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Abstract

Uncertainty analysis (UA) and Sensitivity analysis (SA) are prerequisites for model building. UA aims to quantify the overall
uncertainty associated with the model response as a result of uncertainties in the model input. SA studies how the variation
in the model output can be apportioned to different sources of variations. Both UA and SA have been successfully applied in
many different fields. This paper describes the contribution that UA and SA can give in the field of GIS-based models. In the
first part of the paper the fundamentals of UA and SA are introduced. The role UA and SA can play in the spatial modelling
based on GIS is then addressed. In the last part, a general procedure to perform the two kinds of analysis on GIS-based models
is proposed. An example of analysis of a simple hydrologic model is described. This research on GIS-based models, done
at ISIS-JRC, provides effective tools for both the assessment of the quality of the model output and the optimisation of the
resources to be allocated for the implementation of GIS applications. © 2000 Elsevier Science B.V. All rights reserved.
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1. Introduction

Computational models are often used to give a sim-
plified mathematical representation of reality in many
different fields of application. The available knowl-
edge of the model input is subjected to many sources
of uncertainty including errors of measurement, in-
adequate sampling resolution, etc. Furthermore, the
model itself can include conceptual uncertainty, i.e.
uncertainty in model structures, assumptions and
specifications. This imposes a limit on the confidence
in the response or output of the model. Good mod-
elling practice requests that the modeller provides
an evaluation of the confidence in the model, pos-
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sibly assessing the uncertainties associated with the
outcome (response) of the model itself.

Uncertainty analysis (UA) and sensitivity analysis
(SA) are prerequisites for model building in any field
where models are used. UA allows to assess the uncer-
tainty associated with the model response as a result
of uncertainties in the model input. SA studies how
the variation in the model output can be apportioned
to different sources of variations, and how the given
model depends upon the information fed into it.

The main objective of the research, developed at the
ISIS-JRC, is the implementation of a generic proce-
dure to perform UA and SA on spatial models based
on GIS. The following two sections give an overview
of the basic concepts related to UA and SA and briefly
describe their principal techniques. In the second part
of the paper, the potential contributions of UA and
SA in spatial modelling based on GIS are discussed.

0167-8809/00/$ – see front matter © 2000 Elsevier Science B.V. All rights reserved.
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A general procedure to perform these analyses with
GIS-based models is described and the results of the
analysis of a simple hydrologic model is presented.

2. Uncertainty analysis

Hereafter some basic concepts about UA and SA
are introduced. A thorough review on this matter can
be found in Helton (1993) and Hamby (1994).

A computational model which describes a gen-
eral system is considered. It is assumed to have one
output variableY and k scalar input factors,X =
(X1, X2, . . . , Xk), that capture all possible sources
of uncertainty that affect the output. The input factors
are variables that correspond either to model inputs
(i.e. the data fed into the model) or model parameters.
For the purpose of UA and SA the input factors are
treated as random variables with a probability density
function (pdf), which is assumed known a priori.

The computational model, i.e. the relationship be-
tween the input factors and the output under study,
can be represented by a mathematical function,f (·),
which maps thek-dimensional space of the input fac-
tors� to that of the output variableY

Y = f (X1, X2, . . . , Xk). (1)

The outputY has its own pdf, whose estimation is the
purpose of uncertainty analysis. The investigator can
quantify the impact of input uncertainties on the model
response and assess whether or not the response meets
the required standards of precision. Various methods
are available for evaluating output uncertainty (Hel-
ton, 1993). In the following, the Monte Carlo (MC)
method is presented, which allows exploring the full
range of variation for the input factors and does not
require assumptions upon the model structure. A gen-
eral scheme of UA and SA is shown in Fig. 1.

2.1. The Monte Carlo method for UA

The MC method is based on performing multi-
ple evaluations of the model with randomly selected
model inputs. The MC-based UA involves four steps
• assign a distribution (pdf) to each input factorXi ;
• generate a sample of sizeN (Xj , j = 1, . . . , N)

from the factors’ distributions according to an ap-
propriate design;

Fig. 1. General scheme of UA and SA. The empirical distribution
of the model outputy = y(x) is obtained via UA. The variance
D of the model output is apportioned to the various input factors
xi through SA.

