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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. Classifiers are
commonly used to predict land cover for unsampled map units; hence, they play a key
role in map construction. Achieving adequate classifier accuracy is often problematic for
highly variable and difficult-to-sample landscapes. This article investigates a variety of
methods for improving accuracy based on 1) combining a few different classifiers, and 2)
creating ensembles of many classifiers. In addition, we derive an analytic expression for
the exact bagging -nearest neighbor classifier.�

1   Introduction
A land cover map consists of a set of contiguous map units each of which is labeled
according to a land cover class. Land cover classes identify the dominant vegetation (e.g.,
Douglas-fir forest) or land use (e.g., urban).  These maps are used extensively in large-
scale resource management and environmental analysis, and play an important role within
geographic information systems. A common approach to constructing large-area land
cover maps uses remotely sensed data, usually satellite imagery, and a training sample
collected by ground visitation. In the case of Landsat Thematic Mapper (TM) satellite
imagery, the remotely sensed data consist of measurements of reflectance intensity for 8
bands of the electromagnetic spectrum. Our focus is on constructing classifiers for land
cover mapping based on Landsat TM images. Each of the Landsat images covers
approximately  km  with a  m pixel lattice, though this pixel size is����� �� d ���

impractically small for ground sampling and many applications. Consequently, image
segmentation is used to replace the pixels by larger polygons.  Image segmentation forms
polygons by merging adjacent pixels so that within-polygon variation is minimized given
certain constraints on polygon size (see Ford et al. 1997 and Ma et al. 2001). The final
segmented image is a map consisting of many fewer map units. For our examples, the
average number of polygons per scene is about 600,000.



This satellite-based approach to large-scale land cover mapping has the potential to
be extremely efficient. However, map utility is diminished by classifier errors induced by
factors such as locational and ground-sampling errors and atmospheric distortion.
Moreover, most land cover types are constructed by partitioning a continuum of plant
communities rather than identifying truly distinct entities. Given these inherent problems,
it is critical that the classifiers are as accurate as possible. This article investigates two
general approaches to improving classifier accuracy. In the first, a few relatively
dissimilar classifiers are combined. Examples of this approach include stacked regression
methods (Breiman 1996; LeBlanc and Tibshirani 1996), and the methods of
Mojirsheibani (1999) and Steele (2000). Ensemble methods are the second approach;
most notably, these methods include bootstrap aggregation (or bagging) (Brieman 1996)
and boosting (Friedman et al. 2000; Freund and Schapire 1996; Schapire 1990). The idea
behind ensemble methods is to resample the training set and create a new version of the
classifier rule.  This is repeated many times, and newly produced rules are combined to
yield a single rule. There has been extensive research on ensemble methods (see Optiz
and Maclin 1999); in particular, there are many variants of boosting. We confine
ourselves to the Ada-BoostM.1, or Discrete Ada-Boost algorithm (Freund and Schapire
1997; Friedman et al. 2000).

The principal contributions of this article are a comparison of these methods for four
land cover mapping exercises, and the derivation of the exact bagging version of the -�
nearest neighbor ( -NN) classifier. The article is organized as follows. Sections 2 and 3�
introduce terminology and notation, and describe the conventional, or base classifiers
used in this study. Section 4 reviews combination and ensemble methods. Section 5
discusses the Landsat scenes and the training samples, and Section 6 presents the results.
The article concludes with Section 7.

2 Notation and Terminology
Suppose that a training sample  of  observations has been collected? ~ ¸% ÁÃ Á % ¹ �� � �

by sampling a population . Each element  belongs to one of  classes, or groups,F F% � ��

identified by the labels . The number of training observations in class  is denoted�ÁÃ Á � �

by . In this study,  represents a set of map polygons, and  is a triple � % � %� � �F F

~ ! Á & Á ' ' !� � � �, where  is a pair of coordinates identifying the location of the polygon
centroid,  is the land cover class at , and  is a multidimensional covariate vector& ' !� � �

consisting of observations on remotely sensed variables. For all ,  and  are% � ! '� � �F

known, whereas  is unknown except for those observations in . The posterior& ?� �

probability that  belongs to class , given , is denoted by . A! � ! 7 % ~ 7 & ~ � � !� � � � � � !  !
classifier can be viewed as an estimator of  which assigns  to the7 % ÁÃ Á7 % %� � � � � !  !
class with the largest estimated posterior probability among the estimates 7 % ÁÃ ÁV

