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Abstract

This paper is meant as a guide for data users who need to quantify the accuracy of area-
class maps of soil classes or properties, and for data producers who need to provide
guantified accuracy measures in metadata for digital datasets derived from such maps.
The thematic accuracy of a soil map is the degree to which the attribute information
in a map agrees with reality, and is assessed by statistics of a partial field sample or a
complete reference map. Accuracy may be assessed on the basis of legend categories,
taxonomic classes, single or multiple soil properties, interpretations, or interpretive
classes. Binomial tests may be used to determine the error frequency, and multinomial
tests to also identify which classes or properties are confused. Multinomial tests are
based on the confusion matrix, and include naive measures of agreement kaqojtie
andtau indices. Partial credit for mapping errors may be given by weighted variants
of these tests, with weights being assigned by utility functions or by the producer’s
subjective judgement of class similarity.& test may be used to simultaneously verify

the overall accuracy and the agreement with stated proportions of a compound map
unit. Field sampling for accuracy assessment may be random or stratified by legend
category or major landscape. The required sample size depends on prior estimates of
class proportions, required relative accuracy, and acceptable chance of Type | error. A
reference map to be used for comprehensive sampling should be discretized to a grid
cell size equal to one quarter of a minimum legible delineation.

Keywords

Soils maps; accuracy; multivariate analysis; sampling; legends
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1 Thematic accuracy as an aspect of adequacy

Maps of the geographic distribution of soil classes and properties are valuable inputs to
environmental studies (e.g. Bouma et al. [7], Lilly et al. [43]), land management plans,
land evaluation [21, 22, 56], and land use planning. Soil maps are available at reconais-
sance to detailed scales over large areas of the world. They are increasingly presented
in digital form, incorporated into multi-theme Geographical Information Systems, and
made available on the World Wide Web [57]. In this context, theiequacydefined

as ‘fitness for use’, is a key issue.

Forbes et al. [29] classify the adequacy of a soil resource inventory according to four
aspects : map scale and texture, map legend, base map quality, and ground truth. This
paper deals only with the last aspect, that is, the degree to which the map agrees with
reality. This is also callethematic accuracy

Modern metadata standards provide a standardised method to inform data users about
accuracy. For example, 82 of the USA's federal government standard [25] is dedicated
to ‘data quality information’, which may include a report on attribute (thematic) ac-
curacy, preferably a quantitative assessment (82.1.2), defined as “a value assigned to
summarize the accuracy of the identification of the entities and assignments of values
in the data set and the identification of the test that yielded the value”. The relevance to
soil maps is obvious; unfortunately these maps rarely provide such information. Digital
soil surveys from the USA at both county and state levels [e.g. 70, 69] make no men-
tion of accuracy assessment in this metadata field; instead they state only that “attribute
accuracy is tested by manual comparison of the source with hard copy plots ...", that
is, the digital dataset is only as good as the original soil survey, which itself has never
been tested for accuracy.

Soil maps have been produced over a long period of time, by a wide variety of survey
organisations, and with a wide variety of methods, standards, legends, and classifi-
cations. Even within one survey organisation, a variety of methods may have been
used, and of course each soil landscape has its own mapping problems. Thus soil maps
provide special challenges for accuracy assessment, especially in the categorical inter-
pretation of accuracy, that is, what exactly is meant by “agreement” between map and
reality.

This paper explains methods of accuracy assessment from the point of view of the soil
map user, and provides a guide for selecting and applying appropriate assessment tech-
nigues. Producers should also use these methods and to provide objective accuracy
measures to their clients, especially as metadata for digital datasets. In addition, it
explains methods from the point of view of the map producer, to determine how suc-
cessful the mapper has been in representing the soil landscape on the map; these can
be used for quality control.

There are four general questions that may be asked relating to the thematic accuracy of
a map:

1. What is the errofrequency how often (i.e., over what proportion of the mapped
area) does the map not agree with reality?

2. What is thenatureof the errors: which soil classes or properties are not mapped
correctly, and with which other classes or property values are they confused?

ASSESSING THE THEMATIC ACCURACY OF AREACLASS SOIL MAPS 5
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3. What is themagnitudeof errors: how serious are they for a decision-maker?

4. What is thesourceof the errors: why did they occur?

Here we deal with the first three questions; the map producer can use this information
to investigate the fourth.

This paper is structured as follows. First, we discuss conceptual models of spatial
variability and limit the further discussion to area-class soil maps (81.2). Second, we
consider the cartographic treatment of boundaries and spot symbols (81.3). Third, we
explain the different possible measures of accuracy (§81.4) and the treatment of legend
categories where the map admits that there are contrasting soils in a polygon (82.2).
Fourth, we introduce the statistical assessment of accuracy by simple binomial tests
(83), followed a lengthy discussion of multinomial tests using confusion matrices for
simple map units (84) and validation matrices for compound map units (85). Fifth, we
discuss sampling schemes for accuracy assessment (86), and finally summarize with a
checklist of points to consider when designing an accuracy assessment (87).

1.1 Background

The systematic study of soil map quality began with Webster [76] and continued with

a group at Oxford, although most of their effort was focused on optimum methods of

producing soil maps (e.g. Beckett and Burrough [4]), not assessing existing ones. A
group at Cornell University worked for several years on aspects of soil survey ade-
quacy, including accuracy assessment [63, 29]. A group at the Staring Centre (now
Alterra) in the Netherlands [32, 45] developed methods for quantifying map unit com-

position and thematic quality. The Soil Science Society of America held a symposium

on soil spatial variability [52] where attention was given to this topic. Several authors

have reported on transect studies and their statistical treatment [79, 78, 8].

Accuracy assessment has been extensively studied for various kinds of thematic maps,
most notably land use and land cover maps produced by satellite remote sensing [16,
17, 59], and a wide variety of statistical techniques have been proposed for this purpose
[18, 44, 50, 30].

1.2 Conceptual models of soil spatial variability

There are two conceptual models of the soil landscape that are used in soil mapping:
the discreteand continuousmodels of spatial variation (DMSV and CMSV, respec-
tively) [35]. In this paper we are only concerned with the DMSV, which hypothesizes
that the variation in soil classes (and therefore properties) across the landscape can
be partitioned by sharp boundaries into ‘homogeneous’ areas. In the extreme, all lo-
cations within a polygon would be identical, but the DMSV is still successful if the
within-polygon variance is less than the between-polygon variance. The DMSV does
not account for spatial dependence either within polygons or across boundaries. The
geometric representation is a 2-dimensional simplicial complex (if boundaries are made
up of line segments) or, more generally, a 2-dimensional cell complex [39]. The usual
physical representation in a GIS is as a set of polygons in the so-called ‘vector’ data
model of entities [11, p. 22] with a linked relational database; the map unit name is the
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key into the legend table. These soil maps may be termneal-class polygon map#
variation is when delineations are known to have several contrasting soils, with stated
proportions and perhaps with known landscape relations within the delineation; how-
ever, the DMSV can provide no information on the location of these components of
such ‘compound’ map units.

Almost all maps produced to date by soil survey organisations are area-class maps, and
it is these maps that are being converted from analog to digital format and integrated
into multi-theme GIS. It may be hoped that soil mapping in the future will increasingly
use pedometric techniques [47], including continuous class maps [46, 33, 74], which
generally provide include internal measures of accuracy as part of their production, but
this does not help the situation with existing surveys.

The remainder of this paper deals only with area-class maps. These impose a hier-
archical division of the mapped area into classes (legend categories), and then into
individual delineations (corresponding to map polygons). Each delineation belongs to
exactly one legend class. Therefore each mapped location falls into one delineation,
and hence into one legend class. In soil mapping, a legend class may be considered
simple(‘consociation’ or ‘undifferentiated group’), referring to only one soil type or
interpretive group, ocompound‘association’ or ‘complex’), referring to several con-
trasting soil types [64, pp. 27-29]. Simple map units are often cditedogeneoys

but this is misleading since it is quite rare in nature that a delineation contain only one
soil type. That is, the natural soil-landscape segments that can be reliabily delineated
at reasonable scales on airphotos or in the field by experienced surveyors contain more
than one narrowly-defined soil class, and these classes often have contrasting prop-
erties and interpretations. For this reason, soil survey organizations have developed
standards for map unfurity, using the concepts aimilar and dissimilar soils [64,

pp. 29-30]. If a map unit is sufficiently pure, it is called ‘homogeneous’ (or better,
‘simple’), even though in reality there are contrasting soils in its mapped delineations.
This has important implications for accuracy assessment, as will be discussed in §2.2.

1.3 Geometric accuracy, symbols, and boundaries

Accuracy can be divided intgeometricandthematicaspects [54]; here we deal only

with the thematic question: to what degree do the predictions made by the map cor-

respond to reality? In practice, it is difficult to separate these aspects. Any geometric

errors in the placement of boundaries or georeference will contribute to apparent the-

matic error, since ground sampling will be displaced with respect to the map. The map

producer can then examine an inaccurate map to see if a geometric adjustment would
improve its quality.

Some soil maps show point (‘spot’) or line symbols to represent areas that are too small
or thin to be drawn as polygons at the map scale [64, p. 236]. The soil class is either
given directly in the legend or can be inferred from the symbol type (e.g. wetness,
stoniness) and adjacent polygons. For purposes of accuracy assessment, spot symbols
may be considered to be circles of the size of the MLD (see §6.4) centered on the point.
Line symbols may be considered to be polygons with rounded ends of a specified width,
converted to ground units, centered on the line. The width corresponds to the minimum
delineation width allowed by the cartographic standards of the mapping agency. For
example, in the Netherlands this width is 3mm on the map [36]. In this way, spot and
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line symbols become polygons for the purposes of accuracy assessment.

Boundaries between delineations of area-class soil maps are modelled as having no
width, both in the conceptual DMSV and in the vector GIS representation. In reality
they represent zones at least as wide as the maximum location accuracy, and at most
as wide as the narrowest mappable delineation, at map scale. Conceptually, these may
be considered either as belonging to both bounding polygons or as belong to neither.
These zones may be of several types: (1) a transition between related soils (as in a
hillslope catena or drainage sequence towards a waterway); (2) a zone of uncertainty
between unrelated soils (as in the boundary between hilland and terrace); (3) a different
soil body that can not be mapped at this scale (as in a small colluvial footslope between
hilland and terrace). Lagacherie et al. [41] present an interesting classification of the
nature of soil boundaries.

