation and 

peat depth data elim:'Lllated. aany p.ixels in 't.he sampi~ tro~ 

consideration in the discriainant ana1yses. These ~issing 

data reduced the nuaber of observ~t1ons that cou~d ~ useu, 

which in several cases led to creation of singular (nonin-

vertable) variance-covariance matrices. When a lllo.'t.rix could 

not be inverted, the pooled within-groups dispersion aatr.J..X 

vas used. Third, variables vere entered into 'the ani:il.yses 

using a stepwise vari.able screening proceoure, based on an 

P-test for significance. Fourth, in the classification ot 

observations, prior probabilities pro~ortional to group size 

vere <included. Final.ly, observations in the •trai.nl.llg 11 sam-

ple were c1assified into vegetation groups, and error 

matrices were coapiled as indicators of the relativ~ per-

formance of the various procedures. Kappa statistics w~re 

then ca1culateu for ea.ch error ma.trix and compare« Wi1.Ilg a 

t-test (Conga.l.ton and ttead, 1981). 

Pour discriainaut ana1y~es (he1."8aft.er referred t.o as 

procedures one through tour) were conducted to ansver the 

aforementioned questions as tollovs. ¥i.rst, t~ analyze the 

effectiveness ot the anci11.ary variables in subdividing 



t.-pectral cl.asses, procedure 1 ir.ivo.lved o.iscri.11ina.111 .. analy ~is 

perfor~ed ina~pendently on each of the twenty cl.as~~~ using 

a sUbbet of sample pix~ls belonging to tha"C. ciass, ana the 

three ancil.La.ry variables a.s du.criaina.ting variat:>l~s. Poi:: 

exaap.Le, al.l pixe.l.s a.ssi.gnea during the spectral. c~assirica-

tion to class five were considered tog~ther in one discrimi-

nant ena.Lysis run. It was noted that conponent veget.a"C.ion 

groups coaprising class fiv~ included groups 9, 11, 12, and 

13. Therefore, these four ve<jetation types w~re idt:!Iltifiea 

as the groups into which cl.ass l:1.ve was to .be split. I"C. CQ.D 

be seen that this procedure involved twenty seperate discri-

minant analy~is runs, and exemplified the three-st~p layer~d 

classification with spectral data at tile xirst and secontl 

step, and ancl.l.l.ary data at the third. 

Second, to ewal.uate the ability of the ancillar} varia-

bles to discriainate between vegetation groups in the 

absence ot a spectral classit~cation, procedure 2 u~ect the 

entire sample or 5039 pixe.ls together in one DISCHiftINANT 

run. Thi~ proceuure essentially ignored any previous spec-

tra11y-based identir~cation ot observatio~s, and cla.ssifiea 

them solely on the basis ot the three ancillary varic.bles. 
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Procedure 3A involved discriminant analysis 01 tile 

entire sample tog~ther using the four-bana Land&at radianc~ 

va1ues and the three ancil.l.ary variables simultaneously as 

discrl.llinating variilJ>les. In procedure 3B, the ~ntire saa-

ple was anal.yzed using the four spectral. bands alon~ a~ ai~-
criain.ating variables. These proceaures, therefore. repre-

sent single-stage supervised c1assifications of tu~ Landsat 

data with and without ancillary data. 

Procedure 4 was conducteo using data rrom the 1our 

broad spectral classes independently. All observat~ous 

belonging to a 9iven class were subjected together to a dis-

criminant ana.1ysis using the three anc:u.l.ary data types as 

discra.minating variaDles. This procedure, there:tore, 

involved xour runs ot the DISCBiftINAHT routine, and repre-

sented a two~stage ciassi.fication with spectral. data at ~ne 

first, and ancillary data at the secona step. 

The stepwise variab1e selection technique chooses at 

each step th~ variable which vill provide the aost dadi-

tional 11discriainatin9 power•, in terms o.t the great:est 

increase in Wil.ks• 1aabda (K1ec~a, cited in Hie, e~. ai., 

1975) ,. i'herefore, t.he order in which the discriminating 

variables entered the analyses may be seen as illl indication 



ot their relative strenytn o:t a.ssociation wit.ti vegetation 

cover typ~. Also, analysis of variance of the anc:u..Lary 

varianles may be u~ed to ~ocate and interpret the C1.J.S~rib-

ution ot t.he vegetation types along the graaients o~ axes or 

the ancillarJ variables. This aay then lea<i to sugyebtion~ 

as to the biological meaning of ancillary variables .:L.n rela-

tion to vegetation distributions. 

The above tliscussion has. presentea the various discL· i-

ainant analyses pertoraed on the saaple data set. on.11 one 

proceaure, however, was applied to the classification o:t the 

entire data set for the Di.smal swaap. This vas the method 

depicted in Figure 8, and tested on the samp~~ in thu first 

procedure outlined above. The resu~ts trom the a~~criJlinau~ 

analysis indicated vnich of the variables were userul in 

splitting each of the twenty spectral cJ..a~s into component 

vegetation groups. The only data needed for the c~ciliSitica-

tion aJ.gorith- to perLora t.nis splitting ,Qre tne vector oL 

ancillary variable means 1or eacu vegetation group, the var-

iance-covariance ~atrix for each group, and any prior ~rooa-

bilities to be included in the algoritnm. ~here~ore, taese 

data were compiled from the aiscriainan~ aJ14lyses and used 

in a maximum 1ikelihood clQssification ot the entire uismi.-1 

Swamp data set. 



Accuracy Assessaent 

It should be noted tnat due to extensive area~ lacking 

peat or elevation data, many pixels reaai.neu unc~assJ..tiea. 

Those that were classified were then crosstd.l>u.lated with the 

vegetation iaage in G.D error aatrix. This produced a 100, 

enuaeration of a1sclassixications and corxectly classi:tied 

pixels, and el1minated the need for stati~tica.l. com~arisons 

of accuracy percentages. Kappa values vere ca1culatea ro~ 
each classification of the uata set to r~r.lect the improve-

ment over a randoa classificat1on of the saae data. 



BliSULTS AND DISCUSS10H 

piscrial.Jlant Analys.l.§ gt Sample pata 

The d.iscriainant analyses of the sample data proviued 

some insight into the relationship between ancil~ary varia-

b1es, spectral. data, o.nd the vegetation cover types. Tae 

resul.ts from the use ot discri.Jal.Dant analysis of tnl: 20 

spectral c1asses in procedure 1 are given in Table 1. Dis-

cri~insnt ana1ysi.s of each class pr~uced a seperut~ error 

aatrix. The diagonal.s of these 20 error aatrices are given 

in the rows of Table 1. The coluan aargin represents the 

classitication Accuracy Lor a given vegetation type, aggre-

gated across a.ll. spectra1 cl.asses. The row aargin ind1.caws 

the overal.&. accuracy obt.ai.ned within each of the spect.ral 

classes. Table 2 presents a single overa.l..l error ~atrix ~or 

procedure 1. This was obtained by sua•ing the 20 l.Ddividuai 

error matrices from the 20 classifica.t~ons of spectral 

classes. Discriminant anal.ysi.s oi the ~O spectrai classes 

independently resulted in an overal.l. accuracy of S8.44 per-

cent. 

50 



Table 1. Proportions of Correctly Classified Pixels in Discriminant Analysis Procedure 1. 

Vegetation Groups2 

1 2 3 4 5 6 7 8 

1 - - - 0/1 
2 0/13 3/30 3/5 0/1 - 5/5 0/17 0/8 
3 0/3 0/2 2/2 8/9 0/1 - 0/3 
4 - 3/7 0/1 6/17 0/1 0/1 1/10 3/4 
5 - 2/10 0/1 0/1 - - 2/5 0/2 
6 - 0/1 0/1 0/1 
7 0/2 0/3 - 0/2 - - 0/1 0/2 (J1 

8 0/1 2/5 5/19 113/129 - - 1/13 0/8 ..... 
V) 9 1/3 0/3 0/2 0/7 - - 0/4 0/2 
Cl) 10 - - 1/2 V) 

~ 11 0/1 8/11 - 2/2 - - 0/2 
r-4 12 3/3 0/19 0/10 18/28 0/2 0/1 12/27 10/23 u 

13 14/41 7/39 4/4 6/25 10/17 3/3 16/30 4/25 
r-4 14 155/174 3/19 1/5 1/5 28/36 1/2 24/26 1/3 ro 15 10/19 0/6 0/2 8/9 0/2 - 1/12 b u 16 - 14/14 
Cl) 17 1/2 9/9 0/1 - - - 0/2 p. 

U) 18 - 0/1 
19 - 14/14 
20 0/1 2/2 

Total 184/263 67/195 16/55 162/237 38/59 9/12 57/152 18/77 
% 69.96 34.36 29.10 68.35 64.61 75.00 37.50 23.38 



Table 2, Classification Results for Discriminant Analysis Procedure 1, 1 

Reference Vegetation Groups2 

1 2 3 4 5 6 7 8 9 10 11 12 13 14 , .15 Total 

IJl 1 184 16 2 9 9 1 2 5 28 1 31 2 4 4 0 298 
§' 2 1 67 0 0 0 0 3 2 5 0 18 0 1 0 0 97 
~ 3 1 2 16 5 1 0 2 3 1 0 6 2 1 1 0 41 

t!) 4 9 6 23 162 4 0 27 12 6 7 20 10 15 0 0 301 
§ 5 20 22 2 8 38 0 3 5 1 2 2 1 1 0 0 105 ,,-1 

6 1 1 0 0 0 9 2 0 6 0 1 0 1 0 0 21 +.) 
'1S 
+.) 7 5 1 0 7 1 0 57 1 1 2 6 4 3 0 0 88 a, 8 1 5 0 2 1 0 4 18 16 0 7 1 6 0 0 61 bO 

~ 9 10 13 2 4 0 1 12 4 181 3 38 24 24 9 0 325 
~ 10 1 0 1 1 2 0 1 3 2 15 4 1 2 0 0 33 
•r-l 11 14 35 3 20 2 1 14 14 61 7 187 30 43 2 0 433 tM 7 18 3 11 0 0 19 7 60 2 98 331 100 8 0 664 ,,-1 12 
~ 13 6 9 2 7 1 0 4 3 34 1 47 42 435 3 0 594 
~ 14 3 0 1 0 0 0 2 0 4 0 2 1 0 82 0 95 
u 15 0 0 0 1 0 0 0 0 0 0 1i 0 0 0 168 181 
Total 263 195 55 237 59 12 152 77 406 40 '479 449 -636 1-09 168 3337 

Ntunber of Correctly Classified Pixels= 1950 
Percentage Correctly Classified = 58.44 
Kappa Value = 0,53167 

1Procedure 1 involved independent discriminant analsis of each of the 20 spectral classes 
using ancillary variables. 