� � !
7 % ²% ³ ~V

� � � !. That is, if the classifier rule is denoted by , then � � arg max
�

7 %V
� � ! is the

class to which  is classified.%�

3  Classifiers
Three conventional classifiers are discussed in this article: the -NN Euclidean distance�
classifier, a binary tree classifier, and the mean inverse distance (MID) classifier. The
estimator of  produced by a -NN Euclidean distance classifier is the sample7 % �� � !



proportion of the -nearest neighbors belonging to class , where the distances between� �
% ? !� � � and the observations in  are the Euclidean distances from  to the covariate vectors
! ÁÃ Á ! ! � ! ¸! ÁÃ Á� � �Á� � �. More formally, let  denote the th closest observation to  among 
! ¹ &� �Á�, where the distance between covariate vectors is Euclidean distance, and let 
denote the group label of . The -NN estimate of  is! � 7 %�Á� � � !

7 ²% ³ ~ ²& ~ �³
�

�
�NN
� � �Á�

�~�

�

�* , (1)

where  is the indicator function of the event .  Ties among the maximum posterior* !, ,

probability estimates may be broken by randomly choosing among the tied groups or by
increasing the neighborhood size and recomputing formula (1).

The second conventional classifier is a binary tree classifier (Breiman et al. 1984;
Ripley 1996, Ch. 6). A binary tree classifier recursively partitions the covariate space
according to a set of binary decision rules. Each split produces two daughter nodes (or
subspaces), and those nodes that are not themselves split are called terminal nodes. The
rules (or equivalently, the nodes) are determined by examining every possible split on
each covariate, and choosing the split that produces the greatest improvement in node
purity. Within each terminal node, the estimate of  is the sample proportion of7 %� � !
training observations at the node which belong to class . In the examples below, trees�
were formed by holding out a random subset (approximately 10% of the original data set),
and constructing the tree using the remaining observations. A terminal node was eligible
for splitting only if the node contained at least 20 training observations, and both daughter
nodes contained at least 6 observations. Trees were pruned with the objective of
minimizing the classification error rate of the tree when applied to the left-out subset.

The third classifier was a spatial classifier developed explicitly for polygon-based
land cover mapping. The motivation and methods of spatial classification are discussed
by Carpenter et al. (1999), Steele (2000), . Briefly, sand Steele and Redmond (2001) patial
information is present and potentially useful for classification when land cover class
abundance varies with spatially predictable factors such as climate and topography. When
the map is a lattice of pixels, patterns of positive spatial association among adjacent map
units can be exploited by contextual allocation methods (see Kartikeyan et al. 1994; Lee
2000; Sharma and Sarkar 1998; Stuckens et al. 2000; and Van Deusen, 1995). However,
these methods are not appropriate when the map consists of polygons formed by image
segmentation because this process tends to produce polygon boundaries that coincide with
changes in the values of the remotely sensed variables and land cover class.
Consequently, adjacent polygons are not predictably similar with respect to land cover.
However, spatial information may be present at a scale larger than adjacent polygons,
particularly when the map area is large. For example, the areas covered by the Landsat
scenes in this study are large enough to manifest differences in temperature and
precipitation related to regional and continental-scale gradients. This variation induces
large-scale spatial patterns in the relative frequency of occurrence of land cover classes.

Steele (2000) and Steele and Redmond (2001) have developed an approach to
extracting spatial information from the relative abundance and proximity of training
observations in the vicinity of an unclassified polygon. Their approach can be motivated
by the application of Bayes rule when the conditional probability density functions
� ! � & ~ � ~ 7 & ~ � !  !� � � � and the prior probabilities  are known. Bayes rule�

minimizes the total probability of misclassification by assigning  to the class with the%�
largest posterior probability



7 & ~ � � ! ~ Á � ~ �ÁÃ Á �Á
� ! � & ~ �

� ! � & ~ �
 !

