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1. INTRODUCTION  

Emiel van Loon and Jens Christian Refsgaard 

1.1 The HarmoniRiB project  

The Water Framework Directive (WFD) provides a European policy basis at the river 
basin scale. The river basin management and planning process prescribed in the WFD 
focuses on integrated management, involving all physical domains in water 
management, sectors of water use, socio-economics and stakeholder participation. As 
such, the WFD poses new challenges to water resources managers. The traditional 
physical domain specific and sectoral approaches need to be combined and extended to 
fulfil the WFD requirements. In practise, the preparation of the river basin management 
plans, prescribed in the WFD, is in addition to these new challenges, influenced by 
uncertainties on the underlying data and modelling results. The preparation of integrated 
water management plans for the WFD will require making a large number of decisions 
by operational agencies in Europe. A decision maker should only make decisions based 
on available information. However, in most cases this information is deficient, 
incomplete and uncertain. The question arises how this should affect the decision 
making. 

Therefore, there is a clear and urgent need for developing new methodologies and tools 
that can be used to assist in implementing the WFD. In order to support such research 
and development, it is necessary to have a network of representative river basins with 
datasets suitable for this purpose. This implies that the datasets, in addition to covering 
the diversity in terms of ecological regimes and socio-economic conditions found across 
Europe, must have built-in information on the uncertainties in the data. 

The overall goal of HarmoniRiB is to develop methodologies for quantifying 
uncertainty and its propagation from the raw data to concise management information. 
The four specific project objectives are: 

• To establish a practical methodology and a set of tools for assessing and describing 
uncertainty originating from data and models used in decision making processes for 
the production of integrated water management plans. It will include a methodology 
for integrating uncertainties on basic data and models and socio-economic 
uncertainties into a decision support concept applicable for implementation of the 
WFD. 

• To provide a conceptual model for data management that can handle uncertain data 
and implement it for a network of representative river basins.  

• To provide well documented datasets, suitable for studying the influence of 
uncertainty on management decisions for a network of representative river basins 
and to provide examples of their use in the development of integrated water 
management plans.  
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• To disseminate intermediate and final results among researchers and end-users 
across Europe and obtain and incorporate feedback on the methodologies, tools and 
the datasets. 

Thus, the HarmoniRiB project aims to support the WFD implementation, by addressing 
issues of uncertainty in data en modelling, and by developing a ‘virtual laboratory for 
modelling studies’. This virtual laboratory will comprise of a set of river basins, of 
which data relevant to modelling and the WFD, are readily available for the scientific 
community. The data can be used for comparison and demonstration of methodologies 
and models relevant to the WFD. 

1.2 Background 

Understanding the limitations of environmental data is essential, both for managing 
environmental systems effectively and for encouraging the responsible use of scientific 
research when knowledge is limited and priorities varied (Beck, 2002). Explicit 
assessments of data quality are important in this context. In practice, however, the 
empirical quality of data is rarely certain (one finds abundant illustrations and 
statements of this fact throughout the literature). Therefore uncertainties about data 
should be acknowledged with expressions of probability that values are ‘correct’, or that 
data conform to specific quality standards. This activity, which we will here call 
‘uncertainty assesment’ turns out to be very demanding: it is surprisingly difficult to 
define and implement a common framework for uncertainty assessment around a 
discipline like hydrology. Not only because some of the underlying or related fields 
(like meteorology soil physics, geo-chemistry) concentrate on different scales and have 
different approaches towards describing and investigating uncertainty, but also because 
uncertainty is often not described quantitatively or with the concepts that we would like 
to use. Making the literature accessible implies therefore a lot of interpretation and 
translation. These interpretations have been made by the authors that contributed to this 
report. 

The need for this study became obvious when it became clear in the HarmoniRiB 
project that for many of our data there are no opportunities to estimate uncertainty 
models directly on the basis of the data itself – or other data sets to which we have 
access. In those cases we have to fall back on results form literature. Because searching 
the literature for uncertainty models is a laborious activity and its interpretation requires 
a lot of expertise, it was decided to do this literature study centrally and in an organised 
manner. This report brings some of the relevant literature together, using a simple 
framework to describe uncertainty models and highlighting only the most important 
aspects. With this report it becomes possible to quickly find information about the 
uncertainty of some common hydrological variables. Within the HarmoniRiB project it 
will be used as a fall-back option for those cases where no other means are available to 
assess data uncertainty. 

In spite several clear notions that uncertainty assessment deserves more attention in the 
environmental disciplines already some time ago (see e.g. Funtowicz and Ravetz, 1990; 
and Heuvelink and Burrough, 1993), there seems to be only scattered information 
available in the literature. Until now we did not come across studies similar to this one 
in the environmental, medical, biological, economical and civil sciences disciplines. But 
it is not unlikely that similar work has been done in related fields. In that case we would 
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highly appreciate to get informed about this so that we can learn from those studies and 
refer to those where appropriate. 

1.3 How to use this report 

Within the HarmoniRIB project, we will use this report to help in finding suitable 
uncertainty models to describe data uncertainties. It gives in no way clear-cut solutions 
to find uncertainty models for a given hydrological variable. The only structure it 
provides is a common coding of uncertainty model types and a grouping of variables 
(per chapter) that have aspects in common. The grouping of variables is along 
disciplinary lines, which is convenient because the way in which uncertainty is dealt 
with and discussed appears to be homogeneous per discipline. 

Chapter 2 gives some background to the concepts that are used throughout the other 
chapters. While the remaining chapters are quite independent, some common codes and 
definitions are only given in Chapter 2. The way to effectively use this report is 
probably to read first through Chapter 2 and then go to the sections that describe the 
variables that you are interested in. Perhaps some useful information is supplied there 
and if not, one should look-up the cited literature for that variable. 

1.4 Report outline 

Presently this report covers chapters on uncertainty in meteorological data (Chapter 3), 
soil physical and geochemical data (Chapter 4), geological and hydrogeological data 
(Chapter 5), land cover data (Chapter 6), river discharge data (Chapter 7), surface water 
quality data (Chapter 8), ecological data (Chapter 9) and socio-economic data (Chapter 
10). 

1.5 Status of the report 

The first draft version of this report was prepared by scientists from different 
HarmoniRiB partners between February and August 2004. Each chapter was 
subsequently reviewed by two other scientists from the project team and finally edited 
to improve the overall quality and homogeneity across chapters.  

The report is available on the project website as downloadable pdf files and it will be 
used as a supporting document to the uncertainty assessment software package being 
developed as part of the project. All external ideas and comments to the report as a 
whole or to the individual chapters are very welcome. 

1.6 Acknowledgement 

The present work was carried out within the Project ‘Harmonised Techniques and 
Representative River Basin Data for Assessment and Use of Uncertainty Information in 
Integrated Water Management (HarmoniRiB)’, which is partly funded by the EC 
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2. METHODOLOGICAL CONSIDERATIONS 

Emiel van Loon, James Brown and Gerard Heuvelink 

2.1 Introduction 

The methodology used to structure the uncertainty data in this report has been adopted 
from Brown et. al. (2004). Brown et al. (2004) present an integrated framework for 
assessing and recording uncertainties about environmental data. It provides sufficient 
flexibility for application to the various fields of hydrology, yet it is not overly complex. 
The methodology is based on a fourfold distinction between the empirical quality of 
data, the sources of uncertainty in data, the fitness for use of the data, and the goodness 
of an uncertainty model. An assessment of empirical quality and the sources of 
uncertainty can usually be informed from literature sources, as well as personal 
expertise. Fitness for use, and the goodness of an uncertainty model are typically more 
subjective, and more difficult to identify from the literature. For this reason we focus on 
the empirical quality of data and its sources of uncertainty through literature reviews. 
After presenting a classification of uncertainty, an explanation is given of the statistical 
framework for applying this uncertainty information in a sensitivity or uncertainty 
analysis. 

2.2 A classification of uncertainty 

2.2.1 Empirical data quality 
Since uncertainty models are influenced by the characteristics of an uncertain variable, 
it is useful to develop a ‘taxonomy of uncertain environmental variables’. The 
taxonomy is based on objects that may comprise one or more attributes. In this context, 
‘objects’ are formal descriptions of ‘real’ entities, and are typically abstractions and 
simplifications of those entities. Objects have boundaries that contain positional 
information, such as absolute coordinates in space or relative distances between objects. 
If the coordinates or distances are uncertain, the boundaries contain positional 
uncertainty. The boundaries themselves may be distinct (crisp) or indistinct (gradual), 
for which Boolean (binary) or non-Boolean (rough, continuous) memberships may be 
defined, respectively. Since gradual boundaries (e.g. the boundary between a forest and 
savannah) can also be uncertain, a general pdf is required in both cases. 

The properties of an object are represented as ‘attributes’. Attribute values may be 
defined at one or many locations for which the object is defined (not all locations 
require attribute values) or described as integral properties of the object. For example, a 
‘river object’ may contain the attributes ‘length’ and ‘volume’ as integral properties of 
the object, together with the attributes ‘nutrient concentrations’, ‘navigation pressures’ 
and ‘fish stocks’ as distributed properties of the object. 
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Positional uncertainty 
In order to describe the positional uncertainty of an environmental object, it is useful to 
classify objects by their primitive parts and by the types of movement they support 
under uncertainty. A first-order classification would include: 

 
P1 Objects that are single points (point objects); 

P2 Objects that comprise multiple points whose spatial relations (internal geometry) 
cannot change under uncertainty (rigid objects); 

P3 Objects that comprise multiple points whose spatial relations can vary under 
uncertainty (deformable objects). 

