
1  INTRODUCTION

One of the most powerful capabilities of GIS,
particularly for the earth and environmental
sciences, is that it permits the derivation of new
attributes from attributes already held in the GIS
database. For example, elevation data in the form of
a digital elevation model (DEM) can be used to
derive maps of gradient and aspect (Hutchinson and
Gallant, Chapter 9); or digital maps of soil type and
gradient can be combined with information about
soil fertility and moisture supply to yield maps of
suitability for growing maize (Burrough 1986). The
many basic types of function used for derivations of
this kind are often provided as standard functions or
operations in many GIS, under the name of ‘map
algebra’ (Burrough 1986; Tomlin 1990).

In practice, many GIS operations are used in
sequence in order to compute an attribute that is the
result of a (computational) model. For instance, the
channel flow at the outlet of a watershed can be
computed after the relevant hydrological processes
have been translated into mathematical equations,
thus after reality has been approximated by a
suitable computational model. Using GIS for the
evaluation of computational models is identified
here by the term spatial modelling within GIS.

To date, most work on spatial modelling with GIS
has been concentrated on the business of deriving
computational models that operate on spatial data,
on the building of large spatial databases, and on
linking computational models with the GIS.
However, there is an important additional aspect
that has long received too little attention. This
concerns the issue of data quality and how errors in
spatial attributes propagate through GIS operations.

1.1  The propagation of errors through
GIS operations

It can safely be said that no map stored in a GIS is
truly error-free. Note that the word ‘error’ is used
here in its widest sense to include not only ‘mistakes’
or ‘blunders’, but also to include the statistical
concept of error meaning ‘variation’ (Burrough
1986). An extensive account of important error
sources in GIS has been given in a previous chapter
(Veregin, Chapter 12).

When maps that are stored in a GIS database are
used as input to a GIS operation, then the errors in
the input will propagate to the output of the
operation. Therefore the output may not be
sufficiently reliable for correct conclusions to be
drawn from it. Moreover, the error propagation
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Monte Carlo simulation. The theory is illustrated using a case study.



continues when the output from one operation is used
as input to an ensuing operation. Consequently, when
no record is kept of the accuracy of intermediate
results, it becomes extremely difficult to evaluate the
accuracy of the final result.

Although users may be aware that errors
propagate through their analyses, in practice they
rarely pay attention to this problem. Perhaps
experienced users know that the quality of their data
is not reflected by the quality of the graphical output
of the GIS, but they cannot truly benefit from this
knowledge because the uncertainty of their data still
remains unknown. No professional GIS currently in
use can present the user with information about the
confidence limits that should be associated with the
results of an analysis (Burrough 1992; Forier and
Canters 1996; Lanter and Veregin 1992).

The purpose of this chapter is to present a
methodology for handling error and error
propagation in (quantitative) spatial modelling with
GIS. Note that this chapter mainly deals with the
propagation of quantitative attribute errors in GIS,
where in addition it is assumed that spatially
referenced data are represented as fields, not as
objects (Goodchild 1992). However, many of the
results presented in this chapter can be generalised
and are thus valuable for the general problem of error
propagation in GIS. For instance, Wesseling and
Heuvelink (1993) have applied the same methodology
to spatial objects and the propagation of positional
errors can also be studied using a similar approach
(Griffith 1989; Keefer et al 1991; Stanislawski et al
1996). The propagation of categorical errors is more
difficult because in such circumstances error
probability distributions cannot easily be reduced to a
few parameters. Some recent work in this area is given
by Forier and Canters (1996), Goodchild et al (1992),
Lanter and Veregin (1992), and Veregin (1994, 1996).
Recent applications of error propagation in spatial
modelling are described by Finke et al (1996),
Haining and Arbia (1993), Heuvelink and Burrough
(1993), Leenhardt (1995), Mowrer (1994), and Woldt
et al (1996).