• evaluate the model at each sample pointXj ;
• analyse the resulting output valuesYj .
A widely adopted practice assumes fixed uncertainties
in the inputs (usually some given fraction, say 10%, of
their nominal values). However, computational mod-
els often use inputs that are known at very different
levels of precision. For this reason, it is necessary to
consider the actual distribution of each input factor. In
other words, it is required to take advantage of all the
available information about the stochastic properties
of each input factor (data measurement techniques,
expert opinion, etc.).

The generation of the samples in the MC method
can be performed by using various procedures, such as
random sampling, stratified sampling (McKay et al.,
1979) or quasi-random sampling (Sobol’, 1993).

In the step evaluation of the model, each sample
point Xj enters the operatorf (·), and the corre-
sponding outputYj is obtained. The same procedure
is repeated for all sample pointsXj , obtaining a se-
quence ofYj , with j = 1, . . . , N . The fourth step is
straightforward. The expected value and variance for



M. Crosetto et al. / Agriculture, Ecosystems and Environment 81 (2000) 71–79 73

the output variableY are estimated by

Ê(Y ) = 1

N

N∑

i=1

Yi, (2)

V̂ (Y ) = 1

N − 1

N∑

i=1

(Yi − Ê(Y ))2. (3)

Additionally, a histogram of the output variableY can
be displayed, thus thoroughly describing the stochas-
tic features of the model output. The overall computa-
tional cost of the four-step procedure described above
depends basically on the cost of the model evaluations,
which is linked to the complexity of the model itself.
The costs of samples generation and UA are negligible.

3. Sensitivity analysis

Sensitivity analysis relates to the problem of inves-
tigating the contribution of the uncertainty in the in-
put factorsX̄ to the uncertainty in the model response
Y . Through SA it is possible to decompose the model
output variation back to the input sources of uncer-
tainty. Quantifying the importance of the input uncer-
tainties is useful to individuate which factors need to
be measured accurately in order to achieve a given
precision in the model output. SA can also be a tool
for pre-calibration analysis. It may help to find out,
before performing an experiment, whether or not the
experiment will allow the calibration of system param-
eters, allowance made for all sources of variation in
the system. An example is offered in Tarantola et al.
(2000).

Many techniques for SA have been proposed (e.g.
linear regression or correlation analysis, measures of
importance, sensitivity indices, etc.). A thorough de-
scription of such techniques can be found in Saltelli
et al. (2000). In the following, only variance based
techniques are considered, in which input factors are
assumed independent. In case of dependent input fac-
tors, other techniques are available (McKay, 1995).

3.1. Variance based techniques

In the variance based techniques, see Archer et al.
(1997) for a review, the SA is based on the so-called

sensitivity indices. For a given factor, the sensitivity
index represents the fractional contribution to the vari-
ance of the model output which is due to this factor.
In order to calculate the sensitivity indices, the total
varianceV of the model output is apportioned to all
the input factorsXi as

V =
∑

i

Vi +
∑

i<j

Vij +
∑

i<j<m

Vijm + · · · + V1,2,... ,k

(4)

where

Vi = V (E(Y |Xi = x∗
i )),

Vij = V (E(Y |Xi = x∗
i , Xj = x∗

j ))

−V (E(Y |Xi = x∗
i )) − V (E(Y |Xj = x∗

j ))

and so on. In the above formulas,Y denotes the output
variable,Xi denotes an input factor,E(Y |Xi = x∗

i )

denotes the expectation ofY conditional onXi having
a fixed valuex∗

i , andV (·) denotes conditional vari-
ance. The sensitivity indexSi for the factorXi is de-
fined asVi/V . The reason for that is intuitive: if the
conditional meanE(Y |Xi = x∗

i ) varies considerably
with the valuex∗

i for Xi , while all the effects of the
Xj s, j 6= i are averaged, then surely factorXi is an
influential one. Estimation procedures forSi are the
Fourier Amplitude Sensitivity Test, FAST, (Cukier et
al., 1973), the method of Sobol’ (Sobol’, 1993), and
others (Iman and Hora, 1990).