The positional uncertainty of a point object always leads to a unitary shift in the object’s 
position in the x- and y-direction (in the 3D environment in the z-direction as well). The 
positional uncertainty of a rigid object leads to a unitary shift in the object’s position 
(translation) and an angular shift (rotation) of the object for any given outcome of the 
pdf. By implication, positional uncertainty cannot alter the topology of a rigid object. In 
contrast, the topology of a deformable object may be altered and corrupted by positional 
uncertainty, because the uncertainties in its primitive points are partially or completely 
independent of each other. Topological corruption of deformable objects can be 
prevented in practice by eliminating ‘outcomes’ of the pdf (i.e., samples drawn from the 
pdf) whose topological relations are deemed invalid. Such ‘rejection criteria’ are used 
more generally in our framework whenever a pdf is difficult to specify analytically but 
can be summarised with an analytical pdf and a rejection rule for Monte Carlo studies 
(e.g. “eliminate all negative pollutant concentrations” from a simulation of the pollution 
level in a contaminated site).  

Attribute uncertainty 
In order to develop probability models for attribute uncertainty, it is useful to 
distinguish between the measurement scale of a spatial attribute. Four classes of 
measurement scale are distinguished, namely: 

 
A1 Attributes measured on a continuous numerical scale (e.g. population density, the 
diameter of a tree at breast height, annual precipitation); 

A2 Attributes measured on a discrete numerical scale (e.g. the number of inhabitants in 
a city or the number of plant species in a forest); 

A3 Attributes measured on a categorical scale (e.g. soil type or income tax bracket);  

 
It is also useful to distinguish between two classes of ‘variability’ in attributes, namely 
attributes that are integral properties of an object and are thus constant in space and time 
(e.g. the total volume of a water body, the sale price of a house, the average tree density 
of a forest stand); and attributes that are distributed in space or time. Examples of the 
latter category are the slope gradient of a given terrain, mean annual temperature over 
Europe, and fine particle concentration in air across a metropolitan area. The presence 
of space and time variability determines the need to consider spatial and temporal 
dependence (autocorrelation) alongside the uncertainty models at individual locations. 
The classification of attribute uncertainty is summarised in table 2.1. 
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Table 2.1. The subdivision and coding of attribute uncertainty-categories, along the ‘axes’ of 
space-time variability and measurement scale. 

Measurement scale 
Space-time variability 

Continuous 
numerical Discrete numerical Categorical 

Constant in space and time A1 A2 A3 

Varies in time, not in space B1 B2 B3 

Varies in space, not in time C1 C2 C3 

Varies in time and space D1 D2 D3 

  

In addition to the types of uncertain object and attribute, it is useful to distinguish the 
methods for describing uncertainty, which will depend on the type and amount of 
information available. Three classes of method are distinguished, namely quantitative 
methods (full pdfs and bounds), qualitative descriptions of uncertainty, and scenarios, 
which identify possible outcomes without specific measures of probability (table 2.3). 

Table 2.2. Types of empirical uncertainty 
Code Explanation 

M1 Probability distribution or upper & lower bounds 

M2 Qualitative indication of uncertainty  

M3 Some examples of different values a variable may take  

 

2.2.2 Sources of uncertainty 
Often, the identification of sources of uncertainty (such as instrument accuracy, errors 
due to under-sampling or differences in definitions), help in properly identifying the 
category or pdf of empirical uncertainty. However, there is no general way to classify 
sources of uncertainty. In this study we try to simply describe the sources of uncertainty 
textually. By rating the quality of methods employed in collecting data, a more 
structured overview can be given. An example of such a rating is given in Table 2.3 
(such a table is sometimes called ‘pedigree matrix’, cf. Funtowicz and Ravetz, 1990). 
While it is not always possible or sensible to define a pedigree matrix for a particular 
source of uncertainty, it is useful for summarising information and we include it here for 
illustration purposes. Alongside this matrix, it remains possible, and indeed preferable, 
to describe the uncertainty associated with specific instruments and techniques 
separately, and quantitatively if these are known. 

Another source of uncertainty is the relative age (denoted by the term ‘longevity’) of 
uncertainty descriptions, i.e. how relevant is a certain uncertainty description after it has 
been established and some time has past. For variables that are relatively stable through 
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time, uncertainty descriptions can remain valid for very long periods (e.g. terrain height 
in a dry climate), while for other variables it may change drastically over time (e.g. land 
use in a city). Table 2.4 makes an attempt to structure this longevity information a little.  

 

Table 2.3. Indices for ‘methodological quality’ of a variable. 
Instrument quality Sampling strategy* Overall method** 

I4 

Instrument quality is irrelevant. 

S4 

Full coverage, no sampling 
involved. 

O4 

Approved standard in well-
established discipline. 

I3  

 

Instruments well suited for the 
field situation and calibrated. 

S3 

Large sample of direct 
measurements, good sample 
design, controlled experiments and 
cross-validation. 

O3 

 

Reliable method, common 
within discipline. 

I2 

Instruments are not well matched 
for the field situation, no 
calibration performed. 

S2 

Indirect measurements, historical 
field data, uncontrolled 
experiments, or small sample of 
direct measurements. 

O2 

 

Acceptable method, but limited 
consensus on reliability. 

I1 

Instruments of questionable 
reliability and applicability. 

S1 

Educated guesses, very indirect 
approximations, handbook or "rule 
of thumb" estimates. 

O1 

Unproven methods, 
questionable reliability. 

I0 

Instruments of unknown quality 
or applicability. 

S0 

Pure guesses. 

O0 

Highly subjective method. 

* One may specify the sampling strategy in the different spatial dimensions (Ss = in space, Sh = 
horizontal, Sv = Vertical), and also in time (St). 

** Under ‘overall’ method’ we group the combined and described procedures to 
collect/transport/process/calculate the variable of interest. 

 

Table 2.4. Codes for ‘longevity’ of uncertainty information  

Code Explanation 

L0 Temporal variability of the uncertainty information is unknown. 

L1 
The uncertainty information is known to change significantly over 

time (specify how fast it changes if you know it). 

L2 
Uncertainty does not change significantly, in principle no updating 

required. 
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2.3 Developing uncertainty models for data 

2.2.3 2.3.1 Introduction 
Uncertainty information which is documented in the system described in Section 2.2, is 
primarily meant to be used in quantitative assessments. The techniques for this are 
available from spatial statistics (Journel and Huijbrechts, 1978; Isaaks and Srivastava 
1989; Chiles and Delfiner, 1999) and time series analysis (Box et al. 1994; Brockwell 
and Davis, 2002; Wei, 1990) and are applicable to continuous, discrete and categorical 
measurement scales. Whereas the techniques in spatial statistics and time series analysis 
are often similar or the same (e.g. geostatistics generally works in more dimensions), 
the terminoligy differs between the two disciplines. In this document we will use the 
terms from spatial statistics. 

There are different starting points for estimating the values of an uncertain variable, 
depending on the types and amount of information is available. For example: 

 

1) A limited number of samples, together with some auxiliary information (e.g. 
plot boundaries, values of a related variable, a single realisation of the variable 
from 3. or 4. below), are available to estimate an uncertain variable. One 
scenario for the available data is an exhaustive coverage (e.g. a terrain model) 
with some more accurate sample data collected at a later stage; 

2) A limited number of samples are available to estimate an uncertain variable but 
no auxiliary information is available; 

3)  A single, exhaustive, realisation of the uncertain variable is available from a 
comprehensive sampling campaign (e.g. remote sensing) or from a previous 
modelling study (2). If the samples were since lost, only expert judgement is 
now available to estimate uncertainty; 

 

These different starting points (of which there are many more) will influence the 
methodology chosen for estimating an uncertain variable. In this context, the ‘values of 
an uncertain variable’ refer to the distribution of possible outcomes and, ideally, the 
probabilities of each outcome. Two key factors in selecting an uncertainty methodology 
are: 1) whether the uncertain variable will be estimated by expert judgement alone, or 
with sample data and; 2) whether the entire process needs to be modelled, or it is 
sufficient to the estimate the uncertain (residual) alone.  

 

In terms of 1, ‘sample data’ are any data, limited in accuracy or in coverage or both, that 
help to define an uncertain variable, but cannot define the values perfectly; if they 
could, the ‘true’ values of the variable would be known (zero uncertainty). If the sample 
data are limited in coverage, it is necessary to interpolate or extrapolate them in space 
or time using a model, such as kriging in spatial statistics. The model is an additional 
source of information or ‘expert judgement’ that helps to estimate the uncertain 
variable, but also introduces uncertainty.  
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In terms of 2, it is often useful (and more intuitively understandable) to distinguish 
between the unknown ‘true’ values of a variable and a residual that is ‘added onto’ that 
variable making it uncertain. This is often more intuitive because the residual can be 
related directly to particular sources of uncertainty. For example, it may be caused by 
measurement error. When modelling uncertainty, it is also useful because some of the 
assumptions that do not apply to the uncertain variable as a whole may apply to the 
uncertain residual. For example, while few environmental variables are stationary in 
space or time, the sources of uncertainty often introduce stationary ‘noise’ into the 
variable. In modelling uncertainty, it is often necessary, for ease of estimation, to make 
an assumption of stationarity (see below). 

 

While there are no standard criteria for introducing expert judgement into an uncertainty 
analysis, there are many criteria for using sample data in a quantitative uncertainty 
analysis. In particular, an uncertainty analysis is usually more complicated when 
attempting to integrate sample data with a model to estimate values of an uncertain 
variable at unsampled locations. This may be necessary to provide initial values of a 
variable (e.g. conventional interpolation) or to improve the estimate of previously 
interpolated variable (e.g. within a Bayesian scheme). While, in principle, this applies to 
both time-series and spatial data, there are important differences in practice. Thus, in 
spatial applications, the main source of uncertainty is typically the limited size of the 
sample available to estimate an uncertain variable. In this case, measurement error is 
frequently ignored (although it can be important). In contrast, sample size is usually less 
important for time-series (interpolation is usually not required). Instead, the main source 
of uncertainty originates from measurement accuracy. While the mean is often unknown 
at many locations in spatial studies, it may be known at all locations in time-series 
studies (i.e. assumed to be the sampled values, because the instruments have been 
calibrated for bias). Technically, therefore, studies of uncertainty in spatial data are 
usually more complicated, because of the number of dimensions (e.g. anisotropy is 
possible) and because interpolation from a limited number of samples is frequently 
required. As such, we direct more attention to estimating an uncertain variable from 
sample data. We also focus on the quantification of an uncertain variable with pdfs, as 
these techniques are well-established and generalisation is more straightforward. First, 
we define the general types of probability model for the different categories of data in 
Table 2.1, together with some examples of how uncertainty can be modelled. Next we 
provide a more detailed discussion of how to estimate an uncertain variable with sample 
data. 

