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INTRODUCTION

Land cover classification and mapping has long peen a
concern of those involved in natural resources manayement.
Cover-type maps are an invaluable source of information on
the distribution of natural resources on the earth®s sur-
face, and are used in all phases of resource planning and
Ranagement. Moderu remote sensing techniques have provided
a means of clessitying and mapping large areas much taster
and at less expense than older ground-basea methoas (Stan-

ton, 1975).

Use of satellite sensors (such as the Landsat nultis-
pectrzl scanner) may be more efticient than use ot .zerial
photography when the area to be mapped is very large, a nigh
level of detail is not needed, or repetitive coverage 1is
desired. Cover—type classifications ot Lundsat data have
been performed by manual interpretation of visual products,
or more commonly, computer—aided analysis of digital data.

A variety of techniques have been used for computer classi-
fication of Landsat data, aha results have been variable.

Often, however, cover—type classifications nave beelh less



accurate than hoped tor, or to a lower ievel of detail than
needed. The 85% threshold tor acceptabie accuracy suggested
by Anaerson, et. al. (1976) is oiten not reached except in

general level II classafications.

Recent research efforts have used additional data to
supplesent the four bands of Landsat MSS data an an attempt
to improve the accuracies of computer classifications. Host
of these studies have been pertormed in areas in which tnere
is an obvious relationship between the cover types of inter-—
est aud some ancillary variable(s). A typical exampie is
the distribuwdion of forest cover types alony gradients ot
slope, aspect, and elevation in the Rocky mountains (Hotfer,
et. al., 1975). Little work has been done in areas where no
such clear trends exist; consequently, the tull specirum ot

these procedures has not been examined.

To further evaluate the utility of ancillary data an
Landsat classifications, a project was initiated to classity
the vegetation of the Great Dismal Swamp using Landsat and
supplemental data. The Great Dismal Swamp National Wildlife
Refuge was chosen as a study site for several reasouns.
First, recent studies have indicated that mapping of vegeta-

tion communities in the swamp using multitemporal Landsat



MSS data alone could not be done at the desirea level ot
detail to an &acceptable degree of accuracy (Gammon, c¢t. ai.,
1979) . A detailed map of photo-interpreted vedgetation types
has been produced for the Dismal Swamp. This map can serve
as a “ground truth™ or reterence data source for the swanp,
and ailows low-cost classitier training and accuracCy &assess-—
ment for the entire area. Several data sets are availabie
for variables that may be relatea to vegetation distripbution
and are consequently suitable for incorporation as ancidlary
data in a classification process. Finally, the area i1s eco-
logically complex, and is unlike .any or the study sites used
in similar previous research. Therefore, the Great Dismal
Swanp offers a stringent test ot the contrabution ot ancii-

lary aata to a Landsat classificetione.

It is hypothesized that the use of vegetation-related
ancillary variables in a layered classitication ot Landsat
data for the Dismal Swamp wilil result in accuracies higher
than those obtainable from classitication of spectrai data

alone.

The goal of this research project is to evaliuate the
use of vegetation-related ancillary variables for improving
the performance of Landsat classitication of the vegetation

of the Great Dismal Swamp. Specific objectaves are:



L)

2)

To use ancillary variables in a layered
procedure to divide individual Landsat
spectral clisses into more accurate vege-
tation classes.

To test for improvement in classafi-
cation accuracy of the layered procedure
over single-stage unsupervised and

spectral stratification classifications.



LITERATURE REVIEW

The practice of land cover mapping has progressed a
great deal in the past several decades. Early mapping
efforts involved extensive fiela work and required consiaer-
able anvestmeut of time and money. Since the 1940's, the
use of panchromatic, medium-scale aerial photographs has
been an accepted technique, and has recently been suppie-
mented by the use of small-scaie aerial photographs ana sat-
ellite imagery (Lillesand and Kiefer, 1979). For mapping ot
extensive areas into broad land cover classes, digital proc-
essing ot Landsat spectral data can be efticient anu cost-
effective. However, results have often been less accurate
than hoped for (Sharp, 1979), or to a liower level of detaad

than needed (Fleming and Hoffer, 1979).

Recent attempts to improve the performance ot aigitai
Landsat classitications have utilized ancillary data sets to
supplement the four channels of Landsat spectral aata
(Hutchinson, 1982). A variety of data types and classifica-
tion algorithms have been used .uhd mOSt stualies heve prod-

uced promising resuits (Johnson and Rohde, 1980) .



Ancallary Data Iypes

The first supplementary data sets used in Lanasat cov-
er-type classifications were composed of additiomnal spectral
data. Landsat data from several dates have been used in
multitemporal ciassifications to discriminate objects whose
spectral characteristics vary over time (Gammon, et al.,
1979) . Also, use of other remote sensors has provided cov-
erage of additional spectral vwavelength bands for use in
classitication algorithms. Por example, thermal ikegery
(Price, 1981), aund radar imagery (Daily, et ali., 1979;
Clark, 1981) have been compined with Landsat visible and

infrared data to improve land cover classifications.

The next step taken to increase the information avaiia-
ble to a computer classification algorithr was the consider-—
ation of the spatial context of the spectral data. 7ais wvas
done using classification algorithms such as those reported
by Hornung and Smith (1974) and Kettiyg .and Landgrebe (1970) .
One comumon technique was to use edge detection algorithms to
identafy spectrally homogeneous areas on the landscape which
were then classified as units (Bryant, 1979). This elimi-
nated the speckling effect resuiting from classification of
each pixel independently of its neighbors. Another method

of incorporating information on the spatiazl arrangewent ot



spectral datua in machine classiftications was the use or a
texture channel. A texture channel, as described b) Logan,
et ali. (1979), is composed of the standard aeviation ot the
spectral values oif the pixel's eight nearest neighpors.

Line and sample (row and column) coordinates of pixeis have
also peen used as ancillary channels to introauce spatiad
constraints in classification algorithms (Logan and Strah-
ler, 1980). Such additional channels of aata were taen
incluaed in typicul algorithms for classitication of multis-

pectral data.

Recently, non-spectral ancillary data layers have also
peen used in computer-assisted Landsat clessiricctaons. fTne
logic of the classification process dictates that the ancidi-
lary variables to be used should be aefined in a spatial
context, be relatively independent of each other, ana be
stronyly related to the distribution of tne cover types of
interest. Hany such data are available. BExamples ainciude
magnetic datea in geologic mapping (Anuta, et al., 1976), anda
terrain data in vegetation mapping (Hoffer, et al., 1979).
Even political or ownership boundaries may supply usetul
information that canmnot be derived from spectral data alone
(Davis ana Friedman, 1979). In addition, transformatiouns ot

primary ancillary variables may be usea to create seconaary



variabies more directly related to the cover types ot inter-—
est. For example, spatial differentiation ot elevation
Yields slope and aspect values, which may be combined to

form solar radiation indices (Anuta, 197¢).

In many cases, selection of the proper variaples for
use in a digital Landsat classitication mzy be based on a
previous knowledge of the effect of certain factors on the
distribution of cover types. Othervise, sample data ifrom
locations for which the cover type and ancillary variables
are known may be used to formulate statistical models which
describe the relationship between the ancillary varaiables
and the cover types. For example, discriminant analysis
(Tom, et al., 1978; Shasby, et al., 1980) and linear regres-
sion techniques (Hoffer, et al., 1979) wvwere used with varaia-
ble selection procedures to choose variables and develop
.such models. The appropriate models and ancillary variables
may then be aincorporated into cover-type classification

algorithas.

Classification Techniques

Once the ancillary variables have been chosen, they
must be put in computer-readable torm and spatially regis-

tered to the Landsat data. Then, a variety of tecamiques



are availavle for incorporation of this data in aigaital
classifications of lend use or iand cover types (Johnsoan and
Rohde, 1980) . The techniques used L0 date Bay be caiegor-
ized as radiance correction, single-stage, layered, or moai-

tied probabilities classification methods.

Badiance Correction

The first approach to be considered is the use ot topo-
graphic data to remove variation in spectral response due to
terrain. This technique involves mathematical adjustments
to the rav data to simulate the radiance values tnat would
have been recorded by the sensor if all pixels were on tlat
land. This is intended to remove spectrali variation between
similar cover types occurring on ditferent topograpnic posi-
tions. According to Fleming and Hoffer (1979), the proce-
dure succeeded in reducing spectral variation, but did not
result in increased classification accuracye. Similariy, a
terrain etfect correction dia not appear highly signaticant
in amproving the classitication performed by Tom, et ai.
(1978) . A variation of this procedure has been eswployed by
Woodcock, et «l. (1980) . The technique was termed "ditfer-
ential illumination compensation®™ and involved the use of
terrain data after spectral classifiacation to divide each

spectral class into shaded ana unshaded portiomns. This dou-
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bled the number oi classes end redauced spectral varisbliity
within each class. The classes were then edited ana aggre-
gated to form the vegetation types of interest. It is not
known what eftect this portion of the classitication proce-
dure had on the resuits, as it was one of several mouitica-
tions of the control classitication. These results hnave
indicated th&t adjustment of radiance values may not be tue

best use of topographic data in a Landsat ciassification.

sinqle-stage Classifjication

Another method of incorporation of ancililary data in a
digital classification scheme is a typical supervised or
unsupervised procedure using additional channels of aata.
Such single-stage classifications with ancillary data are
characterized by the consideration ot spectral and wicillery
daia at the same step in the classitication algoritnwk. bBotha
supervised and unsupervised single-stage classifiers typi-
cally use a sample ot the entire data set to "train® tae
computer to recognize cover type classes. 72Then, ia a clas-
sification step, all other pixels are assigned to the class
they most likely belong to. & simple mathematical treatment
of these procedures has been presented by Swain ana bavis
(1978) , and a general discussion may be found in Liilesand

and Kieter (1979).
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buring the training pmnase of unsupervisea classiiicCa=
tions, the computer identifies spectralily similar ¢groups or
clusters of pixels in the sample. Only atter all clusters
are defined are decisions maae as to the cover type repre-
sented by the spectral clusters. Each cluster is detibed by
a mean vector and variance-covariunce matrix. For exampie,
using four bands of Landsat spectral aata, the locauwion of a
cluster in the feature space is described by the four mean
values for the acata points assigned to at, one mean ftor eachn
spgctral band. The dispersion of the cluster 1s descraped
by a four~by-four variance—covariance natrix. Clusters are
split or joined in the clustering algoritihm dependent on
user—defined criteria such as minimum distances betweel
cluster centers or maximus standard deviations witunin clus-
ters. Varying these criteria will usually resuit iun varyang
numbers of clusters defined by the computer. The proceaure
remains the same when ancillary aata are addea, except that
the algorithm then deais with more than four data dimen-—
sions. PFor example, udaition ot tanree ancillary chennels to
tour Landsat channels will result in clusters defined by a
vector of seven mealls, and a seven-by-seven dispersion

matrix.
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After detirition ot each cluster in the traininy phase,
the remaining pixels are lapelea in the classatication phase
with the number ot the cluster they most likely beliong to.
This labeling or classification 1is based on a variety of
possible decision ruies: minimuk distance, waximum Jfikeii-
hood, parallelipipeda, Bayesian, ana others. Unsupervisea
single-stage classifications have been employed wita ancil-
lary and Landsat data sets by Anuta, et ai. (1976), hHoifer,

et al. (1979) and Loyan and Strahler (1980).

Supervised classifications differ frow unsupervisea in
that tne user cunooses the data points to be assigned to
clusters, not the computer. This method employs a training
set of pixels, for each ot which is known the true cover
type and the four lLandsat radiance values. The computer
then calculates the mean vector and variance-covariaice
matrix for all pixels assigned to each cover type. Labeling
of pixels whose cover type is unknowhn proceeds as daescribea
earlier, using the statistics coumputed 1n the training step
and an appropriate decision rule. Again, introduction ot
anciilary data merely increases the dimensionality of the
data for the aigorithm to work wath. Applications of this
procedure include work done by Miller, et al. (1978), Strch-

ler, et al. (1978), and Fleming and Hoffer (1979).
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layered Classification

Another procedure for classitication of landsat and
ancillary data is the layered approach. Tne logic of this
technique has been described by Swain, et al. (1975) and
Swain and Hauska (1977). Layered classifiers (also called
decision-tree or multi-stage classifiers) involve wultiple
steps using & different data type and resulting in aiafferent
numbers of classes at each step. In work done by Shasby, et
al. (1980), the farst classification step involved the iden-
tification or 48 spectral classes using a modified cliuster-
ing algorithm and four-band Landsat data. Next, spectral
classes which represented more than oune cover iype were
divided on the basis ot discrimainant apalysis of tour ter-
rain channels of data. In a wildland resource inventory in
Arizona (Johnson and Rohde, 1980), elevation data were used
in a second tiayer reclassification of vegetation types that
were classified together in the first step. For exanpie,
creosote busn w&s found to occur on lower elevations than
sagebrush, and therefore could be discriminated with eleva-
tion data, while the two were inseparapnle based on spectral
data alone. Ernst and Hoffer (1980) used a layered proce-
dure to improve the classification of wetland habitats. 1In
their study, some of the spectral classes formed in the

first step using Landsat data were split during the second



1L}

step into upiand and iowiand ciasses using digitizea SOlLs

units as an anciliary channel.

Both of the above examples used spectral data et tue
first step in the process. An alternative is to separate
the acta into classes based on .auncillary aata first, then
perform typical spectral classitications on each cliass inde-
pendently. This 1s essentially a pre- classitfication stra-
tification, and may be used to reduce the variability ot the
spectral data to be classified (Hutchinson, 1981). OUther
classaifications using the layered techhique are discussea by
Fleming ana Hotfer (1979), Linden, et al. (1980), cna

Miller, et. al. (1980).