Higher order sensitivity indices, responsible for
interaction effects among factors, are usually not es-
timated, as in a model withk factors the total number
of indices (including theSis) that should be estimated
is as high as 2k − 1. However, interactions may have
a strong impact on the output uncertainty especially
whenk is large and the factors are varied on a wide
scale, as often happens in numerical modelling. A
method which is able of accounting for interactions,
and simultaneously coping with a large number of fac-
tors, is the extended FAST (Saltelli et al., 1999). The
extended FAST provides estimates of theSi and of the
total sensitivity indicesSTi . A total sensitivity index
is defined as the sum of all the indices (Si and higher
orders) whereXi is included, thus concentrating in
one single term all the interactions involvingXi . The
estimation of the total sensitivity indicesSTi makes
the analysis affordable from a computational point of
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view, as we only needk total indices for decomposing
quantitatively the output varianceV . The estimation
of the pair(Si, STi ) is important to appreciate the dif-
ference between the impact of factorXi alone onY

(Si) and the overall impact of factorXi through inter-
actions with the others onY (STi). For a three-factor
model, the three total sensitivity indices are

ST1 = S1 + S12 + S13 + S123
ST2 = S2 + S12 + S23 + S123
ST3 = S3 + S13 + S23 + S123

(5)

where now eachSi1,i2,... ,is is simply Vi1,i2,... ,is /V .
Clearly theVi1,i2,... ,is add up toV (Eq. (4)), and the
correspondingSi1,i2,... ,is add up to one; this is not true
for the STis, but a normalisation can be introduced
(usually

∑
iSTi).

3.2. Characteristics of variance based techniques

Variance based methods such as Sobol’ and the ex-
tended FAST display a number of attractive features
for SA
• Model independence: the sensitivity measure is

model independent. It works for non-linear and
non-additive models, unlike methods based on lin-
ear regression such as the standardised regression
coefficients (Helton, 1993).

• The measure captures the influence of the full range
of variation of each factor.

• The measure captures interaction effects; this can
be a crucial issue for a design problem, or for a risk
analysis study.

• The methods can treat sets of factors as single fac-
tors.

The last item means that the analysis can be performed
by partitioning thek factors in a few subgroups and
work on these rather than on the factors themselves.
In this way, the cost of obtaining the total sensitiv-
ity indices (and the corresponding first order terms)
depends on the number of subgroups and not on the
number of factors. A severe limitation of the variance
based methods described above is that they only apply
for independent input factors. The extension of these
methods to dependent input is not an easy one, as for
non-orthogonal samples the variance decomposition is
not unique, see Bedford (1998).

In the above part of this paper, the fundamentals
of uncertainty and sensitivity analyses are introduced

referring to a general computational model. In the fol-
lowing sections, some basic considerations about UA
and SA in the spatial modelling with GIS are outlined.

4. Spatial modelling with GIS

Geographic information systems provide the users
with a set of tools for collecting, storing, retrieving,
analysing and displaying geographical data from the
real world for a particular set of purposes. Unlike other
types of data handled by modern information systems,
geographical data are complicated by the fact that they
include information about position, possible topologi-
cal connections, and attributes of the recorded objects.

GIS provide a very large range of analysis capabili-
ties that allows to operate on the topology or spatial as-
pects of geographic data, on the non-spatial attributes
of these data, or on the non-spatial and spatial at-
tributes combined (Burrough and McDonnell, 1998).
The analysis capabilities make GIS flexible tools: us-
ing a GIS for the evaluation of computational models
(spatial modelling) is a common practice in different
kinds of applications based on spatial data like natural
resource management, hydrology, land planning, etc.

A very important aspect is related to the quality
of the input and output data of computational models
based on a GIS. Input data can be affected by uncer-
tainties due to different sources: measurement errors,
uncertainties introduced by inadequate definition, ex-
cessively coarse scale, insufficient samples, etc. A de-
tailed description of sources of possible errors in GIS
can be found in Burrough and McDonnell (1998) and
Jones (1997). When spatial data are used as input to a
GIS operation, 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 (Heuvelink, 1998).

Until now there have been few studies on the whole
problem of how errors arise, are propagated in geo-
graphic information processing, and what the effects
of these errors might be on the results of the studies
made. Hardly any GIS currently in use can present
the user with information about the confidence limits
that should be associated with the results of an anal-
ysis. In fact, most GIS do not even carry information
about the uncertainty of the source maps in the spatial
database (Heuvelink, 1998).
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4.1. Two effective tools in spatial modelling

UA can offer a set of tools and techniques to un-
derstand how the input errors contribute to uncertainty
in the results of computational models based on GIS.
MC UA techniques are very suited in the field of spa-
tial modelling because only in rare circumstances it is
possible to develop a formal error analysis (e.g. using
the first-order Taylor method).

