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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 limits their usability.  This article investigates methods of combining classification

rules for improving accuracy in general, and for exploiting spatial information in particular.  We

examine the performance of these methods and the stacked regression method of Breiman

(1996) and Mojirsheibani (1999) along with several variants.  In our applications, a land cover

map is a partition of an area into contiguous unclassified polygons which are assigned land cover

types via a classification rule.  Because polygons tend to differ with respect to land cover type,

spatial association patterns are largely absent from polygon maps.  However, there is some

spatial information carried by the training observations.  We propose a spatial classifier that uses

spatially-close training observations for classification.  While the spatial classifer is not

particularly accurate, remarkable improvements in estimated accuracy were obtained when it

was combined with linear discriminant and -nearest neighbor classifiers.5
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1.   Introduction

Geographic information systems (GIS) are widely used for large-scale resource analysis,

monitoring, and management.  An important component of many GIS is a land 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 a classifier.   Data are obtained from two sources.  Spectral reflectance measurements are

collected for all polygons by a remote sensing device such as the Landsat Thematic Mapper

satellite.  In addition, a training sample is collected by ground visitation of a subset of all map

polygons.  Then, a classification rule is constructed 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 at a fine scale, classification, and hence, map

accuracy is sometimes unsatisfactory for complex or wild landscapes such as those in the Rocky

Mountains.  Scott et al. (1993) and Moisen and Edwards (1999) provide examples of land

cover map applications.

This article addresses several aspects of classification for land cover mapping. The principal

topic is that of improving classification accuracy by combining multiple classifiers as a single

classifier.  Stacked regression methods (Breiman 1996; LeBlanc and Tibshirani 1996) are

emphasized.  I propose a very simple combination method which compares favorably with

competing methods.  The performance of the combination methods is compared by applying

them to several training sets.

2. LAND COVER MAPS

A land cover map consists of a set of contiguous and disjoint 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, a land cover map amounts to a set of

<-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 unclassified polygons  scene.  Then, polygonsfrom a Landsat Thematic Mapper (TM) satellite
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are assigned land cover type using a classifier (Foody, McCulloch and Yates 1995; Homer,

Ramsey, Edwards, and Falconer 1997).  A TM scene consists of a lattice of approximately

$(Þ)‚"! $!‚$!'  pixels of dimension  m; for each pixel, and spectral reflectance intensity is

recorded for eight bands of the electromagnetic spectrum.  The total area covered by a TM

scene is approximately  km  (Sabins 1997).  Figure 1 shows two TM scenes, training$%ß!!! #

sample locations and topographic relief.

Usually, polygons are constructed by aggregrating adjacent and spectrally similar pixels using

image segmentation algorithms ( Ryherd and Woodcock 1996; WoodcockHomer et al. 1997; 

and Harward 1992).  Polygons are preferred as mapping units because they tend to be

relatively homogeneous with respect to land cover and much more easily located for ground

sampling.  Computational effort of map construction and use is greatly reduced because the

number of polygons is substantially fewer than the number of pixels.  For example, the two TM

scenes discussed in this article consist of  and  polygons, respectively. Polygons(!$(!" )"$#%'

vary in size and shape, and djacent polygons often differ with respect to land cover type.a

Consequently, spatial correlation among neighboring polygons tends to be weak and variable.

3. CLASSIFIERS

Suppose that training sample  a  has been collected by random samplingB œÖB ßá ß B ×" 8

of a population  consisting of  subpopulations, or groups .  The th observationc 1 K ßá ßK 3" 1

in  is a triple denoted by  where  is a covariate vector,  is a group labelB B œ > ß C ß D > C3 3 3 3 3 3a b
identifying group membership, and  is a location coordinate.  For the remaining unclassifiedD3

pairs in , a covariate vector  and location , are observed, but the group label  isc > D C! ! !

unobserved.  The posterior probability that  belongs to  is denoted by .  A> K TÒC œ 2 ± > Ó! 2 ! !

general approach to combining classifiers can be formulated by treating classifiers as estimators

of  which assign  to the group with the largest posteriorÐTÒC œ " ± > ÓßáßTÒC œ 1 ± > ÓÑ B! ! ! ! !