2see Figure 2, 

V1 
,-..> 
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Procedure 2 involved discrillinant anal.ysis of the saa-

ple data with the ancillary var~dbles without regard to the 

previous spectral. classification. Table 3 indicQtes the 

results of th.is classification based on tne three anc.l.l.lar} 

variables alone. An overall accuracy of ~9.25 percent was 

obtained. 

Third, the four bands of spectral data were u~ea as 

discriminating variables with and without the ancillury 

data. Results of these two classitications are giv~n in 

Tables 4 and 5, respectivel.y. use of seven spectral and 

ancil.lary discriminating variables resulted in an ~ccuracy 

of 57.76 percent, while use of tour spectral variable!> alone 

provided a 38.66 ~ercent correct classi.tica.tion. 

Fourt.n, subdiv~ion of each of tne four broad ~pectral 

classes in procedure 4 resulted in the error a&trix shown in 

Table 6. Using this procedure, 43.58 percent of th~ pixel.s 

were correctly classi~ied. 

Besults of the various discriainant analyses are summa-

rized in Table 7. The z-statistics presented here l.lldicate 

the si9nif1cc.nce ot the kap~a value. A z-st.al:.istic greater 

than 1.96 suggests t.hat kappa is signitica.nt.l.y grea~er ~ban 



Table 3. Classification Results for Discriminant. Analysis Procedme 2. 1 

Reference Vegetation Groups2 

1 2 3 4 5 6 7 8 9 10 11 

Vl 
1 66 1 0 0 0 1 2 2 6 0 20 

~ 2 0 26 0 0 0 0 0 0 6 0 0 
3 0 0 0 0 0 0 0 0 0 0 0 

~ 4 5 7 21 129 17 0 31 14 0 15 32 
§ 5 11 16 2 15 21 0 0 13 0 1 12 

•r-i 6 3 0 0 3 0 5 1 0 12 0 2 µ 
co 7 2 0 0 2 0 0 10 1 0 1 3 µ 
(I) 8 0 0 0 0 0 0 0 4 4 1 4 bO 
~ 9 1 18 1 0 0 0 1 4 50 2 10 
'd 10 0 0 0 0 0 0 0 0 0 0 0 
<1> 11 77 24 28 27 13 0 23 17 63 10 125 •r-i 
~ 12 
•r-i 23 27 0 42 0 4 59 4 28 5 75 
vi 13 45 22 3 15 5 2 4 7 120 2 41 
~ 14 0 0 0 0 0 0 0 0 0 0 0 
G 15 4 0 0 0 3 0 5 7 29 3 35 
Total 237 141 55 233 59 12 136 73 318 40 359 

12 13 14 15 Total 

15 10 0 0 123 
0 1 0 0 33 
0 0 0 0 0 

15 36 0 0 322 
4 10 0 0 105 
0 4 0 0 30 
1 0 0 0 20 
1 0 0 0 14 
1 16 0 2 106 
0 0 0 0 0 
9 66 0 17 499 

295 155 0 0 717 
39 172 1 0 478 
0 0 0 0 0 
0 14 0 159 259 

380 484 1 178 2720 

Nunber of C.Orrectly Classified Pixels= 1062 
Percentage C.Orrectly Classified = 39.04 
Kappa Value = 0.30927 

1Procedure 2 involved discriminant analysis.of the entire sample using ancillary variables. 
2see Figure 2. 

VI 
~ 



Table 4. Classification Results for Discriminant Analysis Procedure 3A.1 

Reference Vegetation Groups2 

1 2 3 4 5 6 7 8 9 10 11 

VI 1 197 16 3 4 6 0 22 6 34 1 31 
~ 2 1 30 0 3 0 0 3 2 6 1 2 
1-4 3 2 0 14 8 0 0 2 1 1 0 3 t!l 

§ 4 2 4 29 174 1 0 22 7 6 12 17 
•M 5 18 28 0 4 43 0 1 9 4 4 7 
µ 6 0 0 0 0 0 12 0 0 3 0 1 ro µ ·7 4 2 0 10 3 0 46 2 3 1 8 (1.) 
bO 8 2 6 1 11 4 0 13 34 36 4 31 
~ 9 4 25 1 2 1 0 5 6 154 3 54 
'"O 10 0 0 0 0 0 0 0 0 1 1 0 (1.) 
•M 11 6 8 7 11 1 0 9 6 34 9 98 Cj.-4 
'M 12 0 17 0 3 0 1 11 0 19 3 65 VI 

~ 13 1 5 0 3 0 0 2 0 18 1 27 
r--4 14 0 0 0 0 0 0 0 0 0 0 0 u 

15 0 0 0 0 0 0 0 0 0 0 15 
Total 237 141 55 233 59 12 136 73 318 40 359 

12 13 14 15 Total 

5 0 0 1 326 
0 1 0 1 so 
0 1 0 0 32 
2 15 0 0 291 
2 0 0 0 120 
0 0 0 0 16 
1 1 0 0 80 
3 5 0 0 150 
7 26 0 0 288 
0 0 0 0 2 

21 47 0 5 262 
305 100 0 0 523 
34 285 1 1 378. 
0 0 0 0 0 
0 3 0 170 188 

380 484 1 178 2706 

Number of Correctly Classified Pixels= 1563 
Percentage Correctly Classified = 57.76 
Kappa Value = 0.52697 

1Procedure 3Ainvolved discriminant analysis of the entire sample using four spectral and three 
ancillary variables. 

2 . 
See Figure 2, 

V1 
V1 



Table 9 . Classification Results for Discriminant Analysis Proceudre 3B • 1 

Reference Vegetation Groups 2 

1 2 3 4 5 6 7 8 9 10 11 

t/l 1 115 45 2 16 12 0 39 12 51 5 39 
~ 2 5 37 4 8 0 0 2 0 4 0 28 
i,... 3 0 0 3 0 0 0 0 0 0 0 3 c.: 4 0 12 24 151 1 0 13 11 13 14 14 
§ 5 183 14 2 1 30 0 11 0 22 2 12 

•r-1 6 0 0 0 0 0 0 0 0 0 0 0 .µ 
ell 7 1 0 0 0 0 0 2 0 0 0 2 .µ 
Q.) 8 0 0 0 0 0 0 0 0 0 0 0 bO 

~ 9 64 117 1 43 18 6 57 29 190 16 148 
"O 10 0 0 0 0 0 0 0 0 0 0 0 
Q.) 18 8 6 7 0 0 5 1 22 1 25 •r-1 11 
~ 30 94 7 12 2 6 39 31 276 11 293 •r-1 12 
~ 13 11 13 5 21 0 0 5 5 52 0 121 
~ 14 1 14 0 0 0 0 0 0 2 0 7 
u 15 0 0 1 1 0 0 0 0 0 0 12 
Total 428 354 55 260 63 12 173 89 632 49 704 

12 13 14 15 Total 

6 8 2 0 352 
0 10 13 0 111 
0 1 0 0 7 
4 12 0 0 269 
5 3 0 0 285 
0 0 0 0 0 
1 0 0 0 6 
0 0 0 0 0 

75 43 18 2 827 
0 0 0 0 0 
5 13 53 0 164 

683 374 5 6 1869 
102 490 38 5 868 

2 13 57 1 97 
0 5 0 165 184 

883 972 186 179 5039 

Number of Cbrrectly Classified Pixels = 1948 
Percentage Cbrrectly Classified = 38.66 
Kappa Value = o. 28973 

1Procedure 3B involved discriminant analysis of the entire sample using four spectral 
variables. 

2see Figure 2. 

V, 
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Table 6. Classification Results for Discriminant .Analysis Procedure 4. 1 

Reference Vegetation Groups2 

1 2 3 4 5 6 7 8 9 10 11 

V) 1 173 29 6 14 7 1 14 16 67 6 70 
~ 2 1 27 0 0 0 0 0 0 6 0 0 
tS 3 0 0 1 0 0 0 0 0 0 0 0 
6 4 2 2 19 114 5 0 21 10 0 10 31 

•r-1 5 22 30 3 17 40 0 2 17 0 5 2 
.µ 6 4 0 0 0 0 11 3 0 15 0 5 cu .µ 7 9 0 2 14 1 0 53 4 0 1 5 (I) 
bl) 8 2 0 0 0 0 0 2 4 1 1 4 
~ 9 1 21 1 0 0 0 2 4 72 2 11 
] 10 0 0 0 1 1 0 1 1 1 0 2 
~ 11 19 6 19 9 4 0 17 7 49 7 86 
·v: 12 0 11 0 33 0 0 17 2 9 2 59 
~ 13 4 15 4 30 1 0 4 8 98 6 72 
0 14 0 0 0 0 0 0 0 0 0 0 0 

15 0 0 0 0 0 0 0 0 0 0 0 
Total 237 141 55 232 59 12 136 73 318 40 347 

12 13 14 15 Total 

23 6 0 0 432 
0 1 0 0 35 
0 0 0 0 1 

11 24 0 0 249 
1 0 0 0 139 
0 3 0 0 41 
9 1 0 0 99 
0 0 0 0 14 
4 11 0 0 129 
0 3 0 0 10 
5 40 0 0 268 

271 151 0 0 555 
56 244 1 0 543 
0 0 0 0 0 
0 0 0 0 0 

380 484 1 0 2515 

Nwnber of Correctly Classified Pixels= 1096 
Percentage Correctly Classified = 43.58 
Kappa Value = 0,35451 

1Procedure 4 involved independent discriminant analysis of each of the four broad spectral 
classes using ancillary variables. 

2see Figure 2, 

VI 
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zero (and th~ classification is significantly bett~r than 

rando~) at a con±iuence level oi 0.05. Comparison ot tne 

tii:st and secona procedures indicates that th~ spect.ral 

classification prior to the discriminant analysis wa~ suc-

cesstul in increa.si.D9 the accuracy over a classitic~tio~ 

using ancil.lary vari.ab1es alone. Procedures 3A and JB snow 

that the cla~iticat.ion using seven discriminating variables 

proved better than tile classirication using only tour s~ec-

tral bands as discrimJ.Itating variables. This vas ~xpected, 

since increasing the number ot discriminating variaLles 

increases the number of possible discrl..lllinant funct~ons, 

which equivalently increases the number o~ axes along which 

groups can be separated.. I:t appears that classilic;;.tion 

using spectral and ancillary data at the ~•e stay~ (proce-

dure JA) resuits in an accuracy similar to ~ha~ Ob~aineCl 

with a two-stage classification ot spectral and ancil~ary 

data (procedure 1). The cl.assifications using eitoei:: spec-

tral or ancillary data but not noth (proceaures 2 and jB) 

al.so result in comparable, but lower, accw:acies. Tne 5UD-

class.ification of 't.he four .oroad spectral. classes (procedure 

q) gives interaeCliate results. App1aently this tre~t.ment 

does not utilize the spectral Clata to its ru.llest ~xtent, 

but still provide~ an i.lllprovement over the use ot on~y spec-

tral or ancill.ary variables. 
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Table 7. Stunmary of Discriminant Analyses of Sample Data. 