2.2.4 2.3.2 Defining pdfs for positional and attribute uncertainty 
In order to represent positional and attribute uncertainty with a pdf it must be specified 
completely, which may be achieved by parameterising the pdf to a chosen shape and 
estimating the parameters or by specifying all possible outcomes and their associated 
probabilities (a ‘non-parametric’ pdf). The latter contains many more degrees of 
freedom than a parametric pdf, but may be the only option for some variables (e.g. land-
cover). For cases in which a parametric pdf is suitable, some or all of the model 
parameters, such as the mode, mean and standard deviation, may vary in space. 
Furthermore, individual spatial variables, and the uncertainties associated with them, 
may be statistically dependent in space, or statistically dependent with other attributes, 
for which a joint distribution must be defined. In order to manage this complexity, it is 
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useful to establish general pdfs for each category of uncertain data. Subsequently, it is 
useful to provide groups of simplifying assumptions for estimating these pdfs. In this 
section we present the general pdf for each category. 

Positional uncertainty 
Methods for defining positional uncertainties in geographic objects include partial and 
full applications of probability theory to vector data. They range in complexity from the 
simple ‘epsilon (ε) band’ approach, where a buffer of radius ε is imposed around each 
line segment, to the distortion of lines and polygons with an autocorrelated ‘shock’ 
(Kiiveri, 1997), and the estimation of joint pdfs for the primitive nodes of line segments 
(Shi, 2000; Shi and Liu, 2000). Building upon this work, we develop a general 
probability model for each class of object distinguished in Section 2.1, namely the 
‘point object’, the ‘rigid object’ and the ‘deformable object’. 
  
Category P1: Point objects 
In two-dimensional Cartesian space, a point object may contain two uncertain 
coordinates, namely x and y. The ‘true’ value of each coordinate (e.g. x) is uncertain 
and hence it is represented as a random variable X with a marginal (cumulative) 
probability distribution function (mpdf) FX: 

 ℜ∈≤= x)xX(P)x(FX  (1) 

In principle, FX may assume any mathematical function, providing it is non-decreasing 
and satisfies FX(−∞)=0 and FX(+∞)=1. In most cases, the random variable X will have a 
mean (expected value)  and a standard deviation [ ] XXE µ= X

2
X ])X[(E σ=µ− . As a 

measure of central tendency, the mean provides information about positional bias (i.e. 
when the mean µX differs from the true location in a systematic way). The standard 
deviation is a measure of dispersion and provides information about the average 
departure of X from µX. 

Marginal distributions may be defined for each coordinate of an uncertain point object, 
leading to two mpdfs. When the uncertainties in the coordinates x and y are statistically 
dependent, a multivariate or joint pdf (jpdf) is required: 

 ℜ∈≤≤= y,x)yY,xX(P)y,x(FXY  (2) 

The mpdfs for the x and y-coordinates can be derived from the jpdf through integration. 
However, the jpdf cannot be derived from the four mpdfs unless the statistical 
dependencies between the mpdfs are known or the uncertain coordinates are assumed 
independent (meaning that the jpdf is simply the product of the four mpdfs). 
 
Category P2: Rigid objects 
Rigid objects comprise multiple points whose internal angles and distances cannot 
change under uncertainty. However, the object may rotate, as well as shift, under 
uncertainty. In practice, the movement of a rigid object, and hence its positional 
uncertainty, is completely characterised by the movement of a single point attached to 
that object. The movement comprises a translation of the point and a rotation about the 
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chosen point. The point itself may be a primitive point of the rigid object or a reference 
point attached to the object (e.g. a centroid). Thus, a jpdf is required for the positional 
coordinates of the reference point (x and y), together with the rotation angle θ (in 
degrees). 

 3600,y,x),yY,xX(P),y,x(FXY <θ≤ℜ∈θ≤Θ≤≤=θΘ  (3) 

 
Category P3: Deformable objects 
Deformable objects comprise multiple points whose internal distances and angles can 
vary under uncertainty. As such, the positional uncertainty of a deformable object 
cannot be described with a simple translation and rotation of the object, but requires a 
separate pdf for each primitive point, together with the internal relations (correlations) 
between these points. Thus, for an object containing n primitive points, a 2n-
dimensional pdf is required: 

 )yY,xX,,yY,xX(P)y,x,,y,x(F nnnn1111nn11YXYX nn11
≤≤≤≤= KKK  (4) 

In practice, it is rarely realistic to derive Eqn. (4) as the product of n jpdfs specified in 
Eqn. (2) because data collection and pre-processing will introduce statistical 
dependencies between points. For example, GPS surveys, georeferencing of remote 
sensing data, and manual digitising of paper maps will all introduce positive 
correlations between positional uncertainties. 

Attribute uncertainty 
Category A1: Numerical attribute measured on a continuous scale 

An uncertain continuous numerical constant A is completely characterised by its 
(cumulative) pdf: 

  (5) ℜ∈≤= a)aA(P)a(FA

The pdf FA must be a continuous, non-decreasing, function whose limit values are 
FA(−∞)=0 and FA(+∞)=1. If the attribute is spatially distributed, then A(x,y) is 
completely characterised by its (cumulative) pdf: 

 )a)y,x(A,,a)y,x(A(P)y,x,a,,y,x,a(F nnn111nnn111A ≤≤= KK  (6) 

Here FA must be known for any combination of the xi, yi and ai, while n may assume 
any integer value. 

Category A2: Numerical attribute defined on a discrete scale 

Let an uncertain discrete numerical constant B assume a value from the set 
{b1,b2,...,bm}, where the bi are real numbers. Extension to an infinite number of classes 
is allowed. Then B is completely characterised by: 

  (7) m,,1i)bB(P)b(F iiB K===
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Each of the FB(bi) should be non-negative and the sum of all FB(bi) should be equal to 1. 
Extending this to spatially distributed attributes, let the uncertain discrete numerical 
attribute B(x,y) assume a value from the set {b1,b2,...,bm} for all x and y. Then B is 
completely characterised by: 

 )b)y,x(B,,b)y,x(B(P)y,x,b,,y,x,b(F nnn111nnn111B === KK  (8) 

FB must be known for any combination of the xi, yi and bi, while n may assume any 
integer value. 

Category A3: Attribute defined on a categorical scale 

Apply category A2 where the real numbers bi are replaced with categories ci. 

Illustrative examples 

We now present four simple examples to show how the general categories of pdfs 
described in Section 3 can be applied to specific problems. The examples are illustrative 
rather than detailed, and applications to real world problems may involve further 
assumptions and complexities for which the Data Uncertainty Engine (DUE) can be 
used (Section 2.4). 

Positional uncertainty 
Example 1: Simulating rigid objects 

Figure 2.1 shows the boundary of an imaginary building. The building has 8 primitive 
points whose coordinates are listed in table 1. Let the reference point of the object be its 
centroid (the cross inside the object). Let the positional uncertainty in the x- and y-
coordinate and the rotation angle θ of the reference point be independent so that the 
joint pdf in Eqn. (3) is the product of the three marginal pdfs. Furthermore, let all three 
marginal pdfs be uniformly distributed with limits as specified in table 2.6.  
 

 

Figure 2.1 Graphical illustration of positional uncertainty in a rigid object. Left: position of a 
building as stored in the deterministic database, with centroid marked as a cross. 
Right: Eight realisations of the rigid building that reflect its positional uncertainty. 
The original position of the building is plotted with a broken line. 
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Table 2.5 Coordinates of the 8 primitive points and centroid of the building. 

Point nr X Y 

1 2 0 

2 4 0 

3 4 1 

4 6 1 

5 6 3 

6 0 3 

7 0 1 

8 2 1 

centroid 3 1.786 

 

Table 2.6 Parameters of the pdf of the uncertainty in the reference point. 

 Lower limit Upper limit Mean 

X -1.0 1.0 0.0 

Y 0.3 0.7 0.5 

θ 0 20 10 

 

Figure 2.1 shows how the simulations are systematically translated upwards and undergo a 
rotation counter-clockwise, both of which are caused by the non-zero means in 
table 2. The random translation in the x-direction is greater than that in the y-
direction, which is also clear from the parameter values in table 2.6. 

Example 2: Simulating deformable objects 

Figure 2.2 shows the boundary of an imaginary lake. The lake has 17 primitive points. 
Coordinates are given in table 2.7. The uncertainties in the x- and y-coordinates of these 
points are assumed joint normally distributed with zero mean and standard deviation 
equal to 3 m. The correlation between the uncertainty in the x- and y-coordinate of each 
point is assumed to be 0.2. The correlation between the x-coordinates of connected 
(‘neighbouring’) points is assumed to be 0.4, and between points that share a neighbour 
it is assumed to be 0.2. The uncertainties of points that are not neighbours, or do not 
share a neighbour, are assumed uncorrelated. 

 

The simulated lakes (figure 2.2) show considerable deformation of the lake boundary, 
while the translation is, on average, zero. In this example, there was a risk of simulating 
topologically invalid lakes (crossing lines), for which a rejection rule would be 
required. However, this did not occur in the eight simulations shown in figure 2. The 
risk of simulating topologically incorrect lakes increases with the freedom of movement 
in the component points (i.e. increased standard deviation and reduced correlation). 
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Figure 2.2 Graphical illustration of positional uncertainty in deformable objects. Left: position 
of a lake as stored in the deterministic database, with component points connected 
by straight lines. Right: eight realisations of the ‘true’ position of the lake given the 
correlated uncertainties in the position of its component points. The original 
position of the lake is drawn with a broken line. 