probability estimate.  For brevity, the discussion of conventional classifiers is restricted to linear

discriminant (LD), (Hand 1997; McLachlan 1992), and the resampling-weighted -nearest5

neighbor ( -NN) (Steele and Patterson 2000) rules and a spatial classifier useful for land cover5
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mapping (Steele submitted).  However, the combination methods are quite general, and other

classifiers can be used in place of these classifiers.  The probability estimates obtained from the

4th classifier,  are denoted by 4œ " ßá ß - : B 2 œ " ßáß1 4, , .  The index  will be omitted2
4
!a b

when it is clear which classifier is being discussed.

3.1 The Resampling-Weighted -NN Classifier5

The resampling-weighted -NN classifier is a smoothed version of the usual -NN estimator5 5

(McLachlan 1992, Ch. 9) .  The  of  -NN estimator of is theTÒC œ 2 ± > Ó TÒC œ 2 ± > Ó! ! ! !5

sample proportion of observations belonging to  among the  nearest neighbors and can beK 52

expressed as where  is the indicator function of the event  and! a b4œ"
5 GÐ Ñ T TC!ß4 œ 2 Î5, G

C B!ß4 ! denotes the group label of the th closest observation to  among The weights are4 B .  

derived by taking the expectation of -NN estimator .  That is, thethe  under bootstrap sampling5

sample  is replaced by a random bootstrap sample  and the expectation is taken withB B‡

respect to the empirical distribution function  Accordingly, the J 5s. resampling-weighted -NN

estimator is

: B2 !a b œ
œ œ Ñ Ð

"
5

I Ð œ2Ñ

"
5

T Ð œ2Ñ

"
""
4œ"

5

Js
‡
!ß4

4œ"3œ"

5 8

Js !ß3 !ß3

G C

B B C‡
!ß4 G , (1)

where  denotes the group label of the th closest observation to  among   andC B‡ ‡
!ß4 !4 B

T ÐJs !ß3 !ß3B B B B‡
!ß4 !œ Ñ 3 B is the probability that the th closest observation to  among , is the, 

4 Bth closest sample observation to  among . !
‡B  Rearranging equation (1) shows that the

resampling estimator is a weighted average over all sample observations where the weight A3ß5

assigned to  is the probability that  will be among the -closest neighbors of .  That B B!ß3 !ß3 !5 B

is,
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: B2 !a b œ Ð
"
8

A œ2Ñ"
4œ"

8

3ß5 !ß3G C ,

where .  In comparison, the conventional -NN estimator A œ T Ð3ß5 !ß34œ"
5

Js
! B B‡

!ß4 œ ÑÎ5 5

assigns the weight  to GÐ3Ÿ5ÑÎ5 B!ß3.  Steele and Patterson (2000) present formulae for

computing the T ÐJs !ß3B B‡
!ß4 œ Ñ's.  For my examples, the accuracy estimates for the resampling

weighted -NN classifier were slightly larger than the conventional -NN classifier.  Generally,5 5

the resampling weighted -NN classifier slightly faster to compute than the conventional -NN5 5

classifier because tie-breaking is not necessary.

3.2 The Linear Discriminant Classifier

The linear discriminant classifier ( is applied under the assumptionSeber 1984, Ch. 4)  of

equal prior probabilities of group membership.  The Mahalanobis distance from  to  isB K! 2

denoted by , where  denotes the (multivariate) sample7 > œ > � > > � > >s2 ! ! 2 ! 2 2
w �"a b ˆ ‰ ˆ ‰D

mean of the group  covariate vectors,  is the pooled sample variance-covariance matrix, and2 sD

? ? Kw
2 denotes the transpose of the vector The posterior probability of membership in  is.  

estimated by

: œ
�

�
2 !

2 !