 !
�  !� �

� � �
�

�~� � � �

�

�

(McLachlan 1992, Ch. 1). The -NN classifier ( ) is a plug-in version of� equation [1]
Bayes rule which estimates  by the sample proportion of near neighbors� ! � & ~ � !� �

belonging to class , and assumes that  for . The assumption of� ~ � � ~ �ÁÃ Á ���
c�

uniform, or non-informative prior probabilities is appropriate if there is no information
regarding the class membership probabilities besides that carried by the covariate vectors.
In some instances, the relative frequency of occurrence of the  classes in a spatial�
neighborhood about the location  of  is informative for classification; if so, then this' %� �

information may be expressed as local prior class probabilities , .  We�� � !' � ~ �ÁÃ Á �

propose a local Bayes rule which assigns  to the class with the largest posterior%�
probability

7 & ~ � � ! Á ' ~ Á � ~ �ÁÃ Á �
' � ! � & ~ �

' � ! � & ~ �
 !

 !  !
�  !  !� � �

� � � �
�

�~� � � � �

�

�
. (2)

In practice,  and  are rarely known, so we propose to plug in�� � � � !  !' � ! � & ~ �

estimates of  and , into formula (2). Estimates of the�� � � � !  !' � ! � & ~ � Á � ~ �ÁÃ Á �

local priors  are obtained from the �� � !' mean inverse distance (MID) estimator �V '� � !
~ � ' � '� � � ��~�

� !  !,� , where

� ' ~ ²& ~ �³� ' Á '
�

�
� � � � �

� �~�

�
c� !  !� , (3)* E

is the mean inverse squared distance from an observation with location  to group , and' ��

� ' Á ' ' 'E !� � � � is the Euclidean distance between locations  and . The MID estimates
�V ' �� � !, may be combined with any set of posterior probability estimates. For~ �ÁÃ Á �, 
example, the -NN+MID classifier estimator of  is a plug-in version of� 7 & ~ � � ! Á ' !� � �

Bayes rule given by

7 % ~� � �

�~�

�NN+MID

NN

NN
 ! �

�

�

V ' 7 !

V ' 7 !

� � ��

� � ��

 !  !
 !  !

�

�
,

and the -NN+MID classifier rule is�

�� �NN+ NN+MID MID !  !% ~ 7 % À� ��arg max
�

Several remarks are in order. The mean inverse distance  between  and class  is� ' ' �� � � !
the same as the average illumination generated by the lights of class  at  if the training� '�
observations are regarded as lights of equal intensity. The use of the mean inverse
distance as a measure of spatial density is not new; for example, see Watson and Philip
(1985).

4. Methods of Combining Classifiers
We consider two approaches to combining classification rules. The first approach usually
is  used to combine a few different classifiers, each of which is constructed from the
original data set. We refer to these methods as combination methods, and note that the -�



NN+MID classifier is the first example of a combination classifier. The second approach
generates many versions of the same base classifier by resampling the training set, and
combines these versions as a single classifier. We adopt a term used within the machine
learning community, and refer to these classifiers as ensembles.

4.1 Stacked Regression

The stacked regression method (Breiman 1996; LeBlanc and Tibshirani 1996 WolpertÂ
1992) combines probability estimates from several classifiers as linear combinations. The
method can be summarized as follows. First, the � � classifiers, indexed by , are used to
compute class probability estimates , for the  observations and the7 % � ~ �ÁÃ Á ��

� � !
� ~ �ÁÃ Á � 7 % � ~ �ÁÃ Á � % classes. Specifically, , , is computed after removing �

� � � !
from , using classifier . ? �� These estimates are combined as a row vector

7 % ~ ´ µÁ7 % Ä 7 % Ä 7 % Ä 7 % !  !  !  !  !�
�d��

� � � �
� � � �� � � � (4)

and the calculation is repeated for  row vectors are stacked in a� ~ �ÁÃ Á �. Then, all �
� d �� " � matrix . Let  denote an -vector identifying training set memberships in class7 �

� �; i.e., the th element is

" ~
�Á & ~ �

�Á & £ ���
�

�
H if , 

if .
(5)

The -vector  is computed by minimizing the sum of the square errors �� � :� � !�

~ " c " c � !  !� � � � � �
;

7 7� � � with respect to . That is, we find a vector of coefficients 
which yields a vector  that is close to . The stacked regression rule classifies 7 � " %� � �

according to the rule

�SR !% ~ 7²% ³� Á� �arg max
� 0

where  is an unclassified observation and  is the row vector of class probability% 7²% ³0 0

estimated obtained from the  classifiers.  In practice, some care must be taken in finding�
��

; ;. For example, is not full rank; we use the Moore-Penrose inverse of  in7 7 7 7 
solving for .  Additionally, a backwards selection algorithm was used to eliminate those��
columns of  that were not judged to be useful. LeBlanc and Tibshirani (1996) provide7

additional details.

