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Abstract

In recent years, large scale land cover maps constructed from remotely sensed data have
become important information sources for resource management. For many applications, poor
map accuracy limitsther usability. This article investigates methods of combining classfication
rulesfor improving accuracy in generd, and for exploiting spatid information in particular. We
examine the performance of these methods and the stacked regression method of Breiman
(1996) and Mgjirsheibani (1999) along with severd variants. In our gpplications, aland cover
map is a partition of an areainto contiguous unclassified polygons which are assgned land cover
types viaacdassfication rule. Because polygons tend to differ with respect to land cover type,
Spatia association patterns are largely absent from polygon maps. However, there is some
gpatid information carried by the training observations. We propose a spatia classfier that uses
gpatialy-close training observations for classfication. While the spatial classfer isnot
particularly accurate, remarkable improvements in estimated accuracy were obtained when it

was combined with linear discriminant and k-nearest neighbor classfiers.
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1. Introduction

Geographic information systems (GIS) are widely used for large-scae resource andys's,
monitoring, and management. An important component of many GISisaland cover map
showing the observed, or predicted, vegetation or land surface types. This article concerns land
cover maps that are constructed by assigning land cover types to map polygons, or regions,
using aclassfier. Dataare obtained from two sources. Spectral reflectance measurements are
collected for dl polygons by a remote sensing device such as the Landsat Thematic Mapper
satellite. In addition, atraining sampleis collected by ground vigitation of asubset of dl map
polygons. Then, aclassfication rule is consructed from the training sample and used with the
remotely sensed data to predict land cover type for the unsampled polygons. While this
approach can inexpensively map very large areas a afine scae, classfication, and hence, map
accuracy is sometimes unsatisfactory for complex or wild landscapes such as those in the Rocky
Mountains. Scott et d. (1993) and Moisen and Edwards (1999) provide examples of land
cover map gpplications.

This article addresses severd aspects of classfication for land cover mapping. The principa
topic isthat of improving dassfication accuracy by combining multiple dassfierssasasingle
classfier. Stacked regresson methods (Breiman 1996; LeBlanc and Tibshirani 1996) are
emphasized. | propose avery smple combination method which compares favorably with
competing methods. The performance of the combination methods is compared by applying
them to severd training sets.

2. LAND COVER MAPS
A land cover map congsts of aset of contiguous and digoint polygons which are labeled
according to the observed, or predicted, dominant vegetation or surface type (e.g., lodgepole
pine dominated forest or xeric shrubland). In digital form, aland cover map amounts to a set of
r-tuples denoting the observed, or predicted, land cover type and other variables (e.g.,
elevation) for each map polygon. One approach to land cover mapping constructs a base map
of unclassfied polygons from a Landsat Thematic Mapper (TM) satellite scene. Then, polygons



are assigned land cover type using a classifier (Foody, McCulloch and Y ates 1995; Homer,
Ramsey, Edwards, and Falconer 1997). A TM scene conssts of alattice of approximately
37.8 x 109 pixesof dimenson 30 x 30 m; for each pixel, and spectral reflectance intensity is
recorded for eight bands of the electromagnetic spectrum. The total area covered by aTM
scene i's gpproximately 34,000 kn? (Sabins 1997). Figure 1 shows two TM scenes, training
sample locations and topographic relief.

Usualy, polygons are congtructed by aggregrating adjacent and spectrally smilar pixels using
image segmentation agorithms (Homer et a. 1997; Ryherd and Woodcock 1996; Woodcock
and Harward 1992). Polygons are preferred as mapping units because they tend to be
relatively homogeneous with respect to land cover and much more essily located for ground
sampling. Computationa effort of map congruction and useis grestly reduced because the
number of polygonsis substantidly fewer than the number of pixds. For example, thetwo TM
scenes discussed in this article congst of 703701 and 813246 polygons, respectively. Polygons
vary in sze and shape, and adjacent polygons often differ with respect to land cover type.
Consequently, spatid correlation among neighboring polygons tends to be wegk and varigble.