4œ"

1
4 !

a b a b
! a bB

7 > Î#

7 > Î#

exp

exp
.

c d
� ‘

3.3 The Spatial Classifier

Variation in landform or climate may induce patterns in the spatial 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 spatial

information, Steele (submitted) proposed a classifier based on the spatial distances from an

unclassified observation to its the spatially nearest training observations within each of the 1

groups.  The spatial classifier is constructed as follows.  The spatial point-to-group distance
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from an observation  to , denoted by , is the Eculidean distance between  andB K . D D! 2 2 ! !a b
the location coordinate pair of its nearest training set neighbor in .  Similarly,  denotesK . D2 2 5a b
the distance between , the location of the th training observation nearestD 55 B − K5 2, and its 

neighbor in , and  denotes the set of K œÖ. D ± 5œ " ßá ß 8 ×2 2 2 5 2H a b within-  nearestK2

neighbor distances he .  Suppose that  denotes the location of a random map point.  T rank of^!

. D2 ! 2a b among the elements of  is used to H estimate the probability of obtaining a nearest

neighbor distance greater than . D ^ K2 ! ! 2a b, given that the land cover type at  is .  Specifically,

the estimator is

TÒ. ^ � . D ± C œ2Ós

œ
. D − ± . D � . D �Þ&

8
ß . D �

Þ&Î 8 ßá ß 8 ß . D  

2 ! 2 ! !

2 5 2 2 5 2 !

2
2 ! 2

" 2 ! 21

a b a bÚ
ÛÜ

k ke fa b a b a b a b
e f a b
H

H

H

if ,

max if .

(2)

max

max

where  denotes the cardinality of the set .  The estimator of k k a b a bE E TÒ. ^ � . D ± C œ2Ó2 ! 2 ! !

reverses and scales the rank of  among  so that the small distances produce estimates. D2 ! 2a b H

near  and large distances produce estimates near .  Finally, the spatial estimator of the" !

unconditional probability of membership in  is defined to beK2

: B œ
TÒ. ^ � . D ± C œ2Ós

TÒ. ^ � . D ± C œ4Ós
2 !

2 ! 2 ! !

4œ"

1
4 ! 4 ! !

a b a b a b
! a b a b . (3)

Appendix 1 provides some additional details regarding the spatial classifier.

4.  COMBINING CLASSIFICATION RULES

The problem of combining predictions originating from different predictors has been studied

since the 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

classifiers, I concentrate on one type of combination classifier and propose a simple alternative

method.  Suppose that  classifiers have produced estimates of  for each- T C œ 2 ± Bc d! !
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2 œ " ßáß1 B K.  Arguably, the simpliest method of combining rules assigns  to  if the sum! 2

= B œ : B = B ßá ß = B2 ! ! " ! !4œ"
- 4

2 1a b a b a b a b!  is largest among .  A weakness of this rule is that

all values  are given the same weight in the sum, yet there may be significant: B ßá ß : B" -
2 2! !a b a b

differences among classifiers with respect to estimation accuracy.

4.1 The Product Rule

An alternative method of combining classifiers, the , is proposed which usesproduct rule

products

 (4)< B œ : B ß2œ" ßáß1 ß2 ! !
4œ"

-
4
2a b a b$

instead of sums.  The product rule estimator of  is .  AnT C œ 2 ± B < B Î < Bc d a b a b!! ! 2 ! 5 !5œ"
1

unclassified observation  is assigned to  if   is largest among .B K < B < B ßá ß < B! 2 2 ! " ! !1a b a b a b
This rule imposes a form of consensus agreement among the classifiers in the sense that if just

one classifier indicates that membership in  is very unlikely, then the combination classifier isK2

unlikely to assign  to .  The consensus property is a consequence of the product beingB K! 2

smaller than its smallest component term.  Specifically, if  is near zero, then  is: B < B5
2 ! 2 !a b a b

also near zero because , .  The product rule is very easy to< B Ÿ : B 5 œ " ßáß-2 ! !
5
2a b a b

compute once the conventional classifiers have produced the estimates of .  InT C œ 2 ± Bc d! !

contrast, other combination methods, including the stacked regression method discussed below,

require substantially more computational effort.