Percent Kappa 
Procedure Correct Value Z-Statistic 

1: Independent classi- 58.44 0.53167 55.45921 
fication of twenty 
spectral classes using 
ancillary variables 

2: Classification of 39.04 0.30927 29.32753 
entire sample using 
ancillary variables 

3A: Classification of 57.76 0.52697 50.16893 
entire sample using 
four spectral and 
three ancillary 
variables 

3B: Classification of 38.66 0.28973 36.91422 
entire sample using 
only four spectral 
variables 

4: Independent classi- 43.58 0.35451 31.94113 
fication of four 
broad spectral classes 
using ancillary 
variables. 
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Based on tne ctiscriminant analysis of t.he 50.j~ :..a.mp.le 

observations, so~~ inferences aa1 be made about the classi-

fication of the entire data set. It is evident thdt use 01 

the ancillart and spectral data together provides~ netter 

classification than could oe obtained using either one 

singly. It also seems that a more rigorous treatment ot the 

spectrai data (clustt:ring into twenty ratner t.na.n only tour 

classes) prior to subcl.assif ication with ancill.ar)' uata 11ay 

yield netter results. This i.s indicatea oy the fact that a 

level I classificgtion (four broad groups) did not 1ield us 

high an accuracy as a level i11 ciassification (~O classes) 

prior to the discriminant ana.lysis. 

one-way analysis of variance is a suitable technique 

for evaluating the separability of groups based on a. meas-

ured variable. The Sl'S5 routine ONEWAY (Hie, et al,. 197S) 

vas used with the sample data in this context. Ana:&.}sis of 

variance ta.hies and 1'Wlcan•s Hulti.pl.e Range tests :tor el.eva-

tion, peat depth, and texture aLe given in Figures 9, 10, 

and 1.1, respectively. Overal.l significant d.l.f:f:erences 

between vegetation 9roups ar~ inuicated by the P-s~~tistic 

in the analysis of variance tahl~s. Large P values 1.lllply 

highly ::.ignificant differences. The DuncdD •s mul t1.1>.ie range 

tests indicate where tbos~ uii:ferences exist. The V€ye~a-
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tion grou~s c.re oru~red in the Dunc~ns ~iyures b1 th~ir m~an 

value, and tnose groups th~t art not sign.u:icantl} Cll..tferent 

are  connected oy a line on the right ot the figure. 

It can be seen that each of the ancillary variubles 

exhib~ts an overall. sign~ficant diiference between veget~-

tion groups, but vegetation types .are not aiways re~u:u.y 

separable oa5ed on tnese va.riab~es. For exaiap~e, ~n Figure 

9, the mean eievation tor the pine-deciduous mix (12) grou~ 

is di:tferent than the mean elevation in Q.ll. tne otutr yrou~s 

except the evergr~n-vines type (t6). As seen ~u Pigur~ 10, 

the 111.ean peat depth for the pine-deciduous mix group is 

inseperable troa seven other groups. Theretore, one ~ay 

expect more success in  separating ciass 2 from othor classes 

when using  elevation as a criteria than when using ~E:iLt 

depth. To determine which va1.-iable aay be best t:or ui.scr :ur.-

ina ting between any two types, the three Duncan's tigures 

may be exaiained. That varia..ble t.ha:t. provides t.he yreat:est. 

distance between the vegetation types may be expect~a to be 

aost FOtent in their discrimination. For example, hy onser-

vation  of Figures 9,  10,  and 11, one uotes thdt pea~ is ~ ~ 

most appropriate variable to use if one de~:i.res to ru.scrimi-

nate between the white-cedar group ,anti. tilt: hy·w:ic <1t:.ciduous 

group. 



• AfiOVA Table 

Source 
Between 
Within 

Total 

df 
14 

4543 

4557 

62 

ss 
135944.33 

1168632.38 

1304576.00 

• Duncans Multiple Range Figure 

Group No. 
14 

9 

15 
12 

1 
8 

10 

3 
5 

13 

7 

4 

11 

6 
2 

N 

127 
584 
179 
772 

367 
89 

49 

55 
63 

897 
173 

260 

593 

12 
338 

4558 

Mean 
48.5433 
52.1627 
52.8603 
55.3666 

56.6594 
56.7865 

56.9796 

57.2909 
57.8571 
58.5433 
58.8324 

61.4846 

63.4064 

67.5000 
72.6302 

MS 
9710 .31 
257.24 

F 
37.748 

Name 
Agriculture 
Deciduous-pine mix 
Water 
Deciduous over 

deciduous 
Pine 
Deciduous-Broadleaved 

evg. 
Deciduous-White 

cedar 
White-cedar 
Inkberry shrub 
Deciduous-hydric 
Broadleaved ever-

green 
White cedar-

deciduous 
Deciduous over 

evergreen 
Evergreen vine 
Pine-deciduous mix 

Figure 9: Analysis of Variance of Elevation Data 

p-value 
<0.0001 

Significance 

I 

I 
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• fl.NOVA Table 

Source df ss IB F E-value 

Between 13 13142.59 1010 .97 31. 457 p < 0.0001 
Within 2695 86611. 23 32.14 

Total 2709 99768.06 

• Duncan's M.lltiEle Range Figure 

Grotp No. N Mean Name Significance 

13 487 11.6057 Deciduous-hydric 
9 319 11. 6740 Deciduous-pine mix 
6 12 11. 7500 Evergreen vines 
1 237 12.2025 Pine 

11 359 13.1393 Deciduous over 
evergreen 

2 141 13.3333 Pine-deciduous mix 
15 178 13. 9720 Water 
12 380 14.6526 Deciduous over 

deciduous 
8 73 14.6575 Deciduous-broadleaved 

evergreen mix 
10 40 15.6000 Deciduous-white-cedar 

mix 
3 55 15.9818 Cedar 
7 136 17.0294 Broadleaved evergreen 
5 59 17.2203 Evergreen shrub I 4 233 18.7382 Cedar-deciduous mix --

2710 

Figure 10: .Analysis of Variance of Peat Depth Data 



• l\NCNA Table 

Source 

Between 
Within 

df 

14 
5024 

64 

ss 
557171. 67 

6876340.49 
39797.97 
1638.70 

Total 5039 

• Iuncan's ?vul.tiple Range Figure 

Group No. 

15 
6 

12 

8 

5 
1 

13 
10 

7 

4 

9 
11 

3 
2 

14 

N Mean 

179 91.6983 
12 92.4167 

883 98.1982 

89 99.4157 

63 99.4762 
428 102.8248 
972 107 .1944 

49 108.5918 

173 109.5838 

260 110.6731 

632 110.9952 
704 119. 3721 

55 122.2364 
354 126.6893 
186 138.8871 

5039 

Name 

Water 
Evergreen vine 
Deciduous over 

deciduous 
Deciduous-broad-

leaved evg. 
Evergreen shrub 
Pine 
Deciduous-hydric 
Deciduous-white 

cedar 
Broadleaved ever-

green 
White-cedar-

deciduous 
Deciduous-pine mix 
Deciduous over 

evergreen 
White-cedar 
Pine-deciduous mix 
Agriculture 

F 

29.077 

I 
Figure 11: Analysis of Variance of Texture Data 

p-value 

p < 0.0001 

Significance 

I 
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The discriminant analyses 01 the sam~le aata were 

addressed to five que~tions regarding the relation.bh..,_ps oi. 

spectrai and ancillary data types, and t.htir utility in cov-

er-typ~ dl.Scrill.ination. The next analysis involved com~ari-

sons of the three classification schem~ that were a~plieu 

to the entire Dismal. Svamp data. 

Cla§siiications 21 ~ Entire Uata Se~ 

The accuracies for the three test classi.ticat.:i.ons o.t 

the entire Dismal Swamp are given in Table H. The overall 

percentage oL correc~ly classitied ~ixels is given ior ~evel 

lll and l.eve..L I.I: classes, al.ong with 1.he correspoua.l.llg .K.appa 

values. It shoula be noted here th~t since accuracy asse~-

&ent vas perforaea on 100~ of the data set, statis~ical cva-

paris.ons of these results are not needed. The error 

matrices derived tro~ all classifications may be tound in 

the Appenaix. 

Since peat depth data were nonexistent tor a Ldige por-

tion of the svaap (approXl.llately 24,730 hectares, or aoou~ 

401 of the study area), discrim1.llant analyses couia often 

not be Fertor~ed correctly when ~eGt aeFtn was 4 reguired 
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Table 8. Summary of Classification Results for the Three 
Test Classifications 

Classification % Correct Kappa 

A: Single-stage lhlsupervised 

Level III 37.84 0.27053 

Level II 58.33 0.34668 

B: Sprectral Stratification 

Level III 38.70 0.28345 

Level II 58.67 0. 36194_ 

C: Layered with Ancillary 
Data l/ 

Level III 19.45 0 .10996 

Level II 39.07 0.14956 

1/ Uses reduced data set. 
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discriminating variaole. Therefore, tae iayered c~assitica-

tion using ancillary variabies produced a classitic~t.ion ot 

only the ~ortion of the SVillll~ witn .~ tull coaplemeDL or 

data. A comparison of this technique vith the otner algo~-

ithms may be biased if the  accuracy for porti0I1S of Ul~ 

swam~ lacking peat depth data diJ:fers frou the accuracy 01 

the portion with complete data. Therefore, a reas~~s:.:.ment 

of all three cia~ification~ was  done using a reaucea data 

set containing on.Ly those puel.s with .c.l.1. necessary d.c1ta. A 

summaL-y of th.es~ results is given  in Table 9.  Notu t.hat 

accuracies  for th~ first two classifications did  not cnange 

greatiy. The 16.02% accuracy reported ror ~he level III 

layer~d classification was obtained by classi.i:ying even 

those areas lacking data. In such instances, 11tissing da1:a 

ver~ treated as if the data values were equal  to zero. Tnis 

al1ov~d the classifier  to produce a co~plete cla~ir~cation, 

a1thougn ·o.IlY pixel.s 1acxing data tor one  or aore vuri.av~es 

had  a higher probabiiity of aisclassi~ication. This process 

resuited in .a classit:icatiou of the en"t..l.re data  set that vas 

3.4~ lover in accuracy than the classi~ication o~ ~ ~ 

reduced aata set. 

