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Abstract

The production of thematic maps, such as those depicting land cover, using an image classification is one of the most common
applications of remote sensing. Considerable research has been directed at the various components of the mapping process, including the
assessment of accuracy. This paper briefly reviews the background and methods of classification accuracy assessment that are commonly
used and recommended in the research literature. It is, however, evident that the research community does not universally adopt the
approaches that are often recommended to it, perhaps a reflection of the problems associated with accuracy assessment, and typically fails to
achieve the accuracy targets commonly specified. The community often tends to use, unquestioningly, techniques based on the confusion
matrix for which the correct application and interpretation requires the satisfaction of often untenable assumptions (e.g., perfect coregistration
of data sets) and the provision of rarely conveyed information (e.g., sampling design for ground data acquisition). Eight broad problem areas
that currently limit the ability to appropriately assess, document, and use the accuracy of thematic maps derived from remote sensing are
explored. The implications of these problems are that it is unlikely that a single standardized method of accuracy assessment and reporting
can be identified, but some possible directions for future research that may facilitate accuracy assessment are highlighted. © 2002 Elsevier

Science Inc. All rights reserved.

1. Introduction

Land cover is a fundamental variable that impacts on
and links many parts of the human and physical environ-
ments. Land cover change is, for example, regarded as the
single most important variable of global change affecting
ecological systems (Vitousek, 1994) with an impact on the
environment that is at least as large as that associated with
climate change (Skole, 1994). It is well established that
land cover change has significant effects on basic processes
including biogeochemical cycling and thereby on global
warming (Penner, 1994), the erosion of soils and thereby
on sustainable land use (Douglas, 1999), and for at least
the next 100 years is likely to be the most significant
variable impacting on biodiversity (Chapin et al., 2000).
Despite the significance of land cover as an environmental
variable, our knowledge of land cover and its dynamics is
poor. Understanding the significance of land cover and
predicting the effects of land cover change is particularly
limited by the paucity of accurate land cover data. Such
data, especially in map form, are, contrary to popular belief
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in some quarters, not readily available or trivially easy to
acquire (DeFries & Townshend, 1994; Estes & Moon-
eyhan, 1994; Rhind & Hudson, 1980). Moreover, few
items depicted on maps change as rapidly as land cover
and so an ability to monitor it accurately is important
(Belward, Estes, & Kilne, 1999).

Remote sensing is an attractive source of thematic maps
such as those depicting land cover as it provides a map-like
representation of the Earth’s surface that is spatially con-
tinuous and highly consistent, as well as available at a range
of spatial and temporal scales. Thematic mapping from
remotely sensed data is typically based on an image clas-
sification. This may be achieved by either visual or com-
puter-aided analysis. The classification may be one that
seeks to group together cases by their relative spectral
similarity (unsupervised) or that aims to allocate cases on
the basis of their similarity to a set of predefined classes that
have been characterized spectrally (supervised). In each
situation, the resulting classified image may be treated as
a thematic map depicting the land cover of the region.
Although remote sensing has been used successfully in
mapping a range of land covers at a variety of spatial and
temporal scales, its full potential as a source of land cover
information has not been realized (Townshend, 1992; Wil-

0034-4257/01/$ — see front matter © 2002 Elsevier Science Inc. All rights reserved.

PII: S0034-4257(01)00295-4



186 G.M. Foody / Remote Sensing of Environment 80 (2002) 185-201

kinson, 1996). A key concern is that the land cover maps
derived are often judged to be of insufficient quality for
operational applications. This judgement is typically based
on an evaluation of the derived land cover map against some
ground or other reference data set. Disagreements between
the two data sets are typically interpreted as errors in the
land cover map derived from the remotely sensed data
(Congalton, 1991; Smedes, 1975). This interpretation has
driven research that aims to decrease the error in image
classification. This research has typically focused on the
derivation and assessment of different classification algo-
rithms. It has also led to the questioning of the spectral and
radiometric suitability of remotely sensed data sets used in
thematic mapping applications (Estes et al., 1999; Wilkin-
son, 1996) and the use of classification methods as the tool
in mapping from remotely sensed data (Foody, 1999;
Mather, 1999). However, there are many uncertainties
associated with the meaning and interpretation of map
quality that make it a difficult variable to consider objec-
tively and which substantially limit the ability to evaluate
the degree to which the potential of remote sensing as a
source of land cover data is being realized. As with a range
of geospatial data sets, there is generally a lack of informa-
tion on data quality and what there is may be poorly
communicated to the user (Johnston & Timlin, 2000).

The quality of spatial data sets is a very broad issue that
may relate to a variety of properties (Worboys, 1998) but
frequently, and here, the property of interest is map or
classification accuracy. As any map is simply a model or
generalization, it will contain error (Brown, Loveland,
Ohlen, & Zhu, 1999; Dicks & Lo, 1990; Maling, 1989;
Smits, Dellepiane, & Schowengerdt, 1999). Thus, although
a thematic map provides a typically unquestioned simpli-
fication of reality, it has flaws and is only one model or
representation of the depicted theme (Woodcock & Gopal,
2000). For example, as the mapping processes involves
generalization there is some loss of information and so
completeness (Maling, 1989). It is important, therefore, that
the quality of thematic maps derived from remotely sensed
data be assessed and expressed in a meaningful way. This is
important not only in providing a guide to the quality of a
map and its fitness for a particular purpose, but also in
understanding error and its likely implications, especially if
allowed to propagate through analyses linking the map to
other data sets (Arbia, Griffith, & Haining, 1998; Janssen &
van der Wel, 1994; Veregin, 1994). Although classification
accuracy assessment is now widely accepted as a fun-
damental component of thematic mapping investigations
(Cihlar, 2000; Cohen & Justice, 1999; Congalton, 1994;
Justice et al., 2000; Merchant, Yang, & Yang, 1994), it is not
uncommon for map accuracy to be inadequately quantified
and documented (Dicks & Lo, 1990). There may be many
reasons for this situation. Although it may appear simple in
concept, accuracy is a difficult property to measure and
express. This paper aims to briefly review the status of land
cover classification accuracy assessment and point the

interested reader to some of the extensive literature on the
topic. It will consider how accuracy is assessed and
expressed before looking at some of the problems encoun-
tered and suggestions of future research priorities.

2. Background to classification accuracy assessment

In a statistical context, accuracy comprises bias and
precision and the distinction between the two is sometimes
important as one may be traded for the other (Campbell,
1996; Maling, 1989). In thematic mapping from remotely
sensed data, the term accuracy is used typically to express
the degree of ‘correctness’ of a map or classification. A
thematic map derived with a classification may be consid-
ered accurate if it provides an unbiased representation of the
land cover of the region it portrays. In essence, therefore,
classification accuracy is typically taken to mean the degree
to which the derived image classification agrees with reality
or conforms to the ‘truth’ (Campbell, 1996; Janssen & van
der Wel, 1994; Maling, 1989; Smits et al., 1999). A
classification error is, thus, some discrepancy between the
situation depicted on the thematic map and reality.