Modified Probabilities Classiftication

A combination of the single-stage and layered proce-
dures has been developed which ekploys moaitied prior proba-
bilities in the classification step. While Scholz and Welis-
miller (1980) called this a liayered classification, the use
of a similar technique by Strahler, et al. (1978) wis termed
a probabilistic approach, ana was treatea in a single-stage
fashion. This procedure differs from both single-stage and

layered techniques enough to be considered separately.
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The first step in a moaifiea probabiliities
classifacataon is the determination of prior probabiilties
of cless membership pased on some type ot ancillary data.
Por exampie, in the work done by Scholz and Weilsmliiier
(1980) , a study area was divided into three physiographic
classes using an ancillary data channel. A sakpling ot thue
area provided the proportions of each cover type within each
physiographic class. These proportions were used as prior
probabilities for the inclusion of a pixel ainto a given
cover type, assuming its physaographic class was known.
Next, the statistics for spectral classes are calculated
using a typical supervised Or uhsupervised approach.
Finally, the spectral statistics ana prior probabilities are
used in a single-step classification of the spectral ana
anciliary data. A pixel is assiguned to the class for which
it has the highest probability of membership, where tais
probability is a function of the mean vector and covariaace
matrix of the class, the prior probability vector tor the

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

This technique should not be considered a single-stage
approsch because the spectral and ancillary data layers are
used in totally different manners: the former in a wmaximus-—

likelihood decision rule, the latter as an indicator of
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prior probabilities. However, neither is it & conveutionad
layered approach since all data types are used in the same
equation in the classifacation algorithm. Rather, iv 1s a
hybrid ot the two procedures, and exhibits characteristics

similar to eache.

Accuracy Assessment

A necessary step in the classification process 1is
assessment of the accuracy ot the finmal proauct. This per-—
mits evaluation ot the usefulpess ot the proauct, es well as
comparison with classifications done using other auata

sources or techniques.

Classifier performance may be evaludated using eitner
site-specific or nou-site-specific techniques. Non-site-
speciiic eccuracy assessment involves only the comparison ot
total acreages of various cover types as classifiea by the
computer with known acreages of cover types from a reterence
source (Meyer, et al., 1975). Site-speciiic accuracy
assessment, however, provides information on locations and
distributions of classification error among cover types, and
is generally the preterred technique. Thls proceaure typi-
cally involves comsparison of a sauple of classitiea pixels

with aerial photographs or manual observations of the corre-
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sponding locations on the ground. The number of correctly
classified pixels, as well as OBMLSS10L and CORmMiSSion
errors, are then reported in a contingeucy tavle or error
matrix (Lillesana and Kiefer, 1978) . LKows ot these matrices
generally represent the cover types of the paxels as
assigned during the Landsat classification, and coiumhs rep-—
resent the cover types of the pixels as recorded in the

ground truth" or reference datae.

Several techriques exist for evaluating site-specitic
or non-site-specific ciassificataon accuracy. The simplest
procedure involves merely computing the overall percentage
of correctly classified pixeis. This 1s done py summing the
diagonal elements of an error matrix and waviding vy the

total number of pixels classitied.

In recent years, statistical analysis techniques have
been applied to classification .accuracy assessment. ror
example, a simpie linear regression of known COVEr types on
classified cover types may be used to indicate the aegree ot
agreement between the ground truth ana the computer classi-
fication. Imn this method, high correlation coefficients
indicate higher classitication accuracies. Analysis or var-

iance (Rosenfield, 1981) has also been proposed as d& means
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of statistically evasuating classitier performance. A tecia-
nique employing diascrete multivariate analysis has peen sug-
gested by Congalton (1981). *his procedure indicates
whether a classification has produced signiticantliy better
results than a "random® classification of the same data to
the same groups. 1In a random classification, each cell
entry is equal to the product of the marginal probabilities
for that row and column. Thne kappa statistic uses the dif-
ference betvween diagonal entries from the observed error
matrix and the correspondingy diagonal entries from a ran-—
domly classitied error matrix. Kappa may vary from -1 to
+1, although oniy the worst classifications will result an a
kappa value less than zero. High classification accuracies
correspond to Kappa values near one. Kappa values tor dit-
ferent classification procedures may be compared usaing a
t-test (Congalton and Mead, 1981) to check for simitar
degrees of accuracy. This is a flexible and powerfui teca-
nique, and eiiminates the effect of different marginal fre-
quencies of cover types oun the expression of classification

accuracy.
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Comparison of Classificstion Technigues

Hotfer (1975) reported that consistent improvements in
accuracy were not observed in a study usiung unsupervised
single-stage classification of Landsat ana ancillary data.
In alli other studies, improvements in overall classiticataon
accuracy were noted, ranging froe 7% (Scholz and Weasmillier,
1980) to 27% (Strahler, et al., 1978) . HNO one technique
reviewed proved consistently better or worse than others,
and all showed sone limitations. However, kost autnhors con-
cluded that use of anciilary data in Labndsat classitfications

showed great pronmise.

Several difficulties vwere encountered in a number or
these studies. Most problems involved violations ot tne
assumptions inherent in the classification algorithwes. Tane
first problem encountered was in the saupiang of the stuay
area datea for unsupervised clustering or supervised training
pProcedures. Proper cliassification reiies on the assumption
that the sample used for training or clustering encompasses
the totel variability in each chanhel of the data for €acCh
class. Hoffer (1975) reportea that ditficulties arose when
the sample was representatave of the variation in the spec-
tral data, but not the variation in tne topographic aatae.

This problem was resolved in another study whach empioyed a



topographicaily—stiratitied randon sempie to bettel represent

the topographic variation (Hofter, et atl., 1979) .

Many of the algorithms in use for classificataion assume
that the data used are parametric; typically, that they fol-
low a multivariate pormal distribution. This is generally
an acceptable assumption for muitispectral data on iund use
or land cover types that exhibit t&irly consistent spectral
characteristics. However, many of the anciilary aata used
show no such distribution. For exakple, water bodies may
occur at almost any elevation and may Dot Show a chcaracter-
istic elevation distribution that can be adequately
described by a mean and variabhce. In such cases, Lhoubhparame-
tric techniques such as those described by Tom, et al.

(1978) may be more appropriate.

An additional ditficulty with data distributions is the
spread of the data in the various channels. Even 1f data
are normally daistributed, problems may emerge when the data
shovw a higher variance in one chanunel tian in others. This
causes many clustering algorithms to subdivide the data more
finely in that dimension than in the rest. Hence, one data
channel may ainfluence the clustering procedure nore than its

relative importance warrants. Strahler (1981) recoummends



scaling aata such as texture and terrain to alleviate thas

probleme.

An important factor to be considered in comparison ot
techniques is the computer processing tihe requirea for tne
algoraithm. 1n single-stige classitiers, incorporation ot
additional data channels could increase the number of caicu-
lations in a geometric progression. Tom, et al. (1978) dis-
cuss the effect of ancillary data channels on processing
time and algqgorithm efticiency (aefined as number of cor-
rectly classified pixels per CPU second expendea) . Their
research indicates that a point 1s reached at which contiu-
ued addition of ancillary channels does not i1ncrease accu-
racy cnough to warrant the cost. The layered classitier
uses ditferent data channels at different steps, whach eliu-
inates the manipulation of unnecessary Gata at each stepe.
This results in considerably taster processing with no sig-
nificant difference in accuracy when compared to single-

stage classitaiers.

In many cases, land-cover classification using lLandsat
spectral data has not yielaed sufficientiy accurate or
detailed results. Consequently, ancillary spectrali ana

non-spectral data have been incorporated in the classitica-
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tion process. Several algorithms for dealing wita adai-
tional channels of data have been ueveioped, and resuits
have been encouraying. At present, the computationai erxri-
ciency, the logical decision approach, and the fewer vio-
lated assumptions involved in the layered classifiers lend

them an aavantage over single-stage techniques.



DATA AND PROCEDURES

Description of the Study Area

The Great Dismal Swamp is a 50,590 ha. (125,000 ac.)
forested wetland situated on the Virginia-North Carodslnes
border in the mid-Atlantic coastal plain. The swaup as
presently managed as a National Wildlife kefuge by the U.S.
Departeent of Interior Fish and Wildlite Service. 1t is tue
site of many biologiacal, geological, and hyarological stud-
ies, consequently, many types of data are available from

several sources for ongoing researche.

The Great Dismai Swamp 1is bounaed on the west by the
Suffolk Scarp, a Pleistocene beach ridge roughly 15 feet
higher in elevation than the major portion of the swalkp.
From the scarp, the land surtace ot the bDasmal Swaap slopes
downward to the east et a gradient of apout 0.2m/km (1
foot/mile). 7Two drainages cutting through the Suffoik Scarp
on the west provide an inflow of surface water to the swaump,
while outflow occurs by means of the Dismal Swamp Cenal and
the Northwest and Pasquotank rivers. A network of over 40
canals and ditches taroughout the swamp crestes a coumplex
pattern of drainages and barriers to water flow.

23
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The majority of the swauwp resides on organic soils
ranging in depth irom a few centimeters to 3.7 (12 feet).
Part of the variation in peat depth is due to the repeatea
occurence of fires in the Dismal Swamp. Extensive fares have
been documented since the early 1800's ana have been respon-
sible for the loss of up to 1.5 meters or more of peat soit

in certain areas.

The Grewt Dismal Swamp lies near the northern or soutn-
ern extremes of the range of several plant species and con-
sequently exhibits a great diversity of vegetation types
(Garrett ana Carter, 1977). The mejor vegetation comkunities
in the Great Dismal Swamp include cypress-gum swamp types,
maple-douminated mixed hardwood stands, inkberry and bayberry
shrub communities, ana pure stands of stlantic white-cedar,
loblalily, and pond pines. Gradations and mixtures oi the
above types occur in many combinatvions and locations
throughout tue swamp. In addition, disturbances to the
swanp by ditching, logging, and fires are believed to have
significantly altered the previous distribution of these
vegetation types. The result is a highly aintermixeud assort-
ment of communities and ecotones which makes mapping and
subsequent managekent ot vegyetation and wildlite hubatet e

complicated process.
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Preparation of pData

The creatiolL of a spatial data base containihy Landsat
and ancillary data types was necessary prior to any cover-
type classification. The spatial data base structure allows
easy access to any data type for any given location on the
ground, and a site-specific overlay of any combination Of
data types. The first step in the construction ot this dava
base, tnerefore, vwas the registration of ail data to a com-
mon coordinate system. A grid format based on the Universal
Transverse Mercator (UIH) projection was chosen tor 1ts sim-—
plicity and adaptability. All data sets were registerea to
this common base using first order coordinate transtormation
equations. To simplify data processing and lessen the com-—
puter storage requirements, all data were scaled to integer
values between 0 and 255, inclusive. This is because com-
puter representation of values in that range is based on an

eight-bit byte, allowing 28 or 256 quantized levelis.

The data base consists ot multaple layers oxr dawa, each
in image (matrix) format. Each pixel (cell) in each image
contains the value of some variable tor a unigue 5S50-meter
square on the ground. The entire study area is covered by a
matrix of 810 rows and 420 columns, vwith rows oriented

east/west and coluans oriented north/soutn.
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The first data set to pe entered into the spatial data
base was a vegetation type map of the Dismal Swamp ( Figure
1 ). This map had been producea trok photo-interpretatioul
of color-infirared aerial photogrdaphs and contained over 70
detailed classes of overstory and understory vegetation
(Carter and Gammon, 1976). The map was digitizea at the
EROS Data Center and registered to the 50-meter UTM gria ot
the data base. Each unique vegetation class was assagned a
code number, with aress outside the swamkp boundary assighned
a zero. It was decided that ratmner adetailed classes would
be sought during the classificataion, since broad ievel 1
classes (Anderson, et. al., 1976) woula not be as meaningrul
t0 resource wanugers. Therefore, the 76 vegetation classes
were collapsed to torm a 15-class level I1I and a b—class
level 11 classification structure ( Figure 2 ). %These vege-
tation images were subsequently used in classifier training,

cluster labeling, and accuracy assessment.

The spectral data chosen for this study came trou the
January 27, 1978 overpass of the Landsat C satellite. Ald
preprocessing of Landsat data was performed on the Interac-
tive Digatal Image Mabipulation System (IDIMS) at the EkOS
Data Center in Sioux Falls, Soutn Dexota. Sensor wiscalib-

ration caused a striping in the 1mage that was corrected
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Figure 2. Vegetation Categorization of the Great Dismal Swamp. ,
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using two iterations or a histogram normelization «ha
smoothing routine (Johnson aund Kohde, 1980). Twenty-nine
geometric coutrol points were then located on the Lundsat
scene and on orthophotogquad maps. The image and ground
coordinates of these points were used to derive coefficients
for a iirst-order nearest neighbor geoumetric registrution.
Finaliy, the swawmp boundary, digitized from the vegetation
map, was used to mask out all pixels outsiae the swWakp.
These pixels were set equal to zero to avoid classifying the
urban and agricultural areas not within the study area. The
result of the above procedures was tour b&nas of spectral
data for the Dismal Swamp, in the form of four 810 by 420

matrices of 50-meter square pixels.

A texture image (Logan et. al., 1979) was addea to the
spatial data base to incorporate information on the varia-
bility of spectral data within .« spetial neigabornood.

Logan suggests that texture measures may be considered inai-
cative oif cover type homugeneity. Large, pure stands ot
vegetation would be expected to have low spectral neighbor-
hood variability, and consequently low texture values.