The width of the zone of uncertainty depends on the soil bodies on either side, and may
be set by the mapper; however it can not be any wider than minimum width allowed by
the cartographic standards of the mapping agency nor any narrower than the maximum
location accuracy, which also depends on the mapping agency’s standards; this latter is
typically an order of magnitude smaller than the former, e.g. 0.3mm vs. 3mm.

For purposes of accuracy assessment, there are four ways to deal with boundaries, in
descending order of strictness. First, the boundary can indeed be considered to have no
width, and a sample point falling near the boundary is compared to its mapped class.
Second, a sample point within the zone of uncertainty may be compared to the classes
on either side of the boundary, and considered to be in agreement with the map if it
matches either one. Third, a sample point in the zone of uncertainty may be assigned
to either of the bounding polygons at the discretion of the assessor. Finally, the zone of
uncertainty around each boundary can be excluded from the accuracy assessment. The
second method seems to provide a good compromise which recognizes the cartographic
uncertainty.

1.4 Types of thematic accuracy

Intuitively, the ground truth of a soil map is the proportion of the mapped area in which
the soil class, property, or behaviour as predicted by the map is in fact encountered.
The difficulty is in making this idea precise and operational.

We distinguish five kinds of thematic accuracy: (1) legend, (2) taxonomic, (3) attribute,
(4) interpretive, and (5) interpretive classification.

Thelegendaccuracy is a comparison of actual with mapped legend classes. It measures
how well the soil map predicts the legend categories on the landscape. If the classes
are from a soil classification system such as the World Reference Base [24, 20] or Soil
Taxonomy [65], this is also calla@xonomicaccuracy. In a hierarchical classification
system such as these just mentioned, taxonomic accuracy can be assessed at any level;
presumably the accuracy at the higher (more general) levels will be greater than those
at the lower (more specific) ones. If the legend classes include taxonomic names but
also other information, for example phases, taxonomic accuracy is less demanding than
legend accuracy.

The attribute accuracy is a comparison of actual with mapped values or classes for a
selected set of soil properties (as opposed to legend or taxonomic clases). Typically,
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the selected properties are important for land evaluation [56]. These attributes may be
used as input to some model of soil performance (e.g., rating tables or process models),
and the observed and predicted performances compared; thierigretiveaccuracy.

In practice, it is difficult to determine interpretive accuracy in this way, because per-
formance for a given use is not generally observed over the entire mapped area. An
exception in some areas is the yield of a widely-grown crop under a single manage-
ment system [23]. Therefore, interpretive accuracy is often evaluated by means of the
attribute accuracy for a set of diagnostic land characteristics that are considered impor-
tant to performance.

Taxonomic and interpretive assessments may be combined by evaluating the agreement
with an interpretive classificationthat is, a re-classification of the soil types for a
specific purpose, e.g. hydrological response [6] or management group [58, 60, 40].
This has the advantage, for the map user, that soils are grouped into classes that have
been designed to relate directly to use.

2 What is ‘agreement’ between map and ground?

The previous section used the term ‘agreement’ without defining what this means and
how it is determined in practice. In this section we investigate this question for the
different kinds of accuracy.

The concept of ‘agreement’ between mapped and ground classes is clear for a single or
multiple attributes, as long as the attribute classes completely cover feature space. Then
a single ground observation matches exactly one of the classes, with an uncertainty
equal to the measurement error.

For taxonomic classes, this concept is not so clear, because the set of classes in the
legend is in general not complete, i.e. does not classify all possible pedons, for two
reasons. First, there may be minor areas of defined taxa that are not included in this
survey’s legend. These may be explicitly correlated with taxa that are in the legend,
or they may not have been recognized during mapping. Second, there may be pedons
which do not fit in any existing taxonomic class. Modern soil classification systems
[e.g. 24, 65, 1, 61, 2] usually classify all soils at higher categorical levels by means of

a ‘miscellaneous’ or ‘other’ class, but not at the detailed levels used in most mapping.
This is especially true at the series level.

There are several ways to deal with an observation that does not match any legend
category for purposes of accuracy assessment:

1. Assign it to the legend category which it most closely resembles.

This can be pre-defined for defined taxa which were explicitly excluded from this
area’s mapping legend, i.e. ‘correlated out’ of the survey. Any pedons of these
classes are considered correctly mapped if they occur in map units of their cor-
related class. In general the interpretations for use of these ‘mis-classifications’
are almost the same as the taxa to which they are correlated.

For pedons that do not fall into any pre-defined class, the assignment to a legend
class requires expert judgement. The guiding principle is that the interpretations
be almost the same.

ASSESSING THE THEMATIC ACCURACY OF AREACLASS SOIL MAPS 9
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2. Assign it to a separate ‘other’ class, which is treated as a mapping failure.

3. As (1), but if the point is too dissimilar to all classes in the legend, then as (2).
The decision as to what is ‘too dissimilar’ is usually made based on interpreta-
tions.

4. Assign the point to more than one class, with different degrees of agreement.
Then the accuracy must be assessed with weighted methods (84.2.3).

For interpretive accuracy, we could require that the map and ground agree exactly, but
this does not distinguish between small mistakes that don't seriously affect the use and
gross errors. Forbes et al. [29] proposed a measure of interpretive accuracy based on a
series of attribute accuracies for classified attributes. Each classified attribute is mea-
sured either on aardinal scale, for example depth to root-limiting layers or structure
grade, or on aominalscale, for example landform or structure type. Ordinal attributes
have an implicit concept of ‘adjacency’ in attribute space, whereas for nominal at-
tributes, the evaluator must define asjacency matrixvhich states which class pairs

are considered ‘adjacent’. Each observation is scored on a schte df

1. All attributes are in the mapped attribute classes;

2. Less than some specified proportion of the attributes are in adjacent classes, and
none are in non-adjacent classes;

3. More than the specified proportion of the attributes are in adjacent classes, or
exactly one attribute is in a non-adjacent class, or both;

4. More than one attribute is in a non-adjacent class.

Accuracy is then assessed with respect to a threshold defined by the evaluator. A strict
assessment would consider only observations with score 1 to be ‘true’; a weaker as-
sessment would consider observations with either scores 1 or 2 to be ‘true’, and the
weakest assessment would consider any observation except 4 to be ‘true’.

For accuracy based on an interpretive classification, a strict assessment is preferable,
since the process of assigning pedons to interpretive classes has already simplified the
taxonomic legend.

For any type of accuracy, but especially taxonomic, there is the complication that the
map units are of several types, that is, they make different statements about the number
and relation of soil types within a legend category. We consider first the case when the
map predicts that only one type of soil is present (perhaps with some allowable propor-
tion of impurities), and second the case when the map predicts several contrasting soils
in one map unit.

2.1 Simple map units

Simple map units, usually called ‘homogeneous’, might better be called ‘homogeneous
enough for detailed interpretations’. The most common type of unit isadhsociation

which contains one dominant soil type, perhaps with some other soils that are consis-
tenly associated with the dominant soil and have similar interpretations. The map unit
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has some allowable level afpurities i.e. contrasting soils. Consociations may be
recognized in the legend by the form of their name [64, 72]: they have only one named
soil at any categorical level, e.g. ‘Cazenovia silt loams’ or ‘Lithosols’.

If the map unit contains several similar soil types which are not consistently associated
geographically, they may be mapped asuadifferentiated group The legend entry

for these is a list of the possible similar soils, separated by ‘and’, e.g. ‘Cazenovia and
Cayuga silt loams’. This means that in any delineation one may encounter either or
both of the named soils.

Field experience shows that simple map units almost always contain pedons of several
classes. The Soil Survey Manual [64] acknowledges that “[i]n all soil surveys, virtu-
ally every delineation of a map unit includes areas of soil components ...that are not
identified in the name of the map unit”. The descriptive legend should acknowledge
this reality, and give an estimate of the composition of each map unit, including the
estimated proportion of eadhclusion and whether it is similar or dis-similar to the
named soil class.

For example, a typical soil survey report from the USA [71] includes the following
statement about the ‘Tioga silt loam’ consociation:

“Included with this soil in mapping are areas of moderately well drained
... Middlebury soils on the lower part of the flood plain. Also included
are soils that have more silt in the subsoil than this Tioga soil and that do
not have underlying sand or gravel. Some areas have a surface layer of
gravelly silt loam.”

The first inclusion is another named soil which is limiting for most uses, with respect
to the dominant soil in the map unit. The second and third are similar soils but not
within the range of the taxon. The mapper has recongized and acknowledged all three
impurities, but could not map them. Implicit in this text is that the inclusions occupy
less than proportional areas specified by the survey organisation’s purity standards for
simple (‘homogeneous’) map units. In this case, the relevant standard is the USDA's
concept of ‘consociation’ [64, 72], which require§5% in the taxon, similar taxa, or

their taxadjuncts< 15% dis-similar, limiting inclusion with respect to the taxon, and
<10% of any single dis-similar, limiting inclusion.

Purity standards are a promise from the map maker to the map user, therefore they must
be validated.

2.2 Compound map units

These are map units which, according to the mapper, contain several contrasting soil
types which could not be separately mapped at the chosen scale. The most common
is theassociation which has a regular and predictable landscape relation between its
components, and could be mapped at a larger scale. These are given names such as
‘Ontario-Cazenovia-Lakemont association’. The legend should give the relation be-
tween the components which allows them to be recognized in the field by the map
user; this is the so-called ‘two-stage’ survey of Beckett [3]. The other common type is
thecomplexwhere the contrasting soils could not be mapped at a realistic scale, either
because the landscape relations are unpredictable or because, while predictable, they
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occur at too fine a scale. The limiting scale has been conventionally defined by the
USDA as 1:24 000 [64, Ch. 2], but in view of increasingly-detailed mapping projects,
this limit should be raised to 1:12 000 or even 1:6 000. These are given hames such
as ‘Farmington-rock outcrop complex’. The legend should give an estimate of the pro-
portion of each component, and, if possible, the landscape relations. In both cases,
it is expected that the reported proportion of components applies to each delineation
separately, as well as to the entire map unit.

A less useful, and less common, type of compound map unit is a lisha$sociated

soils Delineations of these contain any one or more of the several soil names joined
by ‘or’ in the map unit name, e.g. ‘Cazenovia or Cayuga soils’. Any statement on the
proportion of components applies to the entire map unit, not to individual delineations.

A compound map unit without stated proportions of its constituents is not very useful.

Its accuracy must be assessed by a very lenient standard: any observation that matches
any of the named classes is counted as a success. So the map may be ‘accurate’ but is
not adequate for most uses.