4.2 Mojirsheibani's Method

Mojirsheibani (1999) proposed a substantially different approach to combining multiple
classification rules. Given an unclassified observation , and classifiers ,% ÁÃ Á� � �� �

Mojirsheibani's method identifies the subset  of observations that are classified* � ?� �

identically to  by all  classifiers, i.e.,% ��

* ~ ¸% � ? � % ~ % Á � ~ �ÁÃ Á �¹� � � � � � �� � !  ! .

Mojirsheibani's classifier assigns  to the plurality group among , i.e.,% *� �

�M ! $ %% ~ % � * � & ~ � Á� � � �arg max
�

#

where #  is the cardinality of the set .( (



4.3 The Product Rule

The plug-in Bayes rule of Section 3 can be viewed as a method of combining two
classifiers; in that case, it combines the MID spatial classifier with another classifier such
as -NN.  A generalization for combining  classifiers defines the  as� � product rule

�PROD !
�  !

� �  !
% ~

7 %

7 %
� �

#~�

�
�
� �

�
�~�

#~�

�
�
� �

arg max ,

where  is the estimated probability of membership in class  obtained from the th7 % � ��
� � !

of  classifiers (Steele 2000). Of course, one of these classifers could be the MID spatial�
classifier.

4.4 Bootstrap Aggregation

Bootstrap aggregation, or bagging, is fundamentally different from the previously
discussed methods. The aim of bootstrap aggregation is to reduce the variance of a
classifier by averaging many bootstrap versions of the classifier (Hastie et al. 2001, Ch.
8). This is accomplished by drawing  bootstrap samples from , using each sample to) ?�

create a new classifier , and aggregating the results. Aggregation may be�i�Á � ~ �ÁÃ Á)
accomplished by assigning  to the plurality group among the predictions % ²% ³ÁÃ Á� �

i��

�i) i�
� ��²% ³ 7 % � �.  Alternatively, if  is the class  probability estimate obtained from the th !

bootstrap classifier, then  can be estimated by the average 7 % 7 ²% ³i�
� �� � ! BA

~ 7 % Á) %c�
�~�
)

�
�  !i�

� � !  and the bagging classifier can be defined according to �BA

~ arg  max .
� � �7 ²% ³BA

The estimator  is a Monte Carlo approximation to an exact bootstrap7 ²% ³� �
BA

aggregation classifier , where  is the class  membership probability, 7 ²% ³ 7 ²% ³ �-V � � � �

estimator, and expectation is with respect to the empirical distribution function  placing-V

probability mass  at each . In almost all cases,  is intractable.� % � ? , 7 ²% ³c�
� � � �-V

However, if the -NN classifier is used to compute , then � 7 ²% ³ , 7 ²% ³� � � �-V

~ , 7 ²% ³-V � �
�NN  can be computed analytically, and bootstrap sampling is not necessary.

The analytical calculation begins with the expansion

, 7 ²% ³ ~ , ²& ~ �³
�

�- -V V� � �Á�

�~�

�
�NN �* . (6)

Calculation of the right-hand side of (6), requires , . This term, ²& ~ �³ � ~ �ÁÃ Á �-V �Á�*

is not difficult because there are only  possible th closest neighbors to .  Specifically,� � !�
let   denote the th closest covariate vector to  among a bootstrap sample ! � ! ; ~ ¸! Ái i i

�Á� � ��

ÃÁ ! ¹ ; ~ ¸! ÁÃ Á ! ¹ 7 ²! ~ ! ³� �Á�
i i

� � � �Á�-V drawn randomly and with replacement from . Let 
denote the probability that , the th closest covariate vector to  among , is the th! � ! ; ��Á� � �

closest among . Then,; i
�

, ²& ~ �³ ~ 7 ²! ~ ! ³ ²& ~ �³Á- -V V�Á� �Á� �Á�

�~�

�
i
�Á�* *�

and



, 7 ²% ³ ~ 7 ²! ~ ! ³ ²& ~ �³
�

�- -V V� �Á�� �Á� �Á�

�~� �~�

� �
i�NN �� * .