Joint to UA, SA can give a fundamental contribu-
tion to understand how a given model depends upon
the information fed into it and hence to establish the
spatial data quality requirements for a given task. SA
allows one to analyse how much each individual in-
put contributes to the output variance. This informa-
tion may be very useful especially in the first stages
of planning complex and expensive GIS. As the data
acquisition is always the most expensive component
of any GIS, before implementing complex systems it
is very useful to build a small model (e.g. only cover-
ing a test case area) of the final GIS (Pornon, 1992).
Performing SA on this model can support an effec-
tive cost–benefit analysis related to the data quality.
In fact, SA allows exploring how much the quality of
the output improves, given a reduction of error in a
particular input. When the error in a given input has
marginal effect on the output, then it is not convenient
to allocate resources to acquire it more accurately.

Furthermore, SA can take into account the effects on
the model output related to approximations and uncer-
tainty of the model itself. Models are built making sev-
eral assumptions and simplifications. It is possible to
evaluate the effects of such assumptions considering a
subjective decision of the modeller, e.g. the choice be-
tween two interpolation methods, as input factor in the
SA. A little influence of this factor on the output un-
certainty means that the two interpolation procedures
are practically equivalent. Hence, the simplest and the
cheapest one can be adopted. In this way, through SA
it is possible to improve and simplify the model. This
aspect is important because SA has to consider both
input data quality and model quality. It is in fact not
wise to allocate resources to improve the data quality
if what is gained is immediately jettisoned by using a
poor computational model (Heuvelink, 1998). The net
result of performing SA can be an important optimi-
sation of the resources for the implementation of GIS
applications.

Many relevant studies on spatial uncertainty analy-
sis in GIS have been published in the past few years.
An example is given in McKenney et al. (1999) where
sensitivity analysis is performed on a solar radiation
model aimed at estimating the radiation budget in a
boreal forest ecosystem. The analysis is performed by
running the model with varied input factors (one factor
at a time) and comparing the estimates with the nomi-
nal estimate (obtained with the nominal input values).

One at-a-time techniques (OAT) do not allow a
simultaneous exploration of the domain of the input
factors, so that they cannot capture interaction effects.
Furthermore, being often based on differential analy-
sis, their performance is conditional on the linear be-
haviour of the model. Any conclusion drawn from such
analyses is only legitimate around the nominal values.
In spite of these limitations, the OAT approach is still
the most commonly used brand of sensitivity analysis,
especially in physics and chemistry. The potentiali-
ties of the variance based techniques discussed in this
work still have to be discovered by most modellers.

5. Uncertainty and sensitivity analysis on spatial
models based on GIS

This section is focused on the general aspects of
UA and SA for spatial models. A general model is ad-
dressed, which accepts in input several types of spatial
data and results in a model output through a sequence
of GIS operations. More specific studies have been
conducted for particular kinds of data or GIS opera-
tions; for instance, Lodwick et al. (1990) study the SA
of attribute values associated with polygonal mapping
units.

The output of a general model based on a GIS is in-
dicated withY . Y = f (X̄) results from the input fac-
tors X̄ = (X1, X2, . . . , Xk) by means of a sequence
of GIS operations represented byf (·). In the general
casef (·) includes
• point operations (the attribute value of an object or

at a field location is computed from other attributes
relating to the same object or location);

• neighbourhood operations (the attribute is derived
from attributes of a window or area surrounding the
object or location);

• global operations (that include far-reaching spatial
interactions).
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The UA can be effectively performed using a MC
based simulation approach. According to the stochas-
tic characteristics of the input data, assumed to be
known, using a random sampling technique,N differ-
ent realisations of̄X are generated, each realisation
is introduced in the GIS model, computing and stor-
ing the result. In this way a random sample of size
N from the output distribution is obtained, which
is then analysed to assess the uncertainty of the
model. Beside UA, SA can be conveniently performed
using variance based techniques like Sobol’ and
FAST.

UA and SA assume that the stochastic properties
of the GIS input factors are correctly specified. Im-
portant information can be derived from the metadata
associated to the spatial data used as input in the spa-
tial model. In fact, in the optimal case the GIS input
data (e.g. digital elevation models, land use maps,
vector maps, etc.) are accompanied by metadata that
describe the data (e.g. providing the coordinate sys-
tem, the classification completeness, the geographical
coverage, the positional accuracy, the attribute ac-
curacy, the topological accuracy, etc.). However, in
many practical situations the user has no definite in-
formation about the errors associated with the data
stored in a GIS. In these cases he has to make some
assumptions about the stochastic properties of the
data.