The map legend commonly states the relative proportion for the various named com-
ponents of each map unit. Transect sampling [32] or detailed photo-interpretation of
sample areas may have been used to establish these statements, but in general they are
usually based on the surveyor’s impression of the landscape during mapping. Still, they
are what is stated to the user. No matter how the estimates were made, the map can
be considered accurate only if both the soil names and their proportion are correct; a
method to assess this is given in 85.

Similar inclusions are grouped with their corresponding component for this purpose.
That is, a statement such as ‘60% A, 40% B’ is to be read as ‘60% A and similar, 40%
B and similar’.

3 Binomial tests of accuracy

The simplest method of accuracy assessment is a binomial test based on the number of
agreements (‘true’, ‘success’) or disagreement (‘false’, ‘failure’) of a series of sample
points with the mapped class, attribute, or interpretation. Confidence intervals can be
determined for the accuracy of the whole map or of any stratum, for example a single
legend category. This method only answers the first question posed in §1, namely
‘What is the error frequency?’

An important concept in both binomial and multinomial tests is o hypothesis

Hy, which here is that the true or population statistic, e.g. the overall map accuracy,
is within a range that we estimate from the sample. We fiomfidence levell — a)

for this hypothesis, and this in turn allows us to compute the range. The paramnister
the acceptable probability of Bype lerror, that is, the chance that we are rejecting the
null hypothesis when it is in fact true. The lower we aethe narrower the computed
confidence intervals, but the less certain we are that the (unknown) population value
is in fact in this interval; in addition, a larger sample is required to establish a given
precision (86.3). In soil survey work is often set td).1 or even0.2, as compared to

the usual practice in agricultural experimentation, where it is seto® or even0.01

to detect significant effects.
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The statistics for the binomial test are covered in many sources [e.g. 26, 66]. They have
been used in transect studies to estimate the composition or purity of map units [32, 79]
but serve equally well to summarize the accuracy of an entire sample for map accuracy
assessment [29]. For example, Brannon and Hajek [8] used binomial confidence limits
to verify a recompiled soil survey in Alabama, USA with 98 locations over 62 000ha,
each with three sampled pedons, in a random sample stratified by map unit. They dis-
tinguished between taxonomic accuracy, in their case 79%, and interpretive accuracy,
in their case 90 to 98%; 90%-confidence itervals were about 4% wide.

Given an unbiased sample of sizewith n; successes, the proportional accurgacy
and its standard deviatiohare estimated as:

p = m/n 1)
PR 2 et ) @
n
The confidence interval of the estimate is then:
. N 1
P[5 Ziat o 3)

whereZ; _,, is the two-tailed normal score for the probability of Type | ersorThe
small-sample correctioit/2n is usually ignored for sample sizes> 50; it is then

less than 1%. The lower and upper limits as computed by Equation 3 are truncated at
and1, respectively, if necessary.

As an example, we summarize the confusion matrix of Table 3 (below); of the total
observations = 163, the diagonals, representing the correctly classified observations,
sum ton; = 86. Then we calculatp = 0.5276 ands = 0.0391. For a5% probability

of a Type | error, the corresponding area under the normal cue is 0.95, which

is obtained for the two-tailed test with = 1.96. Then the 95% confidence interval for
pis[0.4479...0.6073]. This is generally interpreted to mean that if we had repeated
the same sampling scheme a large number of times, we expect that in 95% of these
experiments the observed accuracy would be somewhere between 44.8% and 60.7%.
We are running &% risk that the true proportion is 44.8% or > 60.7%.

We can narrow the confidence interval at the expense of a higher risk of Type | er-
ror. For example, increasing to 0.1, we obtainZ = 1.64 and an interval foip of
[0.4602...0.5950], i.e. abouR.5% narrower. But now there isB0% risk that the true
proportion is outside this interval. Increasingo 0.2, i.e. a one in five chance of the
true value being outside our calculated interval, we ohfaia 1.28 and an interval for

p of [0.4744 ... 0.5808], now5.3% narrower.

3.1 Comparing the relative accuracy of two maps

The confidence interval allows us to compare two maps, for example made by different
mappers, at different scales, or at different times. If the intervals do not overlap, we
can assert that the maps have different accuracies.

If we assume that the two samples come from a single underlying population, we can
pool the estimated variances to calculate the Zestatistic for the difference between
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the two measures.

V82 + 83
This Z-score is the ordinate on the cumulative normal distribution, i.e. the number of
standard deviations from the mean. The tabulated value is then the one-tailed probabil-
ity that the difference between the classifications is due to chance. In general the test is
two-tailed, since neither classification is prefereegriori, so the probability obtained
from the table should be doubled.

Continuing the numerical example of the previous section, suppose there were a second
map that appears to be more accurate, yith= 0.65 but with the standard deviation

of the estimate somewhat highés, = 0.045. The 95% confidence interval for this
second classification computed by Equation 3 is [0.5618 ...0.7382]. The two inter-
vals substantially overlap, so the two maps could not be considered to have different
accuracies by this comparaison. However, thscore for the difference between the
classifications would be, according to Equation 4:

0.5276 — 0.65
= | | = 2.0532

1/(0.0391)2 + (0.045)2

The one-tailed probability corresponding t&ascore 02.0532 is &~ 0.020, so the two-
tailed probability that the second map would in fact be better than the fiestis— (2-
0.020)) = 96.0%. That is, if we decide that it is justified to pool the variances, the test
suggests that the second map would in fact be better than the firstPwith 0.960,
whereas comparing the 95% confidence intervals would not establish this difference.

4 Multinomial tests of accuracy

Binomial tests treat errors for all classes equally, and therefore can only estimate the
accuracy of the map or stratum as whole. To investigate the errors associated with
individual classegnultinomialtests must be used. These answer the first two questions
posed in 81, namely ‘What is the error frequency?’ (as with binomial tests) and also
‘What is thenatureof the errors: which classes or properties are not mapped correctly?’
In this section we consider multinomial tests where each legend category to be verified
is simple (8§2.1); in 85 we consider how these methods may be used to verify compound
map units (82.2) and estimate the proportions of their consituents.

Multinomial tests are based on the so-caltsmhfusion matrix This is a table with
columns representing theference(observed) classes, and the rows thassified
(mapped) classes. Each cell in the matrix contains the number of observations in the
mapped class of its row that were in fact observed in the class of its column. Thus the
diagonals represent agreement between map and ground (as in binomial tests), and off-
diagonals represent different mis-classifications. Numerous authors [17, 42, 59, 31]
explain confusion matrices.

Table 1 shows the basic notation of confusion matrices, and Table 2 shows the simple
statistics that are computed from it.
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| Symbol | Meaning | Computation |

X | confusion matrix

— rows[1...r] areclassified(“mapped”) data

— columng[l...r] arereference“true”) data
r | number of rows and columns &

xi; | number of observations in rowy columny, i.e. | as observed

in reference clasg but mapped as clags

xiy | marginal sum of row (mapped class) Z;:1 T
x+; | marginal sum of column (reference clags) Z:zl Tij
. s T
n | total number of observations Zizl > iy Tij

Sor| YT miy
SO D T

P | proportions matrix X./n
pi; | proportion of observations in row columnjy xij/n
pi+ | proportion of mapped data in row (clags) Tit/n

Lor Y P
p+; | proportion of reference data in column (clags) z;/n
..or Z::l PDij

Table 1: Notation for the confusion matrix

Symbol | Statistic Computation

C; | User’s ‘accuracy’, mapped class Tis [ Tit
~ ...or pu/PH-

C; | Errors of commission, mapped class 1-C;

O; | Producer’s ‘reliability’, reference clags Tjj /T4

) 200 | Py /Dty

O; | Errors of omission, reference clags 1-0;

A, | Overall accuracy Yo mii/n
~ -.or 22:1 Pii

Ao | Overall error 1-A,

Table 2: Statistics computed from the confusion matrix

The traditional terminology for errors is somewhat confusing, but well-established. It
is expressed from the point of view of the mapper. Looking across the rows (classes as
mapped), an error afommissions said to occur when the mapper incorrectly mapped
this class at a reference (ground truth) site where it does not exist. That is, the mapper
‘committed’ the error of over-mapping a class. This leads to a lower user’s ‘accuracy’
C;. Conversely, looking down the columns (classes as found in the field), an error of
omissionis said to occur when the mapper failed to correctly identify this reference
site in its true class. That is, the mapper ‘omitted’ to map the site in the correct class.
This leads to a lower producer’s ‘reliability);. The overall accuracyl, is the same

as the estimated binomial accuracfrom 83, considering all off-diagonals together as
classification failures.

These matrices may be evaluated with various statistics, which we now explain: (1)
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naive measures of agreement; Kappa and (3)tau. These can all be modified to give
partial credit for mis-classifications.

4.1 Naive measures of agreement

The statistics from Table 2 may be used directly as measures of overall accdisqoy (
per-class accuracy from the user’s or producer’s point of viéyof O;, respectively).
Individual off-diagonalsp;;,i # j show the frequency with which mapped class
was in fact clasg on the ground. These statistics are easy to interpret. The standard
deviation of the overall accuracy is computed as in the binomial test (Equation 2) with
the proportion of successgsdn that equation replaced by the overall accurdgy

The standard deviation of the per-class user’s accuracy is calculated similarly, but with
the number of successes and the total number of trials limited to a single row:

Di = fzz/$z+ (5)
& = l%:p) 6)

That is,p; = C;. The confidence interval fqf; is calculated as in Equation 3, except
that the finite-population correction refers to the number of observations in the row:

. N 1
Di [81: “Zi—at+ 2$i+} (7
The per-class producer’s reliability is computed similarly, using the column tatal3 (
instead of row totalsa; 1 ).

The problem with these measures is that they do not account for the fact that some of the
apparent classification accuracy could be due to chance, and thereby over-estimate the
mapper’s skill. This is where theappa(84.2) andau (84.3) statistics are applicable.

A numerical example

Table 3 is a sample confusion matrix also used by Congalton et al. [18] and Skidmore
[59]. The counts from the confusion mat¥ are shown in roman type, and the pro-
portions from the corresponding proportions mafPare shown in in italics. Table 4
shows per-class user’s accuracies and producer’s reliabilities, along with their standard
deviations and confidence intervals.

We can examine the matrix and statistics to gain insight on the magnitude and type of
errors. Clearly, some classes are better mapped than others. From the map user’s point
of view, classes A, B, and C are all mapped with an accuracy of about 60%; however,
because of the small number of reference sites located in map unit B, its confidence
interval is quite wide. From the map producer’s point of view, only classes A and C
were reliabily mapped. The producer often mis-mapped class B as one of these two.