An important consideration in the reporting or occurQcy 

figurt:?S is tne quality of the r~ference dat~. Errors in the 



Table 9: Classification Results for Full and Reduced Data Sets 

A: Single-stage UnsupeIVised 

Level III 

Level II 

B: Spectral Stratification 

Level III 

Level II 

C: Layered with Ancillary Data 

Level III 

Level II 

% Correct 

37.84 

58.33 

38.70 

58.67 

16.02 

34.39 

Full 
Kappa % Correct 

0.27053 36.35 

0.34668 59.07 

0.28345 38.81 

0.36194 60.83 

0.07931 19.45 

0.11113 39.07 

Reduced 
Kappa 

0.26981 

0.38290 

0.29705 

0.42267 

0.10996 

0.14956 

°' (X) 
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veg~tation inages may occur for a variety or reasons. Fro~ 

the photointerpretation to the dratting and printing ot th~ 

map, ana the subsequent digitization and registration ot the 

vegetation iaage, ~rrors may be expected to occur. These 

errors may bias the re~ul~ of iiil accurac1 assessment, and 

should be acknovleagea .in tne interpretation 01 results. It 

may be logical. to expect that the boundaries of veget.ation 

types on the mai, and digital. i.ma.ge may be aore pront t.o 

error than the interiors o~ cover ty~e polyyons. Tnis ~os-

sibilit) lea to anotht;r reassess111ent. of accuracy u~iug a 

reference data ~ource with boundaries extracted. An ~dge-

finding alyoritnm in the Generc..l Illlage Processing sy~tem 

(GIPSY) of Virginia Tech 1s Spatial Data Aua1.js.i.s LaboratorJ 

vas used to locate and mark the uoundaries of vegetation 

polygons in the digital. vegetation J.Jaage. All pixels wit~in 

100 aeter5 (two pixels) of an identified vegt:tation boun<1ary 

vere then deleted from the various classitied images. Accu-

racy assessment of tnese i•~ges then yielued tile results 

given in Tab1e 10. Tnese resul.ts are less affecteu oy error 

in the reference data set, and may represent a more Meaning-

ful evaluation of classifier perior•ances. 

Note that after eliJainating •edge-effects•, all c~assi-

fication ,accuracies improved, al.though rel.ative to each 



Table 10: Classification Results after Excluding Botmdaries 
in Reference Data frClll Analysis 

Full Data Set Reduced Data Set 
% Correct I Kappa I % Correct I Kappa 

I ----- --A: Single-stage Unsupervised 

Level III 43.39 0.32837 41.58 I 0.31826 

Level II 63.59 0.40834 63.77 I 0.44912 

B: Two-stage Spectral Stratifi- I I -..J 
cation 0 

Level III 44.23 0.34083 44.05 I 0.35067 

Level II 63.66 0.42976 65.44 I 0.48626 

C: Three-stage Layered 

Level III 17.39 0.09332 21.46 0.12994 

Level II 36.14 0.13455 41. 71 0.18306 
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other, t.he s~~uation re~ained tAe sQae. ~he 1irst two cic:.!:i-

sificatioll!i were comparable, with the accuracy oI tu~ bp~c-

tral stratification classi£ication slightly higher tllcill tuat 

of th~ single-stage unsupervised classi.tication. Ag~n, th~ 

layered procedure perfooned oniy half as well as tne other~. 

This liituation is is not at all vhat vas ~x~ected, .;;;nd pres-

ents a task in explaining the apparent contradiction. 

Explanatiop ot Results 

There are tvo aspects of the result::. that merit exami-

nation and explanQtion. The tirst is why tll.e cl~ss.u:ica-

tions in general. produced results as low as they diu, ann 

the second is why they produced. diftertnt results r~~ative 

to eacn other. 

There are several fact.ors that may have hindereu the 

ability ot these procedures to produce ~ccurate classi.tica-

tions. one possible explanation lies in the structur~ ot 

the vegetation classitica~ion framework. As noted in tht 

literature, detailed classes such a~ the level Ill: groups 

used here art typical1J not classified as ~ell as ~ore gen-

eral level II and level I classes (Pleming and Hott~r, 
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1979) • Therefore, it is not supr.:i.s.:uig that the rigorous 

classification inLo level III categoric~ aiu not yield 

results compara.bie to other studies in wnich ievel 11 

classes were used. The accuracies reported. here tor the 

classifications aggregated to level II are not, however, 

unreasonably .low when compared to other research efforts 

(He~d 4nd Heyer, 1977). 

Another factor that may have aaversei1 influenc~ tn~ 

results is tile guc.l.ity of tile spectral data. The I:G..V data 

(after aasking of urban and agrLcu.ltural. areas ou~siae Lhe 

swamp) had a narrow range and littie spectrc:LJ. variab.l.l.ity. 

The Lana.sat 11u.ltispectral scanner is capable of aist;ret1.zing 

radiance measurements into 128 values for bands tour, tiv~, 

and six, blld 64 val.ues for band 7. However, t.J:le viaest 

range of val.ues in the Dismal Swwap data was in Ba~a 1, anu 

only spanned from Oto 30. Al.l three classifications began 

vith unsupervised clusteriny of the data, and th~re1ore 

relied on the abil.itJ of the clll!:itering aigorithm to find 

•naturaliy occuring• groups or clu~ter~ in the data. The 

l.ov vo.riability oL the s~ectral data causea the alyorithm ~o 

go through many iteratioru; vith successively saa.Ll.er c~us-

tering criteria (minl.11.um distances between cluster centroias 

and maxim.Wt standard deviations of clusters) at edch itera-

tion. 
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in addition, certain preproce~s.iny aigorithlllS ~ucn as 

destr~ping, smoothl.llg, and r~gi~tr~tion involve r~p~dcement 

of a ~ixel vul.ue with tne averaye of its ueignbors (Sanius, 

1978). This 11ay resul.t in furtner i.owering ot the Vcu.'iaoi.i-

ity of the du.ta prior tc, tt.uning and cla~i.tication. Il. 

such a reduction in variation no~s indeed interfere wi~h 

clustering and classification, then such l.lllage enhanc~m~nt 

techniques &ay have adversely axfected cl.~ssific~ti.on accu-

racy. 

The spectral stratification procedure consistenl:.1.y 

proved better than tne singl.e-stage unsupervised i,rocedure. 

Rohde (1978) developed this tecnnique und~r tne prem.:u:;e that 

independent clustering of several tirst-stage group~ wou~a 

allow difxerentic..l manipulation of clustering criterl.A so 

that more iaportant groups can r~ceive kOre aetal...l.eu tr~at-

ment. This is shown in the class assignments in rigures ~ 

and 7. When a tairl~ accurate vater c1ass (i 1) was detinea 

in the first ~tag~ of sptctral s~rati.ficati.on, no further 

vrocessing Vds aone on pixels in that class, as onl1 one 

vater class vas desire«. On~ c~ustering it~ration within 

the broad agriculture class (i 4) split it into five ciasses 

that reveal.ed a.uditionul pine-deciduous ai.x pixels. An 

intensive clu~""tering of tb.e deciduous class (•2) crtatea 
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nine classes, includi11g au atlautic w.lu.t.e-cedar cJ.c1.~ and. 

eight cla£Ses that could be ossiyned on the oasis 01 vegbt.a-

tion in the understorie~. second-stage treatment or ~ne 

evergreen class (I 3) ailowed recognition or tive mixture~ 

of pine and deciduous types. 

Conversely, the single-stage unsupervi.sea proceaur~ 

resulted in 29 cluSses only dfter intensive c~ustering. 

Note that nine of these were saall classes assigned to ayri-

culture, a more rigorous breakdown of that cover type tnan 

was nt:!eded. Two water classes were formea, and tne atlan~ic 

white-cedar was aissed altogether. it appears that the 

spectral stratification served its purpose and resu~ted in 

an increase in accuracy over the single-st~ge unsupervisea 

procedu1.-e. 

The layered procedure aust be examin~ in an attem~t to 

explain the seemingly contradictory decrease in classi£~er 

performance. The first onserva~ion tone made is that there 

may be an inconsistency in the logic or tne procedure used. 

As Robinove (1981) pointed out, superviseu procedures are 

based on an~ priori land c1aS£itication scheme, wh~e un5u-

pervised proc~dures al.low the situation and the da~a to 

determine bow the land vill. ne cl.a~sified. The .La}erea pro-
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cedure in this ~tudy started as an unsupervJ...Sed proce~s and 

ended in .a suJ:lervisea classific~tion. Tnis aecrns th~t wail~ 

originally aJ.lowing the aata to det~rm.l.lle groups in the 

clustering phase, these natural~y formed groups were over-

ridden and di.vided into .!! ~iori grou1:1s 111ichray tnrouyh the 

proceaure. Whi..le t.hl:: unsupervised and s1•ect.ral su:~tif.1.ci.l.-

tion procedures ver~ aliowed to naiss" groups such as ~he 

inkberry shrub and evergreen vine communities, the ~ayerea 

procedure xorcea t.he assiynment of ~t ~east soae pi~els to 

these grou~s at the expense of accu~ac} in other ciasses. 

This ,is illustratt:?d in Figure 12. The co.Lumn ot accuracit?.::. 

on th~ le~t represents the results o~ tAe assignment or the 

entire cl.ass to a given group, r.,ased on figure 7. ~·ne accu-

racie~ listea on the right came troa the d.1..Scrilal.llant analy-

sis of tbe class and classification into componeut veyet.o-

tion groups. It can be seen that in &any cases, tnt 

increase in accuracy from splitting the ciass~ va~ minimal. 

A more logical. proceaure for tbe layerea c.la~s.i.:fier 

might have b~en to use supervised ciassl.ficdtion at th~ 

spectral stages as well as t.ile i:i.llcil.la.r) st.age. This would. 

have provided more consistency l..ll the approach and in the 

vegetation class framework. Another a.J..t.erna.tive would oe to 

alter the levei 111 cateyor~zation usea ill the discriminant 
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No. of pixels correctly No. of pixels correctly 
classified by spectral classified by 

Spectral Number of stratification discriminant analysis 
Class Observations No. % No. % 

1 181 168 (92. 82) 168 (92. 82) 
2 341 78 (22. 87) 129 (37. 83) 
3 307 128 ( 41. 69) 168 (54. 72) 
4 308 79 (25.65) 158 (51. 30) 
5 221 121 (54. 75) 148 (66. 97) 
6 190 151 (79. 47) 159 (83.68) 
7 232 184 (79.31) 186 (80 .17) 
8 226 129 (57. 08) 138 (61.06) 
9 113 26 (23. 01) 32 (28. 32) 

10 12 5 ( 41. 67) 9 (75.00) 
11 31 11 (35.48) 14 ( 45.16) 
12 311 82 (26. 37) 130 ( 41.80) 
13 302 so (16. 56) 116 (38.41) 
14 312 174 (55. 77) 218 (69. 87) 
15 86 19 (22. 09) 31 (36. OS) 
16 26 14 (53.85) 25 (96 .15) 
17 69 41 (55. 07) 59 (85. 51) 
18 23 19 (82. 61) 20 (86.96) 
19 23 14 (60. 87) 22 (95.65) 
20 23 16 (69.57) 20 (86.96) 

Total 3337 1509 (45.22) 1950 (58. 44) 

Figure 12. Canparison of Accuracy for Two Different 
Classifications of the Sample Data 
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analyses sucn that only those vegeLdt1on groups ia(:;ntl..fiea 

in the unsupervised specu:al c~assificat.ion vouia oe us~a in 

the discri•inant analysis. Either of these two possioi1i-

ties voul.a eiiainate the inconsistency of switching frou 

data-aefined groups (from the un&uperv.ised cl~tering) to~ 

priori groups (in the di.scriainant anal.ysis or sup~rviscu 

classification) • 

in the classification of the whole swaap, a tradeott is 

observed netveen identification ot previously missetl c~asses 

and accuracy in remuning c.Lasses. Table 11 is thb error 

aatrix from the unsupervised classir:ication of the 1.eauced 

data set (containing only pixels with a tu.1-1 compieaent of 

ancillary data) • 1'able 12 is the error 1aatrix .tor the lu 1 -

ered proceci.ure. Note that the ~atter procedure iutntitieo 

several groups that the former missed, including groups J, 

4, 5, 7, 8, and 10. However, this came at the expense ot 

correctly classified pixels ~n groups 1, 9, 12, and 13, 

resulting in an overall decrease in cla.tiSifical..ion accuracy. 

a~re coaparison or accuracy rigures might indicate tna~ 

the layered procedure does not mea~ur~ up to the others. 