 

Table 2.7 Coordinates of the 17 primitive points of the lake. 
point nr 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 
x 13 26 40 58 70 78 86 93 94 87 78 67 61 50 40 27 13 
y 21 20 23 31 34 23 11 25 40 49 52 69 87 90 65 47 34 

 

Attribute uncertainty 
Example 3: Simulating numerical attributes measured on a continuous scale 

Figure 2.4 presents a digital elevation model. The elevation ranges from 40 to 100 
meters. To model the uncertainty in elevation, we assume that the marginal pdf of 
elevation at each grid cell is normally distributed with zero mean and a non-stationary 
standard deviation: 

 Standard deviation = 1.2 + 0.05* estimated elevation (9) 

In addition, we assume that the correlation (ρ) between uncertain elevations and pairs of 
locations depends only on the Euclidean distance (h) between the locations. We use an 
exponential correlation function: 

 ρ(h) = α*exp(−β*h) (10) 

Figure 2.5 shows four simulated terrain maps for three levels of correlation between points. The 
impacts of correlation are clearly visible in the simulated maps from the degree of 
‘noise’. 
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Figure 2.4  Imaginary Digital Elevation Model. 

 

 
 

 
 

 

Figure 2.5 Three groups of four realisations of the uncertain DEM with varying spatial 
correlations. Top: strong spatial autocorrelation (α=1, β=2*area width); Middle: 
medium spatial autocorrelation (α=0.7, β=area width); Bottom: weak spatial 
autocorrelation (α=0.3, β=0.2*area width);  
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Example 4: Simulating attributes measured on a discrete numerical scale 

Figure 2.6  shows a map of districts in a city. In this example we consider the yearly 
water use per district. The registered amount of water use is indicated in the figure. The 
real number of water use is likely to be greater than the registered number due to illegal 
taps and leakage , but the actual number is uncertain. Thus, we model the uncertainty in 
the number of additional water use per district as a Poisson distribution with intensity 
(ν) proportional to the amount registered use: ν=0.2*registered water use. This implies 
that, on average, the water use per district is 20 per cent greater than the registered 
water use i.e. simulated = registered use + uncertain additional use. Four realisations of 
the possible water use per each district are shown in figure 2.7. Differences between 
these four maps are not substantial, but are noticeable. 
 

 

Figure 2.6 Amount of annual registered water use per city district. 

 

 
 

 
 

Figure 2.7 Four realisations of the ‘true’ water use per district obtained by adding to the 
registered use an uncertain amount that follows a Poisson distribution with 
intensity proportional to the registered use. 
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2.3.3 Estimating the probability distribution of an uncertain variable 
Two sources of information are typically available for estimating an uncertain 
environmental variable, namely: 1) expert judgement; and 2) sample data. In practice, 
expert judgement is always required to estimate an uncertain variable, but sample data 
may not be available. It is difficult to generalise about how expert judgement can be 
used to estimate uncertainty. Here, we focus on the use of sample data (where expert 
judgement comes in) because the methods for estimating uncertainty with sample data 
can be described in a more general way. However, methods for estimating uncertainty 
with sample data are not uniformly well established. Indeed, for many variables, 
including discrete numerical and categorical variables, they are only weakly 
established. The aim of this chapter is not to introduce new research on estimating 
uncertainty for these cases. Thus, we further restrict the discussion to a particular, well-
known, case of estimating a joint-normal process; that is, a continuous numerical 
(random) variable whose probability distribution function is joint normally distributed. 
Towards the end of the chapter, we discuss one established method for estimating the 
uncertainty of discrete numerical and categorical variables with sample data (non-
parametric geostatistics). However, other (better) techniques are emerging in this field, 
including Markov approaches, which are not considered here. 

 

Parametric geostatistics under the joint normal model 

Here, we are interested in estimating the values of an uncertain random variable at un-
sampled locations (and/or time instant) using sample data from other locations or time-
points. We further assume (by expert judgement and often also by transformation of the 
sample data) that the underlying process is joint normally distributed. In practice, this 
can only be checked if the variable has two locations (i.e. it cannot be checked in most 
cases). We are interested not only in determining the values of the uncertain variable at 
each un-sampled location but in the joint determination of values at all locations. When 
the uncertain variable is correlated in space or time, the joint distribution will contain 
the marginal distributions at each uncertain location and the correlations between them. 
An important aspect of parametric geostatistics is to capture this joint distribution with a 
simple function (see below). After establishing estimates of the uncertain variable, we 
typically want to use it as input to a dynamical model, for doing hydrological 
calculations. This process of estimation is illustrated for a two-dimensional situation in 
Fig. 2.8. With geostatistical techniques, the value at the closed circle (zp) can be 
estimated using the available observations (+) via a technique known as Kriging. 
Kriging relies on a spatial-weighting function (a semivariogram, or correlation function) 
that is derived from a combination of expert judgement (choice of model structure) and 
statistical criteria (goodness of fit). This technique can easily be extended to estimation 
over an entire grid (Fig. 2.8b), or to include data that is defined for units of different 
size (so called support) (Fig. 2.8c). 
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Figure 2.8 (a)  Estimating the unknown zp from data (z1 , z2 and z3) (b) estimation on a regular 
grid instead of only one point zp (c) Estimation at point zp with data of various 
support (zA along with z1 , z2 and z3) 

 

For example, assume that we have estimated an uncertainty model for permeability in 
an aquifer on the basis of an experiment in the aquifer. Now, we would like to 
determine flow response for a given well configuration, using a 3D permeability model. 
Such a model needs a regular grid of permeability values as input. A simple way to 
obtain such a grid is to apply the geostatistical technique of (conditional) stochastic 
simulation to the available permeability observations and the uncertainty model. It 
estimates the permeability value at each grid location, while honouring a model of the 
correlations between points (the variogram model) and the observed values themselves. 
Instead of generating a single map, a set of alternative maps (termed realisations) are 
generated to quantify the uncertainty about the joint outcomes of the unknown grid 
node values. In an era of ever increasing CPU-power, Monte Carlo simulation has 
become an increasingly popular geostatistical technique for determining these multiple 
representations of the unknown truth (see Fig. 2.9). 

In this section we will further explain the basic geostatistical methods (and their 
underlying assumptions) in order to generate realisations of an uncertain variable from 
limited sample data.  

2.2.5 The stationarity assumption 
An uncertain environmental variable can be represented as a random variable Z, 
quantified by a function Fz containing its possible outcomes z and their cumulative 
probabilities: 

 

)()Pr( zFzZ Z=≤  

 

One of statistics most useful and widely used concepts is that of stationarity. Put 
simply, in order to estimate a random variable, one needs multiple observations of that 
variable. For example, in order to estimate the expected value of a population or, to 
determine the probability of a certain event occurring, or to draw a regression line 
between two variables, one needs multiple observations of the same random variables. 
This requires that all outcomes are legitimate alternative representations of the same 
random variable, which implies that that each outcome originates from the same 
population. The stationarity assumption is particularly relevant to the study of 
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phenomena that vary in space and time. For example, should one pool all porosity 
measured at all wells of the reservoir into a single histogram, or should one pool 
information per layer, or maybe per well? In a spatial context only one single outcome z 
exists at each spatial location u=(x,y,z). The unknown outcome at un-sampled locations 
u is modelled by a random variable Z(u), determined by a distribution function FZ(z;u). 
How can one then estimate the expected value at Z(u) or the probability that it exceeds 
a certain threshold when no alternative outcomes are observed? This calculation 
requires the assumption of stationarity. For example: to estimate the mean of Z at u, one 
uses information at nearby locations. These locations are termed the zone of 
stationarity, where statistics about Z are assumed to be similar. Such a zone is not only 
dependent on the particular phenomenon under study, but also on the amount of data. 
Indeed, if one has only a few, say 10 samples, all samples will be pooled together to 
calculate the mean, otherwise the estimate would be unreliable. It should be stressed 
that stationarity is not a property of a physical phenomenon, but a means of representing 
a random variable. It is introduced as a model assumption to make the estimation of an 
uncertain variable more straightforward. Such decisions require sound judgement and 
cannot be statistically tested or objectively rejected/accepted in most cases. 

 

Figure 2.9 (a, left) 30 sample data taken from a “true” field of Figure 2.10a, (b,right) sample 
variogram of the 30 data points (circles, and for the individual point pairs the dots), 
and the theoretical variogram of the true field (more continuous line). 

 

2.2.6 Estimating the joint distribution with a simple correlation model  
Observations in space and time are usually correlated, i.e. a value at location u is 
usually related to a value at location u+h, as long as distance vector h is not too large. 
In geostatistics, one attempts at quantifying that dependency. Indeed, the simplest way 
is to consider correlation as a function of only the distance, h, between pairs of 
locations, so that correlation does not depend on the particular set of locations in 
question. The correlogram is such a measure of spatial continuity and represents the 
correlation between Z(u) and Z(u+h) 
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To infer this probabilistic measure of association from the data, one requires multiple 
outcomes of the pair ))(),(( huu +ZZ ; hence one requires a decision of stationarity to 
model the experimental or sample correlogram; in other words, the values sampled at 
different locations must ‘substitute’ as multiple values sampled at any one location 
Indeed, to calculate the experimental correlation function, the dataset is searched for 
various pairs of sample locations that are approximately a lag distance h apart. While 
the correlations between points do not depend on the particular locations considered, it 
should be noted that h is a vector, and hence pairs of data within a certain distance and 
along a certain direction should be distinguished. In a layered system (e.g. a soil), one 
would expect a higher degree of association between observations in any horizontal 
direction compared to the vertical and this may be incorporated in the variogram model 
(as ‘geometric anisotropy’). The assumption or decision of stationarity allows pooling 
of all sample data that are h distance apart into one scatterplot from which the 
correlation coefficient is an estimate of the location independent correlation function. In 
geostatistics, the correlations are usually described with a ‘variogram’ rather than a 
‘correlogram’, whereby the degree of association is measured by dissimilarity 
(variance) rather then similarity (correlation). In order to perform statistical modelling 
(kriging) with the correlation function, the correlations must be known continuously for 
all h and, therefore, modelled from the sample data. Some common functions used to 
derive a correlogram or variogram model include the exponential, Gaussian and circular 
functions. 