4.1.1 The weighted confusion matrix

Naive accuracy statistics may also be computed fegightedconfusion matrix, which
gives partial credit for incorect classifications. This is attractive for assessing soil sur-
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Reference Class Total

A 35 14 11 1 61

0.2147| 0.0859| 0.0675| 0.0061 || 0.3742

B 4 11 3 0 18
Mapped 0.0245| 0.0675| 0.0184 | 0.0000| 0.1104
Class C 12 9 38 4 63
0.0736 | 0.0552 | 0.2331| 0.0245| 0.3865

D 2 5 12 2 21

0.0123 | 0.0307 | 0.0736| 0.0123| 0.1288

Total 53 39 64 7 163

p+; || 0.3252| 0.2393| 0.3926 | 0.0429 || 1.0000

Table 3: Example of a confusion matrix

User’s accuracy Producer’s reliability
Class C; $i 95% C.I. O; S 95% C.I.
A || 0.5738| 0.0633| 0.4415...0.7061| 0.6604 | 0.0651| 0.5234...0.7973
B || 0.6111| 0.1149| 0.3581...0.8641| 0.2821| 0.0721 | 0.1280...0.4361
C || 0.6032| 0.0616 | 0.4744...0.7319| 0.5938| 0.0614 | 0.4656 ...0.7219
D || 0.0952| 0.0641| 0.0000...0.2446| 0.2857 | 0.1707 | 0.0000...0.6918
Overall accuracy9.5276; §: 0.0391; 95% C.I.: 0.4479...0.6073

Table 4: Naive statistics for the example confusion matrix
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veys, because it is well-known that not all mapping mistakes are equally serious for the
map user. This idea was first developed by Cohen [14] as a modification fhapipa
statistic, but may be applied directly to naive statistics.

This method requires that the analyst make a second matrix containing the weights for
each cell in the confusion matrix. The diagonals must be 1, and the off-diagonals must
be in the rangé0 ... 1]. A value of0 indicates that there is no credit for this mistake,

and as the values increase towardthe mistake is considered decreasingly serious. A
value of1 means that the two classes are considered identical for accuracy assessment.
There is no need for the weights matrix to be symmetric, since an error of commission
may be considered more or less serious than an error of omission. If all off-diagonals
are0, this reduces to the unweighted case. In this section we explain the computations
and interpretation of results; in the following section we discuss the more interesting
guestion of how to assign weights.

The additional notation and statistics for the weighted confusion matrix are shown in
Table 5. The statisticg;; andw,; are the weights in the mapped (rows) or reference
(columns) class, themselves weighted by the proportion of each class in the mapped or
reference population, respectively, i.e. fr@m.

Symbol | Meaning Computation
W | weights matrix
Wi = 1,Vi =1
wi; €10...1,Vi#j assigned by evaluator
w;+ | weighted average of the weights of rew E;:l Wij * Ptj
w4; | weighted average of the weights of column Z:Zl Wij - Pit

Table 5: Notation for the weighted confusion matrix

The sums of weighted averages ranges frdm..r], with 1 representing the un-
weighted case, and(the number of classes) representing the (meaningless) case where
no misclassification is important. The weighted overall agreement and per-class accu-
racies are computed as:

Ao = DY wij-pi 8

i=1j=1

C = 1 _zr:wij.pij 9)
pi+

Oj,, = L'iwij'pij (20)
P+i i3

If the off-diagonals are zero, these reduce to the formulas from Table 2.

The standard deviations and confidence intervals for the overall accuracy are calculated
with Equations 2 and 3, respectively, as in the unweighted case; however, the propor-
tion of successesg in those equations is not limited to the diagonals (as in Equation
1), but instead includes the weighted contribution from the off-diagonals, i.e. it is the
overall weighted accuracy,,, from Equation 8, above.
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Similarly, the standard deviations and confidence intervals for the per-class user’s ac-
curacy are calculated with Equations 6 and 7, with the proportion of succgsses
those equations replaced by the per-class weighted user’s acciraéyom Equation

9, above.

A numerical example for the weighted confusion matrix

This example, shown in Table 6 uses the confusion matrix of Table 3, and in addition
a hypothetical (arbitrary) 4x4 weights matrix. The confusion maXixs presented
here as the proportions mati, since these are used in the formulas of the previous
section.

Reference Class
A B c D Pi+ | Wiy Ciw
A | 0.2147 0.0859 0.0675 0.00610.3742| 0.6312| 0.7110
1 0 0.67 1
B | 0.0245 0.0675 0.0184 0.00000.1104| 0.2393| 0.6111
Mapped 0 1 0 0
ClassC | 0.0736 0.0552 0.2331 0.02450.3865| 0.7607| 0.8571
1 0 1 1
D | 0.0123 0.0307 0.0736 0.01230.1288| 0.5783| 0.5305
0.91 0 0.61 1
p4+; | 0.3252 0.2393 0.3926 0.0429 1| 2.5938
w4; | 0.9880 0.1104 0.7158 0.88962.2095
Oj, | 09211 0.2821 0.8233 1.0000

Overall weighted accuracy,,,: 0.7332

Table 6: Example weighted confusion matrix

In this exampler = 4, which is then the maximum possible for the sums of weighted
averages. The producer’'s sumais2.2 and the user'sz 2.6, indicating that many
classes in the map are similar, especially from the user’s point of view.

The weighted per-class user's accuracies range from modegaid¥%; for class D)

to high (= 86% for class C). Producer's reliabilities range from very low 28% for

class B) to perfect (for class D). In most cases, these are significantly higher than the
corresponding unweighted figures from Table 4. The exception is class B, which is so
unlike the other classes that partial credit was not given; in this case the weighted and
unweighed figures are identical.

The overall utility of the map to the user is measured by the overall weighted accuracy
Ao- In this example it is quite highy 73%, as compared to the unweighted accuracy
A, ~ 53%.

Per-class weighted accuracies, their standard deviations, and confidence intervals for
this example are shown in Table 7, which may be compared to the unweighted equiva-
lents in Table 4.

The standard deviations for the weighted case are in general lower, because the accu-
racies are in general further fro5. Only for Class D’s user’s accuracy, where the
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User’s accuracy Producer’s reliability

Class Ciw Siw 95% C.I. ij SA]' w 95% C.I.
A || 0.7110| 0.0580| 0.5890...0.8329| 0.9211| 0.0370| 0.8391...1.0000
B || 0.6111| 0.1149| 0.3581...0.8641| 0.2821| 0.0721 | 0.1280...0.4361
C || 0.8571| 0.0441| 0.7628...0.9515| 0.8233| 0.0477 | 0.7220...0.9245
D || 0.5305| 0.1089| 0.2932...0.7677| 1.0000| 0.0000| 0.9286 ...1.0000

Overall accuracy.7332; §: 0.03464; 95% C.1.: 0.6622. ..0.8042

Table 7: Naive statistics for the example confusion and weight matrices

weighted accuracy increases to ned, is the standard deviation higher.

4.1.2 Assigning weights

The key question, of course, is how to assign the weigh/ofFor accuracy assess-
ment, these should be assigned from the user’s point of view, that is, how serious is the
mistake to the user? This can be assigned in two ways, which we consider in turn: (1)
with an objective utility function, for accuracy assessment and (2) with the producer’s
judgement of the similarity of the classes, for quality control.

Assigning weights with a utility function Naesset [51] suggests the useutifity
functionsto determine weights. The weight assigned to a mistaken classification is
then the user’s utility of the incorrect choice as a proportion of the utility of the correct
choice. In a soil survey context, this can be viewed as the proportional economic value
of using one soil (the reference class) as if it were in fact the soil as mapped. The
weights are assigned within rows, from the map user’s point of view of the seriousness
of each error of commission.

Utility functions are any assignment to each map unit of the relative value to the user
of that map unit, compared to a standard. For example, a simple utility function for
a soil survey which is mainly intended to support agricultural planning is the propor-
tional yield, compared to a reference map unit, for an important crop in the survey area.
For example, Table 8 shows the predicted yields of groundnuts under prevailing man-
agement for a selection of mapping units from the soil survey of Edgecombe County,
North Carolina, USA [70].

The sequence Ly—GoA-NoA—{NoB or WaB}-{NoC or WaC or GyC}-GyD is typical

for a transect on the Sunderland surface of the middle Atlantic coastal plain from the

margins of undissected uplands to small drainageways [19, p. 5]. The proportional

groundnut yields along this sequence &e.9, 1, {.92| .73}, {.82| .63 | .65}, .55}.

Map units Ly—GoA—NoA form a ground-water depth sequence across an essentially
flat landscape, and the boundary between them is often difficult to find during routine

mapping. The transitions between the slope classes A (0-2%), B (2-6%), C (6-10%) D

(10-15%) are fairly clear on the landscape; however, the soils in the B and C positions
must be mapped by augering because of the significant differences in family particle-
size class (fine loamy to fine) and thickness of a coarser-textured surface horizon (10
to 50cm). These result from different sedimentary parent materials which are exposed
by dissection and different intensities of lessivation.
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Symbol Map Unit Name Yield % of
(kg ha™') | key soil
GoA Goldsboro fsl, 0-2% 1630 90
GyC Gritney fsl, 6-10% 1180 65
GyD Gritney fsl, 10-15% 1000 55
Ly Lynchburg fsl 0 0
NoAf Norfolk Is, 0-2% 1820 100
NoB Norfolk Is, 2-6% 1680 92
NoC Norfolk Is, 6-10% 1500 82
WaB Wagram Is, 0-6% 1320 73
WaC Wagram Is, 6-10% 1140 63
Tkey soil
Table 8: Map units and their groundnut yields, Edgecombe County, NC

Weightsw;; are calculated from the map user’s perspective, i.e. by row, to reflect the
loss in user’s utility if the reference class is in fact found in the field instead of the
mapped class. Where the soil found in the field has a higher yield than the mapped
soil, a weight ofl is assigned, reasoning that the map user has already made a decision
on land use based on the mapped class. The weights are then calculated as:

Wy 5

min{l, ul/uj}

11)

whereu; is the utility of class, in this example the relative yield. In this example, we
arrive at the weights matrices shown in Table 9.