However, if identification ot at least so~e ~ixels in the 

classes aissed in the unsupervised classitication i~ deemed 



Table 11. Results for Classification A, Level III, Reduced Data Set. 1 

Reference Vegetation Groups2 

1 2 3 4 5 6 7 8 9 10 11 

Ill 1 9734 839 83 166 1787 9 1376 252 874 67 592 
~ 2 43 94 32 20 0 0 2 0 4 2 10 
h 3 0 0 0 0 0 0 0 0 0 0 0 t.=> 

§ 4 0 0 0 0 0 0 0 0 0 0 0 
5 0 0 0 0 0 0 0 0 0 0 0 •r-4 .µ 6 0 0 0 0 0 0 0 0 0 0 0 ro .µ 7 0 0 0 0 0 0 0 0 0 0 0 (1) 

b.() 8 0 0 0 0 0 0 0 0 0 0 0 
~ 9 2354 3823 1253 3070 1002 269 3500 3473 9013 1136 7771 
"fil 10 0 0 0 0 0 0 0 0 0 0 0 
i.;:l 11 201 383 185 161 78 129 445 233 710 55 719 
·~ 12 102 905 332 3733 33 144 1077 923 5386 819 6766 
~ 13 133 463 408 2400 11 29 400 295 2245 497 5669 
d 14 24 139 114 20 · 7 0 18 0 9 1 23 

15 0 0 0 26 0 0 0 1 0 0 342 

12 13 14 15 Total 

229 41 0 3 16052 
0 4 0 1 212 
0 0 0 0 0 
0 0 0 0 0 
0 0 0 0 0 
0 0 0 0 0 
0 0 0 0 0 
0 0 0 0 0 

1412 1390 0 67 39533 
0 0 0 0 0 

654 626 0 32 4611 
8597 3700 0 80 32597 
740116031 53 147 36182 

0 34 0 0 389 
0 9 0 4801 5180 

Total 12591 6646 2407 9596 2918 580 6818 5177 18241 2578 21892 18293 21835 53 5131134756 

Number of Correctly Classified Pixels= 48989 
Percentage Correctly Classified = 36.35 
Kappa Value = 0.26481 

1Unsupervised single-stage spectral classification of only pixels with a full complement of 
ancillary data. 

2See Figure 2. 
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Table 12. Results for Classification C, Level III, Reduced Data Set. 1 

Reference Vegetation Groups2 

1 2 3 4 5 6 7 8 9 10 11 

ti) 1 3115 223 154 76 243 0 300 589 2033 137 2962 
~ 2 63 332 14 108 2 0 17 65 1127 27 724 
t, 3 94 227 247 158 26 85 273 145 507 68 430 
§ 4 77 121 148 1278 12 9 603 51 397 105 771 

•r-l 5 454 344 123 63 118 76 63 318 1487 69 199 
.µ 6 0 0 0 0 0 0 0 0 0 0 0 
~ 7 42 131 149 1029 20 0 289 163 1005 309 2197 Q) 
~ 8 45 618 147 534 33 0 310 725 3370 229 3252 
~ 9 533 705 292 1036 194 0 266 338 2709 223 2164 
"g 10 511 1822 392 2302 559 302 2931 1613 2614 719 2580 
~ 11 3380 1096 273 1488 491 14 439 639 800 433 3106 
·v: 12 3931 601 157 327 1101 71 1120 168 1590 38 872 
~ 13 197 360 301 1118 99 23 170 356 584 218 2290 

r--l 14 u 149 66 10 53 20 0 37 6 18 3 14 
15 0 0 0 26 0 0 0 1 0 0 331 

12 13 

668 2598 
436 281 
250 288 

1162 1250 
192 21 

0 0 
1215 1108 
777 1121 

2675 1921 
1389 711 
3907 4600 
3273 2419 
2337 5505 

12 5 
0 7 

Total 12591 6646 2407 9596 2918 580 6818 5177 18241 2578 21892 18293 21835 

14 15 Total 

10 1 13109 
0 1 3197 
0 29 2827 
1 0 5985 
0 6 3533 
0 0 0 
0 0 7657 
0 14 11175. 
0 60 13116 
0 15 18460 

24 44 20734 
2 30 15700 

16 138 13712 
0 0 393 
0 4793 5158 

53 5131134756 

Number of Correctly Classified Pixels= 26209 
Percentage Correctly Classified = 19.45 
Kappa Value = 0.10996 

1Layered classification of pixels with a full complement of ancillary data. 
2see Figure 2. 
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impor,t:ant., th.~ lc.yere<1 proceuure ha~ some mer11:.. A ve.ight.-

ing ot costs of omission aua coamission e~rors tor eaca 

class may thtrefore change th~ evaluation of the different 

procedures. For exa•ple, a nigh cost tor omaitting Ule 

classes three through seven would aake the layer~u proceaure 

appear much .better. In the decision to work with aet:.ail~d 

level. I:1I classes, jub-t. such a weighting was made, .a.lt.houya 

not quantified. The use of the liayesian class~ication 

algorithm, which accounts for variable error costs, might ~e 

more appropriate in such a case. 

Two other factors aay have haa a part in lowering accu-

racy tor the layered procedure. Pirst, the traini~g sample 

aay have been inaaequate since many observations hau missing 

data. This resul~ed in non-invertiole variance-covdrJ.ance 

matrices and elillliuatea soae groups from consideration in 

the classification of some c~asses. A further problem with 

the sample da~a set aay have been aisclassifications in the 

reference data usea £or training. As noted, exclu£ion oI 

bOundaries in the re~erence v~etation iaage inc~easea the 

eva1uated accuracies. This could indicate that soae vouna-

ary pix.els int.he uground-trut.h" vegetation image were J..Il 

error, or classification ot boundary zone~ .is taultj. It 

some ot these pix.els were chosen in the ro~aom sa•~le, tbeu 
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t.he training set con~uined error and adversel} a~1ectea the 

ciassification. s~cond, tile quaLity of the ancJ..liar} aata 

aay be in question. Host pixels vere encoded with artit:i-

cial, in~erpola.ted val.ues for elevation Alid peat aept.ll, and 

aay contain a great dea.l of error. in addition, the low 

saapling intensity (1ess than one saaple Fer 70 to 100 hec-

tares) of the peat aepth survey does not support a. yre~t 

deal of confidence in the computer-generated peat ue~th 

illlage1. Error in uncillai:y variables aay have haa signiti-

cant effects in both the classitication and training pnases. 



SUMMARY AND COUCLUSIOUS 

The objective of this stuuy was to dtvelop a proceuur~ 

for Landsat classif1cation employing ancil.lary data, a~p~y 

it to a vegeta.tion cover-type classification o.t th~ Great 

Dismal svwap, and evaiuate its effectiveness re1ative to two 

classifications of spectral data alone. An unsupervised 

cl.assi.fication and a two-staye spectral stratirication clas-

sification wure performed to represent ~he contribul:.i.on or 

· spectral data alone to a cov~r-type classi.tication. The 

ancillary variables used were thougnt to be associated wit..n. 

vegetation distribution in a forested wet~and. The~~ 

incluc1e<i l.ana surface elevations and pe~t dept.hs, t>otll nased. 

on fi~ld survey£, and ~pectral texture values indicdtiVe of 

stana homogeneity. 

Accuracy assess•ents were perforaea for the tnree cl.as-

sifcations at l.evel I.I. and level. II.I vegetation categoriza-

tions. one suppleaental. accur-dcy assessaent was ~ert:ormeo 

on a reduced data ~et ~ncluding only those pixels with~ 

~ull compiement of spectral and 4nci.llc1Iy duta. Thi.s was 

done to provide a aore direct coaparison of tbe two spectral 

82 
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classifications (verLormed on the entire dat.a set) to the 

J.a:yer~d cl.assilication, which. vc&.s pert:orllea. only O}j we 

reduced data set. A seco~d supplementary accuracy a.sse~s-

ment vas conducted after eJ.iainating suspected errors in t.h~ 

reference vegetation ii.age attributed to aislocatio~ of veg-

etation type boundaries. 

The results indicated th.at £.a1rly low accuracies (201 

to 401) were obtained for a.l.l three procedures. TAe 1ayer~a 

cl.assilier using spectr·al. data at the first two stages a.ne1 

ancil.lary da1.a at the third proauceu tne iovest proportion 

of correctly ciassitied ~ixel.s. 

Several factors may have contributed to thes~ unpre-

dictably lov results. First of these is the rigorous A 

priori class structure for the ~ayered cl.assi£ier iu tne 

final. stage. Complete identitication ot aetailed classeD 

vas demanded, and was acheived only at the expense o~ accu-

racy ill other classes. A weighting scheme to indicate this 

demanu should be d.evelolie'1 anu a~plied equally to accuracy 

assessaent of al.1 three cl.assi£ications. otherwise, t.he 

groups defined in the clustering ot the d~ta shouid .oe 

accepted and useu as~ priori groups ~or Ute (ti.scriQinant 

analysis. 
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Second, low variance of the spectral. uata may ha-ve 

inter±erea with tne perfor•ance or th~ un~uperviseu c.1.uster-

ing algorithm. Not enough is known about the ef.fects ot 

prellrocessiny on clussii:ication ,accuracy, but the ~utnor. 

suggests that soae preprocessing techniques wi..ll. lower vari-

ation in the data, and actua.l.ly hinder th~ performance ot 

the clus~ering al.gor~thms. Tvo possibilities exis~ 1.0 over-

come thi.s etfect. 

First, superviseQ proceaures .are no~ as adver~el1 

affecttd by iov data variation, since they do not L~ly on 

the outcome of a clustering algorithm, and thus &ay ne used 

when a nuaber of 11pixel averaging" type .l:'reprocessing tech-

nique~ have been performed. Secondly, clusterl.Iig ma} ve 

perfor~ea on original data, ~rior to 4llY preprocessiny. 