Edges between cover types or stuhds of mixed vegetation
types may be expected to exhibit high spectral variabiliity

in a spatial neighborhood, and result in high texture val-



ues. To creute this texture image, the four-pand spectral
data was reduced to two bands using principal cokponeunts
techniques. Next, each pixel in the texture image was
assigyned the value of the standard deviation or the first
principal component of each of its eight nearest neighbors.
These values were then scaled to integer numbers between 0

and 255.

Garrett and Carter (1977) state that "the single most
important environmental factor in the (Dismal) swamp is the
vater regime.® Hydrologic 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, hydrologic
variables seem natural choices for ancillary data types in
the classification of a wetland. Consequently, two aata
sets vwere included in the digital data pase to supply
information on aimportant hydrologic parakecters. These vere

land surface elevations and organic soil aepths.

In wetland ecosystems such as the Dismal Swemp, micro-
topography may be a very significant factor in the water
regime, especially as it pertains to flooding. Kegeneration

of wetland types such as Atlantic white-cedar may depend
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greutliy on tne eftfect of microreliei on woisture conditions
in the seedbed (USDA, 1965). Digital elevation data such as
may be obtained from the U.S. Geological Survey or betense
Mapping Agency are of too low a precision to adequately
model the topograpny of the swamnp; nowever, extensive topo-
graphic surveys of the Dismal Swamp have provaded 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 tne swamp. Their work included the digitizztion ot
all points for which elevation was known, interpoiation ot
these values in unsurveyed portions of the swamp, and the
placement of these values in a north/south - east/west ori-
ented grid of 200-meter square cells. This vwork was per-
formed using the Unitech Contour Plotting System (CPS-1) on
a Honeywvell computer. Further udata editinyg and rexiormatting
was done on the Honeyvell Mulitics system and a4 Harras mini-
computer, both at the USGS National Center in Reston, Vir-
gina. All that remained to be done before incorporation ot
these data into the data base Wwas to resample the 200-meter
cells to reduce the cell size to 50 meters. Again, pixels
outside the swamnp boundary wvwere set to zero to insure uni-

formity with other layers in the data base.



The organic soiis ot the Dismal Swalp Bay be cobsidered
both causes and effects of the vegetation communities that
exist on them. While the peat s0ils are a result ot the
accumulation of litter from the torest canopies above tueumu,
they also have an important anfluence on maintenance of soid
moisture conditions favorable to wetland forest typese.
Although the depth of these soiis has peen altered signiti-
cantly in some areas, it was still believed that organic
soil depth may have .« correlation with the distribution ot
certain vegetation types, and thus was includeda as an ancii-
lary variable in the data base. A s01l1 survey conaucted iu
the swamp has provided the depth of organic soil v cver 200
locations throughout the southern portion ot the stuay area.
In addition, peat depths were recorded for the borangs ot
numerous water table wells scattered through the entire
swamp:.. In the same manner as the elevation data, these peat
depths were digitized, interpolated, ana registered to the
SO-meter grid cells. Due to the smaller amount of data in
the northern part of the swamp and laimitations in the inter-
polation algorithe, certain areas oi the swamp totally lack

peat depth data.

The structure and countent ot thne spatial data buse for

the Dismal Swakp is summbarized in Figure 3.
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Pixel Size: 50 meters by 50 meters
(0.4 hectares, 0.89 acres)

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

Location: UIM 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 texture
Elevation
Peat Depth
Swamp boundary

- Figure 3. Structure and Contents of the Great Dismal Swamp Spatial
Data Base.
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Classitication Procedures

Three classification procedures were examined 1n tanis
study to evaiuate the utility of ancillary data imn a cover-—
type classifircation of Landsat data for the Dismal Swanp.
These incluaed a standard unsupervised approach, a two—-stage
unsupervised proceduré employing spectral stratification
(Rohde, 1978) ,and a three-stage layered procedure iLCoOrpo-
rating ancillary data in the third stage. All of thne above
procedures vwere accomplished using the IDIMS systew and sta-
tistical programs on a burroughs-6700 at the EROS Data Cen—

ter.

A typical unsupervised classification of the spectral
data (classiticetion 2) was performed as a control ciassiti-
cation for later comparison with the layered procedure. The
first step in this procedure was the clustering of a system—
atic sample of data (27% of all non-zero pixels) which
resulted in 29 computer classes ( Figure 4 ). The remainder
of the data were then placed into these ciasses usiung a bax-—
imum likeiihood algorithm. Finally, visual comparison of
the classified image with the vegetation cover type map led
to the assignment of each of the 29 computer cliasses L0 one
of the 15 level I1II vegetation categories. A check oi this

assignment scheme was periormed by computerized crosstabula-
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tion ot the sample trom the classitied 1Ruage abnd the
vegetation image. Tne final assigament of computer ciasses

to vegetation types 1s shown in Figure 5.

A second classification scheme (cliassification B) was
developed involving a two-step spectral stratification as
described by Rohde (1978). 1In the tirst step of this cias-
sification procedure, spectral data were split anto four
classes using an unsupervised classification algoraithm (
Figure 6 ). These broad classes represent an approximate
classifacation of water, evergreen, deciduous, and mixed
classes. These four classes were then clustered and classi-
fied independently into one, nine, tive, and tive classes,
respectively, using an unsupervised proceaure. The 1irst
step of this two-step spectral classification reducea the
variability of the data to be classified, and aliowea linde-
pendent manipulation of the clusterang cr-terxa in the sec-—
ond step. Ideally, this procedure results in the extraction
of subclasses of more detail from the few broad fiarst-stage
classes. The assignment of the twenty comrputer classes
derived from the above procedure was performed as berore,
using visual comparison of the displayea classifiea image
with a vegetation map, and crosstabulation of a sampie trom

each image. The class assignments &re given in Figqure 7.
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MSS
DATA

SYSTEMATIC )

SAMPLING
(  CLUSTERING )
STATISTICS
FOR
29 CLASSES
MAXIMUM
LIKELIHOOD
CLASSIFICATION
CLASS CLASS CLASS CLASS CLASS
e o o O
1 2 3 ' 28 29

Figure 4. Flow chart of single-stage unsupervised classification.
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Spectral Classes

8, 12, 14, 16, 19 1
22, 28 2
3,9 9
5, 21, 24, 29 11
2, 11 12
4, 7, 10 13
13, 15, 17, 18, 20, 23, 25 14
26, 27

1, 6 15

Vegetation Groups (Level III)

(Pine)
(Pine-deciduous mix)
(Deciduous-pine mix)

(Deciduous with evergreen
understory)

(Deciduous with deciduous
understory)

(Deciduous-hydric species)
(Agriculture and other)

(Water)

Figure 5. Assignment of Spectral Classes to Vegetation Groups,
Single-Stage Unsupervised Classification.
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LANDSAT
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DATA
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SAMPLING
C CLUSTERING )
! v
STATISTICS | MAXIMUM
FOR LIKELIHOOD
4 CLASSES CLASSIFICATION
—— T |
CLASS CLASS CLASS CLASS
1 2 3 4
(BROAD) (BROAD) (BROAD) (BROAD)

C CLUSTERIN(D CLUSTERING ( CLUSTERING
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Figure 6. Flow chart for two-stage spectral stratification
classification.
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Spectral Classes

14, 15 1
11, 16, 19 2
8 4
12, 13 9
2, 9 11
4,5 12
3, 6, 7, 10 13
17, 18, 20 14
1 15

Vegetation Groups (Level III)

(Pine)

(Pine-deciduous mix)
(Whitecedar-deciduous mix)
(Deciduous-pine mix)

(Deciduous with evergreen
understory)

(Deciduous with deciduous
understory)

(Deciduous-hydric species)
(Agriculture and other)
(Water)

Figure 7. Assignment of Spectral Classes to Vegetation Groups,
Two-Stage Spectral Stratification Classification.
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The ftinal classification scheme (classification C) used
the ancillary data sets Of elevations, peat depths, alhd tex-—
ture values at the third stage ot & layered procedure.

Where confusion existed in the twelnty computer classes
derived in the spectral stratification procedure, aiscrimi-
nant analysis of anciilary variables in a taird step pro-
vided a further breakdown of computer classes into compoueut
vegetation types ( FPiqure 8 ).

For example, crosstabulation of a sample of pixeis froa
computer class K with the vegetation image andicated that
class K was composed mainly of vegetation types A, b, and C.
In the spectral stratification procedure, the entire set ot
pixels in class K was assigned to only one of the three veg-
etation types, say B. Therefore, there existed error when-
ever a member of class K belonging to vegetation types A or
C was assignea to B. To reduce this error, class K was
split using ancillary data in the layered procedure into
three subclasses that would more accurately correspond to
vegetation types A, B, @and C. In all cases, there was no
intuitive basis for this further splitting, because an exact
relationship between the anciilary variabies and the cover
types was not known. However, use of linear aiscriminanut
analysis is appropriate for such a task, and has peen aocu-

mented in a similar situation by Shasby, et. al. (1980) .
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Figure 8. Flow chart of three-stage layered classification of

spectral and ancillary data.



Discriminant Apnaiysis Procedures

Discriminant analysis is a powertul multivariate ste-
tistical tooi, and has been used extensiveiy tfor remote
sensing problems (see chapter 12, Manual of Remote Sensang,
1975).. 1In this project, it is used in a classitication
sense to assign cases (pixels) to groups (vegetation types)
using discriminating variables (elevations, peat aepths, and
textiture values) assumed to be associated with cover iype.
Discraminant analysis involves the use of a set of opserva-
tions of known group (cover type) identity to estimave coei-—
ficients for discriminant functions. Observations of
unknown group identity may then be classified into groups
based on their score trom the discriminant tunctions (Tat-
suoka, 1971). These classification functions are equivalent
to thouse used in maximum likelihood classification algor-—
ithms.. Therefore, the discriminant analysis procedure ot
coefficient calculation and subsequent classification is
identical to a supervised maximum likelihood classirication.
In both cases, a sample of pixeis of known identity are usea
to buald statvistical models describing the groups they
belong to, in terms of the measurements made om each pixei.
Then, both procedures may ciassify unkhown observations into

groups based on the sample st&tistics.



The use of discriminadt anulysis also provides valuable
information for further interpretation of the data. Among
these are tests to evaluate the success of the discriminat-
ing tunctions, comparisons of the relative 1mportance ot tae
discraminating variables, and descriptions of the locations

of group centers in n-dimensional space (Kiecka, 1975).

Therefore, discriminant analysis was used ain thias pro-
ject to further discraminate *®confused®" spectral classes,
and to gain additional imsight into the interaction ot the
ancillary variables with tne vegetation cover types. Spe-
cifically, ansvwers to several questions were sought prior to

the use of the ancillary variables in classification.

1. How well do the ancillary variables perform
in subdividing of the various spectral classes
into coumponent vegetation groups (i.c. in the
presence of a previous spectral classification) ?

2. How well do the ancillary variables alone discri-
minate between vegetation groups in the absence
of any spectral classiftication?

3. What is the eifect of the four spectral bands used
as discriminating variables with ana without the
ancillary variables?

4. MWas the second step in the spectral stratification
necessary, or, does subdivision oxf the tour broaa
spectral classes from step one into vegecation
groups using anciilary variables perform any worse
than a similar subdiviasion of the twenty spectral
classes from step two?

5. Wwhat interpretations can be drawn apbout the rela-
tionships of the ancillary variables to vegetation
type distribution?
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in order to answer these questions, four discriminant
analysis procedures were pertformed, using a saaple oif pixels
trom the Dismal Swamp data base. A stratified samplie ot
pixels vas taken from the image classified by spectrdl stra-—-
tification. Each of the twenty classes represented a stra-
tum, from which a sample was allocated proportionai to the
number of pixels in the class. A thirty pixel miniwmum was
imposed to prevent the creation of singular covariance
matrices later in the procedure. Also, no more tunan 500
pixels were chosen from any class. A total of 5039 pixels
were selected, representing roughly a two percent sampling
intensity. Por each pixel in the sample, the spectral cliass
number, vegetation cover type, elevation, peat depth, tex-

ture, and spectral data were recorded.

The DISCRIMINABT routine from the SPSS statistical
package (Hie, et. al.,1975) was used to conduct discrimindant
analyses of the sample data. Part of this analysis was per-—
formed on a Burroughs 6700 mainirame at the EROS Data Cen-—
ter, and the remainder on an IBM 370 at VPI & SU in

Blacksburg, virginiae.

Some general conventions were .applied to all the ais-

criminant analyses of the sample data. First, variance-co-
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variance matrices of ancillary data for the vegetation
groups were not assumed equal, s0 pooled dispersion keétrices
vere not used. Second, missing values for elevation and
peat depth data eiiminated wmwany pixels in the sample trow
consideration in the discriminant analyses. These missing
data reduced the number of observations that could be useaq,
which in several cases led to creation of singular (nonin-~
vertable) variance-covariance matrices. When a matrix could
not be inverted, the pooled within-groups diaspersion matrax
was used. Third, variables were entered into the analyses
using a stepwise variable screening proceaure, based on an
F-test for sagnificance. Pourth, in the classification ot
observations, prior probabilities proportional to ¢group size
vere .ancluded. Finally, observations in the ®training% sam-
ple were classified into vegetation groups, and error
matrices were compiled as indicators of the relative per-—
formance of the various procedures. Kappa statistics were
then calculated for each error matrax and compared using a

t-test (Congalton and Mead, 1981).