Mapped Reference Class
Class| Go)oA GyC GyD Ly NoA NoB NoC WaB WaC
GoA 1 072 061 0 1 1 092 081 0.70
GyC 1 1 0385 0 1 1 1 1 0.97
GyD 1 1 1 0 1 1 1 1 1
Ly 0 0 0 1 0 0 0 0 0
NoA | 090 065 055 O 1 092 082 073 0.63
NoB | 097 070 060 O 1 1 089 079 0.8
NoC 1 079 0.67 0 1 1 1 088 0.76
WaB 1 089 0.76 0 1 1 1 1 0.8¢
WaC 1 1 0.88 0 1 1 1 1 1

Table 9: Weights assigned by a utility function based on groundnut yields

Note the asymmetry of the weights: for example, since the GyD unit has the lowest
non-zero yield, it is not considered an error to map this class when in fact any of the
others, except Ly, is actually found in the field. By contrast, if GyD is found in the field
where the other classes have been mapped, this is considered an error, with weights
(partial credit to the mapper) of from 0.55 (if mapped as the key soil, NoA) to 0.88 (if

mapped as WaC).
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Assigning weights by expert judgement It may be difficult to design a utility func-

tion that correctly reflects the relative value of two map units, in particular because
there are so many uses for soil. Another method for assigning weights follows from
an attempt to formalize the quality control function of the soil correlator or senior
surveyor. The idea is to determine the correlator’s opinion of seriousness of any mis-
mappings in terms of the usefulness of the survey and the competence of the mapper.
These concepts are usually clear in the minds of the mappers in any case, since they
must group observations during mapping to decide on boundaries and map unit names.
This is related to the concepts similar and dissimilar soils [64, pp. 29-30], and

for dissimilar soilslimiting andnon-limiting for major uses. The concept propsosed
here is more flexible than these categories, because it allows the correlator to assign
continuous values to particular mis-mappings, rather than considering similar soils as
equivalent to the mapped soil, and dissimilar soils as mapping failures. It also allows
confusion between similar soils to be considered mapping failures, if the correlator
considers that the mapper should never have made such a mistake, e.g. if the soil as
mapped is never found in a particular landscape.

For a large legend, rather than assign all weights individually, it is more practical and
consistent to develop some rules for assignment of weights, and then adjust them in-
dividually for special cases. Errors are classified by an adjacency diagram in several
dimensions, based on the major differences between soils that may be confused in
mapping and which are used to define mapping classes.

For example, in the North Carolina example discussed above, the main differences be-
tween mapped series are ground-water depth, family particle-size class, and thickness
of the coarser-textured surface horizon. Map units of some series are further differen-
tiated by slope. Daniels et al. [19] use a relational diagram to show the differences of
each series from the series which represents the central concept in the landscape. Rules
could be formulated as follows:

“Observed one class more poorly-drained than mapped = .9”
“Observed one class better drained than mapped = .95"

Or, the rules could apply to each transition:

“Observed excessive, mapped wellw = .95"
“Observed well, mapped moderately wel w = .85”

“Observed well, mapped excessivew = .9”
“Observed moderately well, mapped wel w = .9”

“Observed very thick sandy surface, mapped thicky = .7”
“Observed thick, mapped very thiek w =.9"

To combine weights computed byrules for the same mis-classification, the simplest
method is to use the minimum of the individual factars,—; . . {ws}; another pos-
sibility is to use the geometric mean:

1Lz w (12)
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4.2 Thekappaindex of agreement

The kappaindex of agreement for categorical data was developed by Cohen [13, 14]
and associates [27] in the context of psychology and psychiatric diagnosis. The specific
guestion they addressed is whether two classifications of the same group of subjects
agree or not, in other words, whether the two persons performing a diagnosis agree
in general. If not, it suggests that one or both of the diagnosticians are in error, or
that the categories of the classification can not reliably be distinguished by competent
professionals.

Kappawas subsequently adopted by the remote sensing community as a useful measure
of classification accuracy, first in the obvious analogy to psychiatric diagnosis where
the two diagnosticians are two human photo-interpreters or two automatic classifiers.
It was then extended to the case where one diagnostician is the automatic classifier (the
computer) and the other is the manual classifier (a human), by tradition with the manual
classifier considered as the columns or ‘reference’ to which the automatic classifier is
to be compared. To evaluate soil surveys, the columns remain the reference samples,
and the rows are the mapped classes, whether determined by conventional soil survey
methods or by automatic landform classification [48].

Kappais explained by Congalton [15, 16], Congalton and Green [17] and Skidmore
[59], among others. A formula for its variance of was developed by Fleiss et al. [27].
Correct formulas fokappaand its variance are presented by Hudson and Ramm [37].
A clear mathematical derivation is given by Bishop et al. [5811.4.2].

The basic idea behinkhppais that some of the apparent classification accuracy could

be due to chance. This is especially relevant when some classes are more likely to be
encountered during field sampling than others. As a simple illustration, consider a soil
map where soil typel is mapped over 90% of the survey area, and soil fppwver the

other 10%. This can be used asapriori estimate of the actual coverage, in which
case arandomly-selected field sampling point would have a 90% chance of being in fact
soil type A. The joint probability is then 0.81 of a this point being correctly mapped as
soil type A, strictly by chance. A similar argument for claBggives a joint probability

of 0.01, so the map would be expected to have an overall accuracy of 82% simply by a
chance assignment of ground truth points to mapped classes, irrespective of the actual
pattern shown on the map, so long as the mapped proportions are as given. This makes
it hard to distinguish a good map from one that is simply lucky.

Use ofkappainstead of naive accuracy measures becomes less important as the number
of classes increases, as is typically the case for detailed soil maps. For example, for
a map with twenty classes, each with. = p;, = 0.05, chance agreement is only

20 - (0.05)? = 0.05. It also becomes less important as the balance between classes
becomes more even. For two equally-likely soil types which are each mapped over
half of the area, the chance overall accuracy is 50%, compared to 82% for the 90% —
10% split calculated above.

Kappaas presented here is based on the assumption that the marginal proportions are
known to the classifier before assigning observations to classes [9, 50]. This has a clear
interpretation in psychiatric diagnosis. In soil survey, an estimate of the proportions of
each soil class is established by the survey itself. The resulting row (map) proportions
pi+ can be reasonably considered as prior probabilities for the column (reference) pro-
portionsp. ;, if we assume that the mapper is at least somewhat competent. That is,
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before the accuracy assessment takes place, the evaluator already knows the propor-
tions that ‘should’ be found. In 84.3 we discuss the case where prior knowledge or
ignorance of marginal proportions is explictly considered.

4.2.1 Unweightedkappa

The usual form okappais where all errors are equally important. We define four
intermediate coefficientd, . .. 0, as follows:

1 T s
6 = n ;Iu = ;pu (13)

1 T T
02 = 5 Y mipcwpi=Y piy Py (14)
=1 =1
1 T T
05 = — D wic @i +x) =Y pii - (pir +pra) (15)
=1 =1
1 T T T T
bs = n3 Z inj (T4 + xj+)2 = Z Zpij (P4 +Pj+)2 (16)
i=1 j=1 i=1 j=1

The first coefficientp,, is the overall accuracyl,. The secondd,, is the expected
overall accuracy if there were chance agreement between reference and mapped data.
The other two coefficients are used in the computation of variance. Note that in the
formula foré,, thereferenceotal . ; for mapped class is added to thenappedotal

x;4 for reference clasg. That is, these are not the marginal totals for the cell, but
rather those from the transpoXe' .

These coefficients are then combined to comatgpa and its variance as follows:

ko= 911_;:; (17)
[0 0)  2(1—61)(20:0, — 63)  (1—61)2(0, — 462)
ot = =02 & (1= 0,)7 T Z 6y a8

In Equation 17, the denominator is the proportion of disagreement that is predicted by
the marginal totals. The numerator is the actual proportion of disagreemehts S
proportion of disagreements expected by chance thatatidccur. Ifitis 1, this means

that there were no disagreements. Ifitis 0, this means that the disagreements that occur
are exactly those expected by chance. If it is less than 0, this means that the classifier
actually has more disagreement with the reference data than would be expected from a
pure random assignment of classified pixels to classes.

The kappastatistic may be difficult to explain to map users. The zero point is easy
enough to understand, but the increasing accuracy of the mkappsincreases is

not a direct relation as with overall accuracy. In particular, it depends on the marginal
proportions.

It would be quite disturbing fokappato be not significantly different from zero, as
this would indicate that the mapper was incompetent; fortunately, in practice this is
rarely the case. More interesting is the confidence intervaddppa which allows us

to compare two classifications to see if one is significantly better than the other [e.g
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49], in the same way as was explained for the binomial test (83.1), substiiusing
o[k] for p ands?, respectively, in Equation 4.

A numerical example for unweightedkappa

This example continues the analysis of the data in Table 3. The coefficients and statis-
tics computed from this confusion matrix are shown in Table 10.

Statistic Value
0, | 05276
> | 0.3054
03 | 0.3575
0, | 0.4037
k| 0.3199
o?[k] | 0.00274
o[k] | 0.05234
C.V. | 16.4%
95% C.I. | 0.2173...0.4225

Table 10:Kappastatistics for the example confusion matrix

In this examplek (~ 32%) is substantially lower than the naive measure of agreement,
namely overall accuracyl, = 6, (= 53%), indicating that a large portion of the
apparent classification accuracy could be due to chance agreement. Because of the
small sample size, the confidence interval fois wide. This is also shown by the

high coefficient of variability. These are decreased as the square root of the increase in
sample size. For example to double the precision, the sample size must be quadrupled.

4.2.2 Conditionalkappa

Kappamay also be calculated for each class, either by row (user’s accuracy) or column
(producer’s reliability) [50, 5]. This allows us to determine which classes are well-
mapped. The calculation follows the same logic as ovéaagbpa but is restricted to

one row (Equation 19) or column (Equation 20):

1—py 1—p4y
_ Pi = (Pir i)
Pit = (Pit - P+i)
. 0 pa) —pie O —
by = Qulre) e O b (20
17pj+ 1fpj+

pjj — (P+j - Pit)
p+j — (P4 - Pi+)

Conditionalkappais in the intervall0...py;] (user's) or[0...p,.] (producers’s). It
is thus a downward adjustment of the naive measure of accuracy to take into account
chance agreement. In genergl, = C; iff C; = 1, i.e. perfect user’s accuracy for the
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class. For a given agreemefi, I%H is lower to the extent that the marginal proportion
p; of the reference class increases. That is, as the reference class becomes more likely,
the apparent agreement represented’pynust be adjusted more.

The variance of conditionddappafor user’s clasg is calculated as [5, Eqn. 11.4-10]:

- 1 Dit+ — Dii
o?[k; - . {+ 21
ki ] n pie3- (1 —pgi)? @)

A(pi+ — pis) Pit - P+i — i) + Pii - (L — Dit — P4i -H%‘)]}

For producer’s clasg Equation 21 is permuted by interchanging the row and column
summaries, i.ep; andp.;.