This aay entail a 11bac.k.waras 11 registration of reference data 

to the geometrical.1y distorted Landsat data, l..ll oruer to 

1ocate pixels in the Landsat scene that correspond ~o pixels 

in the reference data. Also, the miscal.iorated ~ines ot 

pixels in a baal~ striped image any be eJ.ila.i.nateu rrom con-

sideration and l.eft unc.lass.1.fieu, rather than undergoing 

radiometric correction. Then, atter neighboring p~xels 

(whose radiance values are assu11ed to .oe correct) c.re c~as-

sif ied, the Wlcla.::.sified pixels aay be assigned to a cover 



type basea on the cov~r typ~ idelltit} of their neignoors. 

As indicated., aore study &aj' be requii:ea t.o ueter&ine the 

effect oi pr~processing on data variation, and th~ subse-

quent effoct of aata variation on c~u~tering pertorma.nce. 

Next, the inconsistent logic ot the layered ~roceuure 

used in this study ma1 have resulted in l.ower accuracies. 

It is recommended t.hut consistent vegetation cateyoriza1..1ons 

be used throughout the proceuure, whether tney are ueriv~u 

through clustering, or knowns w;:iori. Otherwise, iower 

cl.assification accuracy may result from a kid-procedura~ 

change in definition of acceptable cl.asse~. 

Finally, data quality vil.i. always ini:luence stu<1y 

results, and Landsat classification is no exception. Uata 

ot questionable accuracy may have a±J:ected classi.t:ier ~er-

1:ormance in several. ways. PiI:st, as was St:en vit..h oounda-

ries i.n the vegetation cover-type i.mag~ der~ved from a pho-

to-interpret.ation map, errors in reference uata may aftect 

not on1y the traiuing of the c.lassi..tier, but the assessment 

of accuracy as well. Future stuaies involving the use of 

digitized cover-t1pe m~ps in training dnd assessment should 

consider where errors aay occur in th~ reference wap, and 

foliov procedures to correct tor th.:,..s. In th~s pLOJect, 

exclusion of suspect boundaries was noted to increase 
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reported c.ccuracies, u.Dci. i.:f aone prior to sampling 1.or c..Lo.s-

sif itr trainl..llg, 11ai have 1.».p1.ov~a performance tur"Lnel:'. 

Data quality is questionaJ>le for both the peat depth a~a 

elevation images vhere values  are the r~sult o:t interpol.a-

tion. Techniques for creating  continuous spatial sur~aces 

of data from a sa.Jtple of points are  used frequentJ.l', 

a1thougn little verification ot their accuracy bas oeen 

done.  Perhaps assessments of ancillary data accura~J are 

needed in studies such as this one, altnougn they ~~  ue 

expected to JJe costl.y and t.i.ae-conswaing. I:t: cu1cJ.J..lary ciat.a. 

sets.ax:e used  xor  purposes other than Landsat classification 

(as in a yeographic inf.ormation syste111) , assess11tent oJ: tl:u,:ir 

quality is more i•Fortant y~t. 

Finally, missing data in the peat  depth image resui.ted 

in a smal~er effective saap~e tban vas in~ended, ana reducea 

the quantity of  data avail.able tor training the c.1a~sif:u~r. 

Reducing the data set from vhicn samples were drawn (such 

that  it contains onlJ those p.ixel.s vitn a full coapie~ent of 

ancil.lary data) would have allev~ated this proolea. 

From thJ.S study, increases in classitication accurQcy 

as  the  result  of incorporat.J.on of ancill.ary data cannot be 

claimed. In general, Landsat classifications of the Great 



Disaa~ SwaJAp did not yield re~ults useful ror resouLce man-

agers, aue to unacce~tablJ low accuracies. Hovev~r, mor~ 

accurate cla~sifications of less detailed cover-typ~ c~asses 

vouid be no more suitable. So&e suggestions have neen mad~ 

for f·urther attempts to l..Dclude ancl.l.iary <iata in tht: Lana-

sat classitication. of vegetation. Althoug.o. results troll 

this study do not foreshadow greati) improved accura.cies, 

neither do they close the door for further ef~ortb l.ll tna~ 

direction. 
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Results for Classification A, Level III, Entire Data Set. 1 

Reference Vegetation Groups2 

1 2 3 4 5 . 6 7 8 9 10 11 12 

13872 1699 83 207 1834 9 1756 269 2583 146 1686 575 
77 458 32 22 0 0 32 0 51 2 417 1 
0 0 0 0 0 0 0 0 0 0 0 0 
0 0 0 0 0 0 0 0 0 0 0 0 
0 0 0 0 0 0 0 0 0 0 0 0 
0 0 0 0 0 0 0 0 0 0 0 0 
0 0 0 0 0 0 0 0 0 0 0 0 
0 0 0 0 0 0 0 0 0 0 0 0 

3929 9028 1253 3598 1076 269 4086 3851 12822 1482 9668 6428 
0 0 0 0 0 0 0 0 0 0 0 0 

1306 1546 185 186 122 129 718 285 3958 88 4597 3299 
701 2656 332 4195 35 144 1162 1437 7590 910 8473 20325 

13 14 15 

481 198 3 
182 106 5 

0 0 0 
0 0 0 
0 0 0 
0 0 0 
0 0 0 
0 0 0 

3345 7 69 
0 0 0 

1752 1415 34 
6392 65 81 

750 1081 408 2689 14 29 439 430 4096 552 8122 12379 28784 162 152 
279 716 114 20 11 0 137 5 718 1 1004 327 465 2766 12 
15 0 0 26 0 0 0 1 1 1 342 1 16 0 4801 

Total 

25401 
1385 

0 
0 
0 
0 
0 
0 

60911 
0 

19620 
54498 
60087 
6575 
5204 

Tot. 20929 17184 2407 10943 3092 580 8330 6278 31819 3182 34309 43335 41417 4719 5157 233681 

Ntunber of Correctly Classified Pixels= 88425 
Percentage r.orrectly Classified = 37. 84 
Kappa Value = 0.27053 

1unsupervised single-stage spectral classification of all pixels. 
2See Figure 2. 
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Results for Classification A, Level II, Entire Data Set. 1 

Reference Vegetation Groups2 

1 2 3 4 5 6 

16450 3531 3051 3342 304 8 

0 0 0 0 0 0 

17808 5431 18155 19441 7 69 

16035 2792 19346 94123 1642 267 

1129 148 724 1796 2766 12 

41 0 3 359 0 4801 

51463 12002 41279 119061 4719 5157 

Total 

26786 

0 

60911 

134205 

6575 

5204 

233681 

Number of Correctly Classified Pixels= 136295 
Percentage Correctly Classified = 58.33 
Kappa Value = 0.34668 

1Unsupervised single-stage spectral classification of all pixels. 

2see Figure 2. 
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Results for Classification B, Level III, Entire Data Set. 1 

Reference Vegetation Groups2 

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 Total 

1 14019 1787 436 465 1839 9 1855 277 2774 171 1978 591 639 490 5 §4 2 40 472 7 16 0 0 31 6 52 0 401 3 166 57 5 
o3 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 
l, 4 43 360 465 3630 11 0 289 302 473 311 712 155 519 0 8 
~5 o o o o o o o o o o o o o o o 
.~ 6 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 
~7 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 
ts o o o o o o o o o o o o o o o r 9 4236 9466 865 3302 1121 311 4210 4002 13593 1492 105ss 9030 3so9 23 16 
:>- 10 0 0 0 0 0 0 0 0 0 0 0 0 0 0 -0 
] 11 859 1545 213 229 65 93 621 260 3418 101 4551 2710 1493 1397 31 
~ 12 848 2547 201 2676 35 88 929 1220 8080 844 9366 21035 8244 488 101 
·~ 13 674 679 207 598 13 13 263 210 3075 262 5988 9743 26305 230 132 
~ 14 197 328 13 1 8 0 72 0 354 1 394 67 233 2034 6 
d 15 13 0 0 26 0 0 0 1 0 0 331 1 9 0 4 793 

Tot.20929 17184 2407 10943 3092 580 8330 6278 31819 3182 34309 43335 41417 4719 5157 

27335 
1256 

0 
7278 

0 
0 
0 
0 

66250 
0 

17586 
56702 
48392 
3708 
5174 

233681 

Number of Correctly Classified Pixels= 90432 
Percentage Correctly Classified = 38.70 
Kappa Value = 0.28345 

Liwo-stage spectral stratification classification of all pixels. 
2see Figure 2. 
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Results for Classification B, Level II, Entire Data Set. 1 

Reference Vegetation Groups2 

1 2 3 4 5 6 

21740 4034 4366 5164 547 is 
0 0 0 0 0 0 

17869 5768 19087 23427 23 76 

11276 2120 17470 89435 2115 264 

539 80 355 694 2034 6 

39 0 1 341 0 4793 

51463 12002 41279 119061 4719 5157 

Total 

35869 

0 

66250 

122680 

3708 

5174 

233681 

Number of Correctly Classified Pixels= 137089 
Percentage Correctly Classified = 58.67 
Kappa Value = 0.36194 

1Two-stage spectral stratification classification of all pixels. 
2See Figure 2. 
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Results for Classification C, Level III, Entire Data Set.1 

Reference Vegetation Groups2 

2 3 4 5 6 7 8 9 10 11 

5225 154 564 385 0 1033 1017 2266 506 5263 
1323 14 158 2 0 63 70 2778 68 2934 
983 247 173 31 85 420 165 1227 80 2678 
543 148 1374 12 9 609 75 454 107 1008 
422 123 63 118 76 63 335 1875 69 471 

0 0 0 0 0 0 0 0 0 0 
1277 149 1363 22 0 317 682 1588 408 2519 
975 147 542 33 0 571 756 5884 234 4731 

1010 292 1313 197 0 389 347 3695 245 3160 
2048 392 2302 559 302 2963 1615 2743 719 2727 
1311 273 1501 492 14 450 662 1036 475 3748 
1280 157 334 1116 71 1139 182 2369 47 1720 

558 301 1164 101 23 190 359 697 220 2873 
229 10 66 24 0 123 12 207 4 146 

0 0 26 0 0 0 1 0 0 331 

12 13 14 15 Total 

7572 6765 1031 4 43934 
1555 1266 1072 9 12391 
1093 1383 235 30 9412 
1207 1538 3 1 7187 
513 71 12 6 5636 

0 0 0 0 0 
6745 2581 15 0 17805 
8474 2890 469 18 26663 
4043 4719 754 62 21070 
1539 950 0 15 19416 
4656 5728 61 47 23937 
3384 4478 60 32 20388 
2512 8859 48 138 18288 

41 180 959 2 2380 
1 9 0 4793 5174 

Tot. 20929 17184 2407 10943 3092 580 8330 6278 31819 3182 34309 43335 41417 4719 5157 233681 

Number of Correctly Classified Pixels= 37441 
Percentage Correctly Classified = 16.02 
Kappa Value = 0.07931 

1Layered classification of all pixels. 
2see Figure 2. 
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Results for Classification C, Level II, Entire Data Set. 1 

Reference Vegetation Groups 2 

V) 

§4 1 2 3 4 5 6 Total 
$-4 

(.:> 1 19815 2649 13813 34262 2341 44 72924 
§ 

•r-i 2 4955 596 4957 12900 27 6 23441 µ 
~ 
Cl) 3 11346 5014 16238 33233 1223 95 67149 bO 

~ 
~ 4 14626 3496 6047 37958 169 217 62613 ~ 

C) 
•r-i C) 
~ 5 682 147 223 367 959 2 2380 •r-i 

V) 

~ 6 39 0 1 341 0 4793 5174 r-i u 
Total 51463 12002 41279 119061 4719 5157 233681 

Ntunber of Correctly Classified Pixels= 80359 
Percentage Correctly Classified = 34.39 
Kappa Value = 0.11113 

1Layered classification of all pixels. 
2see Figure 2. 
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Results for Classification A, Level III, Reduced Data Set. 1 

See Table 11 , Page 78. 