3. CLASSIFIERS

Suppose that atraining samplex ={ z1, ..., x; } hasbeen collected by random sampling
of apopulation PP consisting of g subpopulations, or groups G, ..., G4. Theith observation
inz isatriple denoted by =; = (¢t 4, y;, 2;) Wheret; isacovariate vector, y; isagroup labe
identifying group membership, and z; isalocation coordinate. For the remaining unclassfied
parsin P, acovariate vector ¢ and location z, are observed, but the group labe y is
unobserved. The posterior probability that ¢ belongsto G, isdenoted by Plyg = h | tg]. A
generd gpproach to combining classfiers can be formulated by treating classifiers as estimators
of (Plyg =1]to],...,Plyo = g | to]) whichasign z to the group with the largest posterior
probability estimate. For brevity, the discusson of conventiona classfiersisredtricted to linear
discriminant (LD), (Hand 1997; McLachlan 1992), and the resampling-weighted k-nearest
neighbor (£-NN) (Stede and Patterson 2000) rules and a spatid classifier useful for land cover



mapping (Stede submitted). However, the combination methods are quite generd, and other
classfiers can be used in place of these classifiers. The probability estimates obtained from the
jthdassifier, j=1,..., ¢, aedenoted by p/ (o), h = 1,..., 9. Theindex j will be omitted
when it is clear which dlassifier is being discussed.

3.1 The Resampling-Weighted £-NN Classifier

The resampling-weighted £-NN classfier isasmoothed verson of the usud £-NN estimator
(McLachlan 1992, Ch. 9) of Plyy = h | to]. The k-NN estimator of Plyg = h | t,] isthe
sample proportion of observations belonging to ¢, among the k& nearest neighbors and can be
expressed as Zf.:l U (yo,; = h)/k, where ¥ (P) istheindicator function of the event P and
¥, ; denotes the group label of the jth closest observation to zy among z. Theweights are
derived by taking the expectation of the £-NN estimator under bootstrap sampling. That is, the
sample z is replaced by a random bootstrap sample z* and the expectation is taken with
respect to the empiricd digtribution function F. Accordi ngly, the resampling-weighted £-NN

esimator is
L
pr(wo) = E;Eﬁ‘l’(yg,j =h)
]:

k n
1
- gzzpﬁwé,j = a,;)¥(w,i =h), (1)
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where g/ j denotes the group label of the jth closest observation to xy among =* and

Pﬁ(a:(’; i= x( ;) isthe probability that () ;, the ith closest observation to =y among z, isthe

jth closest sample observation to xy anong ™. Rearranging eguation (1) showsthat the
resampling estimator is aweighted average over al sample observations where the weight w; j,
assigned to x) ; isthe probability thet - ; will be among the k-closest neighbors of . That

IS,



1 n
pn(zo) = Ezwi,k U(yo,i =h),
=

where w; j, = ZlePﬁ(:caj =z ;)/k. In comparison, the conventiona k-NN estimator
assgnstheweight W (i <k) /k to xp ;. Steele and Patterson (2000) present formulae for
computing the va(”?ij =z ;)'s. For my examples, the accuracy estimates for the resampling
weightedk -NN dassfier were dightly larger than the conventiond k£-NN dassfier. Generdly,
the resampling weighted £-NN classfier dightly faster to compute than the conventiond k£-NN

classfier because tie-breaking is not necessary.