In early mapping studies, accuracy assessment was
frequently an afterthought (Congalton & Green, 1993;
Jensen, 1996). This may have been exacerbated by the
relative ease of producing accurate looking maps from
digital image processors (Dicks & Lo, 1990). Accuracy
assessment has, however, evolved considerably. The history
of accuracy assessment reveals increasing detail and rigor in
the analysis. Congalton (1994) identifies four major histor-
ical stages in accuracy assessment. In the first, accuracy
assessment was based on a basic visual appraisal of the
derived map. The map would be considered accurate,
essentially, if it looked right or good. Clearly, such a highly
subjective approach is often inappropriate, particularly
given the ability to derive polished outputs from digital
image processing systems. The second historical stage was
characterized by an attempt to quantify accuracy more
objectively. In this, accuracy assessment was based on
comparisons of the areal extent of the classes in the derived
thematic map (e.g., km? or % cover of the region mapped)
relative to their extent in some ground or other reference
data set. The nonsite-specific nature of this approach is,
however, a major limitation as a map could easily display
the classes in the correct proportions but in the incorrect
locations, greatly limiting the value of the map for some
users. Thus, a major problem with this approach to accuracy
assessment is that the apparent and quantified accuracy of
the map would hide its real quality. The third stage in the
history of accuracy assessment involved the derivation of
accuracy metrics that were based on a comparison of the
class labels in the thematic map and ground data for a set of
specific locations. These site-specific approaches include
measures such as the percentage of cases correctly allocated
(sometimes referred to as overall accuracy). Finally, the
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fourth stage in the history of accuracy assessment is a
refinement of the third in which greater use of the informa-
tion on the correspondence of the predicted thematic map
labels to those observed on the ground is made. This stage
has the confusion or error matrix at its core and uses this to
describe the pattern of class allocation made relative to the
reference data. A key characteristic feature of this stage is
that measures of accuracy that use the information content
of the confusion matrix more fully than the basic percentage
of correctly allocated cases, such as the kappa coefficient of
agreement, are frequently derived to express classification
accuracy. Presently, the confusion or error matrix is at the
core of accuracy assessment but there is much scope to
extend the analysis beyond it (Congalton, 1994; Congalton
& Green, 1999).

The history of accuracy assessment outlined above,
however, relates mainly to mapping investigations that have
focused on local to regional scales. The methods used may
not be transferable to coarser scales (Merchant et al., 1994).
In recent years, however, there has been increasing demand
for remote sensing to provide maps at all scales but
especially at regional to global scales. As studies have
increasingly focused on mapping very large areas, the nature
of the mapping problem has in some ways changed.
Necessarily, regional to global scale mapping is often con-
strained to use relatively coarse spatial resolution data, such
as from the NOAA AVHRR, due to constraints of data cost,
volume, and the relatively high probability of obtaining a
cloud-free view of the land surface with such data. Thus,
major recent mapping investigations at the global scale have
resulted in the production of maps with a spatial resolution
of 1 km or coarser (Belward et al., 1999; DeFries, Hansen,
Townshend, & Sohlberg, 1998; Hansen, DeFries, Town-
shend, & Sohlberg, 2000; Loveland et al., 2000; Muchoney
et al., 2000). From an accuracy assessment standpoint,
however, there are several major concerns arising from this
situation. A key problem is a lack of accuracy standards for
such maps (Loveland et al., 1999). Accuracy assessment of
large area maps remains, therefore, a challenging issue
(Justice et al., 2000; Stehman, Wickham, Yang, & Smith,
2000). Consequently, it is common to find that maps of large
areas are often accompanied by accuracy statements that are
known to be erroneous or perhaps are relatively vague or
nonsite-specific. This is typically not a criticism of the map
producers but evidence of major problems in classification
accuracy assessment. Brutally persevering with a standard
confusion matrix-based approach to accuracy assessment
could, for example, be misleading as it would be unlikely
that the assumptions underlying such approaches (e.g., pure
pixels, discrete classes, etc.) are satisfied.

In addition to the problems associated with the mapping
of large areas, there are a variety of other scale-independent
issues to consider in the evaluation of the accuracy of a
classification. Indeed, the measurement and meaning of
classification accuracy depend considerably on one’s par-
ticular viewpoint and requirements (Buckton, O’Mongain, &

Danaher, 1999; Campbell, 1996; Czaplewski, 1992; Steh-
man, 1999a). An accuracy assessment may be undertaken for
different reasons. It could, for instance, be undertaken to
provide an overall measure of the quality of a map, to form
the basis of an evaluation of different classification algo-
rithms or to attempt to help gain an understanding of errors
(Congalton et al., 1998; Hay, 1979; Richards, 1996). In each
instance, different users may have different concerns about
accuracy. They may, for example, be interested in the overall
or global accuracy, the accuracy with which a specific class
has been mapped, or the accuracy of area estimates. Fur-
thermore, while some errors are of no concern to some users,
they may be detrimental to others (DeFries & Los, 1999), yet
rarely are misclassifications treated unequally (Naesset,
1996). Similarly, no one classification will be optimal from
the viewpoint of each different user (Brown et al., 1999;
Lark, 1995). As classification accuracy has various compo-
nents and users differ in their specific needs, it is important to
measure the desired properties (Lark, 1995). Thus, it is vital
that the component of accuracy measured is appropriate for
the requirements of each particular study to avoid misinter-
pretation (Stehman, 1997a). Consequently, seeking to optim-
ize accuracy expressed by one metric may lead to a
suboptimal classification when viewed from another stand-
point and accuracy quantified with a different metric (Mori-
sette & Khorram, 2000). These and other issues complicate
the assessment and reporting of classification accuracy,
which in turn limits the value of remote sensing as a source
of land cover data. Before considering some of the problems
in more detail, the popular basis to accuracy assessment will
be briefly reviewed.

3. Promoted accuracy measures and calls
for standardization

Many methods of accuracy assessment have been dis-
cussed in the remote sensing literature (e.g., Aronoff, 1982,
1985; Kalkhan, Reich, & Czaplewski, 1995; Koukoulas &
Blackburn, 2001; Piper, 1983; Rosenfield & Fitzpatrick-
Lins, 1986). The most widely promoted and used, however,
may be derived from a confusion or error matrix.

The confusion matrix is currently at the core of the
accuracy assessment literature. As a simple cross-tabulation
of the mapped class label against that observed in the
ground or reference data for a sample of cases at specified
locations, it provides an obvious foundation for accuracy
assessment (Campbell, 1996; Canters, 1997). Indeed, the
confusion matrix provides the basis on which to both
describe classification accuracy and characterize errors,
which may help refine the classification or estimates derived
from it. For example, the matrix may reveal interclass
confusion that could be resolved with the use of additional
discriminatory information. Alternatively, the pattern of
misclassification evident in the matrix may aid studies that
use the map, particularly as a means to estimating the areal
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extent of classes over a region (Czaplewski, 1992; Hay,
1988; Jupp, 1989; Prisley & Smith, 1987; Van Deusen,
1996; Yuan, 1997).

Many measures of classification accuracy may be
derived from a confusion matrix. One of the most popular
is the percentage of cases correctly allocated. This is an
easily interpretable guide to the overall accuracy of the
classification. If attention focuses on the accuracy of indi-
vidual classes, then the percentage of cases correctly allo-
cated may be derived from the confusion matrix by relating
the number of cases correctly allocated to the class to the
total number of cases of that class. This may be achieved
from two standpoints, giving rise to the somewhat awk-
wardly termed (Janssen & van der Wel, 1994) user’s and
producer’s accuracy, depending on whether the calculations
are based upon the matrix’s row or column marginals
(Campbell, 1996; Story & Congalton, 1986). The calcula-
tion of these, and some other major indices, is illustrated in
Fig. 1 for data obtained via simple random sampling. In the
derivation of these indices, a number of fundamental
assumptions are typically made. For example, it is generally
assumed implicitly that each case (e.g., pixel) to be clas-
sified belongs fully to one of the classes in an exhaustively
defined set of discrete and mutually exclusive classes
(Congalton et al., 1998; Congalton & Green, 1999; Lewis
& Brown, in press; Townsend, 2000).