1unsupervised single-stage spectral classification of only pixels 
with a full complement of ancillary data. 
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Results for Classification A, Level II, Reduced Data Set. 1 

Reference Vegetation Groups2 

1 2 3 4 5 6 

11011 3174 1199 876 0 4 

0 0 0 . 0 0 0 

10500 4771 13622 10573 0 67 

9406 2346 11163 50163 0 0 

297 25 10 57 0 0 

26 0 2 351 0 4801 

31240 10316 25996 62020 53 5131 

Total 

16464 

0 

39533 

73390 

389 

5180 

134756 

Ntunber of Correctly Classified Pixels= 79597 
Percentage Correctly Classified = 59.07 
Kappa Value = 0.38290 

1Unsupervised single-stage spectral classification of only pixels with a full 
complement of ancillary data. 

2See Figure 2. 
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~ 9 2448 
"'O 10 0 
.~ 11 92 
~ 12 135 
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~ 14 26 ...-i u 15 0 
Tot. 12591 

Results for Classification B, Level III, Reduced Data Set. 1 

Reference Vegetation Groups2 

2 3 4 5 6 7 8 9 10 11 

867 436 407 1790 9 1451 254 855 93 612 
93 7 13 0 0 0 6 2 0 5 
0 0 0 0 0 0 0 0 0 0 

128 465 3329 11 0 277. 272 369 308 660 
0 0 0 0 0 0 0 0 0 0 
0 0 0 0 0 0 0 0 0 0 
0 0 0 0 0 0 0 0 0 0 
0 0 0 0 0 0 0 0 0 0 

3980 865 2793 1043 377 3648 3609 9438 1130 8437 
0 0 0 0 0 0 0 0 0 0 

349 213 206 22 93 372 216 627 71 950 
873 201 2334 33 88 827 678 5442 736 7243 
288 207 497 13 13 230 141 1499 239 3647 
68 13 1 6 0 13 0 9 1 7 
0 0 26 0 0 0 1 0 0 331 

6646 2407 9596 2918 580 6818 5177 18241 2578 21892 

12 13 14 15 Total 

235 51 0 3 16842 
2 2 0 1 135 
0 0 0 0 0 

84 430 0 8 6368 
0 0 0 0 0 
0 0 0 0 0 
0 0 0 0 0 
0 0 0 0 0 

2131 1566 0 74 41529 
0 0 0 0 0 

570 415 1 26 4283 
9509 4895 0 97 33091 
5762 14402 52 129 27199 

0 7 0 0 151 
0 7 0 4793 5158 

18293 21835 53 5131134756 

Ntmtber of Correctly Classified Pixels= 52293 
Percentage Correctly Classified = 38.81 
Kappa Value = 0.29705 

Lrwo-stage spectral stratification classification of only pixels with a full complement of 
ancillary data. 

2see Figure 2. 
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Results for Classification B, Level II, Reduced Data Set. 1 

Reference Vegetation Groups2 

1 2 3 4 5 6 

15555 3538 2159 2081 0 12 

0 0 0 0 0 0 

10076 5068 14177 12134 0 74 

5475 1691 9649 47453 53 252 

108 19 10 14 0 0 

26 0 1 338 0 4793 

31240 10316 25996 62020 53 5131 

Total 

23345 

0 

41529 

64573 

151 

5158 

134756 

Number of Correctly Classified Pixels= 81978 
Percentage Correctly Classified = 60. 83 
Kappa Value = 0.42267 

Lrwo-stage spectral stratification classification of only pixels with a full 
complement of ancillary data. 

2see Figure 2. 
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Results for Classification C, Level III, Reduced Data Set. 1 

See Table 12, Page 79. 

1unsupervised single-stage spectral classification of only pixels 
with a full complement of ancillary data. Pixels on bol.llldaries between 
cover types were excluded from the evaluation. 
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Results for Classification C, Level II, Reduced Data Set. 1 

Reference Vegetation Groups2 

1 2 3 4 5 6 

6435 1570 5251 11820 11 31 

2335 566 3351 4932 0 6 

8937 4595 12540 16590 0 89 

13229 3528 4826 28309 42 212 

278 57 27 31 0 0 

26 0 1 338 0 4793 

31240 10316 25996 62020 53 5131 

Total 

25118 

11190 

42751 

50146 

393 

5158 

134756 

Number of Correctly Classified Pixels= 52643 
Percentage Correctly Classified = 39.07 
Kappa Value = 0.14956 

1Layered classification of only pixels with a full complement of ancillary data. 
2See Figure 2. 
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Results for Classification A, Level III, Entire Data Set with Botmdaries Excluded. 1 

Reference Vegetation Groups2 

2 3 4 5 6 7 8 9 10 11 12 13 14 15 Total 

1159 5 71 1542 6 1250 124 1470 68 778 221 197 161 0 18123 
79 14 13 0 0 11 0 8 2 55 1 31 77 0 344 
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 
0 0 0 0 0 0 0 0 0 0 0 0 . 0 0 0 
0 0 0 0 0 0 ·o 0 0 0 0 0 0 0 0 

6148 642 1859 586 190 2990 2252 10314 870 6697 4391 1930 2 5 40849 
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

875 99 94 55 96 383 169 2433 51 2813 2304 815 1020 6 11840 
1432 142 2420 2 52 615 724 5993 521 6062 17159 4090 27 19 39449 

511 177 1730 4 8 223 184 2651 250 5150 10033 22704 73 70 44083 
343 109 1 4 0 41 0 206 1 490 154 96 2074 0 3583 

0 0 4 0 0 0 1 0 0 121 0 7 0 4460 4595 
Tot. 14296 10547 1188 6192 2193 352 5513 3454 23075 1763 22166 34263 29870 3434 4560 162866 

Number of Correctly Classified Pixels= 70674 
Percentage Correctly Classified = 43.39 
Kappa Value = 0.32837 

1Unsupervised single-stage spectral classification of all pixels. Pixels on botmdaries 
between cover types were excluded from the evaluation. 

2See Figure 2. 
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Results for Classification A, Level II, Entire Data Set with 
Botmdaries Excluded.I 

Reference Vegetation Groups2 

1 2 3 4 5 6 

12465 2809 1672 1283 2388 0 

0 0 0 0 0 0 

10622 3766 13436 13018 2 5 

8613 1438 12976 71130 1120 95 

517 45 207 740 2074 0 

6 0 1 128 0 4460 

32223 8058 28292 86299 3434 4560 

Total 

18467 

0 

40849 

95372 

3583 

4595 

162866 

Number of Correctly Classified Pixels= 103565 
Percentage Correctly Classified = 63.59 
Kappa Value = 0.40834 

1Unsupervised single-stage spectral classification of all pixels. Pixels on 
boundaries between cover types were excluded from the evaluation. 

2see Figure 2. 
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Results for Classification B, Level III, Entire Data Set with 
Botm.daries Excluded.1 

Reference Vegetation Groups2 

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 Total 

11152 1154 222 230 1539 6 1273 112 1514 74 913 228 207 358 0 18982 
19 86 3 9 0 0 6 5 15 0 58 2 39 39 0 282 
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

18 215 251 2467 0 0 154 102 350 190 366 77 205 0 1 4396 
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

2135 6392 388 1669 616 247 3159 2348 10846 894 7375 6589 2203 16 5 44882 
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

366 909 151 108 17 73 329 155 2090 58 2814 1805 626 952 0 10453 
276 1353 77 1382 10 23 446 647 6312 439 6640 17591 5496 339 29 41060 
283 299 85 322 6 3 121 84 1843 107 3759 7964 21036 141 72 36125 
45 139 11 1 5 0 24 0 105 1 127 7 56 1589 0 2110 
2 0 0 4 0 0 0 1 0 0 114 0 2 0 4453 4576 

14296 1054 7 1188 6192 2193 352 5513 3454 23075 1763 22116 34263 29870 3434 4560 162866 

Number of Correctly Classified Pixels= 72034 
Percentage Correctly Classified = 44.23 
Kappa Value = 0.34083 

Pixels on botm.daries were 1Two-stage spectral stratification classification of all pixels. 
excluded from the evaluation. 

2see Figure 2. 
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Results for Classifir1tion B, Level II, Entire Data Set with 
Botmdaries Excluded. 

Reference Vegetation Groups2 

1 2 3 4 5 6 

15826 2979 2362 2095 397 1 

0 0 0 0 0 0 

10584 4022 14088 16167 16 5 

5611 1028 11735 67731 1432 101 

196 29 106 190 1589 0 

6 0 1 116 0 4453 

32223 8058 28292 86299 3434 4560 

Total 

23660 

0 

44882 

87638 

2110 

4576 

162866 

Number of Correctly Classified Pixels= 103687 
Percentage Correctly Classified = 63.66 
Kappa Value = 0.42976 

Lrwo-stage spectral stratification classification of all pixels. Pixels 
on botmdaries were excluded from the evaluation. 

2See Figure 2. 