A numerical example for conditional kappa

Table 11 shows condition&hppaand their variances for the four classes of the sample
confusion matrix of §4.2.1 (Table 11).

Class | C; kiv  olkiy] CV% | O; ki;  o[ks;] CV.%
A | 05738 0.3684] 0.0763] 20.7 || 0.6604] 0.4573[ 0.0899| 19.6
B || 0.6111| 0.4888| 0.1440| 29.5 || 0.2821| 0.1929| 0.0673 | 34.9
C || 0.6032| 0.3466| 0.0824| 23.8 | 0.5938| 0.3378| 0.0806 | 23.9
D || 0.0952| 0.0546 | 0.0603 | 110.3 || 0.2857 | 0.1801| 0.1906 | 105.8

User's accuracy Producer’s reliability

Table 11: Conditionakappastatistics for the example confusion matrix

As expected, both user’'s and producer’s conditidwgdpaare smaller than the naive
measures of accuracy. Class D is clearly very poorly mapped. We can see an important
discrepancy between user's and producer’s accuracy both for this class and class B.
The coefficients of variation are all higher than for ovefaltue to the small sample
sizes.

4.2.3 Weightedkappa

Kappamay also be computed for the weighted confusion matrix presented in 84.1.1,
which gives partial credit for incorect classifications. This was first developed by Co-
hen [14] and then refined by Fleiss et al. [27]. Its practical application in remote sens-
ing accuracy assessment was explored by Neesset [51]. The formulas presented here
are equivalent to, but computationally simpler than, those from these sources.

From the confusion matrix and the notation of Table 5, we define several intermediate
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coefficients:
O = > wiypy (22)
i=1 j=1
Owe = Zzww “Dit * D+j (23)
i=1j=1
Ows = DD pij-[wig - (1= 0us) = (@is +Tsy) - (1= 0,)]  (24)
i=1 j=1

The coefficientd,,, andd,,, are the weighted equivalents@®f andd, from Equations

13 and 14, and have the same meaning, namely actual and chance agreement, but here
with ‘agreement’ including partial agreements. These are then combined to produce
weightedkappaand its variance, as follows:

- w1 — Owo
= _— 2
o — (25)
. Ows — (0w - Os — 2000 + 0p1)?
0'2[]€w] = 4 ( ; - (1 2_ 6 2)42 1) (26)

If W =1, i.e. the diagonals areand the off-diagonalg, these formulas give the same
results as the formulas for unweighteabpa(Equations 17 and 18).

A numerical example for weightedkappa

This example continues that of 84.1.1. We calculate the coefficients and statistics
shown in Table 12.

Statistic Value
01 0.7332
Owo 0.6312
Owa 0.0187
kw 0.2776

o?[kw] | 0.004741
ofks) | 0.06886
CV. | 24.1%
95% C.I. | 0.1417...0.4116

Table 12:Kappastatistics for the example confusion and weight matrices

As in the unweighted case,, is substantially lower than the naive measure of agree-
ment, here theveightedoverall accuracw,,, = 0,,;. In this example, there is even a
greater discrepancy than for the unweighted example, because, first, the apparent agree-
ment is much higher due to the partial credit given to incorrect answers, and second,
the weighted chance agreement is higher. Weigkégbamay be higher or lower than
unweightedkappa depending on the confusion and weight matrices. In the present
case, the large proportions of classes A and C in both the reference and mapped pop-
ulation, along with the high partial credit given to the misclassification between these
two, leads to a high chance agreement.
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Weightedkappagives an insight into the value of the map as compared to a random
assignment of areas to map units with the specified proportions. In this example it is
quite low, abou8%. Thus the map is quite good for the user (as showmby, ~

73% from Table 6), but the producer didn’t improve the pre-survey knowledge very

much.

4.3 Thetauindex

The variouskappaindices all assume that both the user’s and producer’s marginal
probabilities for each class are known before the classification. In remote sensing ap-
plications, this is not the case for the user’s marginals (rows of the confusion matrix),
which are not known until the automatic classifier completes its work. The producer’s
marginals (columns), by contrast, are considered to be known before the classification,
since they are independently-determined by field sampling. Ma and Redmond [44]
proposed theau index of agreement for this situation. Their work was extended by
Neesset [50] to assess per-class producer’s reliability; the per-class user’s accuracy is
the same as conditionghppa Taumay be especially appropriate for assessing soil
maps made by automatic classifiers [e.g. 73].

To assess overall accuracy, Ma and Redmond [44] define (using the notation of Table
2and §4.2.1):

0 — 0,

T o= 3z 7 where (27)

0 = zr:pn‘ (28)
=1

0 = ipi'eri (29)
=1

0 = ipii'(pﬂrpﬁ) (30)
1=1

0, = iipij'(p—&-i‘f‘pj)z (31)
i=1j=1

Equation 27 has the same form as the definitior @ Equation 17, except thak

from Equation 14, representing chance agreement, is replacéf inyEquation 27.

This equation in turn uses instead ofp;, to represent the row proportions. Thege

are theprior probabilities of class membership. In the absence of specific information,
they may all be set td/r, i.e. equal probability for each of theclasses. In this
situation, 7 is the same as the modifiéﬂproposed by Foody [28]Tau can also be
applied with any other prior assignment of classes, for example, an estimate of the
distribution of soil classes based on a detailed map of a sample area.

The coefficients);, and#), are modifications of Equations 15 and 16, with prior row
proportions substituted for actual. They can then be used to calculate the variance of
tau, o2[7], with Equation 18, and this variance can be used to compute confidence
intervals as fokappa
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A numerical example for tau

Table 13 shows the computed coefficients and statistics using the data of Table 3, for
three cases: (1) assuming that each class is equally kkphori, i.e. p; = 0.25, Vi

(left column); (2) with unequal priors, in this cage.1, 0.4, 0.1, 0.4}, i.e. with the

highest expectation for the classes that are not mapped over the largest areas (center
column); and (3) with unequal priors, in this cafe4, 0.1, 0.4, 0.1}, i.e. with the

highest expectations closely matching the largest mapped areas (right column).

Statistic Valuet Valuet Value®
01 0.5276 0.5276 0.5276
04 0.2500 0.1847 0.3153
04 0.3099 0.2547 0.3651
04 0.3209 0.2667 0.4202
T 0.3701 0.4206 0.3100
o? [7] 0.00239 0.002064 0.002186
olr] 0.0489 0.04543 0.05307
CV. | 13.2% 10.8% 17.1%
95% C.I. | 0.2743...0.4660 0.3316...0.5097 0.2060 ...0.4141]

TEqual priors, alb.25

fPriors{0.1, 0.4, 0.1, 0.4}
*Priors{0.4,0.1,0.4,0.1}

Actual proportions{0.3742, 0.1104, 0.3865, 0.1288}

Table 13: Tau statistics for the example confusion matrix

With equal priors (left column}, is substantially lower than the chance agreenent
computed fork. This leads to a value of that is significantly higher thah. This is
because, in this example, the marginal proportions for the rows are far from equal, and
furthermore the two largest match the corresponding row proportions fairly closely.
The standard deviation féau is somewhat lower than fd@ppa

If the prior probabilities are quite different from the actual proportions (center column),
tau is even closer to the overall accuracy; this is because the map is not what was
expected, so agreement is a pleasant surprise. In this case, as shown in the rightmost
column of Table 13, there is a smaller chance agreement, the index of agreement is
closer to the overall accuracy, and the variability of the estimate is lower. The map is
providing a large increase in information over the prior state of knowledge.

If the prior probabilities are equal to the actual row proportidas, is the same as
kappa This situation is closely approximated in the rightmost column of Table 13,
where the statistics are quite close to those shown in the example for unweigpfed

of Table 10.

5 Multinomial tests applied to compound map units

A variant of the confusion matrix may be used to simultaneously verify the overall
accuracy and the agreement with stated proportions of a compound map unit. Here
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the rows are legend categories, typically compound map units (with simple map units
being a special case), and the columns are the possible categories for validation obser-
vations, i.e. simple classes, some of which may be named constituents. The matrix is
not symmetrical, and only the row-wise statistics, corresponding to map legend cate-
gories, are important. To avoid confusion, we call thigadidation matrix Y, with a
corresponding row-wise proportions matéx

In a typical application, the simple classes include all the possible taxonomic classes
that may be encountered in the study area, even if they are not named in any legend
category. Observations that do not fall in any class may be placed either with the class
which they most closely resemble (if sufficiently similar) or in a separate ‘other’ class
that will always be treated as a mapping failure.

We define another matrik, termed thepredicted proportionsnatrix, with the same
structure ag), and containing the predicted proportions of each validation class ac-
cording to the legend. Most of the cells in this matrix will be zero; the only non-zero
proportions will be for classes mentioned in the map unit name, and perhaps in the
descriptive legend. Each row must sum to unity; column sums are meaningless. In the
ideal situation) = R.

| Symbol [ Meaning | Computation |
Y | validation matrix

— rows|[1...r] are legend categories

— columng[l...c] are validation classes

yi; | number of observations in rowy columnyj, i.e.
mapped in legend categoiyand observed in
validation clasg

yi+ | total number of observations for legend ca eZ;:l Yij
goryi
n = y4++ | total number of observations 22:1 Yi+

Q | row-wise proportions matrix

gi; | proportion of the observations in legend catey;; /yi+
gory i that are in validation class

gi+ | sum of proportions for legend categary 23:1 qij =1

R | predicted proportions matrix

ri; | proportion of legend categorythat should be|
in validation clasg

ri+ | sum of predicted proportions for legend cale-Z;:1 ri; =1
goryi

. . . 1 : i >0
d;; | indicator of a class with non-zero expectatiory { 0 "ig 0
LTy =

d; | count of classes with non-zero expectation OE;:l 0ij
legend category

Table 14: Notation for the validation matrix for compound map units

Table 14 shows the notation of the validation and predicted proportion matrices. We
may consider the validation matrix to be a realisation of a multinomial distribution
whose underlying probabilities are the declared proportions of each constituent, multi-
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plied by the number of observations for the legend category. That is, we expect

Yij = Tij Vit (32)
where the left-hand side is the observed, and the right hand side the expected, count.
This implies that for cells with-;; = 0, we expect no observations; however, we
know that in any map unit it is possible to encounter any class (perhaps because of
poor mapping, perhaps because of inclusions). So the table is not incomplete in the
statistical sense [5, p. 58], i.e. containing cells in which it is impossible to encounter
an observation. The difficulty is in assigning a maximum-likelihood estimate of the
expected count in the cells which the map predicts should be empty. The usual method
of multiplying the marginal proportions is not valid here, because the expected cell
proportions to test are already set in the legend.