4.2 Stacked Regression

The stacked regression method (Breiman 1996; Wolpert 1992) uses the method of least

squares to try to find linear combinations of the probability estimates from several classifiers

which improve on individual classifier accuracy.  To set up the discussion, suppose that

membership probabilities are estimated for  using  different classifiers, and all  estimatesB - 1-!

are collected in the vector
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: B œ Ò Ó Þ: B â : B â : B â : Ba b a b a b a b a b! 1 1
1-‚"

" " - - w
" "! ! ! ! (5)

The vectors , , are stacked as rows in a  matrix denoted by .  Let: B 3 œ " ßáß8 8‚1-a b3 T

? 8 K 32 2 denote a -vector identifying training set memberships in ; i.e., the th element is

? œ
"ß C œ 2
!ß C Á 23ß2

3
3

œ if , 
if . (6)

Consider the model , where is a -vector of unknown parameters, and ? œ � 1-2 2 2 2 2T" & " &

is a vector of independent random variables with mean  and a common variance.  Then, an!

estimate  can be obtained by solving the normal equations  for .  An" " "s œ ?2
w w

2 2 2T T T

unclassified observation  is assigned to the group with the largest value of ,B ?s œ : B s! !ß2
w
2a b0 "

2 œ " ßáß1 -.   Tthe columns of are subject to  linear constraints because the estimatedT  

group membership probabilities obtained from a particular classifier are constrained to sum to ."

Hence, is singular.  A solution to the normal equations is , whereT T T T Tw w � w
2 2 "s œ Ð Ñ ?

Ð ÑT T T Tw � w is the Moore-Penrose generalized inverse (Schott 1997, Ch. 5) of .

Over-fitting is a potentially important problem with the stacked regression approach as

described above.  The 's will tend to be over-fit (Breiman 1996; LeBlanc and Tibshirani"2

1996) because the 's are regressed on the columns of , and is determined by the 's.? ?2 2T T  

Breiman (1996) and LeBlanc and Tibshirani (1996) reduce over-fitting by constructing fromT  

cross-validation versions of the 's.  Specifically,  is held-out in calculating .  The: B B : Ba b a b3 3 3

remaining  observations and all  classifiers are used to construct  new classification rules8 � " - -

and to compute the estimates , .  For large data sets, computing: B ßá ß : B 3 œ " ßáß8" -
" 3 31a b a b

T  by cross-validation is time-consuming because  classification rules must be constructed.8-

An alternative stacked regression model, motivated by the product rule, is ln ? œ2 2 2T #

� 8 ‚ - -&‡2 2 where the  matrix is constructed from the  columns of  containing theT T 

probability estimates of group membership in .  The estimates  can be used toK s ßáßs2 " 1# #

construct a product rule which computes  instead of formula (4).  This strategy was# a b- 4 s
2 !: B #4
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found to perform poorly relative to both the product rule and the stacked regression methods

and will not be discussed further.

4.3  Improvements to 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) andC!

Breiman (1996) discuss several approaches to improving predictions.  Three approaches were

investigated.  The first, subset regression, uses a subset of the predictors (i.e., columns of ).T

Subset regression was carried out using a backwards selection algorithm which retained a

predictor only if the ratio of corresponding parameter estimate to its standard error estimate was

at least  in absolute value.  A second approach imposes non-negativity constraints on the#

components of  to insure that the 's are non-negative.  Following LeBlanc and Tibshirani"s ?s2 !ß2

(1996) and Breiman (1996), Lawson and Hanson's (1974) algorithm was used to impose non-

negativity constraints.

The third approach to bias correction is LeBlanc and Tibshirani's (1996) method of

computing  from bias-corrected versions of and .  Their method draws "s ? FT T Tw w
2 

bootstrap training samples,   from .  The bootstrap samples are used toB B‡, ß , œ " ßáßF

calculate group membership probabilities for each and  using classifiersB − B −3 4
‡,B B  

constructed from .  Let  and  be subsets of , and let denote a matrix ofB B B B T B B‡,
" # " #Ð ß Ñ 

probability estimates computed by using  to classify .  Let  denote the indicatorB B B" # 2 #? a b
vector identifying membership in  for the observations contained in .  The bootstrapK2 #B

corrected versions of  and  areT T Tw w
2?