3.2 TheLinear Discriminant Classifier

The linear discriminant classfier (Seber 1984, Ch. 4) is gpplied under the assumption of
equd prior probabilities of group membership. The Mahaanobis distance from z( to G, is
denoted by my, (tg) = (to — Zh)/f)_l (to — tp), wheret;, denotes the (multivariate) sample
mean of the group h covariate vectors, S isthe pooled sample variance-covariance matrix, and
' denotes the transpose of the vector «. The posterior probability of membershipin Gy, is
estimated by

exp[—ma(to)/2]

p .
:19<p[—mj(to)/2]

pr(zo) =

J

3.3 The Spatial Classifier

Variation in landform or climate may induce patterns in the spatid distribution of land cover
types. For example, there will be differences in precipitation and vegetation distribution on
opposing sides of a mountain range because of orographic effects. To exploit spatia
information, Steele (submitted) proposed a classifier based on the spatia distances from an
unclassified observation to its the spatidly nearest training observations within each of the g
groups. The spatid classfier is congtructed asfollows. The spatia point-to-group distance



from an observation x( to G, denoted by dy, (2 ), is the Eculidean distance between 2, and
the location coordinate pair of its nearest training set neighbor in G,. Smilaly, dy, (2, ) denotes
the distance between 2, thelocation of the kth training observation ;. € G, and its nearest
neighbor in G, and Dy, ={d(%) | k=1,...,n}} denotesthe set of within-G;, nearest
neighbor distances. Suppose that 7, denotes the location of arandom map point. Therank of
dp,(zp) among the dements of D, is used to estimate the probability of obtaining a nearest

neighbor distance greater than dy, (2 ), given that the land cover type at 7, isGy,. Spedficdly,

the estimator is
Pl (Zo) > du() | yo =h] 2
) ( {dn(z) € Dy | d/;(%) > dp(20)}| —-5, £y ( ) <max Dy,
= h
S/max{ny,...,ng}, if dp,(z) > maxDy,.

where | A| denotes the cardindity of the set A. The estimator of P{dy(Zy) > dpn(2) | yo =h]
reverses and scales the rank of dj, (z,) among Dy, so that the smdll distances produce estimates
near 1 and large distances produce estimates near 0. Findly, the spatid estimator of the
unconditiona probability of membershipin GGy, is defined to be

_ Pldy(Zo) > dp () | yo =h] _

iﬂ%@m>%%ﬂm=ﬂ
2

pr( ) (€))

Appendix 1 provides some additiona details regarding the spatid classfier.

4. COMBINING CLASSIFICATION RULES
The problem of combining predictions originating from different predictors has been sudied
sncethe 1970's. Breiman (1996) and Hand (1997, Ch. 9) review the subject; recent articles
include LeBlanc and Tibshirani (1996), Merz (1999), Merz and Pazzani (1999), and
Mojirsheibani (1999). Rather than attempt to provide a comprehensive review of combination
classfiers, | concentrate on one type of combination classifier and propose a smple dternative

method. Suppose that ¢ classfiers have produced estimates of Plyg = h | x| for each



h=1,...,g. Arguably, the mpliest method of combining rulesassgns z to GG, if thesum
sp(xy) = Z§:lp‘2($0) islargest among s1 (), ..., sg(zg). A wesknessof thisruleisthat
al VdueSp}ll(xO), .., P} (o) aregiven the same weight in the sum, yet there may be significant

differences among classifiers with respect to estimation accurecy.

4.1 The Product Rule
An dternative method of combining classifiers, the product rule, is proposed which uses
products

rn(z0) = [ [ 7], (x0). h=1,.... 9, @

ingtead of sums. The product rule estimator of Plyg = h | x¢] iSrh(:Eg)/Zzzl ri(zp). An
unclassified observation = isassigned to Gy, if ry,(zg) islargest among 1 (xg), ..., rg(xo).
Thisrule imposes aform of consensus agreement among the classfiersin the sense that if just
one classfier indicates that membership in G, is very unlikely, then the combingtion dassfier is
unlikely to assign x( to GG;,. The consensus property is a consequence of the product being
smdler than its smalest component term. Specificaly, if p];;(:co) isnear zero, then ry, () is
also near zero because ry, () < p];;(xo), k=1,...,c. Theproduct ruleisvery easy to
compute once the conventiond classifiers have produced the estimates of Plyg = h | zg]. In
contrast, other combination methods, including the stacked regression method discussed below,
require substantialy more computationd effort.
4.2 Stacked Regression