The appropriate measure of fit of the actual data to this model is Peasggrealcu-
lated over the cells with non-zero expectation:

2

X2 _ Z (yU —Tij - y1+) T >0 (33)

ig Tij - Yit
For each legend categoiyhere are as many degrees of freedom as named constituents
d;. Observations found in hon-named classes are grouped into an ‘other’ class for
purposes of computing the degrees of freedom. The degrees of freedom are summed
over all legend categories (rows) to assess the entire niap= >, d;,. Then the
accuracy of the map is measured by the probability that the obsgtvealculated by
Equation 33 could have arisen by chance fromXffedistribution:

Pr{Xg <x*} (34)

The probability of the observeg? may be used directly as a measure of map accu-
racy; the lower the value, the better. Two maps may be compared by their respective
probabilities, or, if the legend is the same, directly by the valug®of

Table 15 shows an example of four map units with varying declared proportions of
three classes. Observations not falling in any of these have been recorded in a separate
‘Other’ class. The table shows the observed counts with their proportions, the expected
counts, the contribution tg? for each cell, the combineg? (here~ 7.4) and its prob-

ability. In this example, there is a fairly good fit between the prediction and validation.
There is still~ 10% probability that the observed discrepancy could be due to chance.

From the row summaries we can see that Map Unit 1 is by far the most poorly mapped,
because class B, which was supposed to occu0f of the map unit in fact was
found in only~ 30% of the validation observations; the rest were mostly class C,
which was not named in the legend. It is also possible to compute the probability that
the observed? could be due to chance separately for each legend categorydwith
degrees of freedom; in this example they @u@5, 0.38, 0.24, and0.25, respectively.

This implies that Map Unit 1 may be considered to be incorrectly characterised at the
a = 0.05 level, but the others must be accepted as correctly characterised.

To emphasize the importance of the class proportions in this assessment, we take the
predicted proportions matriR of Table 15 and replace it with one where the expected
proportions are reversed, e.g., for Map Unitd% — 60% instead 060% — 40%. With

the same validation observatio(is), the computed? is ~ 145, which is effectively
impossible by chance.
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Reference Class Total
A B C o
Map Unit 1 35 14 11 1 61
A&B || 0.5738| 0.2295| 0.1803| 0.0164 1
60%—40% 36.6 24.4 0 0 61
0.0699 | 4.4328 - — || 4.5027
Map Unit 2 4 11 3 0 18
B&A || 0.2222| 0.6111| 0.1667 | 0.0000 1
70%—-30% 5.4 12.6 0 0 18
Legend 0.3630| 0.2032 - — || 0.5661
Category Map Unit 3 12 9 38 4 63
C&A&B || 0.1905| 0.1429| 0.6032| 0.0635 1
60%—25%-15%|| 15.75 9.45 37.8 0 63
0.8929| 0.0214 | 0.0011 — || 0.9153
Map Unit 4 2 5 12 2 21
C&B || 0.0952| 0.2381| 0.5714| 0.0952 1
60%—40% 0 8.4 12.6 0 21
— | 1.3762| 0.0286 — || 1.4048
163
Cell contentsy;;, qij, (ri; - yi+ ), contribution toy? -
163
Pr(X2g4r—o < 7.389) = 0.8964 || 7.389

Table 15: Example validation matrix for compound map units

6 Sampling schemes for accuracy assessment

The accuracy of a thematic map with respect to ground truth is assessed by means of
a sample, where the observed class, here considered the true or ‘reference’ class, is
compared with the class as mapped. There are three types of reference observations:

1. point observations in the field, of a minimum representative volume for classifi-
cation, usually a pedon [64, p. 18];

2. point observations interpreted from a more detailed map or photo, presumed to
be correct for the purposes of accuracy assessment; and

3. an entire reference map, presumed to be correct for the purposes of accuracy
assessment. This is typically a more detailed survey.

For the first two types of observations, two issues must be resolved: (1) the sample
design, that is, where the sample points should be located and what should be their
relation, if any, to each other (86.1), and (2) how many samples must be taken to ensure
acceptable estimates of accuracy (86.3). For last type of observation, the entire map is
used, and the only question is how to discretize the area into samples (86.4).
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6.1 Sample design

For point observations, sampling may be simple random or stratified random by map
unit, using transects across, or small blocks within, each map unit [32].

Simple random sampling [12, Ch. 1] is the most statistically-defensible, especially for
binomial and multinomial tests discussed later; however it suffers from several defects.
First, small classes may be under-sampled by chance. Second, it is expected to have
the highest cost of field access, and in fact may be impractical if some areas of the map
are very difficult to visit.

The problem of accessibility may be solved by discarding inaccessible sample points,
as long as we can ensure this does not lead to bias; unfortunately this is rarely the
case in soil survey, where inaccessible points are likely to be hillier, wetter, of lower
productivity, etc. than accessible points. Another approach is to select a compact
representative areahere all classes are expected to be present in the same proportion
to the entire mapped area, but where accessibility is satisfactory.

Stratified random sampling has several advantages [12, Ch. 5]. First, it ensures that all
classes are sampled in proportion to their occurrence. Second, it provides estimates for
each class separately. Third, if the classes differ in their internal variability, it may lead
to a better estimates of overall accuracy.

Forbes et al. [29, p. 28] suggest stratifying the accuracy assessment by major soil land-
scape, since these almost always have soil sets with different patterns, soil-landscape
relations, and heterogeneity, present different mapping difficulties, and are therefore
expected to have different accuracies. These strata can be major physiographic units,
soil systems [19], major land resource areas [62], or high levels in a soil-geomorphic
classification [e.g. 80].

Samples may be selected independently or grouped by transects. Transects sacrifice
some theoretical randomness for major practical advantages. First, the samples are
nearby and can be efficiently located. Second, they are usually set up to run perpen-
dicular to the major variations in the landscape, thereby covering a wide range of map
units.

Spacing in transects may be regular or random. It is a common mis-perception that
spatial dependence makes close-by samples invalid. Brus and Gruijter [10] show that
in a design-based approach, any spatial dependence may resultin less precise estimates,
but does not invalidate the sampling scheme.

6.2 Sample distribution for multinomial tests

The various multinomial tests of 84 and 85 do not test whether the sample represents
the population. For example, if only well-mapped units were sampled, the accuracy
statistics may be quite favourable, with no indication that the more difficult units were
not included in the test. A stratified random sample by definition represents its strata,
but for other designs, purposive sampling, or a design not stratified by map unit, we
need a test of representativeness.

A sample is considered to be well-distributed if its distribution over some stratifica-
tion is ‘close enough’ to the true proportions of the strata. Since we are evaluating a
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area-class maps, the obvious stratification is by map unit (legend category), and the
appropriate test is Pearsory$ on a one-dimensional array of class proportions:

k
X2 _ Z(% ;ann)Q (35)

=1

wherey; is the number of samples in legend categogy|[1 ... k|, r; is the proportion
(0...1] of the map covered by categoiyandn is the sample size. The distribution
of the sample over the legend is measured by the probability that the obsgtved
calculated by Equation 35 could have arisen by chance fronXthdistribution.

Pr{Xg -1y < X7} (36)

6.3 Sample size

An important issue is the number of samples that would be necessary to achieve certain
statistical criteria. This is especially difficult in soil survey because of the expense of
soil sampling.

6.3.1 Sample size for binomial tests

The binomial test is used to estimate the overall proportion of agreement between a
map and a validation sample (83). Cochran [12, 84.4] presents a derivation of the re-
quired sample size, which we follow here, with the difference that, since the population
of possible sample sites (pedons) is very large, we can ignore finite-population correc-
tions. This topic is also examined by Webster and Oliver [77, Ch. 3]. The required
sample size is estimated as:

n = —-p1-p) (37)

wherep is a prior estimate of the proportion that will be found to be corred, the
desired absolute precision as a proportion, Zpds the normal score for the desired
two-tailed probabilitya: of Type | error. Note that as the proportion expected to be
correctp — 1, the required sample sizefor a given absolute precision decreases; that
is, the more successful the map, the fewer samples are needed to prove this.

The expected proportighmay be estimated from previous experience or a preliminary
sample. Type | errow is the risk that the true proportignis outside the confidence
limits determined by the standard error of the estimate:

Pr{lﬁ—pIZZa~\/p-(1—p)/n} = « (38)

That is, by specifyingy we specify both the width of the confidence interval and the
probability that the true proportion is outside it.

For example, forx = 0.05, thenZ, = 1.96, that is, 5% of the normal distribution
lies in the tails beyond-1.96. If the allowable errob = +5% (£0.05 as an absolute
precision) on a prior estimage= 0.9, we calculate:

(1.96)?
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If the required confidence is relaxed do= 0.1, thenZ, = 1.64, and the required
sample size is reduced by a factorlof4/1.96 = 0.84 to 116.

The sample size may also be calculated as a simplification of the calculation for multi-
nomial tests (next 8), setting= 1.

6.3.2 Sample size for multinomial tests

A multinomial accuracy tests (84) suchlkeppaestimates per-class accuracies as well
as overall accuracy. Tortora [68] developed the following criteria for large populations.
The required sample sizg to obtain an absolute precisioniffor classi = [1.. . k]

and for probability of Type | errot is computed from the expected proportigras:

B
B = X%L a/k) (40)

wherex? are the tabulated values of the cumulat@ei-squaredistribution with one
degree of freedom such thBt{x?} > «/k. Thep; may be estimated from the pro-
portions of each legend class as mapped.

The total number of samples to estimate all classes with the required precision is found
as the maximum of the individual estimates:

n = max{n;} (41)

Here are some useful values Bf

a/k || 0.25 | 0.1 0.05 | 0.025| 0.01 | 0.005| 0.001
B || 1.323 | 2.706 | 3.841 | 5.024 | 6.635| 7.879| 10.828

Some tables of? use instead the lower talil, i.r{x?} < a/k, in which case use
1 — (a/k) in the formulas forB.

For example, to assess the accuracy of a soil map with five legend catedotes (

5), covering 40%, 25%, 20%, 10%, and 5% of the area, respectively, to an absolute
precision of 5% for each class, we yse= 0.4, i.e. the class proportion closest to 0.5.