2 DEFINITION AND IDENTIFICATION OF A
STOCHASTIC ERROR MODEL FOR
QUANTITATIVE SPATIAL ATTRIBUTES

Before considering the propagation of error one
must first give a suitable definition of error. An
‘error’ in a quantitative attribute can be conveniently

defined as the difference between reality and our
representation of reality (i.e. the map). For instance,
if the nitrate concentration of the shallow
groundwater at some location equals 68.6 g/m3,
while according to the map it is 62.9 g/m3, then there
will be no disagreement that in this case the error is
68.6 – 62.9=5.7 g/m3. Generalising this example, let
the true value of a spatial attribute at some location
x be a(x), and let the representation of it be b(x).
Then, according to the definition, the error v(x)
at x is simply the arithmetical difference
v(x) = a(x)–b(x).

We consider the situation in which the true value
a(x) is unknown, because if it were known, then
error could simply be eliminated by assigning a(x)
to b(x). What is known exactly is the representation
b(x), because this is the estimate for a(x) that is
available from the map. The error v(x) is also not
known exactly, but we should have some idea about
the range or distribution of values that it is likely to
take. For instance, we may know that the chances
are equal that v(x) is positive or negative, or we
may be 95 per cent confident that v(x) lies within a
given interval.

Knowledge about the error v(x) is thus limited to
specifying a range or distribution of possible values.
This type of information can best be conveyed by
representing the error as a random variable V(x).
Note that notation using capitals is introduced here,
in order to distinguish random variables from
deterministic variables. Typically, a random variable
is associated with the outcome of a probabilistic
experiment, such as the throw of a die or the number
drawn in a lottery. But a random variable is equally
suited to model the concept of uncertainty (Fisher,
Chapter 13). For instance, since we do not know the
true nitrate concentration of the shallow
groundwater, we may think that it is a value drawn
from a large set of values that surround the
estimated value of 62.9 g/m3. Although we are aware
that the attribute has only one fixed, deterministic
value a(x), our uncertainty about a(x) allows us to
treat it as the outcome of some random mechanism
A(x). We must then proceed by specifying the rules
of this random mechanism, by saying how likely
each possible outcome is. This will be done more
formally in the next section.

2.1  Definition of the stochastic error model

Consider a quantitative spatial attribute 

A(.)={A(x) | x ∈D}
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that is defined on the spatial domain of interest D.
Refer to the value of A(.) at some location x∈D as
A(x). The error model introduced in the previous
section thus becomes:

A(x) = b(x) + V(x)    for all x ∈ D (1)

where A(x) and V(x) are random variables and b(x) is
a deterministic variable. Note that A(.) and V(.) are
not random variables but random fields, in the
geostatistical literature also termed random functions
(Cressie 1991; Journel and Huijbregts 1978).

Let us first consider the error at location x only.
Denote the mean and variance of V(x) by
E[V(x)]=µ(x) and Var(V(x))=σ2(x). The mean
µ(x) is often referred to as the systematic error or
bias, because it says how much b(x) systematically
differs from A(x). The standard deviation σ(x) of
V(x) characterises the non-systematic, random
component of the error V(x). In standard error
analysis, it is often assumed that errors follow the
normal (Gaussian) distribution (Taylor 1982), but
this is not always sensible. For instance, in
geology, hydrology, and soil science, many
attributes are skewed and the errors associated
with them may be described more adequately
using a lognormal distribution.

Next consider the spatial and multivariate
extension of the error model. Although a complete
characterisation of the error random field V(.) would
require its entire finite-dimensional distribution
(Cressie 1991: 52), here we only define its first and
second moments, which are assumed to exist. Let x
and x′ be elements of D. The (spatial auto-)
correlation ρ(x,x′) of V(x) and V(x′) is defined as:

R (x, x′)
ρ (x, x′) =

σ (x) σ (x′) (2)

where R(x,x′) is the covariance of V(x) and V(x′).
Clearly, when x=x′ then covariance equals variance,
so R(x,x)=σ 2(x) and ρ(x,x)=1 for all x ∈D.