There are two main approaches to represent geo-
graphical data in a GIS: the object and the field ap-
proaches. In the object approach (often called vector
approach) the world is represented by objects (points,
lines, areas) that are characterised by their geometric
and topological properties and by their non-spatial
attribute values. In the field approach (also called
raster approach) the world is represented as fields of
attribute data, without defining abstract objects. The
attribute data can be either quantitative (e.g. terrain
heights, concentrations of chemicals in the soil, etc.)
or qualitative, also called categorical, (e.g. land cover
types, etc.).

In the following, some considerations about the gen-
eration of realisations of̄X are drawn. Three main
types of spatial data are considered: quantitative at-
tribute fields, qualitative or categorical attribute fields
and vector data. In Section 6 an example of UA and
SA in a model which accepts in input quantitative at-
tribute data is described.

5.1. Quantitative attributes

In order to generate different realisations of a given
quantitative attribute field some information about
its stochastic properties are needed. The minimal in-
formation can be an estimate of the error standard
deviationσ , which is usually assumed to be spatially
invariant and calculated using observed errors at test
points. In this case some assumptions about the spa-
tial correlation of the error field have to be made. In
the optimal case the user can dispose off informa-
tion about both error standard deviation and spatial
correlation of the error random field.

Once the main parameters of the error field are
known, the major step is to find an efficient way to gen-
erate realisations of spatially correlated random fields.
An overview of the techniques is given in Heuvelink
(1998).

5.2. Qualitative or categorical attributes

Much of the attribute data in GIS are non-numerical
categorical data in the form of nominal classifications
of phenomena of interest (e.g. soil type, land use type,
etc.). The characterisation of the errors that affect this
kind of data is not straightforward. We consider here
only one kind of categorical data, which is coming
from remote-sensed images usually processed with au-
tomatic or semi-automatic techniques for image classi-
fication. Errors in such categorical data can be assessed
using a so-called confusion matrix (named also mis-
classification or error matrix), which is based on the
results of comparing a set of the recorded data values
with reference data. The confusion matrix can be used
to estimate the percentage of correctly classified data
and other information about the nature of the errors
(e.g. the errors of omission and the errors of commis-
sion). Using the information contained in this matrix,
it is possible to generate different realisations of qual-
itative attribute fields useful to perform UA and SA.

5.3. Vector data

In the vector approach, geographical objects like
points, lines and areas are used to describe the world.
In the following only the geometric properties of
planimetric objects are considered. The uncertainty
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in the position is an important source of uncertainty
in vector data. Its importance depends largely on the
type of data under consideration. For instance, a high
degree of positional accuracy is usually associated
to well defined objects like roads, houses and land
parcel boundaries. In contrast, the position of soil or
vegetation boundaries often reflects the judgement of
the surveyor and is measured less accurately. Further-
more, the uncertainty strongly depends on the source
of the data (e.g. aerial photogrammetry, geodetic
survey, map digitalisation, etc.).

A way to take into account the positional un-
certainty in vector data is to consider the precision
associated to the object coordinates (e.g. a coordinate
pair for a point, a sequence of coordinate pairs for a
line, etc.) and to generate different realisations of a
given vector map by extracting each coordinate pair
from its associated bi-dimensional random variable.
The parameters of the random variables depend on
the type of object and on the data source.

This approach models the positional uncertainties in
vector data by random errors in the constituent points.
The errors on different points are assumed to be un-
correlated. A more refined procedure should consid-
ered the correlations between points that belong to the
same line, polygon, etc. (Jones, 1997).

6. Example of UA and SA in a GIS-based model

In order to show an application of the UA and SA
procedure proposed in Section 5, a hydrologic model
for the assessment of the flooding risk was considered.
The evolution from a deterministic approach (the one
usually adopted in GIS-based modelling) to a stochas-
tic approach (supported by UA) is particularly neces-
sary for all applications that require critical decisions
like those related to landslide or flooding risk. The
decision-makers strongly base their decisions on the
model predictions. In order to support effectively the
decision process, such predictions have to be provided
with their stochastic characteristics.