Pour discriminaut analyses (hereafter referred to as
procedures one through tour) were conducted to answer the
atorementioned questions as follows. PFirst, to analyze the

etfectiveness of the ancillary variables in subdiviaing
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spectral clausses, procedure 1 involved discriminent ahalysis
performed independentliy on each of the twenty classes usang
a subset of sample pixels pelonging to that ciass, aud the
three ancillary variebles as discrimibating veriables. For
example, all pixels assigned during the spectral classifica-
tion to class five were considered together i1in one discrimi-
nant znalysis run. It was noteda that component vegetation
groups comprising class five incliuded groups 9, 11, 12, and
13. Therefore, these four vegetation types were identified
as the groups into which class tive was to be split. It can
be seen that this procedure involved twenty seperate discri-
minant analysis runs, and exemplified the three-step layered
classitication with spectral data at tne tirst and second

step, and anciallary data at the third.

Second, to evaluate the ability of the ancitlary varia-—
bles to discriminate between vegetation groups in the
absence ot a spectral classification, procedure 2 used the
entire sample of 5039 pixels together in one DISCRIMINANT
run. This procedure essentially ignored any previous spec-
trally-based identification of observations, and classified

them solely on the basis ot the three ancillary varaiables.
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Procedure 3A involved discraminant analysis ot the
entire sample together using the four-bana Landsat radiance
values and the three ancillary variables simultaneously as
discraiminating variables. In procedure 3B, the entire sam-
ple was apalyzed using the four spectral bands alone as dis-—
criminating varaiables. These proceaures, therefore, repre-
sent single-stage supervised classifications ot tue landsat

data with and without ancillary data.

Procedure 4 was conducted using data from the tour
broad spectral classes independently. All observations
beionging to a given class were subjected together to a dis-
criminant analysis using the three ancillary data types as
discraminating variaples. This procedure, theretore,
involved four runs of the DISCRIMINANT routine, abnd repre-
sented a two-stage cliassification with spectral data at thne

first, and ancillary data at the second step.

The stepwise variable selectior technique chooses at
each step the variable which will provide the most adda-
tional "™discriminating powver®, 1in terms ot the greatest
increase in Wilks® lambda (Klecka, cited in Hie, et. al.,
1975) . Therefore, the order in which the discriminating

variaples enterea the analyses may be seen &s an 1ipdlcation
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of their relative strenytn ot association with vegetation
cover types. Also, analysis of variance of the anciidary
variables may be used to locate and interpret the aistrib-
ution ot the vegetation types along the graadients or axes of
the ancillary variables. This may then lead tO sugygestions
as to the biological meaning of ancillary variables ih rela-

tion to vegetation distributions.

The above discussion has presented the various discri-
minant analyses performed on the sample data set. Only one
procedure, however, was applied to the classification ot tne
entire data set for the Dismal Swamp. This wes the method
depicted in Figure 8, and tested on the sample in the first
procedure outliined above. The resulits trom the discriminaut
analysis indicated which of the variables were useful in
splitting each of the twenty spectral classes 1into component
vegetation groups. 7The only data needed for the ciassifica-
tion algorithm to periorm this splitting .are the vector ot
ancillary variable means tor eacan vegetation group, the var-
iance-covarience matrix for each group, and any praior proba-
bilities to pe included in the algoritank. %heretore, tuhese
data were compiled from the discriminant analyses and used

in a maximulk likelihood classification of the entire Disnmal

Swamp data set.
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Accuracy Assessment

It should be noted tnat due to extensive areas lacking
peat or elevation data, many pixels rewmainea unclassifiea.
Those that Wwere classified were then crosstabuiated with the
vegetation image in an error matrix. This produced a 1004
enumeration of misclassitications and correctly classatied
pixels, and eliminated the need for statistical comparisons
of accuracy percentages. Kappa values were calculctea for
each classifaication of the data set to rerlect the improve-

ment over a random classification of the same datde.



RESULTS AND DISCUSS10b

Discrimanapt Analysas of Sampie Data

The discriminant analyses of the sampie data proviaed
some insight into the relationship between ancillary varia-
bles, spectral data, ond the vegetation cover types. The
results from the use of discriminant analysis of the 20
spectral classes in procedure 1 are given in Table 1. Dis-
criminant analysis of each class produced a seperate error
matrix. The diagonals of these 20 error matrices are given
in the rows of Table 1. The columh margih lepresents the
classiticztion accuracy tor a given vegetation type, aggre-
gated across all spectral classes. The row margin indicates
the overal. accuracy obtained within each of the spectiral
classes. Table 2 presents & single overalil error katrix tor
procedure 1. This was obtained by summing the 20 indivadual
error matrices from the 20 classiftications of spectral
classes. Discriminant analysis of the 20 spectral classes
independently resulted in an overall accuracy of 58.44 per-

cent.
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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
8 0/1 2/5 5/19 113/129 - - 1/13 0/8
0 9 1/3 0/3 0/2 0/7 - - 0/4 0/2
0 10 - - 1/2 - - - - -
g 11 0/1 8/11 - 2/2 - - 0/2 -
o 12 3/3 0/19 0/10 18/28 0/2 0/1 12/27 10/23
13 14/41 7/39 4/4 6/25 10/17 3/3 16/30 4/25
~ 14 155/174 3/19 1/5 1/5 28/36 1/2 24/26 1/3
& 15 10/19 0/6 0/2 8/9 0/2 - 1/12 -
o 16 - 14/14 - - - - - -
g 17 1/2 9/9 0/1 - - - 0/2 -
“oo18 - 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

1S



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
w 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
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
© 6 1 1 0 0 0 9 2 0 6 0 1 0 1 0 0. 21
o7 5 1 0 7 1 0 57 1 1 2 6 4 3 0 0 88
e 8 1 5 0 2 1 0 4 18 16 0 7 1 6 0 0 61
> 9 10 13 2 4 0 1 12 4 181 3 38 24 24 9 0 325
g 10 1 0 1 1 2 0 1 3 2 15 4 1 2 0 0 33
o 11 14 35 3 20 2 1 14 14 61 7 187 30 43 2 0 433
o 12 7 18 3 11 0 0 19 7 60 2 98 331 100 8 0 664
n 13 6 9 2 7 1 0 4 3 34 1 47 42 435 3 0 594
o 14 3 0 1 0 0 0 2 0 4 0 2 1 0 82 0 95
15 0 0 0 1 0 0 0 0 0 0 12 0 0 0 168 181
Total 263 195 55 237 59 12 152 77 406 40 479 449 636 109 168 3337
Number of Correctly Classified Pixels = 1950
Percentage Correctly Classified = 58,44
Kappa Value = 0,53167

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

2See Figure 2,



Procedure 2 involved discriminant analysis ot the san-
ple data with the ancililary varxables\uitnout regard to the
previous spectral classification. Table 3 inaicates the
results ot this classification based on tne three ancililary
variables alone. An overall accuracy of 39.25 perceut was

obtained.

Third, the four bands of spectral data were used as
discriminating variables with and without the ancillary
data. BResults of these two classifications are given an
Tables 4 and 5, respectavely. Use of seven spectrali and
ancillary discriminating variables resulted in am accuracy
of 57.76 percent, while use of four spectral variabies alone

provided a 38.66 percent correct classitication.

Fourth, subdivision of each of the four broad spectral
classes in procedure 4 resulted in the error matrix shown in
Table 6. Using this procedure, 43.58 percent of the pixels

were correctly classified.

kesults of the verious discriminant analyses are sumnma-—
rized in Table 7. The z-statistics presented here 1ndicate
the significance ot the kappa value. A z-statistic ¢greater

than 1.96 suggests that kappa is significantly greater than



Table 3. Classification Results for Discriminant Analysis Procedure 2.1

Reference Vegetation Gmupsz

¥S

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

w 1 66 1 0 0 0 1 2 2 6 0 20 15 10 0 0 123
g 2 0 26 0 0 0 0 0 0 6 0 0 0 1 0 0 33
5 3 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
© 4 5 7 21 129 17 0 31 14 0 15 32 15 36 0 0 322
§ S 11 16 2 15 21 0 0 13 0 1 12 4 10 0 0 105
0 6 3 0 0 3 0 5 1 0 12 0 2 0 4 0 0 30
3 7 2 0 0 2 0 0 10 1 0 1 3 1 0 0 0 20
o 8 0 0 0 0 0 0 0 4 4 1 4 1 0 0 0 14
R 1 18 1 0 0 0 1 4 50 2 10 1 16 0 2 106
- 10 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
211 77 24 28 27 13 0 23 17 63 10 125 9 66 0 17 499
12 23 27 0 42 0 4 59 4 28 5 75 295 155 0 0 717
w13 45 22 3 15 5 2 4 7 120 2 41 39 172 1 0 478
S 14 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
O 15 4 0 0 0 3 0 S 7 29 3 35 0 14 0 159 259
Total 237 141 55 233 59 12 136 73 318 40 359 380 484 1 178 2720

Number of Correctly Classified Pixels = 1062

Percentage Correctly Classified = 39.04
Kappa Value = 0.30927

1Proc:edure 2 involved discriminant analysis of the entire sample using ancillary variables.

2See Figure 2.



Table 4. Classification Results for Discriminant Analysis Procedure 3.1

Reference Vegetation Groups2

Classified Vegetation Groups

Ss

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 Total
1 197 16 3 4 6 0 22 6 34 1 31 5 0 0 1 326
2 1 30 0 3 0 0 3 2 6 1 2 0 1 0 1 50
3 2 0 14 8 0 0 2 1 1 0 3 0 1 0 0 32
4 2 4 29 174 1 0 22 7 6 12 17 2 15 0 0 291
5 18 28 0 4 43 0 1 9 4 4 7 2 0 0 0 120
6 0 0 0 0 0 12 0 0 3 0 1 0 0 0 0 16
-7 4 2 0 10 3 0 46 2 3 1 8 1 1 0 0 80
8 2 6 1 11 4 0 13 34 36 4 31 3 5 0 0 150
9 4 25 1 2 1 0 5 6 154 3 54 7 26 0 0 288
10 0 0 0 0 0 0 0 0 1 1 0 0 0 0 0
11 6 8 7 11 1 0 9 6 34 9 98 21 47 0 5 262
12 0 17 0 3 0 1 11 0 19 3 65 305 100 0 0 523
13 1 5 0 3 0 0 2 0 18 1 27 34 285 1 1 378
14 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

15 0 0 0 0 0 0 0 0 0 0 15 0 3 0 170 188
Total 237 141 55 233 59 12 136 73 318 40 359 380 484 1 178 2706

Number of Correctly Classified Pixels = 1563

Percentage Correctly Classified = 57.76
Kappa Value = 0.52697

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

2See Figure 2,



Table 8. Classification Results for Discriminant Analysis Proceudre 3B 1

Reference Vegetation Groups2

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 Total
w 1 115 45 2 16 12 0 39 12 51 5 39 6 8 2 0 352
g‘ 2 5 37 4 8 0 0 2 0 4 0 28 0 10 13 0 111
& 3 0 0 3 0 0 0 0 0 0 0 3 0 1 0 0 7
4 0 12 24 151 1 0 13 11 13 14 14 4 12 0 0 269
§ 5 183 14 2 1 30 0 11 0 22 2 12 5 3 0 0 285
c 6 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
o 7 1 0 0 0 0 0 2 0 0 0 2 1 0 0 0 6
oo 8 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
2 9 64 117 1 43 18 6 57 29 190 16 148 75 43 18 2 827
2 10 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
o 11 18 8 6 7 0 0 5 1 22 1 25 5 13 53 0 164
- 12 30 94 7 12 2 6 39 31 276 11 293 683 374 5 6 1869
o 13 11 13 5 21 0 0 5 5 52 0 121 102 490 38 5 868
o 14 1 14 0 0 0 0 0 0 2 0 7 2 13 57 1 97
15 0 0 1 1 0 0 0 0 0 0 12 0 5 0 165 184
Total 428 354 55 260 63 12 173 89 632 49 704 883 972 186 179 5039
Number of Correctly Classified Pixels = 1948
Percentage Correctly Classified = 38.66
Kappa Value = 0.28973

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

%See Figure 2.



Table 6. Classification Results for Discriminant Analysis Procedure 4.1

Reference Vegetation Groups2

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 Total
g} 1 173 29 6 14 7 1 14 16 67 6 70 23 6 0 0 432
5 2 1 27 0 0 0 0 0 0 6 0 0 0 1 0 0 35
B 3 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0 1
= 4 2 2 19 114 5 0 21 10 0 10 31 11 24 0 0 249
S 5 22 30 3 17 40 0 2 17 0 5 2 1 0 0 0 139
5 6 4 0 0 0 0 11 3 0 15 0 5 0 3 0 0 41
° 7 9 0 2 14 1 0 53 4 0 1 5 9 1 0 0 99 n
& 8 2 0 0 0 0 0 2 4 1 1 4 0 0 0 0 14 ~
= 9 1 21 1 0 0 0 2 4 72 2 11 4 11 0 0 129
B 10 0 0 0 1 1 0 1 1 1 0 2 0 3 0 0 10
o 11 19 6 19 9 4 0 17 7 49 7 86 5 40 0 0 268
‘a 12 0 11 0 33 0 0 17 2 9 2 59 271 151 0 0 555
Q13 4 15 4 30 1 0 4 8 98 6 72 56 244 1 0 543
o 14 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
15 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
Total 237 141 55 232 59 12 136 73 318 40 347 380 484 1 0 2515
Number 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,
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zero (and the classification 1s significantly better than
randos) at a contidence level ot 0.05. Comparison ot tne
first and secona procedures indicates that the spectirai
classification prior to the discriminant analysis was suc-
cesstul in increasing the accuracy over a classitication
using ancillary variables alone. Procedures 3A and 3B show
that the classification using seven discriminating variabies
proved better than the classitication using only four spec-
tral bands as discriminating variabies. This was expected,
since increasing the number of discriminating variabules
increases the number of possible discraminant functions,
which equivaliently increases the number ot axes along which
groups cah be separated. It appears that classiticution
using spectral and ancillary data at the same staye (proce-
dure 3A) results 1in an accuracy similar to that obtained
with a two-stuge classification ot spectral and ancille&ry
data (procedure 1) . The classifications using either spec-
tral or ancillary data put not pboth (procedures 2 and 3B)
aiso result in comparable, but lower, accurucies. The sub-
classification of the four proad spectral classes (procedure
4) gives intermediate results. Apparently this trectment
does mot utilize the spectral data to its fullest extent,
but still provides an improvement over the use ot oniy spec-

tral or ancillary variables.