When there are multiple attributes Ai(x) and
errors Vi(x), i=1, . . ,m, then for each of the
attributes an error model Ai(x)=bi(x)+Vi(x) is
defined, where the error Vi(x) follows some
distribution with mean µi(x) and variance σi

2(x). Let
ρij(x,x′) be the (spatial cross-) correlation of Vi(x)
and Vj(x′), defined as:

Rij (x, x′)
ρij (x,x′) =

σi (x) σ j (x′) (3)

where Rij(x,x′) is the covariance of Vi(x) and Vj(x′).
The cross-covariance function Rij(. , .) thus defines
the covariance of different attribute errors, possibly
at different locations.

To illustrate that errors in spatial attributes are
often correlated, consider the example of soil
pollution by heavy metals, such as is the case in the
river Geul valley, in the south of the Netherlands
(Leenaers 1991). Consider the concentration of lead
and cadmium in the soil, maps of which are
obtained from interpolating point observations. In
this case the interpolation errors Vlead(x) and
Vcadmium(x) are likely to be positively correlated,
because unexpectedly high lead concentrations will
often be accompanied by unexpectedly high
cadmium concentrations. Unforeseen low
concentrations will also often occur simultaneously.
Heuvelink (1993) derives these error correlations
mathematically for geostatistical interpolation.

The observation that errors in spatial attributes
are often correlated is important because in what
follows we will see that presence of non-zero
correlation can have a marked influence on the
outcome of an error propagation analysis.

2.2  Identification of the error model

To estimate the parameters of the error random field
V(.) in practice, certain stationarity assumptions
have to be made (Cressie 1991: 53). This can be done
in various ways. The most obvious way is to impose
the assumptions directly on V(.). This is acceptable
when inference on V(.) is based solely on observed
errors at test points. For instance, to assess the error
standard deviation of an existing DEM it may be
sensible to assume that σ(.) is spatially invariant, so
that it can be estimated by the root mean squared
error (RMSE), computed from the differences
between the DEM and the true elevation at the test
points (Fisher 1992). In addition, it may be sensible
to assume that the spatial autocorrelation ρ(x,x′) is a
(decreasing) function of only the distance | x-x′|. If
sufficient test points are available (say 60 or more),
then ρ(.) can be estimated using geostatistical tools
(Cressie 1991; Pannatier 1996).

However, in many situations it is not very sensible
to impose the stationarity assumptions directly on
the error map V(.). In many situations V(.) is the
residual from mapping an attribute from point 
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observations, and where the spatial variability of the
attribute has been identified prior to, and has been
incorporated in, the mapping. In order to avoid
inconsistencies, the error model parameters should
then be derived from the spatial variability of the
attribute and the mapping procedure used. The
spatial variability of the attribute may be
characterised using a discrete, continuous, or mixed
model of spatial variation, but in all three cases the
mapping and error identification will involve some
form of Kriging (Heuvelink 1996). The advantage of
Kriging is that it not only yields interpolated values
but that it also quantifies the interpolation error. For
a discussion of Kriging, see Cressie (1991) or Mitas
and Mitasova (Chapter 34).

3  THE THEORY OF ERROR PROPAGATION

The error propagation problem can now be
formulated mathematically as follows. Let U(.) be
the output of a GIS operation g(.) on the m input
attributes Ai(.):

U (.) = g (A1 (.), ..., Am (.)) (4)

The operation g(.) may be one of various types, such
as a standard filter operation to compute gradient
and aspect from a gridded DEM (Carter 1992), a
pedotransfer function to predict soil hydraulic
properties from basic soil properties (Finke et al
1996), or a complex distributed runoff and soil
erosion model (De Roo et al 1992). The objective of
the error propagation analysis is to determine the
error in the output U(.), given the operation g(.) and
the errors in the input attributes Ai(.). The output
map U(.) also is a random field, with mean ξ(.) and
variance τ2(.). From an error propagation perspective,
the main interest is in the uncertainty of U(x), as
contained in its variance τ2(.).