The stacked regression method (Breiman 1996; Wolpert 1992) uses the method of least
squaresto try to find linear combinations of the probability estimates from severd classfiers
which improve on individua classfier accuracy. To set up the discussion, suppose that
membership probabilities are estimated for :y usng ¢ different classfiers, and dl gc estimates

are collected in the vector



p(xol) = [py(20) - py(wo) - 1 (20) -~ pf(x0)]'. (5)
gex

Thevectors p(z;),i=1,...,n, aesacked asrowsinan x gc matrix denoted by P. Let
uy, denote a n-vector identifying training set membershipsin G,; i.e,, the ith dement is

wn=a o ©
Consder themodd vy, = Pgy, + €, Where (35, isa ge-vector of unknown parameters, and
isavector of independent random variables with mean 0 and acommon variance. Then, an
estimate 3;, can be obtained by solving the normal equations P’ P3;, = P'uy, for 8. An
unclassified observation x is assigned to the group with the largest value of ) j, = p(xo)’Bh,
h=1,...,g9. Tthecolumnsof P are subject to ¢ linear congtraints because the estimated
group membership probabilities obtained from a particular classifier are congtrained to sumto 1.
Hence, P’ Pissingular. A solution to the normal equationsis 3, = (P P)~ P'uy,, where
(P' P)~ isthe Moore-Penrose generalized inverse (Schott 1997, Ch. 5) of P’ P.

Over-fitting is a potentially important problem with the stacked regression approach as
described above. The 35,'s will tend to be over-fit (Breiman 1996; LeBlanc and Tibshirani
1996) because the u;,'s are regressed on the columns of P, and P is determined by the u,'s.
Breiman (1996) and LeBlanc and Tibshirani (1996) reduce over-fitting by congtructing P from
cross-vdidation versons of the p(z;)'s. Spedificdly, x; ishdd-out in cdculating p(x;). The
remaning n — 1 observations and al ¢ classfiers are used to congtruct ¢ new dassfication rules
andto computetheestimatesp% @i), .-, Pg(xi), i=1,...,n. Forlarge datasets, computing
P by crossvdidation is time-consuming because n.c classfication rules must be constructed.

An dternative stacked regression model, motivated by the product rule, isuy, = In Py,

+ 52 wherethen x ¢ matrix Py, iscongtructed from the ¢ columns of P containing the
probability estimates of group membershipin G . The estimates?y, ..., 7, can be used to

c . —~
construct a product rule which computes [Tp; ()7 insteed of formula (4). This strategy was



found to perform poorly relative to both the product rule and the stacked regression methods
and will not be discussed further.
4.3 Improvementsto Stacked Regression

A second problem, not unique to stacked regression, is that least squares may not yield the
best possible predictor of the membership label . LeBlanc and Tibshirani (1996) and
Breiman (1996) discuss severa approaches to improving predictions. Three approaches were
investigated. The firgt, subset regression, uses a subset of the predictors (i.e., columns of P).
Subset regresson was carried out using a backwards selection algorithm which retained a
predictor only if theratio of corresponding parameter estimate to its Standard error estimate was
at least 2 in absolute vaue. A second gpproach imposes non-negativity congtraints on the
components of ﬁh to insure that the u 5,'s are non-negative. Following LeBlanc and Tibshirani
(1996) and Breiman (1996), Lawson and Hanson's (1974) agorithm was used to impose non-
negativity congdrants.