Ð Ñ œ Ð ß Ñ Ð ß Ñ � Ò Ð ß Ñ Ð ß Ñ � Ð ß Ñ Ð ß ÑÓ
"
F

T T T B B T B B T B B T B B T B B T B Bw w ‡, w ‡, ‡, ‡, w ‡, ‡,
,-

,œ"

F"

and

Ð ? Ñ œ Ð ß Ñ ? � Ò Ð ß Ñ ? � Ð ß Ñ ? Ð ÑÓ
"
F

T T B B B T B B B T B B Bw w ‡, w ‡, ‡, w ‡,
2 ,- 2 2 2

,œ"

Fa b a b" .
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Bias-corrected estimators of  are corrected by solving the normal equations " "2 ,- 2
wÐ ÑT T

œ Ð ? ÑT w 2 ,- .  A particular advantage of this approach is that variable selection is easily

accomplished by deleting rows and columns of  and  before solving theÐ Ñ Ð ? ÑT T Tw w
,- 2 ,-

normal equations.

I propose a bias avoidance approach based on the leave-one-out bootstrap (Efron and

Tibshirani 1997).  To set up the method, let  denote set of observations that have been leftB‡,�

out of the boostrap sample (approximately 36.8% ).  Let are left out of B T B B‡, ‡, ‡,
�Ð ß Ñ

denote the matrix obtained from constructing the classifiers from , and estimating groupB‡,

membership probabilities for each observation in .  The leave-one-out versions of  andB T T�
‡, w

T w 2?  are

Ð Ñ œ Ò Ð ß Ñ Ð ß Ñ
"
F

T T T B B T B Bw ‡, ‡, w ‡, ‡,
�

,œ"

F

� �"

and

Ð ? Ñ œ Ò Ð ß Ñ ? Ð Ñ
"
F

T T B B Bw ‡, ‡, w ‡,
2 2�

,œ"

F

� �" .

Variable selection can be carried out using the leave-one-out version of  and .T T Tw w
2?

Computationally, the bias avoidance approach is somewhat easier to implement and faster to

carry out than LeBlanc and Tibshirani's (1996) bias correction approach because it is not

necessary to compute .T B BÐ ß Ñ

4.4 Mojirsheibani's (1999) Method

  combines multiple classification rules by identifying trainingMojirsheibani (1999)

observations that are the same as  with respect to predicted group membership.  This subsetB!

of training observations are used classify  by finding the plurality group.    Specifically, eachB!

training observation, ,  is classified using each of the  classifiers and the trainingB 3 œ "ß -3 áß8,

set of  observations obtained by holding out .  Let  and   denote8 � " B s œÐC ßá ß C Ñ ss s3 3 !
" -
3 3C C

the -tuples of membership predictions for  and for , respectively, obtained from the - B B -3 !
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classifiers.   method forms the subset of training observations which areMojirsheibani's (1999)

classified the same as  by all classifiers, i.e., , andB œÖB − ± C œ C ßá ß C œ C ×s s s s! ! 3
" " - -
3 ! 3 != B

predicts  to belong to the group with greatest number of training observations in .B! !=

5.  Accuracy Estimation

Accuracy was estimated using -fold cross-validation (Efron and Tibshirani 1993, Ch. 17).5

A -fold cross-validation splits the data into  disjoint subsets of approximately equal size.  The5 5

, , œ " ßáß5 5 � "th subset, , is classified using the remaining  subsets, and the predictions are

compared to the recorded memberships to obtain accuracy estimates.  For example, -fold8

cross-validation classifies each observation using the rule constructed from the other 8 � "

observations.  For stacked regression methods, an exact -fold cross-validation algorithm8

requires that all  vectors ,  be recomputed when ,8 � " : B 4œ" ßá ß 3� " ß 3� " ßá ß 8 Bˆ ‰4 3

3 œ " ßáß8 -8Ð8�"Ñ, is left out; consequently,  classification rules must be computed.  If all

8 � " : B B : B vectors  are not recomputed,  will contribute to each of the 's, albeitˆ ‰ ˆ ‰4 3 4

weakly.  Hence,  will influence  and the estimates of ,  through the 's.B ßá ß : B3 " 41T " " ˆ ‰
Ten-fold cross-validation was used in this study because the enormous computational effort

demanded by -fold cross-validation for stacked regression and the example data sets.  An8

approximate cross-validation algorithm which did not recompute  when classifying : B Bˆ ‰4 3

yielded accuracy estimates for stacked regression combination classifiers that were sometimes

substantially larger than the -fold cross-validation estimates.  For the example data sets"!

discussed herein, and probably in general, it is necessary to use disjoint training and test sets

when estimating accuracy for combination classifiers because of the tendency for over-fitting.