It must first be observed that the error
propagation problem is relatively easy when g(.) is a
linear function. In that case the mean and variance of
U(.) can be directly and analytically derived. The
theory on functions of random variables also
provides several analytical approaches to the problem
for non-linear g(.), but few of these can be resolved
by simple calculations (Helstrom 1991). In practice,
these analytically-driven methods nearly always rely
on numerical methods for a complete evaluation.
Thus for the general situation analytical methods are
not very suitable. In this context, two alternative
methods will now be discussed.

For practical purposes the discussion hereafter
will be confined to point operations, i.e. GIS
operations that operate on each spatial location x
separately. This is no real restriction because non-
point operations can be handled by minor
modification (Heuvelink 1993). For notational
convenience, the spatial index x will be dropped. It
will also be assumed that the errors Vi have zero
mean. This is because unbiasedness conditions are
usually included in the mapping of the Ai.

3.1  Taylor series method

The idea of the Taylor series method is to
approximate g(.) by a truncated Taylor series centred
at b

-
=(b1,...,bm). In case of the first order Taylor

method, g(.) is linearised by taking the tangent of
g(.) in b

-
. The linearisation greatly simplifies the error

analysis, but only at the expense of introducing an
approximation error.

The first order Taylor series of g(.) around b
-

is
given by:

m

U = g (b
-
) + ∑ (Ai – bi) gi′ (b

-
) + remainder (5)

i =1

where gi′ (.) is the first derivative of g(.) with respect
to its i-th argument. By neglecting the remainder in
Equation 5 the mean and variance of U are given as
(Heuvelink et al 1989):

ξ ≈ g (b
-
) (6)

m  m
τ2 ≈ ∑ ∑ ρij σi σj gi′ (b

-
) gj′ (b

-
) (7)

i=1 j=1

Thus the variance of U is the sum of various terms,
which contain the correlations and standard
deviations of the Ai and the first derivatives of g(.)
at b

-
. These derivatives reflect the sensitivity of U for

changes in each of the Ai. From Equation 7 it also
appears that the correlations of the input errors can
have a marked effect on the variance of U. Note also
that Equation 7 constitutes a well known result from
standard error analysis theory (Burrough 1986:
128–31; Taylor 1982).

To decrease the approximation error invoked by
the first order Taylor method, one option is to
extend the Taylor series of g(.) to include a second
order term as well (Heuvelink et al 1989). This is
particularly useful when g(.) is a quadratic function,
in which case the second order method is free of
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approximations and the first order method is not.
The case study provides an example.

Another method comparable to the first order
Taylor method has been proposed by Rosenblueth
(1975). This method estimates ξ and τ 2 from 2m

function values of g(.), evaluated at all 2m corners of
a hyperquadrant in m-dimensional space. Unlike
the Taylor method, this method does not require
that g(.) is continuously differentiable.

3.2  Monte Carlo method

The Monte Carlo method (Hammersley and
Handscomb 1979; Lewis and Orav 1989) uses an
entirely different approach to analyse the propagation
of error through the GIS operation (Equation 4). The
idea of the method is to compute the result of
g(a1,...,am) repeatedly, with input values ai that are
randomly sampled from their joint distribution. The
model results form a random sample from the
distribution of U, so that parameters of the
distribution, such as the mean ξ and the variance τ 2,
can be estimated from the sample.

The method thus consists of the following steps:

1 repeat N times:
a generate a set of realisations ai, i=1,...,m
b for this set of realisations ai, compute and 

store the output u=g(a1,...,am)
2 compute and store sample statistics from the N

outputs u.