The third gpproach to bias correction is LeBlanc and Tibshirani's (1996) method of
computing 3 from bias-corrected versions of P’ P and P'uy,. Their method draws B
bootstrap training samples, z*?, b = 1, ..., Bfromz. The bootstrap samples are used to
calculate group membership probabilitiesfor each z; € z and x; € z*Y using dassfiers
congtructed from z*?. Let z; and z» be subsets of , and let P(x ,x2 ) denote amatrix of
probability estimates computed by using = to dassfy . Let uy, (9 ) denote the indicator
vector identifying membership in GG, for the observations contained in 5. The bootstrap

corrected versions of P/ P and P, are

B
(P'P)y. = P(z,2) Pz ,2) + =3 [P, 2)P(@",z) - P(z*, &) P@* &™)



Bias-corrected etimators of 3}, are corrected by solving the norma equations (P’ P),,. 3y,

= (P'up,)pe. A paticular advantage of this gpproach isthat variable selection is easily
accomplished by deleting rows and columns of (P’ P)y,. and (P’ up, )y before solving the
normal equations.

| propose a bias avoidance approach based on the |eave-one-out bootstrap (Efron and

Tibshirani 1997). To set up the method, let z*? denote set of observationsthat have been left
out of the boostrap sample (approximately 36.8% areleft out of *?). Let P(z*? ,z*?)
denote the matrix obtained from constructing the classifiers from z*?, and estimating group
membership probahilities for each observation in z*?. The leave-one-out versions of P/ P and

Py, ae

(P/P)_ _ _Z[P(w*b : w*_b)/P(x*b ,x*b)

1 B
(Plup)- = Z[P(w*b,xib)/uh(xib).

Variable sdlection can be carried out using the leave-one-out version of P’ P and P’ wy,.
Compuitationally, the bias avoidance gpproach is somewhat easier to implement and faster to
carry out than LeBlanc and Tibshirani's (1996) bias correction agpproach becauseit is not
necessary to compute P(z ,x).
4.4 Mojirsheibani's (1999) M ethod

Mojirsheibani (1999) combines multiple classfication rules by identifying training
observations that are the same as xy with respect to predicted group membership. This subset
of training observations are used dlassfy x by finding the plurdity group. Specificdly, each
training observation, z;, i = 1, ..., n, isdassfied usng each of the ¢ dassfiersand thetraining
set of n — 1 observations obtained by holding out z;. Lety; = @}, ..., ¥;) and g, denote

the c-tuples of membership predictions for x; and for x(, respectively, obtained from the ¢



classfiers. Mgjirsheibani's (1999) method forms the subset of training observations which are
dasdified the same as v by dl dassifiers ie, so ={z; € |7} =7p, ..., 95 =75}, ad
predicts x( to belong to the group with greatest number of training observationsin s .
5. Accuracy Estimation

Accuracy was estimated usng k-fold cross-validation (Efron and Tibshirani 1993, Ch. 17).
A k-fold cross-vdidation splits the datainto £ digoint subsets of gpproximately equa sze. The
bthsubset, b = 1,..., k, isdassfied usng theremaning k£ — 1 subsets, and the predictions are
compared to the recorded memberships to obtain accuracy estimates. For example, n-fold
cross-vaidation classfies each observation using the rule constructed from the other n — 1
observations. For stacked regression methods, an exact n-fold cross-vdidation agorithm
requiresthat al n — 1 vectors p(z;), j=1,...,i—1,i+1,...,n berecomputed when z;,
i=1,...,n,Iisleft out; consequently, cn(n —1) cdassfication rules must be computed. If all
n — 1 vectors p(z ;) are not recomputed, ; will contribute to each of the p(x;)'s, albeit
weekly. Hence, z; will influence P and the estimates of 31, ..., B, throughthe p(z;)'s.
Ten-fold cross-validation was used in this study because the enormous computationa effort
demanded by n-fold cross-vaidation for stacked regresson and the example data sets. An
approximate cross-vaidation algorithm which did not recompute p(z ;) when dassifying =;
yielded accuracy estimates for stacked regression combination classfiers that were sometimes
subgtantidly larger than the 10-fold cross-vaidation estimates. For the example data sets
discussed herein, and probably in generd, it is necessary to use digoint training and test sets
when estimating accuracy for combination classfiers because of the tendency for over-fitting.
6. Examples
In this section, we discuss classification results for two data sets used to dassfy adjacent
Landsat TM scenes Path 41, Row 29 (P41/R29) and P41/R28. These scenes cover a
combined land area of 6.42 million hectares located in west-central Montana and central Idaho
and encompass a rectangular region gpproximately 75 by 300 km in dimension (Figure 1). The
land cover type maps were prepared jointly by the Craighead Wildlife-Wildlands Indtitute,
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MissoulaMT, and the Wildlife Spatid Andysis Laboratory, Montana Cooperative Wildlife
Research Unit, of the University of Montana for the purpose of andyzing habitat suitability for a
number of species such as grizzly bears and bighorn sheep. Craighead et d. (1999) provide a
detailed discussion of the research.