6. Examples

In this section, we discuss classification results classify adjacentfor two data sets used to 

Landsat TM scenes Path 41, Row 29 (P41/R29) and P41/R28.   These scenes cover a

combined land area of  million hectares located in west-central Montana and central Idaho'Þ%#

and encompass a rectangular region approximately 75 by 300 km in dimension (Figure 1).  The

land cover type maps were prepared jointly by the Craighead Wildlife-Wildlands Institute,
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Missoula MT, and the Wildlife Spatial Analysis Laboratory, Montana Cooperative Wildlife

Research Unit, of the University of Montana for the purpose of analyzing habitat suitability for a

number of species such as grizzly bears and bighorn sheep.  Craighead et al. (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 occasional intrusions of continental air

masses (Cooper et al., 1987).  The vegetation is generally mesic; montane forests dominate the

region but there are lesser amounts of shrublands and grasslands.  Agricultural and urban areas

occupy only a few percent of the region.  The southern scene (P41/R29) is dominanted by the

Idaho batholith, a large, 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 (Steele et al., 1981).  Vegetation is a mosaic

of forest, shrub, and grassland community types with agriculture largely limited to the Snake

River plain located along the southern periphery of the scene.  Table 1 shows a list of land cover

types used for mapping purposes.

The combined scenes contain more than  million hectares of wilderness and adjacent%Þ)

unroaded areas, almost all of which is under Federal ownership.  Because of the cost and effort

required of sampling in mountain wildernesses, the training sets were constructed by combining

data originating from a variety of sampling projects.  Usually, these projects were conducted by

government agencies for land cover mapping purposes, but some of the data were collected to

simply summarize the range and extent of vegetation types.  USDA Forest Service personnel

usually sampled accessible areas within their Forest or District boundaries, but the Craighead

Wildlife-Wildlands Institute concentrated their sampling efforts in and around the remote and

relatively inaccessible wilderness areas.  Privately held lands were rarely sampled.  Figure 1,

showing plot locations and topographic relief for the combined scenes reveals that sampling

intensity and plot (sample point) density is spatially variable with several regions with few or no

plots and a few regions with high plot densities.  Obviously, these data do not constitute a



12

probability sample; hence, accuracy estimates obtained from the training data are only

meaningful for the sampled areas.

The land cover type classification system for Landsat TM scene P41/R28 identified 15 land

cover types (described in Table 1), and 3005 training observations were used for classification.

The covariates used for classification were seven of the eight TM bands, elevation, slope, and a

measure of solar insolation computed from aspect and slope.  Three classifiers were used: the

20-resampling weighted -NN rule, the linear discriminant (LD) rule, and the spatial classifier,5

and combined pair-wise and as a triple.

6.1 Combination Classifiers

Ten-fold cross-validation accuracy estimates were computed using the product rule,

Mojirsheibani's (1999) method, and several variants of stacked regression.  The variations of

stacked regression that  with and without variable selection and no bias correction, stacked

regression with non-negativity constraints 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 each of the combination methods: -NN resampling & LD,#!

#! #!-NN resampling & spatial, LD & spatial, -NN resampling & LD & spatial.  As a matter of

organization, those methods that do not involve bootstrap algorithms are compared first and

separately from those methods utilizing the bootstrap.

Overall cross-validation accuracy estimates for #!-NN, LDF, and spatial classifier were

!Þ&'* !Þ&&# !Þ%%', , and , respectively. Table 2 compares -fold "! cross-validation accuracy

estimates obtained from TM scene P41/R29.