Although informative, measures such as the percentage
of cases correctly classified have often been criticized. A
major problem for some users is that some cases may have
been allocated to the correct class purely by chance (Con-
galton, 1991; Pontius, 2000; Rosenfield & Fitzpatrick-Lins,
1986; Turk, 1979). To accommodate for the effects of
chance agreement, Cohen’s kappa coefficient has often been
used and some commentators argue that it should, in some
circumstances, be adopted as a standard measure of clas-
sification accuracy (Smits et al., 1999). The kappa coef-
ficient has many attractive features as an index of
classification accuracy. In particular, it makes some com-
pensation for chance agreement and a variance term may be
calculated for it enabling the statistical testing of the
significance of the difference between two coefficients
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(Rosenfield & Fitzpatrick-Lins, 1986). This is often import-
ant, as frequently, there is a desire to compare different
classifications and so matrices. To further aid this compar-
ison, some have called for the normalization of the con-
fusion matrix such that each row and column sums to unity
(Congalton, 1991; Smits et al., 1999).

Accuracy assessment has been a topic of considerable
debate and research in remote sensing for many years. This
is in part because the promoted standard methods such as
the kappa coefficient are not always appropriate. Moreover,
there is nothing unique about the kappa coefficient in
compensating for chance agreement or in allowing the
significance of differences in accuracy to be evaluated as
these are features shared with other accuracy metrics. As a
topic, however, accuracy assessment has matured to such an
extent that many have called for a standardization of both
the method of assessment and style of reporting, often with
target accuracy thresholds specified (e.g., Congalton, Green,
& Teply, 1993; Smits et al., 1999; Thomlinson, Bolstad, &
Cohen, 1999). These target accuracies often tend to be based
upon the influential work of Anderson, Hardy, Roach, and
Witmer (1976). Typically, the specified requirements take
the form of a minimum level of overall accuracy, expressed
numerically by some index such as the percentage of cases
correctly allocated, and a desire for each class to be
classified to comparable accuracy. Thus, for example,
Thomlinson et al. (1999) set a target of an overall accuracy
of 85% with no class less than 70% accurate. Additional
features typically called for are the provision of more than
one measure of classification accuracy (Muller et al., 1998;
Stehman, 1997a), with associated confidence limits (Steh-
man, 1997a; Thomas & Allcock, 1984), together with the
confusion matrix (Stehman, 1997a), sometimes normalized
(Congalton, 1991; Smits et al., 1999). Thus, although there
is no set standard method, there is a fair degree of consensus
about the general format that accuracy assessment and
reporting should take, with some recommended techniques
seen as virtual standards and are widely adopted (Congal-
ton, 1994). Indeed, some regard the remote sensing com-
munity as being ripe for further standardization in regard to
accuracy assessment and reporting (Smits et al., 1999).
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Fig. 1. The confusion matrix and some common measures of classification accuracy that may be derived from it. The highlighted elements represent the main
diagonal of the matrix that contains the cases where the class labels depicted in the image classification and ground data set agree, whereas the off-diagonal
elements contain those cases where there is a disagreement in the labels. In the example shown, the number of classes, ¢, is 5. Note that simple random
sampling has been assumed; alternative formulae exist for matrices based on different sampling designs.
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4. Accuracy assessment in reality

Despite the attractions of the recommended standard
methods of accuracy assessment and reporting, it seems that
the remote sensing community has not heeded the calls to
adopt them and often does not achieve the typically specified
targets. The failure to attain the specified target levels of
accuracy is typically taken to indicate a failure of remote
sensing as a source of land cover information (Smedes,
1975). There are, however, many problems with the assess-
ment and reporting of classification accuracy that complicate
the interpretation of accuracy statements. Some of these
problems will be discussed in Section 5 after first making
some observations on the methods of accuracy assessment
used and the levels of accuracy achieved by researchers.

Trodd (1995) reviewed the methods used in evaluating
image classifications in a survey of 84 classifications
reported in 25 papers published in major journals in
1994-1995, comfortably within the fourth stage of accuracy
assessment (the ‘age of the error matrix’) outlined by
Congalton (1994). Trodd found that only 60% of the papers
provided a confusion matrix and only 44% gave two or
more quantitative measures of accuracy. The percentage of
cases correctly allocated (the central measure of the third
historical stage in accuracy assessment) was the most widely
used measure of accuracy, used in 68% of papers, while the
kappa coefficient was used in only 48% of papers. Perhaps
more importantly, 8% of the articles provided no quantitat-
ive measure of accuracy. In those articles in which accuracy
was quantified, the accuracy of the classifications reported
was also generally below the commonly recommended
85% target. In addition, it was apparent that the aim of
attaining a roughly equal level of accuracy across all
mapped classes was rarely obtained. Trodd, for example,
found that the mean range in the producer’s accuracy of the
classifications reviewed was 59%. Even a cursory review of
more recent papers will confirm that the trends reported by
Trodd are relevant to more contemporary work. The recently
released IGBP global land cover map has, for example, an
area weighted accuracy of 66.9%, which is comfortably less
than the specified target of 85% and the accuracy with
which the individual classes are mapped ranges from 40% to
100% (Scepan, 1999). Many other studies discuss classi-
fications with overall accuracies below the general target of
85% and have a large range in the accuracy with which the
individual classes have been classified (e.g., DeGloria et al.,
2000; Ung, Lambert, Guidon, & Fournier, 2000). It is also
common to find that nonsite-specific accuracy measures,
associated with the second stage in the history of accuracy
assessment, are still used (e.g., CCRS, 1999). Indeed the
‘looks good’ approach that characterized early (first stage)
accuracy assessments may still sometimes be considered
useful (Merchant et al., 1994).

The key concern is that most of the papers reviewed by
Trodd (1995), and probably in the literature as a whole, have
not adopted the methods of accuracy assessment and report-

ing typically recommended and also generally fail to meet
the typically suggested target levels of accuracy. Thus, the
suggested components of the accuracy statement (e.g., a
confusion matrix and a metric such as the kappa coefficient)
are often not provided and the target accuracies rarely
attained (e.g., relatively even levels of accuracy for all
classes and the overall accuracy >85%). Why has the
research community not adopted the methods and
approaches to accuracy assessment and reporting that are
widely promoted? There are a variety of explanations for
this situation ranging from ignorance through laziness to
problems that arise if the recommended approaches are
used. The problems encountered are the key concern here
as they highlight major limitations in the mapping and
monitoring of land cover from remotely sensed data as well
as having important implications for the users of land cover
data derived from remote sensing.

5. Problems in accuracy assessment

Although the basic approaches to accuracy assessment
seem relatively straightforward, many problems are often
encountered when evaluating an image classification.
These problems range from issues associated with a failure
to satisfy basic underpinning assumptions through to the
limited amount of information on map quality that is
actually conveyed by a basic accuracy assessment. Several
somewhat interrelated problems that limit the quantifica-
tion of classification accuracy and thereby the use of land
cover maps derived from remote sensing are briefly
elaborated on below.