The landscape of the northern scene (P41/R28) is dominanted by the Bitterroot mountains,
and the climate is moist Pacific maritime moderated by occasiond intrusons of continenta air
masses (Cooper et d., 1987). The vegetation is generdly mesic; montane forests dominate the
region but there are lesser amounts of shrublands and grassands. Agricultura and urban areas
occupy only afew percent of the region. The southern scene (P41/R29) is dominanted by the
Idaho batholith, alarge, uplifted mountainous region located in the north and center, and basin
and range landscapes in the south.  The climate changes rapidly from Pacific maritime in the
extreme north to arid Basin and Range in the south (Stede et d., 1981). Vegetation isamosaic
of forest, shrub, and grasdand community types with agriculture largely limited to the Snake
River plain located aong the southern periphery of the scene. Table 1 showsalist of land cover
types used for mapping purposes.

The combined scenes contain more than 4.8 million hectares of wilderness and adjacent
unroaded areas, dmost dl of which isunder Federal ownership. Because of the cost and effort
required of sampling in mountain wildernesses, the training sets were congiructed by combining
data originating from a variety of sampling projects. Usudly, these projects were conducted by
government agencies for land cover mapping purposes, but some of the data were collected to
samply summarize the range and extent of vegetation types. USDA Forest Service personnel
usualy sampled accessible areas within their Forest or Didtrict boundaries, but the Craighead
Wildlife-Wildlands Indtitute concentrated their sampling efforts in and around the remote and
relaively inaccessble wilderness aress. Privatdy held lands were rarely sampled. Figure 1,
showing plot locations and topographic relief for the combined scenes revedls that sampling
intengty and plot (sample point) density is spatidly variable with severd regions with few or no

plots and afew regions with high plot densities. Obvioudy, these data do not condtitute a
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probability sample; hence, accuracy estimates obtained from the training data are only
meaningful for the sampled aress.

The land cover type classification system for Landsat TM scene PA1/R28 identified 15 land
cover types (described in Table 1), and 3005 training observations were used for classfication.
The covariates used for classification were seven of the eight TM bands, devation, dope, and a
measure of solar insolation computed from aspect and dope. Three classifiers were used: the
20-resampling weighted k£-NN rule, thelinear discriminant (LD) rule, and the spatid dlassfier,
and combined pair-wise and as atriple.

6.1 Combination Classifiers

Ten-fold cross-vaidation accuracy estimates were computed using the product rule,
Mojirsheibani's (1999) method, and severa variants of stacked regresson. The variations of
stacked regression that with and without variable selection and no bias correction, stacked
regression with non-negativity congraints and without variable selection and no bias correction,
stacked regression with variable selection and with LeBlanc and Tibshiriani's bias correction,
and stacked regression with variable selection and the bias avoidance method. Four
combinations were produced using esch of the combination methods: 20-NN resampling & LD,
20-NN resampling & spatid, LD & spatia, 20-NN resampling & LD & spatid. Asamatter of
organization, those methods that do not involve bootstrap agorithms are compared first and
separately from those methods utilizing the bootstrap.

Overdl cross-vdidation accuracy estimates for 20-NN, LDF, and spatid classfier were
0.569, 0.552, and 0.446, respectively. Table 2 compares 10-fold cross-validation accuracy
estimates obtained from TM scene P41/R29.