6.1 Combination Classifiers

Overall cross-validation accuracy estimates for #!-NN, LDF, and spatial classifier were

!Þ&'* !Þ&&# !Þ%%', , and , respectively.  Table 2 shows the overall CV accuracy estimates for

three combination classifiers: -NN and the spatial classifier, LDF and the spatial classifier,#!

and -NN, LDF and the spatial classifier, and six combination methods: #! the class majority,



13

sum and product rules, and stacked regression with and without non-negativity constraints, and

stacked log-regression.  The class majority, sum, and product rules, and constrained stacked

regression yielded similar overall CV estimates ranging from  to . .  The unconstrained!Þ&*( !'')

stacked regression and stacked log-regression methods yielded larger CV accuracy estimates,

ranging from  to .   The best combined CV accuracy estimates corresponds to an!Þ')# !Þ)#'

improvement of  %  over the best single classifier CV%& œ"!!Ð!Þ)#'�!Þ&'*ÑÎ!Þ&'*

accuracy 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 a few instances, single classifiers produced larger CV estimates than

the combined classifers (e.g., the CV estimates for  using LDF and the spatial classifier is$$"!

!Þ!!.   Table 4 compares group CV accuracy estimates obtained from the combined #!-NN,

LDF and the spatial classifier by combination method.

6. Conclusions
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APPENDIX

  When  , the estimate of  is defined to be. D   TÐ. ^ � . D ± C œ2Ñ2 ! 2 2 ! 2 ! !a b a b a bmaxH

Þ&Î 8 ßá ß 8 Bmax  for the following reasons.  Suppose that  is distant from all traininge f" !1

points; specifically, suppose that  for .  Then, there is little or no. D   2 œ " ßáß12 ! 2a b maxH

spatial information indicating that membership in one group is more likely than another, and

TÐ. ^ � . D ± C œ2Ñ 2 œ " ßáß1s 2 ! 2 ! !a b a b  should take on the same value for each .  The

value max  is used so that  is the same for eachÞ&Î 8 ßá ß 8 TÐ. ^ � . D ± C œ2Ñse f a b a b" 2 ! 2 ! !1

2 . D and to insure that it is a monotonically decreasing function of .  This 2 !a b definition also

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

adjustments for sample size differences, the spatial classifier will tend to assign  to the groupsB!

with the largest sample sizes. (0) may be modified to incorporate p  Definition rior probabilities

via the usual Bayes rule calculation of posterior probabilities (McLachlan 1992, Ch. 2).

Moreover, t  differently;he spatial classifier may be modified by defining the point-to-distance .2

e.g.,  could be defined as the  from  to its . D D2 ! !a b mean distance  nearest neighbors in .5 K2
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Tables

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

P41/R28 P41/R29
Code Land cover type  Accuracy Accuracy

Xeric grassland
Mesic grassland and 
subapline meadows

R R
$"!! )* %!* !Þ)$

$")! &( $" !Þ$&
$#!! #(# $"' !Þ&)
$$!! � $)) !Þ(!
$$"! $) �
$$&! $! �

Mesic Shrubland
Xeric Shrubland
Non-sagebrush xeric shrubland
Sagebrush shrubland
Shrub and herbacious-
dominated burn
Lodgepole pine dominated forest
Ponderosa pine dominated forest

$%!! %* """ !Þ'#
%#!$ %(# '$" !Þ(!
%#!' "!! "&$ !Þ&&
%#"# %$" &!# !Þ%*
%#$! � $## !Þ%#
%#'! "$& ##" !Þ(

Douglas fir dominated forest
Mixed Douglas fir/ponderosa pine
Mixed whitebark pine forest #

%#(! %*( #%$ !Þ&&
%#)!

$*% ")$ !Þ'$
%%"! '* &* !Þ'"
'#!!

Mixed subapline forest
Mesic forest
conifer regeneration 
dominated burn 
Herbaceous riparian
Rock dominated
Snowfield or ice
Total

$$ )! "Þ!!
($!! ""# ##& !Þ'(
*"!! � "* !Þ(*

#(() $*#$ !Þ'$%&