Table 7.
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Sumary of Discriminant Analyses of Sample Data.

Procedure

Percent
Correct

Kappa
Value

Z-Statistic

3B:

Independent classi-
fication of twenty

spectral classes using

ancillary variables

Classification of
entire sample using
ancillary variables

Classification of
entire sample using
four spectral and
three ancillary
variables

Classification of
entire sample using
only four spectral
variables

Independent classi-
fication of four

broad spectral classes

using ancillary
variables.

58.44

39.04

57.76

38.66

43.58

0.53167

0.30927

0.52697

0.28973

0.35451

55.45921

29.32753

50.16893

36.91422

31.94113
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Based on the discriminant znalysis of the 5039 sample
observations, sowe inferences may be made about the classi-
fication of the entire data set. It is evident that use ot
the ancillary and spectral data together provides & petter
classification than could be obtained using either one
singly. It also seems that a more rigorous treatment ot the
spectral data (clustering into twenty rather tman only four
classes) prior to subclassification with ancillary data may
yield better resuits. This 1s indicateda by the fact that a
level I classification (four broad groups) did not yield as
high an accuracy as a level 1I1I classification (20 classes)

prior to the discriminant analysas.

One-way analysis of variance 1s a suitable technigque
for evaluating the separability of groups based on a meas-—
ured variable. The SPSS routine ONEWAY (Hie, et ai. 1975)
was used with the sample data in this context. Apalysis of
variance tables and Duncan®s Multiple Range tests ftor eleva-
tion, peat depth, and texture are given in Figures 9, 10,
and 11, respectively. Overall signifacant differences
between vegetation yroups are inaicated by the P-statistic
in the analysis of variance tablies. Large F values imply
highly significant differences. The Duncan's multiple range

tests indicate where those differences exist. The vegeta-
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tion groups cre ordered in the Duncans tigurles by thelr neal
value, and tnose groups that are not sagnificantly different

are connected by a line on the raight of the figure.

It can be seen that each ot the ancillary variables
exhibits an overall sagnificant difference between vegeta-—
tion groups, but vegetation types .are not always reaaily
separable based on these variables. For exampie, in Figure
9, the mean elevation for the pine-decaduous mix (#2) group
is ditferent thean the mean elevation in ail tne otuer yroups
except the evergreen-vines type (#6). As seen in Pagure 10,
the mean peat depth for the pine-deciduous mix group is
inseperable from seven other groups. Theretore, one way
expect more success 1n separating class 2 from other classes
vhen using elevation a#s a criteria than when using jpeat
depth. To determine which variable may be best tor discrim-
inating between any two types, the three Duncan's tagures
may be examined. That varieble that provides the greatest
distance between the vegetation types may be expectea to be
most potent in their discrimination. Por example, by opbser-—
vation of Figures 9, 10, and 11, one notes that peau is the
most appropriate variable to use 1f one desires to discrimi-
nate between the white-cedar group .éna the hydric deciduous

group.
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Source df SS MS F ~p-value
Between 14 135944.33 9710.31 37.748 <0.000]
Within 4543 1168632.38 257.24
Total 4557 1304576.00
« Duncans Multiple Range Figure
Group No. N Mean Name Significance
14 127 48.5433 Agriculture ]:
9 584 52.1627 Deciduous-pine mix T
15 179 52.8603  Water T
12 772 55.3666 Deciduous over
deciduous
1 367  56.6594  Pine T
8 89 56.7865 Deciduous-Broadleaved
evg.
10 49 56.9796  Deciduous-White 1
cedar
55 57.2909 White-cedar
63 57.8571 Inkberry shrub 1
13 897 58.5433 Deciduous-hydric
7 173 58.8324 Broadleaved ever-
green
4 260 61.4846 White cedar-
deciduous
11 593 63.4064 Deciduous over
evergreen
6 12 67.5000 Evergreen vine 1 :[
2 338 72.6302 Pine-deciduous mix
4558

Figure 9: Analysis of Variance of Elevation Data
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* ANOVA Table
Source df SS MS F p-value
Between 13 13142.59 1010.97 31.457 p < 0.000]
Within 2695 86611.23 32.14
Total 2709 99768.06
» Duncan's Multiple Range Figure
Group No. N Mean Name Significance
13 487 11.6057 Deciduous-hydric
9 319 11.6740 Deciduous-pine mix
6 12 11.7500 Evergreen vines T
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 r
deciduous
8 73 14.6575 Deciduous-broadleaved
evergreen mix
10 40 15.6000 Deciduous-white-cedar | |
rnix L. = 5%
3 55 15.9818 Cedar
7 136 17.0294 Broadleaved evergreen
5 59  17.2203 Evergreen shrub L
4 233 18.7382  Cedar-deciduous mix
2710
Figure 10: Analysis of Variance of Peat Depth Data
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« ANOVA Table
Source df SS MS F p-value
Between 14 557171.67 39797.97 29.077  p < 0.000]
Within 5024 6876340.49 1638.70
Total 5039

* Duncan's Multiple Range Figure

Group No. N Mean Name Significance
15 179 91.6983  Water T
6 12 92.4167  Evergreen vine T
12 883 98.1982 Deciduous over
’ deciduous
8 89  99.4157 Deciduous-broad-
leaved evg.
63 99.4762 Evergreen shrub

428 102.8248 Pine

13 972 107.1944 Deciduous-hydric
10 49 108.5918  Deciduous-white T
cedar
7 173 109.5838 Broadleaved ever-
green
4 260 110.6731 White-cedar-
deciduous
9 632 110.9952 Deciduous-pine mix J
11 704 119.3721 Deciduous over B
evergreen
55 122.2364 White-cedar 1
2 354 126.6893 Pine-deciduous mix
14 186 138.8871 Agriculture I
5039

Figure 11: Analysis of Variance of Texture Data
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The discraiminant analyses ot the sample data were
addressed to five questions regarding the relationshaips ox
spectral and ancillery data types, and their utilaty in cov-
er-type discrimination. The next analysis involved compari-
sons of the three classitication schemes that were applied

to the entire Diswal Svamp data.

Classifications of the Entire Data Set

The accuracies for the three test classifications ot
the entire Dismal Swamp are given in Table 8. The overall
percentage or correctly classified pixeis is given 1o0r level
IIXI and leveld 1I classes, along with the corresponasng Kappa
values. It should be noted here that since accuracy assess-—
ment was performeda on 1004 of the data set, statisutical coa-
parisons of these results are not needed. The error
matrices derived from zil classifications may be ftound in

the Appenaix.

Since peat depth data were nonexistent for a idrge por-
tion of the swamp (approximately 24,730 hectares, or about
40% of the study area), discrimihant ahalyses couia often

not be pertormed correctiy when peat aeptn was & required
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Table 8. Summary of Classification Results for the Three

Test Classifications

Classification % Correct Kappa
A: Single-stage Unsupervised
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 Y
Level III 19.45 0.10996
Level II 39.07 0.14956

1/ Uses reduced data set.
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discriminating variapie. Therefore, tne Layered classitica-
tion using ancillary variables produced a classificatraon of
only the portion of the swamp with .« full complemcent o
data. A comparison of this technigque with the otner algor-
ithms may be biased if the accuracy for portions ot tine
swabp lacking peat depth data differs frou the accuracy ot
the portion with complete data. Therefore, a reassessment
of all three ciassifications was done using a reducea data
set containiig only those pixels with .all necessary data. A
summary of these results is given in Table 9. Note that
accuracies for the first two classifications did not cnange
greatiy. The 16.02% accuracy reported tor the levei III
layered classification was obtained by classifying even
those areas lacking data. 1In such instances, mrissikg data
were treated as if the data values were equal to zero. Thas
allowed the classifier to produce a complete classaitication,
although wny pixels lacking data for one or more variavies
had a higher probability of misclassitication. This process
resulted in & classitication of the entare data set that was
3.4% lower 1in accuracy than the classitication ot the

reduced data set.

An impportant consideration in the reporting oi accuracy

figures is the quality of the reference data. Errors in the



A: Single-stage Unsupervised

B:

C:

Table 9: Classification Results for Full and Reduced Data Sets

Level III
Level 11

Spectral Stratification

Level III
Level 11

Layered with Ancillary Data

Level III
Level II

Full Reduced

% Correct Kappa % Correct Kappa
37.84 0.27053 36.35 0.26981

58.33 0.34668 59.07 0.38290
38.70 0.28345 38.81 0.29705

58.67 0.36194 60.83 0.42267
16.02 0.07931 19.45 0.10996

34.39 0.11113 39.07 0.14956

89
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vegetation images may OCCur 1or a variety OI reasons. From
the photointerpretation to the drattaing and printing of the
map, and the subsequent digitization and regyistration ot the
vegetation image, errors may be expected to occur. These
errors may bias the results of an accuracy assessment, and
should be acknowleagea in tne interpretation of results. It
may be logical to expect that the boundaries of vegewation
types on the map and digital image may be more prone to
error than the interiors ot cover type poiyyons. 7Tals pos—
sibility led to another reassessment of accuracy using a
reference data source with boundaries extracted. An edge-
finding algorithm in the General Image Processing Systen
(GIPSY) of Virginia Tech®s Spatial Data Anaiysis Laboratory
Was used to locate and mark the woundaries of vegetation
polygyons in the digitul vegetation i1mage. All pixels within
100 meters (two pixels) of an identified vegetation poundary
vere then deleted from the various classitied images. Accu-
racy assessment of these images then yielded the results
given in Table 10. These results are iess affectea by error
in the reference data set, and may represent a more mweaning-

ful evaluation of classifier performances.

Note that after eliminating ®edge-eftects®, ail ciassi-

tication :accuracies improved, aithough reiative to each



Table 10:

Single-stage Unsupervised
Level I1I
Level II
Two-stage Spectral Stratifi-
cation
Level III
Level II

Three-stage Layered
Level III

level II

Full Data Set

Classification Results after Excluding Boundaries
in Reference Data from Analysis

Reduced Data Set

% Correct Kappa % Correct Kappa
43.39 0.32837 41.58 0.31826

63.59 0.40834 63.77 0.44912
44,23 0.34083 44.05 0.35067

63.66 0.42976 65.44 0.48626
17.39 0.09332 21.46 0.12994

36.14 0.13455 41.71 0.18306

0L
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other, the situation remained the scme. The first two clas-
sifications were comparable, with the accuracy ot tue spec—

tral stratification classification slightly higher than that
of the single-stage unsupervised classification. Again, the
layered procedure performed only half as well as the others.
This situation is is not at all what was expected, «nd pres-

ents a task in explaining the apparent contradiction.

Explanation of Results

There are two aspects of the results that merit exami-
nation and explanation. The tirst is why the classitica-
tions in general produced results as low as they diu, and
the second is why they produced different results retiative

to each othere.

There are several factors that may have hindered the
ability ot these procedures to produce zccurate classitica-
tions. One possible explanation lies in the structure of
the vegetation classification framework. As noted in the
literature, detailed classes such as the level III groups
used here are typically not classitied as well as more gen-

eral level 1I and level I classes (fleming and Hotfter,
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1979) . Therefore, it is not supraising that the rigorous
classification invo level III ciategories aid not yaeld
results comparable to other studies in which level 11
classes were used. The accuracies reported here for the
classifications aggreqgated to level I1 are not, however,
unreasonably low when compared to other research efforts

(Mead and Meyer, 1977).

Another factor that may have aaverseiy infiuenced the
results is tne quelity of the spectral data. The rew date
(after masking of urban and agricultural areas outside the
swamp) had a narrow range and little spectral variability.
The Lanasat multispectral scanner 1s capable of discretizing
radiance measurements into 128 values for bands tour, tive,
and six, =nd 64 values for beénd 7. However, the wiaest
range of values in the Dismal Swamp data was in Baud 7, and
only spanned from 0 to 30. All three classifications began
with unsupervised clusteriny of the data, and theretore
relied on the ability of the clustering algorithm to find
®"pnaturaliy occuring® groups or clusters in the data. The
low veriability ot the spectral data caused the algorithm to
go through many iterations with successively smaller cius-
tering craiteria (minimum distances between cluster centroias
and maximum standard deviations of clusters) at each itera-—

tion.
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In addition, certain preprocessing aildorithus such as
destraiping, smoothing, and registration involve repiacement
of a pixel velue witn tne averaye of its neigmbors (Sabius,
1978) . This may resuit in furtmner iowering of the variabii-
ity of the data prior to tr&ining and classification. It
such & reduction an variation does indeed 1nterfere wiih
clustering and classificataon, theu such i1mage enhancemelt
technigues may have adversely atfected clussitication accu-

racy.