2.2.7 Spatial interpolation with Kriging 
Once a theoretical variogram has been fitted to the sample data, it can be used to make 
predictions about the uncertain variable at un-sampled locations. If samples were not 
correlated in space, the best linear estimate of Z(u) would be the global mean m=E[Z]. 
Kriging, basically a form of generalized linear regression, uses the variogram as a 
model of spatial continuity and estimates the values of the variable at un-sampled 
locations on that basis. The simplest method for kriging is ‘simple kriging’ and involves 
estimating the un-sampled location as a linear combination of the neighbouring data 
values: 
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)(λα u  are the kriging weights derived from the variogram model. Kriging provides a 
single estimate of the true unknown value Z(u) at location u, hence the error of the 
estimate can be determined in terms of the mean and variance. Kriging is a central part 
of stochastic simulation, as it is used to estimate the (Gaussian) pdfs at each location, as 
well as the correlations between locations. Once these pdfs are known, they can be 
sampled randomly (Monte Carlo) in order to generate alternative realisations of the 
uncertain variable. 
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Figure 2.10 (a) True field and histogram, (b) kriging estimates based on the 30 data of Fig. 2.9 
(smoother than true field); notice that the variance of the kriging estimate is less 
than the actual variance, (c,d) two sequential Gaussian simulations constrained to 
the 30 data; note that the histograms of the Gaussian simulations are similar to the 
true field. All fields have the same color scale as in Figure 2.9 (black = 0 , white = 
7). 

 

2.2.8 Stochastic simulation 
The kriging-map in Fig. 2.10b is unique and smooth. A simple visual comparison 
between the true unknown field and the kriging map shows a smooth pattern in the 
kriging image and an un-smooth pattern in the true image (Fig. 2.10a). This is because 
the kriged map is the mean of all possible outcomes of the uncertain variable. However, 
a Monte Carlo based uncertainty propagation analysis requires the reproduction of N 
possible outcomes (N samples from the joint pdf). The technique for this is Stochastic 
simulation. Stochastic simulation generates multiple outcomes, termed realisations, of 
an uncertain variable. 

There are two widely used approaches for generating realisations of spatial or temporal 
data whose mean and covariance matrix (joint normal pdf) is known. The first approach 
involves factorising the covariance matrix. For a random variable containing 100 
locations, the covariance matrix would then contain 0.5 * 100 * 100 = 500 covariances 
and 100 variances along the diagonal. If the factorised covariance matrix is available, 
one realisation is obtained by multiplying this matrix by a vector of random samples 
from the standard normal distribution and adding the mean. This is an elegant and 
accurate way to obtain a random sample from the joint pdf, but suffers from the problem 
of dimensionality, as the size of the covariance matrix is proportional to the square of 
the number of simulation locations; it is, therefore, impractical for large spatial datasets 
(e.g. > 5000 points). Thus, for larger datasets, the random sample is usually obtained 
iteratively, and in an approximate fashion, through sequential simulation. Under the 
joint-normal model, sequential simulation proceeds as follows: 

 

1. Transform the sample data to standard normal scores (if necessary) 

2. Assign the data (n) to the grid 

3. Define a random path visiting all nodes u 

Repeat N times (N realisations): 

4. Loop over all nodes ui 

a. Construct a conditional Gaussian distribution 
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b. Draw a simulated value z(ui) from the conditional distribution 
 ))1(|,( −+ inzG iu

c. Add simulated value to data-set )1( −+ in  

5. Back-transform the simulated values back to the original data  
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Step 3 may also be included in the main simulation loop, such that a new random path is 
defined for each realisation. While preferable, this significantly increases the 
computation time, and experience suggests that the correlations introduced by a single 
random path are usually small. A more significant problem is back-transforming the 
simulated values to the original observations where the simulated values do not 
correspond to an observation, especially when they are out of range (i.e. smaller or 
larger than the smallest or largest observation), as a model assumption is then required. 
Also, transforming data arguably places too much emphasis on the data adequately 
describing the underlying process. Under a change of support (points to blocks), the 
values should be simulated on points and back-transformed on points before 
aggregation to blocks. 

2.2.9 Accounting for secondary information 
In many practical cases, various sources of indirect information (soft or secondary data) 
are available to simulate the primary variable. The traditional, non-geostatistical 
approach to using multiple attributes for prediction, is to determine a, possibly non-
linear, regression relation between the primary variable , and any set of secondary 
attributes, , i = 2, …., N

1Z

iZ v
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A neural net function ϕ can be calibrated for example to model porosity from any set of 
co-located seismic or well-log attributes. Then, the trained neural net can predict  
anywhere in the reservoir where  data is available at u. Geostatistics 
allows various approaches for integrating a secondary variable, but the drawback of 
many of these approaches is that they allow only a single-point relation between  
and the various , i >1. A single point relation is a relation that describes the 
relation between  as a sum or product of single functions of .  
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Two traditional approaches are presented here: adding a trend or full co-kriging. 

A simple but often effective way to introduce secondary data in either kriging or 
simulation is to use secondary information as a trend. In kriging with locally varying 
mean, the primary variable is decomposed into a mean and trend component 
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Since secondary data is often smooth in nature, the mean-component can be used to 
model the trend 
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where the function  needs to be calibrated from data. This requires that 
secondary data is available everywhere  needs to be determined.  

))((φ 2 uz
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In kriging with a locally varying mean, the spatial variability of the soft data itself is 
largely neglected. Often, secondary data has its own spatial patterns, as well as 
correlations with the primary variable. Thus, one would like to use the full spatial 
correlation of the secondary data expressed in the correlogram  and the spatial 
correlation between secondary and primary expressed through the cross-covariance 
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This covariance is used to determine the weights and  in the full co-kriging 

estimate  of  
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Due to the smoothness, hence spatial redundancy, of secondary data only the co-located 
secondary data is retained to estimate the primary variable at u, leading to a kriging 
termed co-located co-kriging. This simplifies considerably the covariance modelling 
and is therefore the most used form of co-kriging. 

2.2.10 Accounting for scale of data sources 
Data from various sources are often defined at different scales, or output from a 
simulated variable is required from a different scale on which the observations are 
available (e.g. a block average). In geology for example, well-log data provides a local, 
fine-scale (tens of cm), vertical insight into reservoir heterogeneity. Seismic data 
provide indirect information on rock properties on a much larger scale and tend to 
smooth out heterogeneity, particularly any vertical variations. Seismic resolution in the 
vertical is usually equal to a quarter wavelength, which for current seismic surveying 
method entails a vertical resolution of 15-20 m for reservoirs at depth of 2 km. Well-test 
and production data provides information on an even larger scale of the reservoir.  

Geostatistics allows integration of data existing at various scales, i.e. with various 
volume supports. Often, one aims at constructing a realisation at the very fine scale 
taking into account coarse scale data, then upscale the fine model into models for flow 
simulation. Fig. 2.1c draws a hypothetical case where one wants to estimate or simulate 
the unknown fine scale value at u’ given other fine scale samples z(uα) and a single 
coarse scale datum zV. We assume that the block value (the coarse scale information) is 
a linear average of all the fine scale values within that block 
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Block kriging or block sequential simulation allows us to estimate or simulate, 
respectively, the unknown fine scale or point value, given the linear average zV 
information and the point data. While block kriging is complicated by the need to 
estimate a point-to-block covariance in the block-kriging equations (that is, a measure 
of association between the point and the block value), this is avoided in block 
simulation by estimating on N points within a block and then aggregating (e.g. with a 
mean) up to the block support. 

2.2.11 Beyond multivariate normality: non-parametric indicator geostatistics 
Although the sequential Gaussian simulation technique is mathematically sound and 
often used in practical applications, it has some severe shortcoming attributed to the 
multi-Gaussian model. In practice, a non-parametric assumption is usually required for 
discrete numerical and categorical data. So-called indicator geostatistics is one 
(certainly not ideal) approach to estimating the joint distribution of a discrete numerical 
or categorical variable. It can also be used for continuous numerical data, although an 
assumption of joint normality is often made instead (together with transformation of the 
sample data). Indicator geostatistics requires a measure of spatial association within 
various thresholds zk, k = 1, …, K of a random indicator variable I, such as land-use 
classes, or elevation values below or above a threshold elevation: 
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Each of the K indicator variables allows us then to focus on various ranges of the 
variable (or various classes). Taking zk equal to the median allows quantifying the 
connectivity of average z-values, while taking zk equal to some extreme quantile allows 
quantifying connectivity of extremes. A spatial measure of connectivity between any 
two points in space separated by a lag-distance h is now the indicator variogram, 

 

)),(),((Var),(γ I kkk zIzIz huuh +−=  

 

which can be modelled from the sample data by transforming each sample into a vector 
of size K of indicator data (zeros and ones). 

Once the K indicator variograms are determined, one can perform indicator kriging and 
simulation. However the goal of indicator kriging or indicator simulation is not to 
estimate or simulate zeros and ones (indicators) but to determine local probability 
models that do not rely on any Gaussian assumption. Indeed, kriging of an indicator 
variable is nothing more than determining the local uncertainty about the original Z-
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 the kriged value is also a probability. The 
dicator kriging estimate is written as: 

 

he indicator kriging weights 
re determined by solving the indicator kriging equations: 
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=
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n rtainty is quantified 

ial Gaussian simulation, indicator 
kriging extends into sequential indicator simulation. 

variable. For example, to determine the probability of porosity at un-sampled location u 
to be above zk, given the local well data, one only needs to krige (estimate) the indicator 
variable using indicator kriging, then
in
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p is the estimated proportion of data above the cut-off zk. T
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By estimating ))(|)(Pr( nzZ k≤u  for various thresholds kz , indicator kriging provides 
the uncertainty about the property at an un-sampled location u given any sample data 
(n). Note that no distributional assumption is made, and the u ce
through a series of cumulative probabilities at given thresholds kz . 