If the probability of a Type | error is set @05, we calculate:

B = X%L 0.05/5) = X%L 0.01) = 6.635
6.635
= -04(1-0.4) ~637
" 0052 04 )

The number of samples required increases as the expected proportion of any class
approaches 0.5. So maps with balanced class distributions require fewer samples to
validate. This is determined by the landscape, and is beyond the evaluator’s control.
However, two factors may be set by the evaluator: the required absolute precision of
class proportions and the acceptable risk of Type | error. Low precision and high ac-
ceptable error lead to decreased sample sizes. For most field sampling programs, the
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precisions that may be realistically obtained are limited. It also seems realistic accept
ana = 0.1 probability of Type | error.

Soil maps often have many categories, each with a correspondingly small proportion of
the map. This makes the situation even worse if we want to keep the relative precision
within reasonable bounds. For examplekif= 20 with p; =~ 0.05 for all classes,
per-class relative errors of 20% correspond to absolute errdi®)ofi.e. each class
should be estimated &$§% + 1%. If we allow 10% probability of a Type | erron is
computed as:

B = X%L 0.10/20) — X%l, 0.005) = 7-879
7.879
no= GO (0.05 (1 — 0.05)) ~ 3,742

which is truly prohibitive. Thus it seems unreasonable to expect that a field sampling
program can establish tight bounds on the true proportions of a large number of classes.
If classes are grouped so that related soils are considered together, the number of classes
is reduced and the same relative precision corresponds to a wider absolute precision;
then the number of samples may be achievable. For example, with five equally-likely
classes to be estimated 28% + 5% (relative precisiorD.25), with o = 0.05, the
required sample size is ~ 505.

6.4 Sampling within a reference map

The accuracy of a thematic map may also be assessed by comparison with a reference
map(as opposed to a set of referersa@npleywhich is considered to be ‘correct’ or at

least the best that can be achieved. In soil survey, this reference map may be one that
was produced by detailed survey, and the map to be evaluated may be a map produced
by an experimental method such as automated landform classification [48]. This is an
exhaustive sample, over the entire mapped area, so that sample size is no problem. A
naive measure of accuracy expresses the adequacy of the map for the user; however,
kappaor tau should be used to compare several maps, especially if some classes are
mapped over a large proportion of the area.

The maps must be discretized for sampling by dividing the area into cells of a size
consistent with the scale of the thematic map. A reasonable choice for cell size is one-
quarter of the Minimum Legible Area (MLA), which corresponds to the ground area
represented by the Minimum Legible Delineation (MLD) of 25 &S] or 40 mn?

[29] on the map. The MLA may be computed from the scale number SN (denominator
of the scale fraction) as:

MLA 55
MLA 4

(SN/100)? - 0.25 m? (42)
(SN/100)? - 0.40 m? (43)

and the required cell size as one-quarter of this. For example, on a 1:50 000 map,
MLA 55 = 62 500 m? (6.25 ha) and MLAq = 100 000 m? (10 ha), so that a reasonable

cell size for accuracy assessment would b&25 m? to 25 000 m?, corresponding to

grid cells125 m? to ~ 158 m? on a side.

As an illustration, consider the confusion matrix of Table 16, adapted from a study of
the success of guided landform classification compared to conventional aerial photo-
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interpretation for soil survey [34]. Six landform classes in a hilland were mapped by
photo-interpretation (columns) using the geo-pedological approach of Zinck [81]. In
this hierarchical legend, there were four ‘relief types’ (Hil, Hi2, Hi3 and Hi4), each
with one lithology; two of the relief types were further divided into two ‘landforms’.

The area was then mapped by supervised classification based on landform parameters,
as shown in the rows. This is quite close to the concept of ‘independent diagnosis’ for
which kappawas first developed. A total of 20 107 3@pixels, corresponding to a

map scale ofz 1:12 000 (using the definition for ML), were compared,; this is an
exhaustive sample over the study area of about 28km

API Class Total
Hilll Hi211 Hi212 Hi311 Hi312 Hi4l1l Dit
Hilll 4401 37 0 294 13 118 4863
0.2189| 0.0018 0 | 0.0146| 0.0006 | 0.0059 || 0.2419
Hi211 34 541 231 1263 51 0 2120
0.0017 | 0.0269| 0.0115| 0.0628 | 0.0025 0 || 0.1054
Hi212 0 284 700 542 143 0 1669
Mapped 0 | 0.0141| 0.0348| 0.0270| 0.0071 0 || 0.0830
Class Hi311 1054 454 182 4409 130 15 6244
0.0524 | 0.0226 | 0.0091 | 0.2193| 0.0065| 0.0007 || 0.3105
Hi312 7 18 782 851 626 309 2593
0.0003 | 0.0009| 0.0389| 0.0423| 0.0311| 0.0154| 0.1290
Hi411 0 0 14 66 31 2507 2618
0 0 | 0.0007 | 0.0033| 0.0015| 0.1247 || 0.1302
Total 5496 1334 1909 7425 994 2949 || 20107
p+; || 0.2733| 0.0663 | 0.0949 | 0.3693 | 0.0494 | 0.1467 || 1.0000

Table 16: Confusion matrix for an exhaustive sample

Inspecting the columns of the table, we see that API class Hi211 was often mis-mapped
by the automatic classifier as Hi311 or Hi212; class Hi212 as class Hi312; and class
Hi311 as Hi211 or Hi312. Comparing the marginal proportions, we see that the auto-
matic classifier greatly over-mapped Hi211 and Hi312 (the scarp slopes and the bot-
toms of small vales), and somewhat under-mapped the other classes. Class Hi211 thus
causes problems from both the APl and classifier’s points of view. This is shown clearly
in the per-class (conditional) values (Table 17); here also we see the narrow confidence
limits.

The naive overall agreement between automated and manual classificationbis

(C.V. =0.5%). Kappais significantly lower0.5579 (C.V. =0.7%), indicating the large
chance agreemertgu with equal prior probabilites has a value somewhat closer to the
naive value().5868 (C.V. =0.6%). Because of the large sample numbers, the variance
is very low and the confidence intervals are quite narrow, so that the success of different
automated classification algorithms can easily be distinguished.

If we give partial credit of0.8 to mis-classifications within the same relief type (i.e.
confusion between Hi211 and Hi212 or Hi311 and Hi312), the weighted naive overall
agreement is raised somewhattd152 and the weightedlappato 0.6023. This shows

that most of the errors were between, not within, relief types.
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User’s accuracy Producer’s reliability
(Success of automated classifier) (Reproducibility of API)
Class C; ki+ U[k}i+] CV.,% O]' k+j O’[k+j] C.V..%
Hil1l || 0.9050| 0.8693| 0.0056| 0.6 0.8008 | 0.7372| 0.0067 | 0.9
Hi211 || 0.2552| 0.2023| 0.0094 | 4.6 0.4055| 0.3355| 0.0144 | 4.3
Hi212 || 0.4194| 0.3585| 0.0127 | 3.5 0.3667 | 0.3094 | 0.0113| 3.7
Hi311 || 0.7061| 0.5341| 0.0081| 1.5 0.5938| 0.4109| 0.0068 | 1.7
Hi312 || 0.2414| 0.2020| 0.0080| 4.0 0.6298| 0.5750| 0.0172| 3.0
Hi411 || 0.9576 | 0.9503| 0.0046 | 0.5 0.8501| 0.8277| 0.0074| 0.9

Table 17: Per-class statistics for an exhaustive sample

7 Conclusions

To assess the thematic accuracy of an area-class soil map, a series of decisions must be
taken, which can greatly affect the assessment. For accuracy assessment from the user’s
point of view, they are taken with reference to the user’s requirement for the map’s
adequacyi.e. its fitness for use [29]. For quality control from the producer’s point of
view, they are taken with reference to quality standards of the producing organisation.

1. Decide on thé&ind of thematic accuracthat is to be measured (81.4). This is
one of

legend,
taxonomic,
attribute,
interpretive, or

interpretive classification.
2. Decide on théhematic precisiorhat is required. Either

e as precise as the legend, or
e generalised.

If the second, classes must be grouped or attributes or interpretations must be
generalised.

3. Decide on how close an agreement between map and observation should qualify
as a ‘success’ (a match). This may be

e exact,
e within a given tolerance (similar classes or a range of an attribute), or
e weighted (partial credit).

4. Decide on a binomial or multinomial test (84).
5. If a multinomial test, decide which statistic best expresses the accuracy:

e naive (84.1),
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e kappa(84.2),
o tau(84.3), or
¢ validation of compound map units (85).

(o2

. If a weighted multinomial assessment has been selected, define a weights matrix
(84.1.2), which may be based on:

e utility functions, or
e producer’s judgement.

7. If atautest, decide on prior probabilities (84.3):

e equal, or
e based on earlier surveys or estimates.
8. Decide on the level of statistical precision, in particular, the acceptable proba-

bility of a Type | error (83); for soil survey applications the 90% level is often
used.

9. Decide on a sampling design (86.1):

e random,
stratified by map unit,
stratified by region, e.g. major landscape, or

e complete (using a reference map).

10. For complete sampling from a reference map, calculate the discretization (grid
cell size) (86.4).

11. For point sampling, calculate the required sample size (86.3).
12. Decide on some other issues in point sampling:

e What to do with inaccessible points?
e What to do with points near spot or line symbols (§1.3)?
e What to do with points near boundaries (81.3)?

For dataset documentation (metadata), both the choices made and the results must be
reported. It may also be useful to include explanations, in clear but non-technical
language, of concepts such as Type | error, chance agreement, and confidence intervals.
For example, an appropriate statement for accuracy assessment might be:

“The accuracies for this soil geographic database are reported as a most
probable value and a 80% ‘confidence interval’, which gives a minimum
and maximum accuracy. This was based on an independent field sample
to compare the soil types predicted by the map with the soil types actually
found in field at these points. We believe that this sample was unbiased
and representative of all the possible samples that could have been cho-
sen. If this is true, the confidence intervals that we report have an 80%
probability of actually containing the true accuracy. This means that, if
we had been able to take a large number of similar samples, 80% of the
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confidence intervals that we calculated from these would have contained
the true accuracy. Obviously, we do not know if our one sample is one of
those 80% or one of the 20% that does not contain the true accuracy.”

Supplementary material

R [38, 55] and MATLAB [53, 67] functions to compute naive measutas, unweighted,
weighted, and conditiondappa as well as sample confusion and weight matrices,
may be found on the author’s web site:

http://www:.itc.nl/~rossiter/pubs/accuracy.html
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