The spectral stratification procedure consistently
proved better than tmne single-stage umnsupervised procedure.
Rohde (1978) developed this tecnnique under tne premise tnat
independent clustering of several first-stage groups wouta
allow difrerential manipulation of clustering criteria so
that more important groups can receive wore detailea treat-
ment. This is shown in the class assignments in Figures 5
and 7. When a fairly accurate water class (# 1) was defined
in the first stage of spectral stratifacation, no further
processing was done on pixels in that class, as only one
water class was desired. One ciusteraing iteration wathin
the broad agriculture class (# 4) split 1t 1nto five classes
that revealed additionul pine-deciduous Bix pixels. An

intensive clustering of the deciduous class (#2) createad
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nine classes, including an atlautic white-ceddr Class and
eight classes that could be assigyned on the basis 01 vegeta-—
tion in the understories. Second-stage treatment of the
evergreen class (# 3) allowed recognition ot tive mixtures

of pine and deciduous types.

Conversely, the single-stage unsupervised procedure

resulted in 29 classes only after inteunsive ciustering.

Note that nine of these were small classes assignea to ayrai-
culture, a more rigorous breakdown of that cover type than
was needed. Tvwo water classes vere formed, and tae atlantac
white—cedar was missed altogether. 1t appears that the
spectral stratification served its purpose and resuited in
an increase in accuracy over the single-stage unsupervised

procedure.

The layered procedure must be examined 1n an attempt to
explain the seemingly contradictory decrease in classifaer
performance. The first observation to be made 1s that there
may be an inconsistency in the logic ot the procedure usede.
As Robinove (1981) pointed out, supervised procedures are
based on an a priori land classiftication scheme, while unsu-
pervised procedures allow the situation and the data to

deternine how the land will pe classified. The layerea pro-
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cedure an this study started as ah unsupervised process ahnd
ended in .a supervisea classificction. Thils me&ans that whlle
originally allowing the data to aetermine groups in the
clustering phase, these naturally formed groups were over-
ridden and divided into a priori groups midway through tae
procedure. While the unsupervised and spectral strutitfica-—
tion procedures were aliowed to "miss"™ groups such as the
inkberry shrub and evergreen vine communities, the iayerea
procedure forced the assiynment of &t least some piiels to
these groups at the expense of accuracy in other classes.
This is illustrated in Fiqure 12. The coiumn of accuracies
on the lett represents the results ot the assignment or the
entire class to a given group, based on figure 7. ihe accu-
racies listea on the right came from the discrimanant analy-
sis of the class &nd classitication into componeut vegeta-—
tion groups. It can be seen that in many cases, the

increase in accuracy from splitting the ciasses was minamal.

A more togical proceaure for the layerea classafaer
might have been to use supervised classification at the
spectral stages as well as the ancillary stage. Thas would
have provided more consistency ih the approach and in the
vegetation class framework. Another alterhative would pe to

alter the level 111 cateygorization used an the discraiminant
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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 S (41.67) 9 (75.00)
11 31 11 (35.48) 14 (45.16)
12 311 82 (26.37) 130 (41.80)
13 302 50 (16.56) 116 (38.41)
14 312 174 (55.77) 218 (69.87)
15 86 19 (22.09) 31 ' (36.05)
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. Comparison of Accuracy for Two Different
Classifications of the Sample Data
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analyses such that only those vegetation groups iaentifiea
in the unsupervised spectral classification woula be usea in
the discriminant &nalysis. Either of these two possiblli—
ties woula eliminate the inconsistency of switching from
data-defined groups (from the unsupervised clustering) to a
priori groups (in the discriminant analysis or supervised

classification) .

In the classification of the whole swamp, a tradeotf as
observed petween identification of previousliy missed classes
and accuracy in remaining classes. Table 11 is the error
matrix from the unsupervised classification of the 1eauced
data set (containing only pixels with a full compiement of
ancillery data) . Table 12 is the error matrix tor the lay-
ered procedure. Note that the latter procedure identified
several groups that the former missed, including groups 3,
4, 5, 7, 8, and 10. However, this came at the expeuse ot
correctly classified pixels in groups 1, 9, 12, and 13,

resulting in an overall decrease in classification accuracye.

Mere comparison of accuracy figures might indicate tnac
the layered procedure does not measure up to the others.
However, if identification of at least soke pixels 1n the

classes missed in the unsupervised classitication 1is deemed
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Table 11. Results for Classification A, Level III, Reduced Data Set.
Reference Vegetation Groups2

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 Total
2 1 9734 839 83 166 1787 9 1376 252 874 67 592 229 41 0 3 16052
§‘ 2 43 94 32 20 0 0 2 0 4 2 10 0 4 0 1 212
S8 3 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
g 4 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
- S 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
5 6 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
5 7 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
o 8 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
> 9 2354 3823 1253 3070 1002 269 3500 3473 9013 1136 7771 1412 1390 0 67 39533
2 10 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
o 11 201 383 185 161 78 129 445 233 710 55 719 654 626 0 32 4611
'a 12 102 905 332 3733 33 144 1077 923 5386 819 6766 8597 3700 0 80 32597
a8 13 133 463 408 2400 11 29 400 295 2245 497 5669 7401 16031 53 147 36182
O 14 24 139 114 20 - 7 0 18 0 9 1 23 0 34 0 0 389
15 0 0 0 26 0 0 0 1 0 0 342 0 9 0 4801 5180
Total 12591 6646 2407 9596 2918 580 6818 5177 18241 2578 21892 18293 21835 53 5131 134756

1

ancillary data.

2See Figure 2.

Number of Correctly Classified Pixels
Percentage Correctly Classified
Kappa Value

48989
36.35

Unsupervised single-stage spectral classification of only pixels with a full complement of

0.26481

8L



Table 12.

Reference Vegetation Groups

Results for Classification C, Level III, Reduced Data Set.

2

1

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 Total
§, 1 3115 223 154 76 243 0 300 589 2033 137 2962 668 2598 10 1 13109
5 2 63 332 14 108 2 0 17 65 1127 27 724 436 281 0 1 3197
S 3 94 227 247 158 26 85 273 145 507 68 430 250 288 0 29 2827
o 4 77 121 148 1278 12 9 603 51 397 105 771 1162 1250 1 0 5985
S 5 454 344 123 63 118 76 63 318 1487 69 199 192 21 0 6 3533
§ 6 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
5 7 42 131 149 1029 20 0 289 163 1005 309 2197 1215 1108 0 0 7657
N 8 45 618 147 534 33 0 310 725 3370 229 3252 777 1121 0 14 11175.
>~ 9 533 705 292 1036 194 0 266 338 2709 223 2164 2675 1921 0 60 13116
B 10 511 1822 392 2302 559 302 2931 1613 2614 719 2580 1389 711 0 15 18460
o3 11 3380 1096 273 1488 491 14 439 639 800 433 3106 3907 4600 24 44 20734
‘w12 3931 601 157 327 1101 71 1120 168 1590 38 872 3273 2419 2 30 15700
213 197 360 301 1118 99 23 170 356 584 218 2290 2337 5505 16 138 13712
o 14 149 66 10 53 20 0 37 6 18 3 14 12 5 0 0 393
15 0 0 0 26 0 0 0 1 0 0 331 0 7 0 4793 5158
Total 12591 6646 2407 9596 2918 580 6818 5177 18241 2578 21892 18293 21835 53 5131 134756

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.

2

See Figure 2.
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important, the layered procedure has some merit. A welghi-
ing ot costs of omission and commission errors ftor each
class may therefore change the evaluation of the ditferent
procedures. For example, a nigh cost ftor ommitting twue
classes three through seven woulid make the layerea proceaure
appear much better. In the decision to work with detailed
level I1I classes, just such a weighting was made, .althouyhn
not quantified. The use of the Bayesian classification
algorithm, which accounts for variable error costs, might ne

more appropriate in such a case.

Two other factors may have had a part in loweraing accu-
racy tor the layered procedure. Pirst, the training sampile
may have been inadequate since many observations had missing
data. This resultved in non-invertiple variance—covdrliance
matrices and eliminated some groups from comnsideration in
the classification of some ciasses. A further problem with
the sample data set may have been misclassifications in the
reference data used tor training. As noted, exclusion ot
boundaries in the reference vegetation image increased the
evaluated accuracies. This could indicate that some bound-
ary pixels in the %ground-truith" vegetation image were 1in
error, or classification ot boundary zones 1s taulty. If

some of these pixels were chosen in the random samplie, then
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the training set contaihed error and adversely arfected the
classification. Second, the quatiity of the ancililary aata
may be in question. Most pixels were encoded with artita-
cial, interpolated values for elevation and peat depih, and
may contain a great deal of error. 1n adaition, the low
sampling intensity (less than one sampie per 70 to 100 hec-
tares) of the peat aepth survey does not support & grecet
deal of confidence in the computer-generated peat uepth
image.. Error in ancillary variables may have had sagniti-

cant effects in both the classification and training phases.



SUMMARY AND COHMCLUSIOMNS

The objective of this stuay was to develop a proceaure
for Landsat classification employing ancillary data, apply
it to a vegetation cover-type classification ot the Great
Dismal Svamp, and evaluate 1its effectiveness reiative to uwo
classifications of spectral data aione. An unsupervised
classification and a two-stage spectral stratification clas-
sification were performed to represent the contribution oOr
- spectral data alone to a cover-type classiticataion. The
ancillary variables used vwere thought to be associated wita
vegetation distribution in a forested wetiand. These
included iana surface elevations and pect depihs, both based
on field surveys, and spectral texture vaiues indicative of

stana homogyeneity.

Accuracy assessuents were performed for the three clas-
sifcations at level 11 and level 11I vegetation categoriza-
tions. One supplemental accuracy assessment was pertormed
on a reduced data set ancludang only those pixels with a
full complement of spectral and ancillary data. Tais was

done to provide & more direct comparison of the two spectrail

82
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classifications (pertormed on the entire data set) o the
layered ciassiatication, which was pertormead only ou tane
reduced data set. A second supplementdry accuracy dassess=—
ment was conducted atfter eliminating suspected errors in the
reference vegetation image attraibuted to mislocatiou of veg-

etation type boundaries.

The results indicated that fairly low accuracies (20%
to 40%) vere obtained for all three procedures. Tne layered
classitier using spectral data at the first two stages and
ancillary data at the third proauceua tae iowest proportion

of correctly classiftied pixels.

Several tactors may have contributed to these unpre-
dictably low results. First of these is the rigorous a
priori class structure for the layered classifier iu tne
final stage. Conmplete identitication ot detailed classes
was demanded, and was acheived only at the expense ot accu-
racy in other classes. A weighting scheme to indicdte this
demana should be aeveloped and applied equally to accuracy
assessment of all three classifications. Otherwise, the
groups defined in the ciustering of the data shouid ve
accepted and useda as a priori groups 1or the discriuinant

analysis.



Second, low variance ot the spectral aata may have
interfered with the performance of the unsupervisea ciuster-
ing algorithu. HBot enough 1s known about the effects ot
preprocessing on cluassification .accuracy, but the zutnor.
suggests that some preprocessing techniques will lower vari-
ation in the data, and actually hinder the performance of
the clustering algoratums. TwOo possibiiities exist 10 over-

come this etfect.

Pirst, supervisead proceaures .are Dot as adversely
affected by low data variation, saince they do not rely on
the outcome of @ clustering algorithm, and thus wmay pbe used
vhen a number of “pixel averaging®™ type preprocessing tech-—
niques have been performed. Secondly, clustering may e
performea on originul data, prior to any preprocessinge.

This may entail a “backwards" registration of reference data
to the geometrically distorted Landsat data, in order to
locate pixels in the Landsat scene that correspond to pixels
in the reference data. Also, the miscalibrated iines of
pixels in a badly striped image hay be eliminated ftrom con-
sideration and left unciassified, rather than undergoing
radiometric correction. Then, atter neighboring paixels
(vhose radiance values are assumed to De correct) cre cias-—

sified, the unclassified pixels may be assigned to a cover
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type based on the cover type identity of their neignpors.
As indicated, more study may be required to determiue the
effect oif preprocessing on data variation, and the subse-

quent effect of data variation on ciustering perrormnaiiCee.

Next, the inconsistent logic of the layered procedure
used in this study may have resulted in lower accuracies.
It is recommended that consistent vegetation cateqgorizations
be used throughout the procedure, whether tney are auaerivea
through clustering, or known a priori. Otherwise, iower
classification accuracy may result from & mid-procedurai

change in definition of acceptable classes.

Pinaliy, data quality wili always intluence stuay
results, and Landsat classificatioun 1s no exception. Dbata
of questionable accuracy may have aftected classitier per—
formance in several ways. Pirst, as was seen with bounda-
ries in the vegetation cover-type image derived from a pho-
to-interpretation map, errors in reference uata may atfect
not only the training of the classifier, but the assessment
of accuracy as well. Future studies anvolving the use of
digitized cover-type maps in training end assessment shoulid
consider where errors may occur in the reference map, and
follow procedures to correct tor this. In this project,

exclusion of suspect boundaries vas noted to increase
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reported zccuracies, and if done prior to sampling ror cias-
sifier training, may have improvea performaunce further.

Data quality is guestaonable for both the peat depth ana
elevation images where values are the result ot interpola-—
tion. Techniques for creating continuous spatial surraces
of data trom a sample of points are used frequentiy,
although little verification of their accuracy has been
done. Perhaps assessments of ancilliary data accuracy are
needed in studies such &s this one, although they ucy ve
expected to be costiy and time-consuming. It anciilary daia
sets are used for purposes other than Landsat classification
(as in a geoygraphic iptormation system), assessuent of their

quality is more iaportant yet.

Finally, missing data in the peat depth image resuited
in a smalier effective sampie than was 1intended, and reduced
the quantity of data available for training the cliassitier.
Reducing the data set from which samEples were drawn (such
that it contains only those pixels with a fulil compiement ot

anciliary data) would have allevaated this propolenm.