6.1 Combination Classifiers

Overdl cross-vdidation accuracy estimates for 20-NN, LDF, and spatid classfier were
0.569, 0.552, and 0.446, respectively. Table 2 showsthe overal CV accuracy estimates for
three combination classfiers 20-NN and the spatid classfier, LDF and the spatid classfier,
and 20-NN, LDF and the spatid classfier, and sx combination methods: the class mgority,
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sum and product rules, and stacked regresson with and without non-negativity congraints, and
stacked log-regresson. The class mgority, sum, and product rules, and constrained stacked
regression yielded smilar overal CV esimates ranging from 0.597 to 0668. The unconstrained
stacked regression and stacked |og-regression methods yielded larger CV accuracy estimates,
ranging from 0.682 t0 0.826. The best combined CV accuracy estimates corresponds to an
improvement of 45% =100(0.826—0.569)/0.569 over the best sSingle classifier CV
accurecy estimate. Table 3 shows CV accuracy estimates for each group obtained from the
uncombined classifers and the three combination classifiers using stacked log-regression to
combine the classifiers. In afew instances, sngle classifiers produced larger CV estimates than
the combined classfers (e.g., the CV estimates for 3310 usng LDF and the patid classfier is
0.00. Table4 compares group CV accuracy estimates obtained from the combined 20-NN,
LDF and the spatid classifier by combination method.

6. Conclusons
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APPENDIX

When d, (z) > maxDy,, the estimate of P(dy,(Zy) > dn(a) | yo =h ) isdefined to be
b/max{ny,...,ng} for thefollowing reasons. Supposethat x isdisant from dl training
points, specificaly, supposethat dy,( z)) > max Dy, forh =1,...,g. Then, thereislittle or no
gpatid information indicating that membership in one group is more likely than another, and
P(dp(Zo) > di(2) | yo =h) should take on the same valuefor eech h = 1,...,g. The
vaue.5/max{ni,...,ng} isused so that P(dp(Zy) > di(2) | yo =h) isthe samefor each
h and to insure that it is amonoatonicaly decreasing function of dj, (zy). This definition dso
accounts for sample size differences between groups. Point-to-nearest neighbor distances will
tend to be large for groups with small sample sizes, and vice versa. Consequently, without
adjusments for sample size differences, the spatid classfier will tend to assign z to the groups
with the largest sample sizes. Definition (0) may be modified to incorporate prior probabilities
viathe usud Bayes rule caculation of posterior probabilities (McLachlan 1992, Ch. 2).
Moreover, the spatid dassfier may be modified by defining the point-to-distance d, differently;

eg., dp(zp) could be defined as the mean distance from zj to its k& nearest neighborsin G,.
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Tables

Table 1. Land cover types, sample sizes, and LD 10-fold cross-validation accuracy estimates
for LANDSAT scenes P41/R28 and P41/R29.

P41/R28 P41/R29

Code Land cover type N  Accuracy N Accuracy
3100 Xericgrasdand 89 409  0.83

Mesic grasdand and
3180  subapline meadows 57 31  0.35
3200 Mesc Shrubland 272 316 0.58
3300 Xeric Shrubland — 388  0.70
3310 Non-sagebrush xeric shrubland 38 —
3350  Sagebrush shrubland 30 —

Shrub and herbacious-
3400 dominated burn 49 111 0.62
4203 Lodgepole pinedominated forest 472 631 0.70
4206 Ponderosa pine dominated forest 100 153  0.55
4212 Douglas fir dominated forest 431 502  0.49
4230 Mixed Douglasfir/ponderosa pine — 322 042
4260 Mixed whitebark pine forest 135 221 0.72
4270 Mixed subapline forest 497 243 0.5
4280 Mesicforest

conifer regeneration 394 183  0.63
4410 dominated burn 69 59 0.61
6200 Herbaceous riparian 33 80  1.00
7300 Rock dominated 112 225  0.67
9100 Snowfied orice — 19 0.79

Totd 2778 3923  0.6345
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