5.1. Accuracy measure and reporting

There are many measures of accuracy that can be derived
from a confusion matrix (Lark, 1995; Stehman, 1997a).
Although many commentators have recommended that
measures such as the kappa coefficient of agreement be
adopted as a standard (e.g., Smits et al., 1999), these are not
without problems (Foody, 1992; Pontius, 2000). Some have
argued, for example, that chance agreement is effectively
overestimated in the calculation of the kappa coefficient
resulting in an underestimation of classification accuracy
(Foody, 1992; Ma & Redmond, 1995) or that, as a non-
probability-based measure, the kappa coefficient is an
inappropriate basis for accuracy assessment (Stechman &
Czaplewski, 1998). Perhaps, more fundamentally, it must be
realized that the various measures of accuracy evaluate
different components of accuracy and make different
assumptions of the data (Lark, 1995; Stehman, 1999a).
For each component of accuracy there is a set of accuracy
measures that may be calculated to express it. There is,
therefore, no single universally acceptable measure of
accuracy but instead a variety of indices, each sensitive to
different features (Stehman, 1997a). Unfortunately, the



190 G.M. Foody / Remote Sensing of Environment 80 (2002) 185-201

selection of an appropriate measure is not aided by the
inconsistent use of terminology in the literature and the
often unclear statement of study objectives (Canters, 1997,
Janssen & van der Wel, 1994).

Thus, while there are calls to standardize parts of the
accuracy assessment programme, including the methods
used and style of reporting (Smits et al., 1999; Thomlinson
et al., 1999), it is important to recognize the variety of
different needs and interpretations that exist. In reality, it is
probably impossible to specify a single, all-purpose measure
of classification accuracy. This is unfortunate as the desire
for a single index of accuracy is large. This is not a new or
unusual problem. Similar problems are encountered in other
disciplines with, for example, the quantification of the
commonly discussed and important variable of biodiversity
torn between measures of species number (richness) and
abundance (evenness). One measure alone does not provide
a satisfactory description of biodiversity but provided
together, perhaps combined into some dimension of bio-
diversity, they provide a fuller description of the variable
(Purvis & Hector, 2000). This may explain why some
commentators have recommended that rather than simply
providing a basic accuracy statement to accompany an
image classification (e.g., a statement of the overall per-
centage of cases correctly allocated), it may be preferable to
derive more than one measure of accuracy and provide the
confusion matrix as a fuller description of classification
accuracy (Arbia et al., 1998; Muller et al., 1998; Stehman,
1997a). This is important as the use of different accuracy
measures may result in different, possibly conflicting, inter-
pretations and conclusions (Stehman, 1997a). It is also
important that the raw confusion matrix be presented and
that it must not be a normalized one as it may be inappro-
priate for some users. Normalization can, for example, lead
to bias and would have the effect of equalizing the user’s
and producer’s accuracies that may actually differ signific-
antly (Stehman & Czaplewski, 1998). The user who might
benefit from normalization of the matrix (e.g., Smits et al.,
1999) is free to undertake this analysis while it is, of course,
impossible to work the other way and derive the original
matrix from the normalized version. Although the provision
of a confusion matrix and two or more measures of accuracy
may seem reasonable and feasible, it is, as noted above,
common for accuracy to not be reported in such a way
(Trodd, 1995). Even if it was, the users of the map may
ignore the matrix (Fisher, 1994) or not understand it without
training in its interpretation.

5.2. Sampling issues

The design of an accuracy assessment programme has
several elements including the definition of an appropriate
sample size and sampling design as well as the specification
and use of a measure of accuracy appropriate to the
application in-hand (Dicks & Lo, 1990; Stehman, 1999D).
These are not trivial tasks. The sample size, for example,

must be selected with care and be sufficient to provide a
representative and meaningful basis for accuracy assessment
(Hay, 1979). An appropriately defined sample will aid the
ability to infer the properties of the population from which it
was drawn. Typically, a design-based inferential framework
is adopted in accuracy assessment programmes (Stehman,
2000). With such a framework, an appropriately sized
sample may be estimated from conventional statistics
(Cochran, 1977). Alternatively, a model-based inferential
framework has sometimes been adopted (Stehman, 2000).
With this basis, geostatistics may be used to design an
efficient sample (Atkinson, 1991).

The sampling design used to select the cases upon which
the accuracy assessment is based is of major importance. If,
for example, a probability-based measure of classification
accuracy is to be used (Stehman, 1997a), it is essential that
the cases were acquired according to an appropriate sam-
pling design (Hay, 1979; Stehman, 1999b). How often this is
achieved is open to question as typically little information on
the sampling design used in evaluating classification accu-
racy is provided with the accuracy statement. It is nonethe-
less important that the sampling design used is specified as it
can significantly influence the results of an analysis (Friedl
et al., 2000; Green, Strawderman, & Airola, 1993; Stehman,
1995). Indeed, the confusion matrix cannot be properly
interpreted without knowledge of the sampling design used
in its construction (Maling, 1989; Stehman, 1995).

Basic sampling designs, such as simple random sam-
pling, can be appropriate if the sample size is large enough
to ensure that all classes are adequately represented. The
adoption of a simple sampling design is also valuable in
helping to meet the requirements of a broad range of users
(Stehman & Czaplewski, 1998) although the objectives of
all users cannot be anticipated (Stehman et al., 2000). Often,
however, it is impractical to follow such sampling proce-
dures. For example, it may be extremely difficult to use
randomly located sites to assess the accuracy of a map
covering a very large area. Frequently, ground data collec-
tion is constrained as physical access to some sites is
impractical and restricted to sites of opportunity, where it
is possible to obtain ground data, or high-quality fine spatial
resolution imagery acquired at an appropriate date is avail-
able as a surrogate for ground observation (Edwards,
Moisen, & Cutler, 1998; Estes et al., 1999). Alternative
sample designs may, therefore, be required and these can,
under certain circumstances, be successfully employed with
some popular measures of accuracy (e.g., Stehman, 1996a).

Commonly, budget or other practical constraints influ-
ence the selection of a sampling design. The strategies that
have been adopted range from ‘windshield’ surveys to
techniques based on double sampling (Kalkhan, Reich, &
Stohlgren, 1998; Stehman, 1996b) and cluster sampling
(Stehman, 1997b, 1999b; Todd, Gehring, & Haman,
1980). However, it must be realized that the sampling
design used to collect the sample of cases, upon which the
accuracy assessment is based, has important implications to
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the estimation of classification accuracy. While there is an
obvious desire to balance statistical requirements with
practicalities (Belward et al., 1999; Congalton, 1991;
Edwards et al., 1998; Merchant et al., 1994), the choice of
sampling design influences the reliability of an accuracy
assessment (Muller et al., 1998; Stehman, 1999b, 2001). In
essence, a study’s practical constraints should be considered
in the design of the accuracy assessment programme. In that
way, practical issues should not reduce the credibility of the
accuracy statement derived (Stehman & Czaplewski, 1998).