A random sample from the m inputs Ai can be
obtained using an appropriate random number
generator (Lewis and Orav 1989; Ross 1990). Note
that a conditioning step will have to be included
when the Ai are correlated. One attractive method for
generating realisations from a multivariate Gaussian
distribution uses the Cholesky decomposition of the
covariance matrix (Johnson 1987).

Application of the Monte Carlo method to error
propagation with non-point operations requires the
simultaneous generation of realisations from the
random fields Ai(.). This implies that spatial
correlation will have to be accounted for. Various
techniques can be used for stochastic spatial
simulation, an attractive one being the sequential
Gaussian simulation algorithm (Deutsch and
Journel 1992).

The accuracy of the Monte Carlo method is
inversely related to the square root of the number of
runs N. This means that to double the accuracy, four
times as many runs are needed. The accuracy thus
slowly improves as N increases.

3.3 Evaluation and comparison of error
propagation techniques

The main problem with the Taylor method is that the
results are only approximate. It will not always be
easy to determine whether the approximations
involved using this method are acceptable. The Monte
Carlo method does not suffer from this problem,
because it can reach an arbitrary level of accuracy.

The Monte Carlo method brings with it other
problems, however. High accuracies are reached only
when the number of runs is sufficiently large, which
may cause the method to become extremely time
consuming. This will remain a problem even when
variance reduction techniques such as Latin
hypercube sampling are employed. Another
disadvantage of the Monte Carlo method is that the
results do not come in an analytical form.

As a general rule it seems that the Taylor method
may be used to obtain crude preliminary answers.
These should provide sufficient detail to be able to
obtain an indication of the quality of the output of the
GIS operation. When exact values or quantiles and/or
percentiles are needed, the Monte Carlo method may
be used. The Monte Carlo method will probably also
be preferred when error propagation with complex
operations is studied, because the method is easily
implemented and generally applicable.

3.4  Sources of error contributions: the balance of
errors

When the error analysis reveals that the output of
g(.) contains too large an error then measures will
have to be taken to improve accuracy. When there is
a single input to g(.) then there is no doubt where
the improvement must be sought, but what if there
are multiple inputs to the operation? Also, how
much should the error of a particular input be
reduced in order to reduce the output error by a
given factor? These are important questions that will
now be considered.

To obtain answers to the questions above,
consider Equation 7 again, which gives the variance
of the output U using the first order Taylor method.
When the inputs are uncorrelated, this reduces to:

m

τ2 ≈ ∑ σ 2i (gi′ (b
-
)) 2 (8)

i = 1

Equation 8 shows that the variance of U is a sum of
parts, each to be attributed to one of the inputs Ai.
This partitioning property allows one to analyse how
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much each input contributes to the output variance.
Thus from Equation 8 it can directly be seen how
much τ2 will reduce from a reduction of σi

2. Clearly
the output will mainly improve from a reduction in
the variance of the input that has the largest
contribution to τ2. Note that this need not necessarily
be the input with the largest error variance, because
the sensitivity of the operation g(.) for the input is
also important. Note also that Equation 8 is derived
under rather strong assumptions. When these
assumptions are too unrealistic it may be advisable to
derive the error source contributions using a modified
Monte Carlo approach (Jansen et al 1994).

In the introduction, it was noted that a GIS
operation is often in effect a computational model.
Consequently, not only will input error propagate to
the output of a GIS operation, but model error will
as well. In practice, model error will often be a major
source of error and should therefore be included in
the error analysis. Ignoring it would severely
underestimate the true uncertainty in the model
output. Model error can be included by assigning
errors to model coefficients or by adding a residual
error term to the model equations.

If a reduction of output error is required, it will
not necessarily be sensible to improve the input with
the highest error contribution. This is because the
cost of reducing input error may vary from attribute
to attribute. However, in many cases it will be most
rewarding to strive for a balance of errors. When the
error in an attribute has a marginal effect on the
output, then there is little to be gained from
mapping it more accurately. In that case, extra
sampling efforts can much better be directed to an
input attribute that has a larger contribution to the
output error. For instance, if a pesticide leaching
model is sensitive to soil organic carbon and less so
to soil bulk density, then it is more important to map
the former more accurately (Loague et al 1989).