From this study, increases in classitication accuracy
as the result of incorporation of ancillary data cannot be

claimed. In general, Landsat classifications of tue Greaut
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Dismal Swamp did not yield results useful ror resouLce mab-
agers, aue to unacceptably iow accuracies. However, more
accurate classificataions of less detailed cover—-type classes
would be no more suitable. Some suggestions have beeh made
for further attempts to include ancillary data in the Lana-
sat classification of vegetation. Although results from
this study do not foreshadow greatly i1mprovea accuracies,
neither do they close the door for further eftorts in thatu

direction.
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Results for Classification A, Level III, Entire Data Set.

Reference Vegetation Groups

2

1

See Figure 2.

1 2 3 4 5.6 7 8 9 10 11 12 13 14 15 Total
w 1 13872 1699 83 207 1834 9 1756 269 2583 146 1686 575 481 198 3 25401
g 2 77 458 32 22 0 0 32 0 51 2 417 1 182 106 5 1385
g 3 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
© 4 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
§ 5 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
D6 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
S 7 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
% 8 0 0 0 0 0 O 0 0 0 0 0 0 0 0 0 0
2 9 3929 9028 1253 3598 1076 269 4086 3851 12822 1482 9668 6428 3345 7 69 60911
o 10 0 0 0 0 0 0 0 o0 0 0 0 0 0 0 0 0
g1 1306 1546 185 186 122 129 718 285 3958 88 4597 3299 1752 1415 34 19620
H12 701 2656 332 4195 35 144 1162 1437 7590 910 8473 20325 6392 65 81 54498
§13 750 1081 408 2689 14 29 439 430 4096 552 8122 12379 28784 162 152 60087
=14 279 716 114 20 11 0 137 5 718 1 1004 327 465 2766 12 6575
© 15 15 0 0 26 0 0 0 1 1 1 342 1 16 0 4801 5204
Tot. 20929 17184 2407 10943 3092 580 8330 6278 31819 3182 34309 43335 41417 4719 5157 233681
Number of Correctly Classified Pixels = 88425
Percentage Correctly Classified = 37.84
Kappa Value = 0.27053
1Unsupervised single-stage spectral classification of all pixels.
2
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Classified Vegetation Groups

Results for Classification A, Level II, Entire Data Set.

Reference Vegetation Groups

1

1 2 3 4 5 6 Total

1 16450 3531 3051 3342 304 8 26786
2 0 0 0 0 0 0 0
3 17808 5431 18155 19441 7 69 60911
4 16035 2792 19346 94123 1642 267 134205
5 1129 148 724 1796 2766 12 6575
6 41 0 3 359 0 4801 5204
Total 51463 12002 41279 119061 4719 5157 233681
Number of Correctly Classified Pixels = 136295

Percentage Correctly Classified = 58.33

Kappa Value = 0.34668
1

Unsupervised single-stage spectral classification of all pixels.

2See Figure 2.
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Results for Classification B, Level III, Entire Data Set.

Reference Vegetation Groups

1
2

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 27335

§. 2 40 472 7 16 0 0 31 6 52 0 401 3 166 57 5 1256
o 3 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
5 4 43 360 465 3630 11 0 289 302 473 311 712 155 519 0 8 7278
e 5 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
a 6 0 0 0 0o 0 0 o0 0 0 0 0 0 0o 0 0 0
§ 7 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
o 8 0 0 0 0 0 o0 0 0 0 0 0 0 0 0 0 0
& 9 4236 9466 865 3302 1121 377 4270 4002 13593 1492 10588 9030 3809 23 76 66250
> 10 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 -0
T 11 859 1545 213 229 65 93 621 260 3418 101 4551 2710 1493 1397 31 17586
o 12 848 2547 201 2676 35 88 929 1220 8080 844 9366 21035 8244 488 101 56702
‘n 13 674 679 207 598 13 13 263 210 3075 262 5988 9743 26305 230 132 48392
Q14 197 328 13 1 8 0 72 0 354 1 394 67 233 2034 6 3708
G 15 13 0 0 26 0 0 0 1 0 0 331 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 = 90432

Percentage Correctly Classified = 38.70

Kappa Value = 0.28345

1TWo-stage spectral stratification classification of all pixels.

2See Figure 2.
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Results for Classification B, Level II, Entire Data Set.

Reference Vegetation Groups2

1

m 1 2 3 4 S 6 Total

g .

g 1 21740 4034 4366 5164 547 18 35869

& 2 0 0 0 0 0 0 0

Fe)

% 3 17869 5768 19087 23427 23 76 66250

)

2 4 11276 2120 17470 89435 2115 264 122680

g 5 539 80 355 694 2034 6 3708

o

ﬁ 6 39 0 1 341 0 4793 5174

(o)

© Total 51463 12002 41279 119061 4719 5157 233681
Number of Correctly Classified Pixels = 137089
Percentage Correctly Classified = 58.67
Kappa Value = 0.36194

1

2

Two-stage spectral stratification classification of all pixels.

See Figure 2.
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Results for Classification C, Level III, Entire Data Set.l

Reference Vegetation Groups

2

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 Total
w 1 7149 5225 154 564 385 0 1033 1017 2266 506 5263 7572 6765 1031 4 43934
ga 2 1079 1323 14 158 2 0 63 70 2778 68 2934 1555 1266 1072 9 12391
5 3 582 983 247 173 31 85 420 165 1227 80 2678 1093 1383 235 30 9412
o 4 99 543 148 1374 12 9 609 75 454 107 1008 1207 1538 3 1 7187
§ S5 1419 422 123 63 118 76 63 335 1875 69 471 513 71 12 6 5636
3 6 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
8 7 139 1277 149 1363 22 O 317 682 1588 408 2519 6745 2581 15 0 17805
o 8 939 975 147 542 33 0 571 756 5884 234 4731 8474 2890 469 18 26663
3 9 844 1010 292 1313 197 O 380 347 3695 245 3160 4043 4719 754 62 21070
10 542 2048 392 2302 559 302 2963 1615 2743 719 2727 1539 950 0 15 19416
35 11 3483 1311 273 1501 492 14 450 662 1036 475 3748 4656 5728 61 47 23937
“ 12 4019 1280 157 334 1116 71 1139 182 2369 47 1720 3384 4478 60 32 20388
w 13 245 558 301 1164 101 23 190 359 697 220 2873 2512 8859 48 138 18288
s 14 377 229 10 66 24 O 123 12 207 4 146 41 180 959 2 2380
O 15 13 0 0 26 0 O 0 1 0 0 331 1 9 0 4793 5174
Tot. 20929 17184 2407 10943 3092 580 8330 6278 31819 3182 34309 43335 41417 47195157 233681
Number of Correctly Classified Pixels = 37441
Percentage Correctly Classified = 16.02
Kappa Value = 0.07931

2See Figure 2.

1Layered classification of all pixels.

66



Results for Classification C, Level II, Entire Data Set.

Reference Vegetation Groups2

1

25)' 1 2 3 4 5 6 Total
3 1 19815 2649 13813 34262 2341 44 72924
g 2 4955 596 4957 12900 27 6 23441
?" 3 11346 5014 16238 33233 1223 95 67149
% 4 14626 3496 6047 37958 169 217 62613
sg 5 682 147 223 367 959 2 2380
§ 6 39 0 1 341 0 4793 5174
Total 51463 12002 41279 119061 4719 5157 233681
Number of Correctly Classified Pixels = 80359
Percentage Correctly Classified = 34.39
Kappa Value = 0.11113

2See Figure 2.

1Layered classification of all pixels.
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Results for Classification A, Level III, Reduced Data Set.l

See Table 11, Page 78.

]'Unsupervised single-stage spectral classification of only pixels
with a full complement of ancillary data.



Classified Vegetation Groups

Results for Classification A, Level II, Reduced Data Set.1

Reference Vegetation Groups2

1 2 3 4 5 6 Total
1 11011 3174 1199 ' 876 0 4 16464
2 0 0 0 . 0 0 0 0
3 10500 4771 13622 10573 0 67 39533
4 9406 2346 11163 50163 0 0 73390
5 297 25 10 57 0 0 389
6 26 0 2 351 0 4801 5180
Total 31240 10316 25996 62020 53 5131 134756
Number of Correctly Classified Pixels = 79597
Percentage Correctly Classified = 59.07

Kappa Value = 0.38290

complement of ancillary data.

1Unsupervised single-stage spectral classification of only pixels with a full

2

See Figure 2.
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Results for Classification B, Level III, Reduced Data Set.1

Reference Vegetation Groups2
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 Total
w 1 9779 867 436 407 1790 9 1451 254 855 93 612 235 51 0 3 16842
g 2 4 93 7 13 0 0 0 6 2 0 5 2 2 0 1 135
°c 3 0 0 0 0 0 O 0 0 0 0 0 0 0 O 0 0
© 4 207 128 465 3329 11 0 277 . 272 369 308 660 84 430 0 8 6368
§ S 0 0 0 0 0 0 0 0 0 0 0 0 0 O 0 0
‘a6 0 0 0 0 0 O 0 0 0 0 0 0 0 0 0 0
8 7 0 0 0 0 0 O 0 0 0 0 0 0 0 0 0 0
g 8 0 0 0 0 0 O 0 0 0 0 0 0 0 0 0 0
L 9 2448 3980 865 2793 1043 377 3648 3609 9438 1130 8437 2131 1566 O 74 41529
o 10 0 0 0 0 0 O 0 0 0 0 0 0 0 0 0 0
g 11 92 349 213 206 22 93 372 216 627 71 950 570 415 1 26 4283
H 12 135 873 201 2334 33 88 827 678 5442 736 7243 9509 4895 O 97 33091
w13 80 288 207 497 13 13 230 141 1499 239 3647 5762 14402 52 129 27199
414 26 68 13 1 6 0 13 0 9 1 7 0 7 0 0 151
© 15 0 0 0 26 0 O 0 1 0 0 331 0 7 0 4793 5158
Tot. 12591 6646 2407 9596 2918 580 6818 5177 18241 2578 21892 18293 21835 53 5131134756
Number of Correctly Classified Pixels = 52293
Percentage Correctly Classified = 38.81
Kappa Value = 0.29705

lTwo-stage spectral stratification classification of only pixels with a full complement

ancillary data.

2See Figure 2.
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Results for Classification B, Level II, Reduced Data Set.

Reference Vegetation Groups2

" 1 2 3 4 ) 6 Total
8
§ 1 15555 3538 2159 2081 0 12 23345
5 2 0 0 0 0 0 0 0
Fs)
§ 3 10076 5068 14177 12134 0 74 41529
[*1)]
= 4 5475 1691 9649 47453 53 252 64573
o
ﬁ 5 108 19 10 14 0 0 151
o
w6 26 0 1 338 0 4793 5158
—~
© Total 31240 10316 25996 62020 53 5131 134756
Number of Correctly Classified Pixels = 81978
Percentage Correctly Classified = 60.83
Kappa Value = 0.42267
1‘I‘wo-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.l

See Table 12, Page 79.

lUnsupervised single-stage spectral classification of only pixels
with a full complement of ancillary data. Pixels on boundaries betwee
cover types were excluded from the evaluation. :



Results for Classification C, Level II, Reduced Data Set.1

Reference Vegetation Groups2

1 2 3 4 5 6 Total
"
g 1 6435 1570 5251 11820 11 31 25118
§ 2z 233 566 3351 4932 0 6 11190
;:3: 3 8937 4595 12540 16590 0 89 42751
S 4 13229 3528 4826 28309 42 212 50146
g 5 278 57 27 31 0 0 393
g 6 26 0 1 338 0 4793 5158
O Total 31240 10316 25996 62020 53 5131 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 Boundaries Excluded.l

Reference Vegetation Groups2

Classified Vegetation Groups

LUT

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 Total
1 11071 1159 5 71 1542 6 1250 124 1470 68 778 221 197 161 0 18123
2 53 79 14 13 0 0 11 0 8 2 55 1 31 77 0 344
3 0 0 0 0 0 O 0 0 0 0 0 0 0 0 0 0
4 0 0 0 0 0 o0 0 0 0 0 0 0 0 0 0 0
5 0 0 0 0 0 O 0 0 0 0 0 0 0 0 0 0
6 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
7 0 0 0 0 0 O 0 0 0 0 0 0 0. 0 0 0
8 0 0 0 0 0 O 0 0 0 0 0 0 0 0 0 0
9 1973 6148 642 1859 586 190 2990 2252 10314 870 6697 4391 1930 2 5 40849
10 0 0 0 0 0 O 0 0 0 0 0 0 0 0 0 0
11 627 875 99 94 55 96 383 169 2433 51 2813 2304 815 1020 6 11840
12 191 1432 142 2420 2 52 615 724 5993 521 6062 17159 4090 27 19 39449
13 315 511 177 1730 4 8 223 184 2651 250 5150 10033 22704 73 70 44083
14 64 343 109 1 4 0 41 0 206 1 490 154 96 2074 0 3583
15 2 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
= 0.32837

Kappa Value

1Unsupervised single-stage spectral classification of all pixels. Pixels on boundaries
between cover types were excluded from the evaluation.

2See Figure 2.



Results for Classification A, Level II, Entire Data Set with
Boundaries Excluded.l

Reference Vegetation Groups2

" 1 2 3 4 5 6 Total
§ 1 12465 2809 1672 1283 2388 0 18467
& 2 0 0 0 0 0 0 0
§ 3 10622 3766 13436 13018 2 5 40849
2 4 se13 1438 12976 71130 1120 95 95372
g 5 517 45 207 740 2074 0 3583
g 6 6 0 1 128 0 4460 4595
Srotal 32223 8058 28292 86299 3434 4560 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.