5.3. Type of error

A variety of errors are encountered in an image classifica-
tion. Typically, interest focuses on thematic accuracy, which
is the correspondence between the class label assigned by the
classification and that observed in reality. The confusion
matrix appears to provide an excellent summary of the two
types of thematic error that can occur, namely, omission and
commission. Unfortunately, however, other sources of error
contribute to the pattern of misclassification depicted in the
confusion matrix (Canters, 1997; Congalton & Green, 1993;
Husak, Hadley, & McGwire, 1999; Merchant et al., 1994;
Muchoney, Strahler, Hodges, & LoCastro, 1999). Nonthe-
matic errors may result in misrepresentation, typically under-
estimation, of the actual accuracy (Congalton & Green,
1993). Unfortunately, nonthematic errors can be large and
particular concern focuses on errors due to misregistration of
the image classification with the ground data (Canters, 1997;
Czaplewski, 1992; Muller et al., 1998; Stehman, 1997a;
Todd et al., 1980). If the two data sets are not accurately
coregistered, the assessment of thematic accuracy is ham-
pered and this problem is most apparent in heterogeneous
landscapes with a complex land cover mosaic (Loveland et
al., 1999; Scepan, 1999). Such landscapes may, however, be
the focus of particular concern and where it is perhaps
hardest but possibly most important to map and monitor
land cover. In studies of land cover change based on a
temporal sequence of remotely sensed imagery, misregistra-
tion errors can act to significantly exaggerate or alternatively
mask change and so substantially limit the value of remote
sensing for monitoring land cover dynamics (Roy, 2000;
Schlagel & Newton, 1996).

Issues ranging from the properties of the sensor and
ground to the methods used to preprocess the data can have
a marked impact on the ability to accurately locate a pixel
(Bastin, Edwards, & Fischer, 2000). This positional uncer-
tainty can have a major detrimental effect on thematic
mapping studies. Significant misregistration problems have
often been observed in the mapping of large areas where the
problems of obtaining a high positional accuracy have been
noted to be a major source of classification error (Muller et
al., 1998) that is sometimes larger than the actual thematic
error (Riemann, Hoppus, & Lister, 2000). Misregistration of
the data sets can, therefore, be a significant complication to
accuracy assessment programmes. For example, in the IGBP

global land cover map and the land cover map of Great
Britain, approximately 20% and 48% of the testing sites
used in each, respectively, were so incorrectly located that
spatial adjustments were required for the assessment of
classification accuracy (Fuller, Groom, & Jones, 1994;
Husak et al., 1999). Such adjustments are, however, rarely
reported in the literature although providing a simple ad
hoc solution to a major problem. Only rarely is the hori-
zontal positional accuracy of a map discussed as an issue
(e.g., Thomlinson et al., 1999; Yang, Stehman, Wickham,
Jonathan, & VanDriel, 2000). It seems more commonplace,
and aided by some image processing software, for sites to be
compared directly as if perfectly coregistered. Without
perfect registration, however, the confusion matrix may
contain errors due to misregistration as well as thematic
mislabeling which will complicate the interpretation of
accuracy metrics derived from it. It does, therefore, seem
inappropriate for the remote sensing community to try to
rigidly adopt site-specific accuracy assessment procedures
when the ability to colocate sites in the derived map and
ground data set is so difficult. The strict insistence upon
perfect positional accuracy can only act to compound error
(Maling, 1989).

Locational accuracy is a major concern in any mapping
exercise yet producers of other types of maps allow a certain
degree of tolerance. In topographic maps, for example, it is
important that the features plotted are located correctly but
limited horizontal and vertical deviation from reality is
accepted. The US National Map Accuracy Standards for
maps at a scale of 1:20,000 or smaller, for example,
demands a horizontal accuracy such that 90% of a sample
of well-defined points tested are accurate to within 1/50th of
an inch on the map. At 1:24,000 scale this distance equates
to an allowable error of up to 40 ft (12.2 m) for the selected
sites and any magnitude of error for the rest. The vertical
accuracy requirement for the map is for 90% of sites to be
within one half of the contour interval represented on the
map (Maling, 1989). Why cannot some level of positional
tolerance be more generally incorporated into thematic map
accuracy assessment?

5.4. Accuracy of the ground or reference data

Thus far, and in most of the literature, it has been
assumed that the ground or reference data used in the
assessment of classification accuracy are themselves an
accurate representation of reality. In fact, the ground data
are just another classification which may contain error
(Congalton & Green, 1999; Khorram, 1999; Lunetta,
liames, Knight, Congalton, & Mace, 2001; Zhou, Robson,
& Pilesjo, 1998). These may be thematic errors in which the
class labels are erroneous but may also include other errors
such as those due to mislocation (Dicks & Lo, 1990). The
certainty with which a label can be attached to a case is, for
example, variable, often based on highly subjective inter-
pretations (Thierry & Lowell, 2001). Variation in the con-
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fidence of the class labeling in the ground data can signific-
antly influence the apparent accuracy of a classification
(Zhu, Yang, Stehman, & Czaplewski, 2000). This is evident
in the IGBP global land cover map where the degree of
consensus in ground data labeling could account for a
10.7% (77.6 — 66.9%) difference in the area weighted
classification accuracy (Estes et al., 1999; Scepan, 1999;
Scepan, Menz, & Hansen, 1999). If the ground data labels
vary in confidence, it may sometimes be appropriate to
apply an index of confidence to the reference data so that
different subsets can be evaluated, or to use secondary class
labels to allow a softer evaluation of the degree of agree-
ment between the data sets to be calculated (Zhang &
Foody, 1998; Zhu et al., 2000). Due to these and other
problems, the common usage of the term ‘truth® when
describing ground data is problematic and should be
avoided (Bird, Taylor, & Brewer, 2000; Khorram, 1999).
More importantly, the accuracy assessments outlined above
are actually only measuring the degree of agreement or
correspondence to the ground data and so are not necessarily
a true reflection of the closeness to reality (Congalton &
Green, 1993; Merchant et al., 1994). A meaningful accuracy
assessment clearly requires that the ground data are accur-
ate. However, ground data sets often contain error and
sometimes possibly more error than the remotely sensed
product they are being used to evaluate (Abrams, Bianchi, &
Pieri, 1996; Bauer et al., 1994; Bowers & Rowan, 1996;
Merchant et al., 1994). In the interpretation of classification
accuracy, however, disagreement between the derived land
cover map and the ground data is typically, and unfairly,
taken to indicate an error in the map derived from the
remotely sensed data when other explanations exist (Con-
galton, 1991; Fitzgerald & Lees, 1994; Smedes, 1975). As
long as the ground data are assumed to be more accurate
than the derived thematic map, there is a danger of allowing
a self-fulfilling prophecy to develop in which all error is
associated with the thematic map simply because it was
assumed to be the least accurate data set at the outset
(Khorram, 1999).

Problems with ground data accuracy may be particularly
severe if a remotely sensed data set is used as the reference
data. Unfortunately, the use of remotely sensed data as
reference data is common in the ‘validation’ of coarse
spatial resolution map products depicting very large areas
(e.g., Justice et al., 2000; Thomlinson et al., 1999). In such
situations, the absence of actual ground-observed ground
data and the practical constraints of the scale of the study
forces the accuracy assessment to be based upon a com-
parison of the derived map with one derived from an image
with a finer spatial resolution. It must, however, be recog-
nized that the resulting confusion matrix and accuracy
statement may be significantly distorted by errors in the
reference data. In some studies it may, therefore, be
important to know the methods and protocols (including
issues such as class definitions) of reference data acquisi-
tion as this may influence their accuracy and suitability for

relation to the thematic map in order to assess its accuracy
(Bird et al., 2000; Czaplewski, 1992; Scepan et al., 1999;
Zhou et al., 1998).