To calculate , note that  will occur if   contains at most 7 ²! ~ ! ³ ! ~ ! ; � c �-V
i i i
�Á� �Á� ��Á� �Á�

copies of  and at least  copies of . If  ranges over the number! ÁÃ Á ! � ! ÁÃ Á ! ��Á� �Á�c� �Á� �Á�

of copies of  and is constrained to , and  ranges over the! ÁÃ Á ! ¸�ÁÃ Á � c �¹ ��Á� �Á�c�

number of copies of  while constrained to , then there must be ! ¸� c �ÁÃ Á � c �¹ � c ��Á�

c � ! ÁÃ Á ! ; copies of  to fill out . Hence,�Á�b� �Á�
i
�

7 ²! ~ ! ³ ~ � c � � c �
� � � c �

� � �-V
i
�Á� �Á� �

�~�

�c�

�~�c�

�c�
� �c�c�� � 6 7 6 7 !  !

 

.

The exact bootstrap aggregation -NN classifier was previously developed by Steele and�
Patterson (2000) from a different standpoint: that of replacing the discrete outcomes
*²& ~ �³�Á�  in formula (1) with smoothed versions. The smoothed versions were the
resampling expectations . They present simulation examples showing the, ²& ~ �³

-V �Á�*

mean square error of the estimator  being smaller than , and error, 7 ²% ³ 7 ²% ³
-V � �� �

� �NN NN

rates for the exact bootstrap aggregation -NN classifier that are smaller than the ordinary�
� �-NN classifier, and the distance-weighted -NN classifiers of Dudani (1976), and
Macleod et al. (1987).

4.5 Boosting

Unlike bagging, the objective of boosting is not produce a classifier with reduced
variance compared to the base classifier, but to generate a more accurate classifier. As
with bagging, ) ? samples are drawn from , though the probabilities of drawing each�

observation are modified so that hard-to-classify observations are more likely to be
sampled. Classification is accomplished via a weighted voting procedure where the
weight given to the th classifier is determined by how well it classifies the hard-to-�
classify observations. There is a plethora of boosting methods; we used Ada-BoostM.1 or
Discrete Ada-Boost (Freund and Schapire 1997; Friedman et al. 2000).

5.  Data
Four Landsat TM scenes, Path 39, Row 27 (P39/R27), P39/R28, P40/R27, and P40/R28,
were used to compare combination and ensemble classifiers. These scenes were mapped
in collaboration with the USDA Forest Service, Northern Region, as part of a larger
project to construct databases on land cover, forest canopy closure, and tree size class for
nine Landsat TM scenes covering central Montana. The five National Forests with land
management authority in this area were responsible for providing training samples. Land
cover mapping and database construction were carried out by the Wildlife Spatial
Analysis Laboratory, Montana Cooperative Wildlife Research Unit, located at the
University of Montana. These Landsat scenes are located in a transition zone between the
northern Great Plains and the Rocky Mountains. Consequently, each scene is spatially
variable with respect to topography, climate and vegetation. From an areal extent, nearly
all forest lands are located in the mountains, and these forests are exclusively conifer with
the exception of small, sporadic, aspen forests. Approximately 50% of the combined



scene area is comprised of xeric grass and sagebrush cover types; another 28% is forest,
18% agriculture, and 1% urban.

Polygon map units were formed using a two-stage, digital classification process
developed by Ma et al. (2001). In the first stage, land cover patterns were delineated by
unsupervised classification using the ISODATA routine in the Erdas Imagine Software,
followed by image segmentation. The latter step involved a rule and object-based process
(Ford et al., 1997) which combined adjacent pixels of the same spectral class into
contiguous areas greater than or equal to a user-designated minimum map unit size. These
spatial units constitute the map polygons; the training samples are a subset of these
polygons.