..... ..... 
C) 



1 

V) 1 5099 
~ 2 628 
$-< 3 251 c.., 4 56 
§ 5 843 

•r-i 6 0 .µ 
C1' 7 55 .µ 
Q) 8 332 bO 

~ 9 480 
re:, 10 228 
Q) 11 2766 •r-i 
~ 12 3207 •r-i 
V) 13 120 
~ 

r-i 14 229 u 15 2 

Results for Classification C, Level III, Entire Data Set with 
Bomidaries Excluded.1 

Reference Vegetation Groups2 

2 3 4 5 6 7 8 9 10 11 12 

3460 53 237 240 0 615 658 5225 267 3170 5741 
679 4 69 0 0 25 36 2091 42 1831 1008 
604 111 82 5 70 201 91 802 43 1614 780 
357 60 921 9 3 324 30 307 59 664 956 
341 46 39 62 57 26 206 1334 24 283 371 

0 0 0 0 0 0 0 0 0 0 0 
629 74 820 9 0 176 361 1175 237 1689 5482 
578 70 267 5 0 377 483 4615 105 3588 7193 
591 164 846 165 0 137 206 2573 123 1989 2943 

1387 210 1263 310 190 2322 846 2246 451 1991 1058 
735 143 767 343 1 234 284 614 273 2350 3957 
746 120 166 993 27 941 89 1557 23 1126 2764 
293 126 668 39 4 97 162 472 114 1720 1991 
147 7 43 13 0 38 1 64 2 37 19 

0 0 4 0 0 0 1 0 0 114 0 

13 14 15 Total 

5246 789 0 30800 
570 791 0 7774 
672 141 0 5468 

1060 2 1 4808 
26 1 0 3659 
0 0 0 0 

1765 0 0 12472 
1914 326 0 19853 
2983 545 35 13780 
540 0 1 13043 

4378 12 22 16879 
3267 22 17 15065 
7412 17 31 13266 

35 788 0 1423 
2 0 4453 4576 

Tot.14296 10547 1188 6192 2193 352 5513 3454 23075 1763 22166 34263 29870 3434 4560 162866 

Ntunber of Correctly Classified Pixels= 28322 
Percentage Correctly Classified = 17.39 
Kappa Value = 0.09332 

1Layered classification of all pixels. Pixels on bomidaries were excluded from the evaluation. 
2see Figure 2. 
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Results for Classification C, Level II, Entire Data Set with 
Botmdaries Excluded.I 

Reference Vegetation Groups2 

1 2 3 4 5 6 

12671 1492 9651 23312 1723 1 

2847 330 3337 9616 1 0 

6416 3506 11648 24199 871 36 

9857 2679 3588 28965 51 70 

426 51 67 91 788 0 

6 0 1 116 0 4453 

32223 8058 27292 86299 3434 4560 

Total 

48850 

16131 

46676 

45210 

1423 

4576 

162866 

Number of Correctly Classified Pixels= 58855 
Percentage Correctly Classified = 36.14 
Kappa Value = 0.13455 

1Layered classification of all pixels. Pixels on botmdaries were excluded 
from the evaluation. 

2see Figure 2. 
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8191 
37 
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0 
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1282 
0 
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32 
51 
10 
0 

9685 

Results for Classification A, Level III, Reduced Data Set with Bolllldaries Excluded. 1 

Reference Vegetation Groups2 

2 3 4 5 6 7 8 9 10 11 12 13 14 15 Tot. 

581 5 64 1537 6 1039 117 393 34 229 82 13 0 0 12291 
25 14 12 0 0 0 0 2 2 0 0 0 0 0 92 
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

2628 642 1643 546 190 2546 2008 7482 650 5659 766 792 0 5 26839 
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

216 99 83 42 96 296 143 558 28 450 563 397 0 6 3059 
534 142 2195 2 52 580 431 4413 470 5001 7077 2435 0 19 23383 
209 177 1550 4 8 209 124 1630 225 3845 6004 12824 7 70 26937 
80 109 1 4 0 14 0 1 1 0 0 7 0 0 227 
0 0 4 0 0 0 1 0 0 121 0 2 0 4460 4588 

4273 1188 5552 2135 352 4684 2824 14479 1410 15305 14492 16470 7 4560 97416 

Number of Correctly Classified Pixels= 40509 
Percentage Correctly Classified = 41.58 
Kappa Value = 0.31826 

1Unsupervised single-stage spectral classification of only pixels with a full complement of 
ancillary data. Pixels on bol.Dl.daries between cover types were excluded from the evaluation. 

2See Figure 2. 
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1 

2 

3 

4 

5 

6 

Total 

Results for Classifir1tion A, Level II, Reduced Data Set with 
Boundaries Excluded. 

Reference Vegetation Groups2 

1 2 3 4 5 6 

8929 2582 548 324 0 0 

0 0 0 0 0 0 

6195 3282 10140 7217 0 5 

5370 1289 8022 38596 7 95 

200 18 2 7 0 0 

4 0 1 123 0 4460 

20698 7171 18713 46267 7 4560 

Total 

12383 

0 

26839 

53379 

227 

4588 

97416 

Ntnnber of Correctly Classified Pixels= 62125 
Percentage Correctly Classified = 63.77 
Kappa Value = 0.44912 

1Unsupervised single-stage spectral classification of only pixels with a full 
complement of ancillary data. Pixels on boundaries between cover types were excluded 
from the evaluation. 

2See Figure 2. 
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8224 
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Results for Classification B, Level III, Reduced Data Set with BOlmdaries Excluded. 1 

Reference Vegetation Groups2 

2 3 4 5 6 7 8 9 10 11 12 13 14 15 Tot. 

577 222 215 1534 6 1059 108 370 40 214 89 12 0 0 12670 
25 3 7 0 0 0 5 2 0 1 2 0 0 0 47 
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

88 251 2265 0 0 144 91 263 190 335 30 164 0 1 3831 
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

2719 388 1462 576 247 2698 2089 7808 662 6172 1374 910 0 5 28444 
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

227 151 97 4 73 249 139 514 39 640 475 242 0 0 2882 
505 77 1226 10 23 419 335 4486 380 5334 7757 3402 0 29 24028 
96 85 275 6 3 109 56 1033 98 2495 4765 11739 7 72 20862 
35 11 1 5 0 6 0 3 1 0 0 0 0 0 79 
0 0 4 0 0 0 1 0 0 114 0 1 0 4453 4573 

4273 1188 5552 2135 352 4684 2824 14479 1410 15305 14492 16470 7 4560 97416 

Nt.unber of Correctly Classified Pixels= 42911 
Percentage Correctly Classified = 44.05 
Kappa Value = 0.35067 

1Two-stage spectral stratification classification of only pixels with a full complement of 
ancillary data. Pixels on botmdaries between cover types were excluded from the evaluation. 

2See Figure 2. 
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Total 

Results for Classification B, Level II, Reduced Data Set with 
Botmdaries Excluded.I 

Reference Vegetation Groups2 

1 2 3 4 5 6 

11888 2743 1069 847 0 1 

0 0 0 0 0 0 

5903 3521 10559 8456 0 5 

2839 896 7080 36849 7 101 

64 11 4 0 0 0 

4 0 1 115 0 4453 

20698 7171 18713 46267 7 4560 

Total 

16548 

0 

28444 

47772 

79 

4573 

97416 

Number of Correctly Classified Pixels= 63749 
Percentage Correctly Classified = 65.44 
Kappa Value = 0.48626 

1Two-stage spectral stratification classification of only pixels with a full 
complement of ancillary data. Pixels on botmdaries between cover types were excluded 
from the evaluation. 

2see Figure 2. 
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2500 
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45 
52 

294 
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15 
16 
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217 
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108 
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Results for Classification C, Level III, Reduced Data Set with Bmmdaries Excluded. 1 

Reference Vegetation Groups2 

2 3 4 5 6 7 8 9 10 11 12 13 14 15 Tot. 

89 53 45 185 0 96 384 1649 58 2009 519 1968 0 0 9555 
187 4 41 0 0 3 32 1018 5 575 358 145 0 0 2392 
158 111 76 4 70 164 89 407 37 231 210 140 0 1 1743 

83 60 883 9 3 320 15 280 57 540 932 945 0 0 4179 
286 46 39 62 57 26 203 1171 24 134 122 4 0 0 2468 

0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 
48 74 664 9 0 167 65 794 186 1539 888 722 0 0 5171 

398 70 267 5 0 226 462 2872 100 2594 497 726 0 0 8233 
475 164 668 164 0 106 206 2157 115 1505 2121 1321 0 35 9434 

1261 210 1263 310 190 2306 846 2136 451 1887 987 414 0 1 12479 
695 143 759 343 1 229 276 495 243 2086 3260 414 6 22 14838 
359 120 160 992 27 936 82 1055 19 609 2706 1850 0 17 12127 
185 126 646 39 4 89 162 438 114 1481 1882 4678 1 31 9984 
49 7 37 13 0 16 1 7 1 1 10 2 0 0 240 

0 0 4 0 0 0 1 0 0 114· 0 1 0 4453 4573 
4273 1188 5552 2135 352 4684 2824 14479 1410 15305 14492 16470 7 4560 97416 

Number of Correctly Classified Pixels= 20903 
Percentage Correctly Classified = 21. 46 
Kappa Value = 0.12994 

1Layered classification of only pixels with a full complement of ancillary data. Pixels 
on botmdaries were excluded from the evaluation. 

2See Figure 2. 
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Results from Classification C, Level II, Reduced Data Set with 
Botmdaries Excluded.I 

Reference Vegetation Groups2 

1 2 3 4 5 6 

4411 854 4031 8572 0 1 

1466 321 2443 3409 0 0 

5406 3307 9345 12052 0 36 

9222 2660 2884 22106 7 70 

189 29 9 13 0 0 

4 0 1 115 0 4453 

20698 7171 18713 46267 7 4560 

Total 

17869 

7639 

29146 

36949 

240 

4573 

97416 

Number of Correctly Classified Pixels= 40636 
Percentage Correctly Classified = 41. 71 
Kappa Value = 0.18306 

1Layered classification of only pixels with a full complement of ancillary 
Pixels on boundaries were excluded from the evaluation. 

2See Figure 2, 
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OSE OF ANCILLARY DATA iN A LANDSAT CLASSIPICATIOB 

01' A FOBBSUD iETLAliD 

By 

Stephen R. Prisley 

{ABSTBAC2) 

Digit.al Landsat cover-type classificatiQns have often 

proved less accurate than hoped for, or ~ave been less 

detailed than need~d. Becent research efforts have used 

additional data to sopple•ent tbe four bands of tandsat MSS 

data in an attempt to iijcrease the accuracies of computer 

classifications. The goal of this study vas to evaluate the 

use of vegetation-related ancillary variables for improving 

the perforaance of a La~dsat classification of the Great 

Dismal Svalllp. 

Ancil1arJ data co.l}Sidered to be related to the 

distribution of vegetation typ~s in the svaap were 

registered aµ.th Landsat ault,ispectral scanner data to a 50 

aeter DTS grid. The ancillary variables ver~ ~eat depths 

and elevations from field surveys. and sp~ctral texture 

values fro.a the .Lapdsat .:data~ Discriaina.qt analyses of a 



sample of pi%els were performed to investigate the ability 

of spectral and anci1lary data, separately and in 

combination, to discriminate betve~n vegetatiqn cover types. 

A layered classificatio; pr~cedu~e vas developed that 

used discriminant analysis of ancillary data after a 

preyious. unsupervised sp~tral classification •. This vas 

compared to a spectral st.rat.ification classification and a 

straightfor,ard unsap~rvised c1assification of sp~ctral data 

alone. 

~be layered procedure resulted in an accuracy of 21.461 

for level lll classes and 41.711 for level II classes. The 

accuracies £or level III and 

the unsap~rvised prgcedure 

respectively. 

level II classifications using 

vere 41.581 and 63.77%, 

Soae possible expla~atio]!S of the se~11ingly 

contradictory results yer~ posed, aµd alter~ative procedures 

suggested. 
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