In the same way simple kriging extends to sequent

2.2.12 Better accounting for physical realism 
In the last decade, geostatistics as well as time series analysis have evolved from 
estimation (kriging) to stochastic simulation (mostly driven by applications in 
econometrics, petroleum engineering and soil science). In its early day, geostatistics 
was mostly applied to mining problems, where obtaining estimates for blocks to be 
mined was essential. In characterisation for hydrological applications, one is often less 
interested in estimating conductivity than understanding flow processes. Thus, a correct 
quantification of connectivity or the spatial pattern of conductivity is more important 
than obtaining a locally accurate, but smooth estimate. Unfortunately, the tradition of 
geostatistics borrowed from the mining days relies on quantifying spatial patterns using 
the variogram. Variograms are very limited measures of spatial patterns, since they 
measure the relation between two points in space only. Strong connectivities, or curvi-
linear features, require quantification of patterns, which consist of multiple spatial 
locations. It has long been a tradition in image analysis to quantify patterns in images by 
multiple-point templates or windows. The recognition that variograms are essentially 
too limited quantification of natural continuity has lead to a new orientation that 
recognises and quantify inherent patterns from the data, then reproduce that pattern set 
in a set of realisation conditional (constrained) to the actual hard and soft data. Hence, 
in traditional geostatistics, pattern recognition is quantified in the variogram model, 
while pattern reproduction is obtained through sequential conditional simulation. 
Multiple-point geostatistics extends this paradigm by using a training image as a mean 
for quantifying spatial patterns. The training image provides the opportunity to 
conceptually draw any patterns deemed important for the field under study. The idea of 
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ield of multiple-point 
geostatistics aims at recognition and (conditional) reproduction. 

2.2.13 about stochastic realisations as a product of uncertainty 

iew is given of typical uncertainties 

The aim of stochastic 
sim

1. 
from 

model to determine the 
uncertainty associated with a particular, dependent, process. 

2.4 chastic realizations in 
practice: the Data Uncertainty Engine (DUE) 

ainty methods to design their own study with 
ore generic tools (such as R or Matlab). 

he functionality currently supported by DUE includes: 

− uding a Graphical 

− 

multiple-point geostatistics is then to capture essential patterns from this training image 
and reproduce them conditional to data in a set of realisations. While the field of image 
analysis deals only with the recognition of patterns, the f

Conclusions 
information 

The information we have about a spatially varying phenomenon is always incomplete. 
Most often, only few samples of the variable under study are available (next to an 
abundance of indirect information gathered with e.g. remote sensing devices). This 
implies that one cannot determine with full confidence the exact unknown true outcome 
of that variable at every location or time instant. Therefore, we need to characterize 
uncertainty in some way. In this report an overv
associated with hydrologically relevant variables. 

A possible way to estimate (quantify) uncertainty is through geostatistics, which also 
provides methods for simulating from an uncertain variable. 

ulations is to enforce various properties on these realizations 

The realisations should have a similar pattern of variability as the unknown 
truth. These patterns can be quantified through a variogram model fitted 
the data or through a training image modelled from a concept or analogue. 

2. The realisation should be constrained to any local hard sample data or soft data. 

Once these realizations are generated, they can be used in an uncertainty propagation 
analysis (Monte Carlo) with any type of hydrological 

  Storing data uncertainty and generating sto

The Data Uncertainty Engine (DUE) is a software tool for assessing uncertainties in 
environmental data and for generating realisations of data for use in Monte Carlo 
studies. The software is also linked to a ‘DUE-enabled’ database for storing and 
retrieving the uncertain data used in modelling studies. DUE is intended for researchers 
and practitioners who recognise the problems of uncertainty in data and models but do 
not have the time or background in uncert
m
 
T

 
A conceptual framework for guiding an uncertainty analysis, incl
User Interface for defining and visualising an uncertainty model;  
The specification of a probability model for different types of attribute, including 
continuous numerical attributes (e.g. rainfall), discrete numerical attributes (e.g. bird 
counts) and categorical attributes (e.g. land-cover). The attributes may be constant 
in space and time, for which a marginal pdf is defined, or may vary in space or time, 
for which a joint pdf is defined. The types of object supported by DUE include 
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rasters, spatial vectors, time-series of rasters and vectors and simple time-

− 
 option to define a non-parametric 

− 

he (possibly uncertain) sample data, as well as the marginal 

− 

or statistical realism (e.g. the correlation matrix/function must 

−  to larger spatial or temporal scales, 

− 

a, 2004), which is portable and, therefore, suitable for parallelisation of 

− port to file (with a limited range of formats), as well as a ‘DUE-

− 
rating systems that support a Java Virtual Machine (Windows, 

− code), which is extensively 

− The software is free to use, modify and distribute within the GIScience community.  

 

erforming an uncertainty analysis with DUE 

n uncertainty analysis with DUE is separated into five stages: 

ty (“Model”) 

spatial 
series; 
Parametric pdfs for continuous (normal, lognormal, weibull etc.) and discrete 
numerical data (poisson, binomial etc.), with the
pdf for discrete numerical and categorical data;  
The use of expert judgement and/or sample data to help define a probability model. 
Limited functionality is included for estimating a pdf with sample data, including 
estimating the pdf parameters and fitting a correlation model (for which guidance is 
provided). In addition, samples are used to improve the accuracy of the simulated 
datasets by honouring t
pdfs and correlations.  
The specification of correlations within a single attribute in space or time (if the 
attribute values follow a joint-normal distribution). Correlations can be defined with 
a correlation matrix (non-stationary case) or a correlogram model (correlation 
depends on the distance between locations and possibly direction, while the 
magnitude of uncertainty (i.e. variance) can vary in space or time). Correlations are 
checked within DUE f
be positive definite).  
Aggregation of (uncertain) attribute values
including aggregation from points to blocks. 
Efficient simulation from pdfs for continuous numerical, discrete numerical and 
categorical attributes that vary in space or time. An exact, and fast, simulation 
routine is used for joint normal data if the correlation matrix is sufficiently small. 
Otherwise, simulation is conducted iteratively using the sequential simulation 
algorithm (Goovaerts, 1997). Sequential simulation relies on the gstat executable 
(Pebesm
DUE.  
Import from and ex
enabled’ database. 
Use of a modern, object-oriented, programming language (Java) that may be 
executed on all ope
Unix, Linux etc.).  
A resource for developers (~150,000 lines of 
documented in an HTML format (hyperlinked etc.).  

P
 
A

 

1. Loading (and saving) data (“Input”) 

2. Identifying the causes or ‘sources’ of uncertainty (“Sources”) 

3. Defining an uncertainty model for the combined sources of uncertain

4. Reflecting on the quality or ‘goodness’ of the model (“Goodness”)  
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. Simulating from an uncertainty model for Monte Carlo studies (“Output”) 

r specific data types, or even specific 
atasets (e.g. the USGS digital elevation model). 

 

5
 

These stages are presented as ‘tabbed panes’ in DUE (figure 2.11). An uncertainty 
analysis may involve linearly navigating through these panes or entering at an arbitrary 
point, depending on the aims of a session, which may include assessing uncertainty, or 
modifying or simulating from an existing uncertainty model. Stages 2 and 4 (describing 
the sources of uncertainty and assessing goodness) are not compulsory, but are useful 
for structuring an uncertainty analysis and for quality control. For example, Stage 2 
requires a user to consider which sources of uncertainty can be included in an 
uncertainty model (e.g. a pdf) and the relative importance of all sources, including those 
that cannot be modelled reliably. A searchable library of uncertainty sources is provided 
for this purpose, and may be extended in future fo
d

 

Figure 2.11 ut’ dialog of DUE, containing several objects (left) and their attributes 
(right).  

nd cross-correlations (multiple attributes or objects selected) are not yet 

 The ‘Inp

 

As indicated above, data may be loaded into DUE from file or from a database, and are stored 
within DUE as objects, whose positions may be uncertain, and attributes, whose values may be 
uncertain. Once imported, an uncertainty model may be defined for the objects and attributes 
selected in the opening dialog (figure 2.11). However, positional uncertainty (one or more 
objects selected) a
available in DUE.  
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d attribute (autocorrelation). If the uncertainties are assumed correlated in 

ibute in this example). After selecting a shape for the pdf, the parameters 

ta, can be output alongside the 
dividual realisations. Figure 2.14 shows an example of generating conditional 

 an uncertain spatial variable with DUE. 
 

In the first window of the “Model” pane, an uncertainty model structure is chosen for 
the selected objects and attributes. Currently, only probability models are supported. In 
future, confidence intervals and scenarios (possible outcomes without probabilities) will 
also be supported, as they are more appropriate when information on uncertainty is 
limited. If sample data are available, they are selected here. In the absence of sample 
data (conditioning information), an uncertainty model must be defined through expert 
judgement alone. Also, an assumption is required about the patterns of uncertainty in 
the selecte
space or time, then a model must be defined for those correlations in subsequent 
window.  

Figure 2.12 shows the second window of the ‘Model’ pane, assuming the ‘probability’ 
option was selected, where the marginal probabilities are defined (a continuous 
numerical attr
(or non-parametric outcomes and probabilities) can be input manually or estimated from 
sample data. 

Once complete, an uncertainty model can be used to generate realisations of the 
uncertain objects and attributes. In order to simulate from an uncertainty model, the 
output scale (resolution etc.), the number of realisations and the type of output (file or 
database) must be specified. Further options appear when using the sequential 
simulation algorithm, allowing the speed of the simulation to be increased, but only at 
the expense of reduced local accuracy. Summary statistics, including the mean, standard 
deviation and various percentiles of the simulated da
in
realisations of
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igure 2.12 Defining the marginal pdfs at each point in a rainfall time-series. 
 
F

 

Figure 2.13
rmation with DUE. In this case 50 realizations of a 

spatial field are generated. 
 

2.5 How to read a chapter in this report 

 methodology described in Section 2.2, Chapters 3 to 11 are structured as 

variable, as well as the unit of measurement. A summary table looks as Table 2.5 below. 

Table 2.8 Example of a summary table 
Variable  

 Making conditional stochastic realisations, on the basis of hydrological data series 
and stored uncertainty info

Using the
follows.  