A further problem arises as a consequence of the sam-
pling strategy adopted in some ground/reference data col-
lection programmes. The size or support of the sampling
units used in ground data collection is often different to the
units mapped from the imagery (e.g., pixels or parcels)
leading to difficulties in analyzing the data sets (Atkinson,
Foody, Curran, & Boyd, 2000). The comparison of ground
and thematic map labels may, therefore, be based upon
differently sized units, which can result in different esti-
mates of classification accuracy (Biging, Colby, & Congal-
ton, 1999). Furthermore, accuracy may be assessed using a
range of spatial units and the unit selected can have a major
impact on the estimated magnitude of classification accu-
racy (Zhu et al., 2000). For example, a 23.1% difference in
accuracy was reported by Yang et al. (2000) arising as a
consequence of the definition of agreement between the
map and ground data labels that was adopted. Of particular
importance are the size and purity of the minimum mapping
unit used and how it is related to the nature of the ground
data (Biging et al., 1999; Khorram, 1999).

Finally, sampling is often consciously constrained to
large homogeneous regions of the classes with regions in
and around the vicinity of complexities such as boundaries
excluded (Dicks & Lo, 1990; Mickelson, Civco, & Silander,
1998; Richards, 1996; Wickham, O’Neill, Ritters, Wade, &
Jones, 1997), frequently as a deliberate action to minimize
misregistration problems and ensure a high degree of
confidence in the ground data labels. However, as a result
of this type of strategy, the accuracy statement derived may
be optimistically biased (Congalton & Plourde, 2000; Ham-
mond & Verbyla, 1996; Muller et al., 1998; Yang et al.,
2000; Zhu et al., 2000) and only relevant to a small part of
the image. For example, Muller et al. (1998) estimated that
the accuracy statement to accompany one classification
derived was applicable to only 22% of the region mapped.
To be applicable to the entire map, the sample used in
forming the confusion matrix would have to be fully
representative of the conditions found in the region (Con-
galton et al., 1998).

5.5. Spatial distribution of error

The erroneous allocations made by a classification are
typically not randomly distributed over the region (Con-
galton, 1988; Steele, Winne, & Redmond, 1998). In the
IGBP global land cover map, for example, the accuracy with
which the individual continents are classified differs by
~20% (Loveland et al.,, 1999). Often there is a distinct
pattern to the spatial distribution of thematic errors arising
from the sensor’s properties (Foody, 1988) and/or the
ground conditions, with, for example, errors spatially corre-
lated at the boundaries of classes (Congalton, 1988;
Edwards & Lowell, 1996; Steele et al., 1998; Vieira &
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Mather, 2000). Much of the error occurring at boundaries is
associated with misregistration of the data sets and mixed
pixels. Irrespective of their origin, the spatial variability of
error can be a major concern, particularly in terms of error
propagation. Unfortunately, however, the confusion matrix
and the accuracy metrics derived from it provide no
information on the spatial distribution of error (Canters,
1997; Morisette, Khorram, & Mace, 1999; Steele et al.,
1998; Vaesen, Lizarraga, Nackaerts, & Coppin, 2000).

Many users of thematic maps derived from remotely
sensed data may benefit from a spatial representation of
classification accuracy. Various approaches have been inves-
tigated to provide this information. These include extrap-
olations from the training set (Steele et al., 1998),
descriptors of the magnitude and partitioning of class
membership among the classes (Foody, 2000a), and the
use of a geostatistical approach to model variation in
accuracy over the mapped region (Kyriakidis & Dungan,
in press). Much of the recent effort on representing the
spatial distribution of classification quality has been directed
at the visualization of classification uncertainty (Fisher,
1994; Maselli, Conese, & Petkov, 1994; Thierry & Lowell,
2001). This has typically been derived as a by-product of the
classification analysis. For example, the uncertainty in a
conventional (hard) class allocation may be derived through
examination of the posterior probabilities of class member-
ship calculated in the course of a maximum likelihood
classification (Canters, 1997; Foody, Campbell, Trodd, &
Wood, 1992). This has often been used to provide an
indication of the quality of the classification on a per-case
basis to supplement the global summary provided by
standard accuracy statements. In addition, this information
may be used to indicate the spatial distribution of accuracy
and so the location of problematic areas (Corves & Place,
1994; Foody, 2000a; Foody et al., 1992; Maselli et al., 1994;
Van Deusen, 1995). Thus, the provision of an image
depicting the spatial variation in classification uncertainty
may be a useful accompaniment to the classification itself.
However, it is important to recognize that the image pixels
are not independent samples and that geostatistical tech-
niques may be usefully employed in attempting to repres-
ent the spatial variation in classification uncertainty (de
Bruin, 2000a).

5.6. Error magnitude

In classical accuracy assessments all misallocations are
equally weighted. Often, however, some errors are more
important or damaging than others (Forbes, 1995; Naesset,
1996; Stehman, 1999a). In many instances, the errors
observed in a classification are between relatively similar
classes (Felix & Binney, 1989; Loveland et al., 1999;
Mickelson et al., 1998; Zhu et al., 2000) and sometimes
these may be unimportant while other errors may be highly
significant (DeFries & Los, 1999). Often, for example, error
arises as a function of class definition, particularly through

attempts to represent continua by a set of discrete classes
(Felix & Binney, 1989; Foody, 2000a; Steele et al., 1998;
Townsend, 2000). This can be a major source of classifica-
tion error (Todd et al., 1980), much of which is associated
with the allocation of relatively similar cases to different
classes either side of (typically arbitrary) class boundaries
(Campbell & Mortenson, 1989; Foody, 2000a; Sheppard et
al.,, 1995). The conventional (hard) allocation of sites to
discrete classes is, therefore, an issue of concern in thematic
mapping, particularly as it may sometimes be more appro-
priate to model continuous variations in land surface prop-
erties and allow for indeterminate boundaries (Andrefouet &
Roux, 1998; DeFries, Hansen, & Townshend, 2000; Foody,
1996). The assessment of the accuracy of these representa-
tions is, however, difficult (Foody, 1996; Townsend, 2000)
and is discussed below. However, if a standard hard clas-
sification is used to represent classes that lie along a
continuum, error may range in magnitude from relatively
minor confusion involving similar classes either side of an
arbitrarily defined class boundary to the confusion of the
very dissimilar classes located at the end points of the
continuum. The importance of these different degrees of
error may vary depending on the user’s requirements but, in
many instances, the assumption that errors are of equal
severity is untenable. This is unfortunate as basic accuracy
metrics such as the percentage of cases correctly allocated or
the kappa coefficient effectively weighed errors equally.

The utility of some measures of accuracy is limited by
variations in the severity of error magnitude (Adams &
Hand, 1999). Some accuracy assessment procedures may,
however, be adapted to accommodate known differences in
error severity (Stehman, 1999a). For example, the various
possible thematic errors that can be encountered in a study
may be assigned differing scores of severity and a weighted
kappa coefficient derived (Foody, Palubinskas, Lucas, Cur-
ran, & Honzak, 1996; Naesset, 1996), although the selection
of the weights is subjective and the approach problematic
(Stehman, 1997a). An attractive alternative is to use accu-
racy measures based on information theory (Kew, 1996).
Not only may these allow a broader range of problems to be
tackled (Kew, 1996), including the handling of nonsquare
confusion matrices in which the classification schemes used
in the thematic map and ground data differ (Finn, 1993), but
they can also weight error magnitudes and may generally be
more acceptable than measures such as the kappa coefficient
of agreement (Forbes, 1995).