The example of the pesticide leaching model
draws attention to the fact that a balance of errors
must also include model error. It is clearly unwise to
spend much effort on collecting data if what is
gained is immediately thrown away by using a poor
model. On the other hand, a simple model may be as
good as a complex model if the latter needs lots of
data that cannot be accurately obtained. This is why
researchers in catchment hydrology have raised the
question of whether there is much benefit to be
gained from developing ever more complex models
when the necessary inputs cannot be evaluated in the
required spatial and temporal resolution (Beven
1989; Grayson et al 1992).

4 APPLICATION TO MAPPING SOIL MOISTURE
CONTENT WITH LINEAR REGRESSION FOR
THE ALLIER FLOODPLAIN SOILS

As part of a research study in quantitative land
evaluation, the World Food Studies (WOFOST) crop
simulation model (Diepen et al 1989) was used to
calculate potential crop yields for floodplain soils of
the Allier river in the Limagne rift valley, central
France. The moisture content at wilting point (Θwp) is
an important input attribute for the WOFOST model.
Because Θwp varies considerably over the area in a
way that is not linked directly with soil type, it was
necessary to map its variation separately to see how
moisture limitations affect the calculated crop yield.

Unfortunately, because Θwp must be measured on
samples in the laboratory, it is expensive and time-
consuming to determine it for a sufficiently large
number of data points for Kriging. An alternative
and cheaper strategy is to calculate Θwp from other
attributes which are cheaper to measure. Because the
moisture content at wilting point is often strongly
correlated with the moisture content at field capacity
(Θfc) and the soil porosity (Φ), both of which can be
measured more easily, it was decided to investigate
how errors in measuring and mapping these would
work through to a map of calculated Θwp. The
following procedure was used to obtain a map of the
mean and standard deviation of Θwp.

The properties Θwp, Θfc and Φ were determined in
the laboratory for 100 cc cylindrical samples taken
from the topsoil (0–20 cm) at 12 selected sites shown
as the circled points in Figure 1.
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Fig 1.  The Allier study area showing sampling points. Circled
sites are those used to estimate the regression model.
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These results were used to set up a pedotransfer
function, relating Θwp to Θfc and Φ, which took the
form of a multiple linear regression:

Θwp = βo + β1 Θfc + β2 Φ + ε (9)

The coefficients β0, β1, and β2 were estimated using
standard ordinary least squares regression. The
estimated values for the regression coefficients and
their respective standard deviations were
β̂o= – 0.263±0.031, β̂1 = 0.408±0.096, β̂2 = 0.491±0.078.
The standard deviation of the residual ε was
estimated as 0.0114. The correlation coefficients of
the regression coefficients were ρ01 = – 0.221,
ρ02 = – 0.587, ρ12 = – 0.655. The regression model
explains 94.8 per cent of the variance in the
observed Θwp, indicating that the model is
satisfactory. Note that presence of spatial 

correlation between the observations at the 12
locations was ignored in the regression analysis.

Sixty-two measurements of Θfc and Φ were made
in the field at the sites indicated in Figure 1. From
these data experimental variograms were computed.
These were then fitted using the linear model of
coregionalisation (Journel and Huijbregts 1978).
For the purposes of this study the input data for the
regression were mapped to a regular 50 × 50 m grid
using block co-Kriging with a block size of 50 × 50 m.
The block co-Kriging yielded raster maps of means
and standard deviations for both Θfc and Φ, as well as
a map of the correlation of the block co-Kriging
prediction errors. Figure 2 displays these maps. Note
that there are clear spatial variations in the correlation
between the block co-Kriging errors.
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Fig 2.  Kriging results for the Allier study area (50 x 50 m grid): (a) block mean and (b) standard deviation of Θfc (cm3/cm3),
(c) block mean and (d) standard deviation of Φ (cm3/cm3), (e) correlation of co-Kriging prediction errors of Θfc and Φ.
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The maps of Θfc and Φ were substituted in the
regression Equation 9 yielding maps of the attribute
Θwp and the associated error. The operation is a
quadratic function and therefore the second order
Taylor was considered the most appropriate error
propagation technique. Because the model
coefficients and the field measurements were
determined independently, the correlation between
the β̂i and the co-Kriging prediction errors was
taken to be zero. The results are given in Figure 3.
The accuracy of the map of Θwp is reasonable: the
standard deviation in Θwp rarely exceeds 25 per cent
of the mean. These maps could be used as the basis
of a subsequent error propagation analysis in the
WOFOST crop yield model.