Each chapter starts with an introduction, which describes the relevant variables of that 
chapter and contains a summary table that clarifies naming and abbreviation of a 

Name Abbrev. Unit 

TDR soil moisture Stdr M3/m3

Satellite soil moisture t 3

iver discharge Q M3/s 

Ssa M3/m

Rainfall  R Mm 

R
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t

a) 

b) ntered in the literature: a) probability 

c) 

ace and time), typical sample sizes used to cover 

d) 

 processing) and statistical techniques used to collect, transform and 
 it will be valid) of the 

 uncertainty class 

 the uncertainty are discussed in a 

m
ual prob ) conversio  transfer. 

.9 mple table, giving inform  ab ppo tent, e – related to 
udies h tha la ( able eaning of variables) 

Variable Support tent Sample size  

Wi hin each chapter, variables are grouped by uncertainty class or in a way that is 
common for the discipline in which these are used. For each (group of) variables the 
following information is given. 

The uncertainty-category to which a variable belongs (using the codes of Table 2.1). 

The types empirical uncertainty encou
distribution or upper and lower bounds (numerical data), b) qualitative indication of 
uncertainty, c) some examples of different values a variable may take (‘scenarios’). 
If relevant, using the codes in Table 2.2.  

Times and locations for which the uncertainty information is supposed to be valid 
and, and a list of typical ‘data support’ (i.e. integration volume in space and time), 
extent of a typical study domain (sp
a study domain (also in space and time). If possible some references to the literature 
are given for illustration. If needed, the codes of Table 2.3 are used. An example of 
such a table is given in Table 2.6.  

If the information is available, information is given about the quality of instruments, 
sampling techniques (density, location etc.), methods of determination (e.g. 
laboratory
express the variable of interest. Also the longevity (how long
uncertainty information is specified where possible. This information is site-
specific. 

e) Finally the ‘Quality of concepts’ is discussed if it is relevant. 

For variables that vary in space and/or time (corresponding to the
attached to the variables), a separate section discusses heterogeneity in space and/or 
time. Typical autocorrelation information or autocorrelation-functions are discussed 
here (i.e. functions that have been established/used in other studies).  

In addition, factors that may strongly influence
separate section. It has been attempted to rank these factors in order of importance and 
attach the  to one of the categories of a) instrument error, b) sampling error c) 
concept lems, d n/data

Table 2   Exa ation out su rt, ex sample siz
the st  wit t particu r layout see T 1 for m

Ex

Abbrev. e 

Stdr 0.01 1 s 

  

10 days 20 H 

 

100%  Jansen (2002) 

space time Space time Space tim References 

m3 104 m H 

0.1 m V 2 V

Ssat H*  

0.5 m V 

 

 0.01 m2 60 s 10 km2 5 days 4 100% Klaassen (1902) 

Q 100 km3 1 s 100 km2 3 years 100% 100% Keesma (1953) 

* H= in horizontal, V=in vertical 

1 108 m2 

0.02 m V 

10 s 104 km2 H 3 weeks 100% 3  Pietersen (1998)

R
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3. CLIMATOLOGICAL DATA 

Emanuele Barca, Giuseppe Passarella and Michele Vurro  

3.1  Introduction 

Climatology is the branch of meteorology dealing with climate formation, the 
distribution of climates over the globe, the analysis of the causes of differences in 
climate (physical climatology), and the application of climatic data to the solution of 
specific design or operational problems (applied climatology). In a similar way, 
meteorology is concerned with the atmosphere and its phenomena, including its 
structure, properties, and physical processes (American Meteorological Society, 1959). 

The main difference between the two disciplines is that meteorology describes the day-
to-day state of the atmosphere, and its short-term variation (from minutes to weeks), 
whereas climatology is a collection of statistical meteorological information that 
describes the variation of weather at a given place and for a specified time interval, in 
general 30 years (American Meteorological Society, 1959), plus statistics of weather 
extremes. 

The basic atmospheric phenomena, which climatology and meteorology are interested 
in, are listed in Table 3.1. They play a primary role in several critical natural processes, 
particularly in all the processes concerning water resource assessment and hydrological 
modelling. The selected variables are those that best quantify the intensity of climatic 
phenomena in relation to water resource assessment. 

The required frequency and density of meteorological observations are strongly 
dependent on the scale of analysis to be performed. For this reason meteorological 
organisations sometimes distinguish between analyses at meso-scale and macro-scale. 
These terms are also used in this chapter. Meso-scale refers to studies with a time 
resolution of minutes to a day and areas from a hundred to several thousands of square 
kilometers. Macro-scale refers to analysis with a time resolution of days or coarser and 
regions larger than 10 thousand square kilometers. 

In this chapter, each section starts with a description of the uncertainty code and the 
type of empirical uncertainty associated with the variable in question. Then, it lists the 
users most likely to be interested in the specific variable, followed by suggestions with 
regard to time/space measurement scale and to instrument precision and accuracy. 
Finally, every section ends with a sketch of the state of the art of variable uncertainty 
characterisation, followed by several literature references. A useful reference presenting 
all the variables and related statistical tools is Maidment (1993). 
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Table 3.1 Summary table. Meteorological Properties.  
Name  Abbreviation SI Units 

Daily total precipitation  Ptpd Mm 

Hourly total precipitation  Ptph Mm 

Daily minimum temperature  Tdmn °C 

Daily maximum temperature  Tdmx °C 

Daily mean temperature  Tdme °C 

Hourly mean temperature  Thme °C 

Daily minimum solar radiation  Rdmn W/m2

Daily maximum solar radiation  Rdmx W/m2

Daily mean solar radiation  Rdme W/m2

Hourly mean relative humidity  Hhme % 

Hourly minimum wind speed  Whmn Km/h 

Hourly maximum wind speed  Whmx Km/h 

Hourly mean wind speed  Whme Km/h 

Hourly mean wind direction  Whmd Degrees 

3.2 Precipitation 

3.2.1 Description 
Precipitation includes fallen forms. The observed variable is "Precipitation depth", 
which is defined as the depth of liquid water accumulated during a defined time interval 
on a horizontal surface. Precipitation must be measured to determine the annual 
accumulation required for regional and global water balance estimation. It drives the 
land surface hydrology in the same way that incoming solar radiation drives the surface 
thermal regimes, and it is therefore the key variable in the terrestrial hydrological cycle. 
It is also a critical variable for assessing (the variability of) water supply for both 
domestic and agricultural use. 

Reliable, high-resolution records of precipitation are critical as input for understanding 
and monitoring regional effects of climate variability and change, as input for 
hydrological models, and for validating global and regional climate models. There are 
different requirements for precipitation data, depending on the use to which they are 
put. For large-area applications (macro-scale), data are required with a coarser spatial 
and temporal resolution than for specific studies over smaller regions and/or where 
higher resolution is called for (meso-scale). For most of the applications (model 
validation, water cycle and budget), area averaged information on precipitation is 
required. 

Precipitation data are probably used more extensively than any of the other 
meteorological variables in relation to water resources. Scientists, engineers, and 
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resource managers use them in applications that range from crop production forecast, to 
climate change detection and impact analyses. 

3.2.2 Time support and spatial sample density 
The issue of the optimal design of a rain gauge network has been considered in 
numerous studies with results that vary according to the time scale of the variable 
measured. In many regions, an average distance between rain gauges of around 10 km 
would be necessary to explain more than 75% of the variation in daily precipitation 
between sites. Spacing of gauges for explaining at least 90% of that variation would 
need to be less than 5 km (Barcelò, 2001).  

Table 3.2 Time support and measurement spacing for precipitation typically recommended by 
meteorological organisations. 

 
Time support Spacing 

Meso-scale Hourly 1 - 10 km 

Macro-scale Daily 50 – 100 km 

 

3.2.3 Empirical uncertainty 
Accuracy and precision required: Raw data should be available and corrected for 
systematic errors (see Section 3.2.4 below). For both macro- and meso-scale studies: 0.1 
mm should be the definition of precipitation as opposed to no precipitation.  

Instrument precision: 0.2 mm or less; 

Instrument accuracy: ± 1 mm for <=20 mm; ± 5% for >20 mm; 

Measurement depth or height: 1.0 m ± 0.2 m (AASC, 1985); 30 cm minimum (WMO, 
1983). 

Exposure consideration: AASC (1985) and EPA (1987) suggest the sensor be no closer 
than four times the obstruction's height. The orifice of the gauge must be in a horizontal 
plane, open to the sky, and above the level of in-splashing and snow accumulation. 

Associated measurements: Detailed topographic database to allow spatial 
aggregation/disaggregation; 

Metadata about data reliability: altitude, instrument type, station description, 
meteorological conditions during the precipitation event: air temperature, dewpoint, 
precipitation type, current weather, snow depth and wind speed. Information on quality 
control procedures and results, and on any applied corrections. 

3.2.4 Other sources of empirical uncertainty 
The main sources of uncertainty related to instrumental inaccuracy are (WMO, 1983): 

1. Gauge type; 

2. Gauge height; 

3. Windshield; 
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4. Exposure; 

5. Inadequate gauge network; 

6. Wind speed; 

 

Gauge type 

Gauges differ considerably in design, shape, size and material. The orifice area varies 
from 7 to 1000 cm2, most gauges having an area of 100-200 cm2 (Sevruk and Michaeli, 
2002). Different gauges have different degrees of sensitiveness to weather conditions 
and other sources of error, in addition, wetting loss depends on age, material of the 
inner walls and the depth of the gauge collector relative to its diameter. Moreover, the 
shape of the gauge orifice rim can have a certain effect, while evaporation loss depends 
on gauge construction parameters. 

 

Gauge height 

The height at which gauges are installed varies from country to country, from 0.2 to 2 
m. An elevated precipitation gauge distorts the wind field above the gauge orifice and 
as a result precipitation measurements are subject to a systematic error due to wind field 
deformation and forces the wind speed to increase over the gauge orifice (blocking 
effect). Due to the adverse wind action, some of the lighter precipitation particles are 
borne away before reaching the gauge orifice and are lost for the measurements. This 
wind-induced loss depends on wind speed, on the weight of precipitation particles, i. e. 
the intensity of precipitation, and on the gauge’s construction parameters. A relatively 
low gauge installation height can help to reduce the wind speed at the level of the gauge 
orifice. Generally, wind-induced loss amounts to 2-15% for rain and up to 80% for 
snow, and even more in mountainous areas. In particular, for a wind speed of 2.0 m/s, it 
amounts up to 50 % of measured solid precipitation (Sevruk, 1996). 