A further source of error associated with the use of a
standard (hard) classifier that allocates each pixel to a single
class is the implicit assumption that the image is composed
of pure pixels (Foody, 1996; Gong & Howarth, 1990).
Unfortunately, remotely sensed data are often dominated
by pixels that represent areas containing more than one class
and these are a major problem in accuracy assessment
(Foody, 1996, 1999; Karaska, Huguenin, Van Blaricom, &
Savitsky, 1995). Indeed, in some studies, mixed pixels have
been identified as the most important cause of misclassifi-
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cation (e.g., CCRS, 1999) and a major contributor to the
misestimation of land cover change (Skole & Tucker, 1993).
For example, mixing at class boundaries was a major
problem in the land cover map of Great Britain with error
concentrated around boundaries. Removal of these bound-
ary regions enabled the estimated accuracy of the map to
rise from 46% to 71% (Fuller et al., 1994). Unfortunately,
mixed pixels are common, especially in coarse spatial
resolution data sets and/or where the land cover mosaic is
complex (Campbell, 1996; Crapper, 1984). In a standard
(hard) classification of data containing mixed pixels, the
interpretation of the class allocations made is difficult as
many of the errors observed may be only partial errors, as
the pixel may represent an area that is partly comprised of
the allocated class. Similarly, however, some of the appa-
rently correct class allocations may be partly erroneous. As
any hard allocation of a mixed pixel must to some extent be
erroneous, the presence of mixed pixels is a major problem
in the use of classification techniques for thematic mapping.
Indeed, the mixed pixel problem may be one of the main
reasons why some map producers do not adopt the com-
monly recommended methods of accuracy assessment. As
many remotely sensed data sets are dominated by mixed
pixels, the standard accuracy assessment measures such as
the kappa coefficient, which assume implicitly that each of
the testing samples is pure, are, therefore, often inappropri-
ate for accuracy assessment in remote sensing (Foody, 1996;
Karaska et al., 1995). The strict insistence on perfect
agreement between the image classification and the ground
data may, therefore, be inappropriate. Again, the producers
of other maps, such as those depicting soils, recognize the
complexity of the feature being mapped, the subjectivity of
the mapping process, and the impracticality of being spe-
cific and so typically opt to represent some feature such as
the dominant class rather than attempt anything more
specific (e.g., Curtis, Courtney, & Trudgill, 1976).

Alternative approaches to the standard crisp class mem-
berships commonly assumed in remote sensing may some-
times be desired. Thus, rather than make simple, and perhaps
overly severe, correct/incorrect evaluations, the analyst may
instead adopt a scale of error severity that may be used in the
accuracy assessment (DeGloria et al., 2000; Gopal & Wood-
cock, 1994; Mickelson et al., 1998; Woodcock & Gopal,
2000). Methods based on the linguistic scale of Gopal and
Woodcock (1994) seem to offer considerable potential here,
particularly as a means of tolerating some degree of dis-
agreement between the classification and ground data. If it is
accepted that no one accuracy measure satisfies all users and
that more than one measure should be provided along with a
confusion matrix, it may be appropriate for one of these
measures to be a fuzzy accuracy assessment measure and the
other a standard accuracy metric as, depending on the
metrics used, these can be very different but complementary
measures of accuracy (Muller et al., 1998).

In attempting to solve the mixed pixel problem, fuzzy or
soft classifications have been used increasingly. These

typically are fuzzy in the sense that they allow each pixel
to have multiple and partial class membership. These
approaches have also proved popular in the representation
of continua where the assumed conditions of discrete and
mutually exclusive classes are unsatisfied (Foody, 1996;
Townsend, 2000). Sometimes the uncertainty in making a
conventional hard class allocation may be used to derive a
fuzzy classification. For example, relative measures of class
membership such as the posterior probabilities of class
membership derived during a maximum likelihood clas-
sification may be used to indicate the composition of image
pixels. Although the theoretical link between such measures
of the uncertainty in making a particular allocation and
subpixel composition is debatable (Canters, 1997; de Bruin,
2000b; Lewis, Nixon, Tatnall, & Brown, 1999), the uncer-
tainty of the allocation is clearly a function of the pixel’s
composition and there are numerous examples that dem-
onstrate the practical success of the method (e.g., Foody,
1996; Lewis et al., 1999). Alternatively, absolute measures
of the strength of class membership may be used to
represent continuous classes (Foody, 2000b). Irrespective
of how derived, soft or fuzzy classifications cannot be
sensibly evaluated in the normal way with a conventional
confusion matrix-based analysis, even if the pixel’s mem-
bership is partitioned among the classes in the matrix (as it
is no longer really site-specific), and alternative measures
have been sought. Frequently, such classifications have been
evaluated using information theory-based metrics employ-
ing measures of entropy (e.g., Foody, 1996) or have been
based on a linguistic scale of accuracy (Gopal & Woodcock,
1994). However, some recent work has sought to develop
approaches founded on fuzzy and rough sets that are based
on the confusion matrix (Ahlqvist, Keukelaar, & Oukbir,
2000; Binaghi, Brivio, Ghezzi, & Rampini, 1999; Jager &
Benz, 2000; Lewis & Brown, in press; Matsakis, Andre-
fouet, & Calpolsini, 2000). Such approaches exploit the
attractive features and popularity of the confusion matrix
while usefully extending its applicability to fuzzy classifi-
cations. These and other approaches are important as the
ability to evaluate the accuracy of fuzzy classifications will
help to substantially reduce the effect of the mixed pixel
problem. Since mixed pixels often dominate remotely
sensed imagery and will not disappear with the use of fine
spatial resolution data, techniques that allow their inclusion
into the assessment of classification accuracy are required
and there is scope for considerable research on this topic.

5.7. Use of the confusion matrix

The confusion matrix has been used mainly to provide a
basic description of thematic map accuracy and for the
comparison of accuracies. However, it may be possible to
use the information contained in the matrix to derive
considerably more useful information. As noted above,
the confusion matrix may be useful in refining estimates
of the areal extent of classes in the region. The confusion



G.M. Foody / Remote Sensing of Environment 80 (2002) 185-201 195

matrix may, however, be used to further enhance the value
of the classification for the user. In particular, it may be
possible to use the matrix to help optimize the thematic
map for a particular user (Lark, 1995; Morisette & Khor-
ram, 2000). Thus, the matrix may be usefully employed
with information on the actual costs of errors or the value
of the map to optimize a classification for a particular
application (Smits et al., 1999; Stehman, 1999a). Smits et
al. (1999), for example, illustrate how a confusion matrix
may be used together with information on the economic
cost of misclassification to refine a thematic mapping
investigation. In particular, it is shown that the results of
such an analysis may be used to refocus the investigation or
question the appropriateness of the data sets or methods
used in deriving the classification. The utility of such
methods, however, clearly depends on the reliability of
the confusion matrix. Forming a reliable confusion matrix,
in which one can be confident that issues discussed above
(e.g., sample design, ground data accuracy, registration of
the data sets etc.) have not had a detrimental effect is,
however, difficult (Smits et al., 1999).

5.8. Accuracy of land cover change products

There is considerable interest in the use of remote
sensing to study thematic change, such as land cover
dynamics. This arises particularly through the importance
of land cover change within the broader arena of envir-
onmental change (Skole, 1994) as well as the need to inform
environmental policy and management decisions (Biging et
al., 1999). Many methods of change detection have been
used to study land cover change (Lambin & Ehrlich, 1997;
Mas, 1999; Singh, 1989), but by far, the most popular has
been the use of postclassification comparison methods.