If an uncertainty analysis with WOFOST would
show that the errors in Θwp cause errors in the
output of WOFOST that are unacceptably large,
then the accuracy of the map of Θwp would have to
be improved. In order to decide how to proceed in
such a situation, the contribution of each individual
error source was determined using the partitioning
property discussed in the previous section. Figure 4
presents the results and these show that both Θfc and
Φ form the main source of error. Only in the
immediate vicinity of the data points is the model a
meaningful source of uncertainty, as would be
expected because there the co-Kriging variances of
Θfc and Φ are the smallest.

Thus the main source of error in Θwp is that
associated with the Kriging errors of Θfc and Φ.
Improvement of the quality of the map of Θwp can
thus best be done by improving the maps of Θfc and
Φ, by taking more measurements over the study

area. The variograms of Θfc and Φ could be used to
assist in optimising sampling (McBratney et al
1981). This technique would allow one to judge in
advance how much improvement is to be expected
from the extra sampling effort.

5  DISCUSSION AND CONCLUSIONS

Error propagation in spatial modelling with GIS is a
relevant research topic because rarely if ever are the
data stored in a GIS completely error-free. In this
chapter several methods were described for
analysing the propagation of errors. None of these
methods is perfect: some do not apply to all types of
operations, others are extremely time consuming or
involve large approximation errors. However, in
practice there will often be at least one method that
is appropriate for a given situation. Thus the
methods are in a sense complementary, and as a
group in almost all cases they enable one to carry
out an error propagation analysis successfully.

Unfortunately, at present the majority of GIS
users still has no clear information about the errors
associated with the attributes that are stored in the
GIS. This is an important problem because an error
propagation analysis can only yield sensible results if
the input errors have realistic values. Often there will
only be crude and incomplete estimates of input
error available. This lack of information is perhaps
the main reason why error propagation analyses are
still the exception rather than the rule in everyday
GIS practice. It is essential that map makers become
aware that they should routinely convey the accuracy
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Fig 3.  Results of the error propagation: (a) block mean and (b) standard deviation of Θwp (cm3/cm3) as obtained with the
regression model.
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of the maps they produce, even when accuracy is less
than expected. At the same time, it is important that
GIS manufacturers increase their efforts to add error
propagation functionality to their products.

It is important to note that an error analysis offers
much more than the computation of output error.
The partitioning property of an error analysis allows
one to determine how much each individual input
contributes to the output error. Information of this
sort may be extremely useful, because it allows users
to explore how much the quality of the output
improves, given a reduction of error in a particular
input. Thus the improvement foreseen due to
intensified sampling can be weighed against the extra
sampling costs.

The partitioning property can also be used to
compare the contributions of input and model error.
With the advent of GIS, and the many
computational models that often come freely with it,
there is an increased risk of disturbing the balance

between input and model error. When there is no
protection against improper use then ignorant users
will be tempted to apply models to improper scales,
use them for purposes for which they were not
developed, or combine them with data that are too
uncertain (Heuvelink 1998). These problems can
only be tackled when users become more aware of
the issue of spatial data quality and when error
propagation analysis becomes a routine instrument
available to the GIS community.
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