80T



Results for Classification B, Level III, Entire Data Set with
Boundaries Excluded.l

Reference Vegetation Groups

2

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 Total
vw 1 11152 1154 222 230 1539 6 1273 112 1514 74 913 228 207 358 0 18982
é? 2 19 86 3 9 0 0 6 S 15 0 58 2 39 39 0 282
& 3 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
4 18 215 251 2467 0 0 154 102 350 190 366 77 205 0 1 4396
& s o 0 0 0 0 0 6o o o0 0 0 0 0 0 0 0
£ 6 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
S 7 0o 0 0 0 0 0 o o0 ©0 0 0 0 0 0 0 0
e 8 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
> 9 2135 6392 388 1669 616 247 3159 2348 10846 894 7375 6589 2203 16 S 44882
° 10 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
o 11 366 909 151 108 17 73 . 329 155 2090 58 2814 1805 626 952 0 10453
12 276 1353 77 1382 10 23 446 647 6312 439 6640 17591 5496 339 29 41060
9 13 283 299 85 322 6 3 121 84 1843 107 3759 7964 21036 141 72 36125
o 14 45 139 11 1 5 0 24 0 105 1 127 7 56 1589 0 2110
15 2 0 0 4 0 0 0 1 0 0 114 0 2 0 4453 4576
Tot. 14296 105471188 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

lTwo-stage spectral stratification classification of all pixels. Pixels on boundaries were

excluded from the evaluation.

2See Figure 2.
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Results for Classifiiation B, Level II, Entire Data Set with
Boundaries Excluded.

Reference Vegetation Groups2

1 2 3 4 5 6 Total
0
g‘ 1 15826 2979 2362 2095 397 1 23660
;; 2 0 0 0 0 0 0 0
o~
§ 3 10584 4022 14088 16167 16 5 44882
é? 4 5611 1028 11735 67731 1432 101 87638
3% 5 196 29 106 190 1589 0 2110
%ﬁ 6 6 0 1 116 0 4453 4576
é%'ﬁotal 32223 8058 28292 86299 3434 4560 162866

01T

Number of Correctly Classified Pixels

= 103687
Percentage Correctly Classified = 63.66
Kappa Value = 0.42976

1Two-stage spectral stratification classification of all pixels. Pixels
on boundaries were excluded from the evaluation.

2See Figure 2.



Results for Classification C, Level III, Entire Data Set with

Boundaries Excluded.l

Reference Vegetation Groups2

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 Total
w 1 5099 3460 53 237 240 0 615 658 5225 267 3170 5741 5246 789 0 30800
8 2 628 679 4 69 0 0 25 36 2091 42 1831 1008 570 791 0 7774
2 3 251 604 111 82 S 70 201 91 802 43 1614 780 672 141 0 5468
© 4 56 357 60 921 9 3 324 30 307 59 664 956 1060 2 1 4808
§ 5 843 341 46 39 62 57 26 206 1334 24 283 371 26 1 0 3659
S 6 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
S 7 55 629 74 820 9 0 176 361 1175 237 1689 5482 1765 0 0 12472
S 8 332 578 70 267 5 0 377 483 4615 105 3588 7193 1914 326 0 19853
2 9 480 591 164 846 165 0 137 206 2573 123 1989 2943 2983 545 35 13780
- 10 228 1387 210 1263 310 190 2322 846 2246 451 1991 1058 540 0 1 13043
S 11 2766 735 143 767 343 1 234 284 614 273 2350 3957 4378 12 22 16879
o 12 3207 746 120 166 993 27 941 89 1557 23 1126 2764 3267 22 17 15065
§ 13 120 293 126 668 39 4 97 162 472 114 1720 1991 7412 17 31 13266
~ 14 229 147 7 43 13 0 38 1 64 2 37 19 35 788 0 1423
© 15 2 0 0 4 0 0 0 1 0 0 114 0 2 0 4453 4576
Tot.14296 10547 1188 6192 2193 352 5513 3454 23075 1763 22166 34263 29870 3434 4560 162866

Number of Correctly Classified Pixels = 28322

Percentage Correctly Classified = 17.39
Kappa Value = 0.09332

1Layered classification of all pixels.

2See Figure 2.

Pixels on boundaries were excluded from the evaluation.
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Results for Classification C, Level II, Entire Data Set with
Boundaries Excluded.l

Reference Vegetation Groups

2

1 2 3 4 5 6 Total
0
Eg 1 12671 1492 9651 23312 1723 1 48850
§ 2 2847 330 3337 9616 1 0 16131
§ 3 6416 3506 11648 24199 871 36 46676
é? 4 9857 2679 3588 28965 51 70 45210
:g 5 426 51 67 01 788 0 1423
g 6 6 0 1 116 0 4453 4576
E;Tot:al 32223 8058 27292 86299 3434 4560 162866
Number of Correctly Classified Pixels = 58855
Percentage Correctly Classified = 36.14
Kappa Value = 0.13455
1

Layered classification of all pixels.

from the evaluation.

2See Figure 2.

Pixels on boundaries were excluded
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Results for Classification A, Level III, Reduced Data Set with Boundaries Excluded.1

Reference Vegetation Groups

2

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 Tot.
» 1 8191 581 5 64 1537 6 1039 117 393 34 229 82 13 0 0 12291
g 2 37 25 14 12 0 O 0 0 2 2 0 0 0 o 0 92
S 3 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
© 4 0 0 0 0 0 0 0 0 0 0 0 0 0 ©0 0 0
g S 0 0 0 0 0 0 0 0 0 0 0 0 0 O 0 0
=5 6 0 0 0 0 0 O 0 0 0 0 0 0 0 0 0 0
s 7 0 0 0 0 0 O 0 0 0 0 0 0 0 0 0 0
o 8 0 0 0 0 0 o 0 0 0 0 0 0 0 O 0 0
L 9 1282 2628 642 1643 546 190 2546 2008 7482 650 5659 766 792 0 5 26839
< 10 0 0 0 0 0 0 0 0 0 0 0 0 0 o 0 0
2 11 82 216 99 83 42 96 296 143 558 28 450 563 397 0 6 3059
H 12 32 534 142 2195 2 52 580 431 4413 470 5001 7077 2435 O 19 23383
w13 51 209 177 1550 4 8 209 124 1630 225 3845 6004 12824 7 70 26937
S 14 10 80 109 1 4 0 14 0 1 1 0 0 7 0 0 227
O 15 0 0 0 4 0 0 0 1 0 0 121 0 2 0 4460 4588
Tot. 9685 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

1

ancillary data.

2See Figure 2.

Unsupervised single-stage spectral classification of only pixels with a full complement of
Pixels on boundaries between cover types were excluded from the evaluation.
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Classified Vegetation Groups

Results for Classifi
Boundaries Excluded.

fation A, Level II, Reduced Data Set with

Reference Vegetation Groups2

1 2 3 4 S 6 Total
1 8929 2582 548 324 0 0 12383
2 0 0 0 0 0 0 0
3 6195 3282 10140 7217 0 5 26839
4 5370 1289 8022 38596 7 95 53379
5 200 18 2 7 0 0 227
6 4 0 1 123 0 4460 4588
Total 20698 7171 18713 46267 7 4560 97416
Number 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.

from the evaluation.

2See Figure 2.

Pixels on boundaries between cover types were excluded
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Results for Classification B, Level III, Reduced Data Set with Boundaries Excluded. !

Reference Vegetation Groups2

Classified Vegetation Groups

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 Tot
1 8224 577 222 215 1534 6 1059 108 370 40 214 89 12 0 0 12670
2 2 25 3 7 0 O 0 5 2 0 1 2 0 o0 0 47
3 0 0 0 0 0 O 0 0 0 0 0 0 0 O 0 0
4 9 88 251 2265 0 0 144 91 263 190 335 30 164 O 1 3831
5 0 0 0 0 0 0 0 0 0 0 0 0 0 o0 0 0
6 0 0 0 0 0 0 0 0 0 0 0 0 0 O 0 0
7 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
8 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
9 1334 2719 388 1462 576 247 2698 2089 7808 662 6172 1374 910 O 5 28444
10 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
11 32 227 151 97 4 73 249 139 514 39 640 475 242 0 0 2882
12 45 505 77 1226 10 23 419 335 4486 380 5334 7757 3402 O 29 24028
13 23 96 85 275 6 3 109 56 1033 98 2495 4765 11739 7 72 20862
14 16 35 11 1 5 0 6 0 3 1 0 0 0 0 0 79
15 0 0 0 4 0 0 0 1 0 0 114 0 1 0 4453 4573
Tot. 9685 4273 1188 5552 2135 352 4684 2824 14479 1410 15305 14492 16470 7 4560 97416
Number 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 boundaries between cover types were excluded from the evaluation.

2See Figure 2.
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Results for Classification B, Level II, Reduced Data Set with
Boundaries Excluded.l

Reference Vegetation Groups2

0 1 2 3 4 5 6 Total

4

) 1 11888 2743 1069 847 0 1 16548

fg 2 0 0 0 0 0 0 0

gi 3 5903 3521 10559 8456 0 5 28444

()

i; 4 2839 896 7080 36849 7 101 47772

0 .

& s 64 11 4 0 0 0 79

(2]

4 6 4 0 1 115 0 4453 4573

(&)

Total 20698 7171 18713 46267 7 4560 97416

Number of Correctly Classified Pixels = 63749
Percentage Correctly Classified = 65.44
Kappa Value = 0.48626

1'I‘wo-stage spectral stratification classification of only pixels with a

complement of ancillary data. Pixels on boundaries between cover types were

from

the evaluation.

2See Figure 2.

full
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Results for Classification C, Level III, Reduced Data Set with Boundaries Excluded.1

Reference Vegetation Groups

2

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 Tot.
w 1 2500 89 53 45 185 O 9 384 1649 58 2009 519 1968 O 0 9555
g 2 24 187 4 41 0 0 3 32 1018 5 575 358 145 O 0 2392
e 3 45 158 111 76 4 70 164 89 407 37 231 210 140 O 1 1743
o 4 52 83 60 883 9 3 320 15 280 57 540 932 945 0 0 4179
§ S 294 286 46 39 62 57 26 203 1171 24 134 122 4 0 0 2468
a0 6 0 0 0 0 0 0 0 0 0 0 0 0 0 O 0 0
8 7 15 48 74 664 9 0 167 65 794 186 1539 888 722 0 0 5171
o 8 16 398 70 267 5 0 226 462 2872 100 2594 497 726 O 0 8233
3 9 397 475 164 668 164 O 106 206 2157 115 1505 2121 1321 O 35 9434
o 10 217 1261 210 1263 310 190 2306 846 2136 451 1887 987 414 0 1 12479
8 11 2726 695 143 759 343 1 229 276 495 243 2086 3260 414 6 22 14838
H 12 3195 359 120 160 992 27 936 82 1055 19 609 2706 1850 O 17 12127
w 13 108 185 126 646 39 4 89 162 438 114 1481 1882 4678 1 31 9984
§ 14 96 49 7 37 13 0 16 1 7 1 1 10 2 0 0 240
O 15 0 0 0 4 0 O 0 1 0 0 114 0 1 0 4453 4573
Tot. 9685 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 boundaries were excluded from the evaluation.

2

See Figure 2.
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Results from Class1f1cat10n C, Level II, Reduced Data Set with

Boundarles Excluded.l

Reference Vegetation Groups

2

I 1 2 3 4 5 6 Total

g

3 4411 854 4031 8572 0 1 17869

g

2 2 1466 321 2443 3409 0 0 7639

(S}

8

® 3 5406 3307 9345 12052 0 36 29146

oo

= 4 9222 2660 2884 22106 7 70 36949

o

o5 189 29 9 13 0 0 240

o

a6 4 0 1 115 0 4453 4573

—

“Total 20698 7171 18713 46267 7 4560 97416
Number of Correctly Classified Pixels = 40636
Percentage Correctly Classified = 41.71
Kappa Value = 0.18306

1

data.

2See Figure 2,

Layered classification of only pixels with a full complement of ancillary

Pixels on boundaries were excluded from the evaluation.
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USE OF ANCILLARY DATA IN A LANDSAT CLASSIFICATION

OF A FORESIED WETLAND

By
Stephen P. Prisley

(ABSTRACT)

Digital lLandsat cover—-type classifications have often
proved less accurate than hoped for, or have been less
detailed than needed. BRecent research efforts have used
additional data to supplement the four bands of lLandsat MSS
data in an attenpt to increase the accuracies of computer
classifications. The goal of this study was to evaluate the
use of vegetation-related ancillary variables for improving
the performance of a Landsat classification of the Great

Dismal Swanmp.

Ancillary data copsidered to be related to the
distribution of vegetation tyges in the swaap vwere
registered wyith Landsat mnmultispectral scanmer data to a 50
meter UTH grid. The ancillary variables vere peat depths
and elevations from field surveys, and spectral texture

values from the Landsat data. Discriminagt analyses of a



sanple of pixels +were performed to investigate the ability
of spectral and ancillary data, separately and in

combination, to discriminate between vegetation cover types.

A layered classificatiog procedure was developed that
used discriminant analysis of ancillary data after a
previous . unsupervised spectral classification. This vwas
compared to a spectral stratification classification and a
straightforvard unsupervised classification of spectral data

alone.

The layered procedure resulted in an accuracy of 21.46%
for lewvel III classes and 41.71% for level 11 classes. The
accuracies for level III and level II classifications using
the unsupervised procedure were 41.58% and 63.77%,

respectively.

Soae possible explanations of the seemingly
contradictory results vere pased, and alternative procedures

suggested.
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