The flooding risk was analysed with the software
CASC2D, which is a two-dimensional physically
based distributed hydrologic model. It simulates spa-
tially varied surface runoff, while fully utilising raster
GIS data. It is a public domain software, part of the
GRASS GIS for hydrologic simulation. Major com-

ponents of the model include interception, infiltration
and surface runoff routing. Assessing the flooding
risk for a given precipitation scenario, the estimated
water level of the river at a given location was consid-
ered as the main model output. This level is usually
compared with the warning stage and the flooding
stage in order to evaluate the flooding risk. In order to
perform UA and SA, the following model input were
considered: rain intensity, spatially varied maps of the
Manning’s roughness coefficient, initial soil moisture,
interception coefficient and infiltration coefficients
(conductivity, pressure head, and porosity).

A little valley located in Western Alps of about
30 km2 (maximum height difference of about 1900 m)
was considered. A uniform rainfall field of 2.5 h
duration, was simulated (mean intensity of about
16 mm/h). All considered input factors were quan-
titative attribute fields. They were introduced in the
model as raster data derived from land cover and
litology maps of the considered areas. These raster
data have the same 50 m mesh size of the used digital
terrain model (DTM), produced by the Cartographic
Service of Regione Piemonte located in Turin. In this
example the stochastic characteristics of the DTM
were not considered, i.e. the DTM was not treated as
input factor in the UA and SA.

In a first analysis a rain intensity uniformly dis-
tributed in the range 12–20 mm/h was assumed. The
other input factors were uniformly distributed as-
suming a given range around their nominal values:
Manning 90-110%, moisture 66–133%, interception
90–110%, and infiltration 80–120%.

485 model evaluations were performed (as a rule of
thumb, about 100 runs for each input factor, that in
this case are five, are usually performed) obtaining for
the river levelH
• Mean(H)=6.52 m
• S.D.(H)=1.34 m
Assuming that the precision of the prediction is con-
sidered inadequate, SA was performed in order to
determine which input factors mostly drive the uncer-
tainty in the prediction. The total sensitivity indices
computed using the extended FAST technique are re-
ported in Table 1 (Analysis N.1). It is clear that major
source of uncertainty is represented by the rainfall.
Aiming at reducing the prediction uncertainty, the
only way is to improve the precision in measuring
this input factor. A second analysis was therefore
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Table 1
Example of SA: total sensitivity indices obtained with the extended
FAST technique are given for both Analysis N.1 and N.2

Input factors FAST total sensitivity indices

Analysis N.1 Analysis N.2

Rainfall 0.96 0.66
Manning 0.00 0.24
Humidity 0.02 0.23
Infiltration 0.07 0.20
Interception 0.00 0.05

performed changing only the range for rain intensity
to (14–18 mm/h).

A new set of model evaluations was performed (485
runs) obtaining for the river levelH :
• Mean(H )=6.52 m
• S.D.(H )=0.68 m

The histogram of the water level is shown in Fig. 2.
The distribution of the estimated river level can be
compared (with statistical tests) with the warning and
flooding stages, hence assessing the flooding risk. In
this way, the decision process (which can have an im-
portant impact on the life of many people) can be sup-
ported in a sound way.

The total sensitivity indices obtained in this config-
uration are reported in Table 1 (Analysis N.2) and in
Fig. 3. Note that, beside rainfall, other three factors
have influence on the prediction uncertainty. Aiming
at further improvement of the prediction precision one

Fig. 2. Example of UA: histogram of the water level obtained by MC simulation (Analysis N.2).

Fig. 3. Example of SA: pie-chart of the total sensitivity indices
obtained with the extended FAST technique (Analysis N.2). The
pie-chart displays the percentages of the total sensitivity indices
(normalised indices).

should also take into account the uncertainty in these
factors.

7. Conclusions

Uncertainty and sensitivity analysis have been suc-
cessfully applied in many different fields. In this paper
the potential contributions of UA and SA in the field of
GIS-based models have been described. A procedure
to perform the UA and SA on spatial models based on
GIS has been proposed. A general GIS-based model
has been considered, which accepts in input differ-
ent kinds of geographical data. UA offers a set of
techniques to assess the uncertainty associated to the
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output of GIS-based models due to uncertainties in
the model input. Hence, UA can support a stochastic
approach in the evaluation of the results of models
based on GIS. SA allows analysing quantitatively the
contribution of each input factor to the output variance,
giving important insights for the optimisation of the
GIS data acquisition resources. The results of UA and
SA of a simple hydrologic model have been presented.
The proposed procedure is being further developed
at ISIS-JRC in the frame of a research contract with
Eurostat, the Statistical Office of the European Comm-
ission.
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