Accuracy was estimated using -fold cross-validation (Efron and Tibshirani 1993,��

Ch. 17). A -fold cross-validation splits the data into  disjoint subsets of approximately� �
equal size. The th test subset,  , is classified using training set � , Á � ~ �ÁÃ Á � ;� �

~ ¸% � ? � % ¤ , ¹� � � � , and the predictions are compared to the recorded memberships
to obtain accuracy estimates.

6.  Results
The EB -NN classifier tended to yield slightly greater accuracy estimates than the -�� ��

NN classifier (Table 1).

Table 1.  Number of classes ( ), number of observations ( ), and -fold cross-validation� � ��

accuracy estimates (% correctly classified) for the four Landsat TM scene data sets.

Landsat TM scene -NN EB -NN
P39/R27
P39/R28
P40/R27
P40/R28

� � �� ��

�� ���
 
�À� 
�À�

�� ���� 	�À
 	
À�

�
 �

	 
�À� 
�À


�
 ���� 

À	 

À�

The product rule, stacked regression and Mojirsheibani's method were used to
combine the EB -NN classifier and tree classifiers (EB -NN+Tree), the EB -NN�� �� ��

classifier and MID classifier, (EB -NN+MID), and tree and MID classifiers,��

(Tree+MID).  As there were four data sets, the total number of 10-fold cross-validation
estimates of accuracy was . These are shown in Figure 1. The performance� d � d � ~ �


of the EB -NN+MID, Tree+MID combinations were similar: the largest estimates were��

obtained from the product rule, followed by stacked regression, and lastly,
Mojirsheibani's method. For the EB -NN+Tree classifier, stacked regression yielded��

the largest accuracy estimates for all 4 data sets and neither the product rule nor
Mojirsheibani's method produced consistently larger estimates than the other.

A combination classifier can be bagged or boosted because ensemble methods
generate new versions of a classifier and classify by weighting the votes of each classifier.
However, in this study it was only practical to bag and boost the product rule combination
classifiers because the computational demands of stacked regression and Mojirsheibani's
method were too great. Figure 2 shows that the estimated accuracy of the EB -NN��

classifier did not improve from bagging or boosting, as should be expected, because this
classifier is itself the exact bagging version of the -NN classifier. The MID spatial��

classifier was not improved by either bagging or boosting. Bagging and boosting
improved the tree classifier, and product rule combinations involving the tree classifier



(i.e., the Tree+MID and EB -NN+Tree classifiers). Generally, there is little evidence��

that boosting is more effective that bagging for these data sets.
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Figure 1. Tenfold cross-validation accuracy estimates (%) obtained from the
combination methods.  Results are organized by data set along the x-axis, and by
combination method within data set. Within each data set, the product rule results are
leftmost, the stacked regression results are in the center, and results from Mojirsheibani's
method are rightmost.

7. Discussion
Our results differ from most comparative studies on bagging and boosting (e.g., Friedman
et al. 2000, Opitz and Maclin 1999) in several respects. Our results do not conform to the
conventional wisdom that Ada-Boosting of a tree classifier is a best method. For these
data sets, the -NN+MID and EB -NN+MID classifiers were more accurate than the�� ��

tree classifier, and neither bagging nor boosting of the tree classifier provides enough
improvement to beat these spatial classifiers. We believe this is attributable to the value of
spatial information.  Though the MID classifier alone is not accurate, its information is
quite different than that carried by conventional covariates (primarily, spectral reflectance
variables).  Surprisingly, the simple plug-in version of Bayes rule outperformed stacked
regression and Mojirsheibani's method.

An advantage of tree classifiers is that very different covariates (e.g., continuous and
categorical) may be used without problems of mismatched scales arising.  In this case,
though, the covariates are measured on very similar scales, and scale differences are
probably not degrading the use of Euclidean distance as a measure of distance between
observations (and groups). Because Euclidean distance is the basis of the -NN and EB��



��-NN classifiers, we believe this to explain why they perform as well, or better than the
tree classifier.
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Figure 2. Accuracy estimates for the ensemble classifiers. Results are organized by data
set along the x-axis, and by ensemble method within data set. Within each data set, the
leftmost results are without bagging or boosting, the bagging results are in the center,
and the rightmost results were obtained by boosting.
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