A variety of factors influence the accuracy of land cover
change products. With the popular postclassification com-
parison methods basic issues are the accuracies of the
component classifications as well as more subtle issues
associated with the sensors and data preprocessing methods
used together with the prevailing conditions at the times of
image acquisition (e.g., atmospheric properties, viewing
geometry, etc.) (Khorram, 1999). In mapping land cover
change, the problems noted above in relation to the regis-
tration of data sets and boundaries are generally magnified
(Khorram, 1999; Roy, 2000). Error in the individual classi-
fications may also be confused with change (Khorram,
1999). This can be difficult to allow for or study particularly
as the location of boundaries between classes at each
individual time period may be uncertain (De Groeve &
Lowell, 2001) and there may be no information on the
spatial distribution of accuracy for the classifications used.
Consequently, any differences observed over time may not
be attributable solely, if at all, to real change on the ground.
As a consequence of these and other issues, the estimation
of the accuracy of a change product is a substantially more
difficult and challenging task than the assessment of the

accuracy of a single image classification (Congalton &
Green, 1999). With no standard approach to the assessment
of the accuracy of a change product, it has been popular to
adapt the standard confusion matrix to yield a change
detection confusion matrix. The elements of this change
detection confusion matrix represent individual from/to
class change scenarios (Congalton & Green, 1999; Khor-
ram, 1999). As a result, the dimensions of the matrix are
much larger than the basic confusion matrix used to assess
the accuracy of the single date classifications depicting the
land cover classes of interest; each dimension of the change
detection confusion matrix is the square of the number of
classes involved. If desired, however, the matrix can be
compressed into a 2 x 2 matrix illustrating simple change or
no-change situations (Congalton & Green, 1999; Morisette
& Khorram, 2000). From each type of matrix, some of the
basic measures of accuracy discussed above can be derived
to express the accuracy of the change detection (Biging
et al.,, 1999; Congalton & Green, 1999). Obtaining the
sample of data to use in the construction of the change
detection confusion matrix can, however, be difficult. Often,
for example, some of the change scenarios are rare, com-
plicating the sampling process (Biging et al., 1999; Khor-
ram, 1999). Perhaps a more significant problem, however, is
that these approaches are appropriate only for use with
conventional hard classifications. This, however, limits the
change detection to indicating where a conversion of land
cover appears to have occurred. Although land cover con-
versions are important, they are only one component of land
cover change. Subtle transformations, land cover modifica-
tions, in which the land cover type may have been altered
but not changed (e.g., a grassland degraded, a forest
thinned), will be inappropriately represented by conven-
tional postclassification comparison methods of change
detection. This is unfortunate as land cover modifications
may be as significant environmentally as land cover con-
versions (Foody, 2001a; Lambin, 1997). In general, the use
of hard classifications within a postclassification compar-
ison-based approach would be expected to underestimate
the area of land undergoing a change and, where a change is
detected, overestimate the magnitude of change as it is a
simple binary technique (e.g., Foody, 2001a). This is a
major limitation in environmental studies where the mag-
nitude of change is often important. The ability to monitor
land cover modifications associated with land degradation
or rehabilitation would, for example, help inform envir-
onmental policy and decision making that underpin sustain-
able resource use (Foody, 2001b).

6. Summary and conclusions

Although thematic maps are an imperfect model of the
environment, they are widely used and often derived from
remotely sensed data through some form of classification
analysis. The value of the map is clearly a function of the
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accuracy of the classification. Unfortunately, the assessment
of classification accuracy is not a simple task. Accuracy
assessment in remote sensing has a long and, at times,
contentious history. Accuracy assessment has, however,
matured considerably and is now generally accepted to be
a fundamental part of any thematic mapping exercise.
Although there is no accepted standard method of accuracy
assessment or reporting, the topic has matured to the extent
that the general format of these important components of the
mapping exercise can be identified. Typically, for example,
the community is urged to base accuracy assessment on the
confusion matrix and provide at least one quantitative metric
of classification accuracy together with appropriate confid-
ence limits. Additionally, some general level of accuracy is
typically specified as a target against which the classifica-
tion may be evaluated.

The confusion matrix lies at the core of much work on
accuracy assessment and is frequently used without question
to its suitability. The confusion matrix is used to provide a
site-specific assessment of the correspondence between the
image classification and ground conditions. The confusion
matrix may, for example, be used to summarize the nature of
the class allocations made by a classification and is the basis
of many quantitative metrics of classification accuracy.
However, there are many problems with accuracy assess-
ment. A key concern is that the basic assumptions under-
lying the assessment of classification accuracy may not be
satisfied. Rarely, for instance, will the data used be truly
site-specific due to problems of mixed pixels and misregis-
tration of the ground and remotely sensed data sets. The
classes defined are also typically a generalization that may
often be problematic. Moreover, rarely are the ground data
an accurate representation of the ground conditions or the
necessary information on the sampling design used in their
acquisition provided. Obtaining a reliable confusion matrix
is, therefore, a weak link in the accuracy assessment chain
(Smits et al., 1999), yet it remains central to most accuracy
assessment and reporting. Until basic problems such as
those associated with mixed pixels and data set registration
are solved, the interpretation of the confusion matrix and
accuracy metrics derived from it will remain problematic.

Although there have been many recent advances, the
current status of accuracy assessment indicates that numer-
ous problems remain to be solved. Thus, although the
subject has matured considerably, there is scope for sig-
nificant further development. A key concern is that the
widely used approaches for accuracy assessment and report-
ing are often flawed. Despite the apparent objectivity of
quantitative metrics of accuracy, it is important that accu-
racy statements be interpreted with care. Many factors may
result in a misleading interpretation being derived from an
apparently objective accuracy statement. This situation
could have serious implications for some users and may
lessen their confidence in remote sensing as a source of land
cover data. Considerable further research is therefore
needed. This research needs to address basic image process-

ing issues such as the registration of data sets as well as
issues associated more closely with accuracy assessment
itself. The latter may usefully benefit from investigations
into defining tolerable levels of error and error reporting. In
the meantime, accuracy assessment will remain a difficult
issue. Given the range of viewpoints and problems, it seems
unlikely that a single universally acceptable standard for
accuracy assessment and reporting can be specified. What
the remote sensing community can do, however, is provide
more information than it currently seems to do. While the
information required may vary depending on the aims of the
mapping study and availability of the derived map to other
users, a detailed account of the approach to accuracy
assessment adopted may facilitate more informed use of
the map than is otherwise possible. Thus, in addition to
providing basic accuracy assessment components such as a
quantitative metric of accuracy and a confusion matrix, if
appropriate, it may be helpful if the information on issues
such as the sampling design used to acquire the testing set,
the confidence in the ground data labels, the classification
protocols and lineage of the data sets used were provided.
Many of these issues have been raised in the literature
before and have been simply revisited here with reference to
recent examples, which act to emphasize the need for the
community to critically evaluate its procedures and change
as appropriate in order to progress. This is particularly
important with regard to the mapping of very large areas
and monitoring of change, where accuracy assessment
remains a challenging task with considerable scope for
further development. It is, however, more difficult to gain
support for research on classification accuracy assessment
than classification projects (Scepan, 1999), yet the value of
such projects will be limited ultimately by the poor quality
of the accuracy assessment and reporting.
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