 

Windshield 

It is acknowledged that changes in instrumentation may introduce a discontinuity into 
precipitation time series. Gauge measurement is affected by certain aspects of gauge 
design, in particular, whether or not the gauge is equipped with a wind shield (Yang et 
al., 1999) as numerous experimental studies clearly show that a shielded gauge can 
catch up to 50% more precipitation than its unshielded counterpart for the same 
environmental conditions. By shielding a gauge, wind-induced loss can be reduced to 
one-half of its value for unshielded gauges for snow and to 70% for mixed precipitation 
(Sevruk, 1996). 

 

Exposure 

Concerning precipitation measurement on slopes, it is evident that a gauge with an 
orifice parallel with the slope is more adequate than one with a horizontal orifice. 
Despite this, such gauges are never used. Under extreme conditions, on the steep, 
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exposed slopes, the error magnitude during snow storms amounts frequently to up to 
80–90% (Førland and Hanssen-Bauer, 2003). 

 

Inadequate gauge network 

An inadequate gauge network design may underestimate the effects on precipitation 
distribution of topographical features, such as windward and leeward slopes and 
redistribution processes of precipitation by wind over the mountainous ridges. These 
errors are caused by a faulty gauge network design, typically characterised by an 
insufficient number of gauges and non-representative gauge site locations with respect 
to the topography and geometry of basins. Such designs include the following error 
sources: (i) the systematic error of point precipitation measurement, (ii) biased 
positioning of precipitation gauge networks, (iii) redistribution of falling precipitation 
by wind and (iv) scaling problems (Førland and Hanssen-Bauer, 2003). 

 

Wind speed 

Wind-induced error is small where precipitation intensities are great, and gauges are 
installed at relatively low heights either with windshields or placed in protected sites. In 
contrast it is large where precipitation intensities are low, and gauges are installed 
relatively high without windshields or placed in exposed sites. The wind-induced loss 
amounts on average to 2 - 10 % of measured values of rain and up to 60 % of snow for 
unshielded gauges and wind speeds greater than 4 ms-1 (Sevruk, 1996) 

 
Temperature 

Temperature may cause two effects related to instrument surfaces: wetting and 
evaporation loss. The former can be defined as the water retained on the walls of the 
gauge and on the funnel after emptying, the latter as water subject to evaporation from 
the surface of the funnel and the inner walls of the precipitation gauge after a 
precipitation event before emptying (Mekis and Hogg, 1999). 

 

Correction procedures 

Correction procedures are based on field intercomparison measurements using the 
WMO reference standards (see references in Sevruk and Michaeli, 2002). Recently, 
numerical simulation has also been used to derive correction procedures.  

 

Typical magnitudes of uncertainty in precipitation measurements are listed in Table 3.3. 
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Table 3.3 Summary of the causes of systematic error in precipitation measurements (Adam, 
2002). 

Wind-Induced Undercatch 
Snow:  10 to >50% 

Rain:  2 to 10% 

Wetting Losses 2 to 10% 

Evaporation Losses 0 to 4% 

Treatment of Trace Precipitation as Zero Significant in Cold Arid Regions 

Splash-out and splash-in 1 to 2% 

Blowing and Drifting Snow Not yet adequately measured  

 

Table 3.4 Classification of uncertainty related to precipitation variables. 
Name Abbrev. Space 

Support 
Time 
Support

Uncertai
nty 
Category 

Type of 
empirical 
uncertainty 

Methodo
logical 
quality 

Longevity 

Daily total 
precip. Ptpd ~ 400 cm2 1d D1 M1 I3, S4, 

O3 L2 

Hourly 
total precip. Ptph ~ 400 cm2 1h D1 M1 I3, S4, 

O3 L2 

 

 

3.2.5  Pdfs 
The studies performed on the daily or hourly rainfall amounts recognised a pattern of 
high skewness particularly in the right tail. This is partly an inherent feature of the 
concerned variable and is partly caused by the fact that the rainfall process consists of 
two distinct processes: 

• A discrete process describing the wet/dry day variability; 

• A continuous process describing the rainfall amounts on wet days. 

Many ways can be found in scientific literature to model the complexity of the total 
daily (hourly) rainfall amount: 

1. A representation of the process by means of an unique distribution: a 
lognormal, exponential representation (Shoji and Kitaura, 2001); a gamma 
distribution (Manik and Sidle, 2003; Williams, 1997), a Weibull model 
(Kottegoda et al., 2003), a Kappa and skewed normal representation 
(Chapman, 1997; Arnold et al., 2000); a beta distribution (Kottegoda et al., 
2003); 

2. A representation of the process by means of a combination of the same 
distributions with different parameters: a sum of gamma distributions each of 
them associated to a single day of the observed period (Dunn, 2003);  a sum of 
the different exponential distributions (Kottegoda et al., 2003); 
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3. A representation of the process by means of a gaussian distribution after a data 
transformation: an anamorphosis process (Kottegoda et al., 2003), a log-
transformation of the observations (Allerup et al., 1982) or a transformation of 
raw data by a power close to the square root for reducing the upper tail of the 
empirical distribution of data (Hutchinson, 1998); 

4. A representation of the process separating the occurrence of rainy days 
(discrete) model and the total daily amounts of rainfall (continuous) model: 1st 
and 2nd order Markov Chains using a truncated binomial negative distribution 
or the truncated geometric distribution (Chapman, 1997; Arnold et al., 2000) or 
a simple binomial model (Williams, 1997) for a discrete occurrence model, for 
continuous models see 1. 

3.2.6 Time/space autocorrelation 
Spatial autocorrelation 

Studies of spatial autocorrelation of hourly precipitationin Japan (Shoji and Kitaura, 
2001) showed that variogram models are flat (pure nugget) if only a few stations 
recorded rainfall, i.e. in dry periods. In the case of increasing amount of rain, ranges 
appeared but variograms still showed a large nugget effect. Finally, for wide and heavy 
rain the variograms showed clear ranges (50-70 km) and small nuggets. The spherical 
model had a fair fit for each variogram in the latter situation. Further analysis indicated 
that the ranges of the variograms increase with increasing accumulation time, and 
became constant at 120-150 km over 3-5 hours. 

Manik and Sidle (2003) performed a spatial analysis in Indonesia. The presence of a 
low dense rain gauge network meant that the analysis was performed by evaluating the 
correlation coefficient between each pair of stations rather than by structural analysis. 
They found that daily rainfall values in gauges separated by distances below 10 km in 
the center of the catchment were better correlated (r >0.7) than gauges separated at 
distances greater than 10 km. The highest correlation coefficient (0.88) occurred for 
stations separated by 3.5 km.  

Bastin et al. (1984) produced a valuable tool for the modelling of spatial rainfall. They 
proposed an autocorrelation model accounting at the same time for both time and space 
variability. The model was called “climatological variogram” and applied originally to 
monthly rainfall. The suitability of this model for application elsewhere has been 
demonstrated by Storm et al., (1988) who applied it to a Danish catchment and by 
Laurent et al. (1998) who, in a recent study, have used it successfully to model 10-days 
rainfall in the Sahel zone in Africa. 

Temporal autocorrelation 

Toth et al. (2000) performed a number of ARMA models to obtain 1 hour rainfall 
amount forecasts. They found the best results when applying a parsimonious 
configuration with ARMA(1,0). 
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3.3 Air temperature 

3.3.1 Description 
Temperature is the most commonly-measured climate variable, the climate variable 
most directly sensitive to greenhouse gas increases, and the most easily-documented 
indicator of climate change. Along with soil moisture and solar radiation temperature 
influences plant growth and development, reproduction and establishment. Temperature 
can be considered fairly uniform in structure across large scales in comparison with 
precipitation or wind that can be highly variable even across short distances. Air 
temperature data are used by climate modelers; climatologists; vegetation ecologists and 
physiologists; ecosystem modellers; decision-makers. 

3.3.2 Time Support and spatial sample density 
For some physiological processes of growth and seedling establishment, hourly mean 
and daily maximum, minimum and mean temperatures are needed, while for ecosystem 
and landscape-level processes daily to monthly values are usually required. 

Hourly mean temperature measurements require a spatial resolution of one point 
measurement every 1 to 10 km when they are combined with a precise digital elevation 
model (DEM) that enables point temperature data to be adjusted according to elevation. 
This kind of resolution is adequate for many purposes, including hydrological models. 
Physiological model development and validation may call for highly-concentrated local 
measurements from1 km up to 10 km. 

Barcelò (2001) and Camargo and Hubbard (1999) state that a mean distance of 60 km is 
necessary to explain more than 90% of the variance for daily maximum temperature 
measurements, while a distance of around 30 km is necessary for minimum temperature. 
Several authors recommend a distance of about 50-60 km for very flat areas (Gandin, 
1970, Ashraf et al., 1997). 

3.3.3 Empirical uncertainty 
Accuracy and precision required: ±1°C. 

Measurement depth or height: 1.5 m ± 1 m (AASC, 1985); 1.25 - 2.0 m (WMO, 1983); 
2.0 m for temperature only (EPA, 1987) 2 m - 10 m for temperature difference (EPA, 
1987) 

Exposure consideration: The sensor must be housed in a ventilated radiation shield to 
protect the sensor from thermal radiation. EPA (1987) recommends that the sensor be 
no closer than four times the obstruction's height and at least 30 m from large paved 
areas. 

3.3.4 Other sources of empirical uncertainty 
Reek, Doty and Owen (1992) proposed a deterministic approach to remove the 
systematic errors associated to daily temperature values, e.g. errors in data-entry, data 
recording and data formatting. NCDC implemented the approach proposed by Reek et 
al. (1992) in a pilot software entitled Validation of Historical Daily Data (VHDD). 
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Associated measurements: Air temperature is often associated to solar radiation, soil 
temperature, precipitation, evapotranspiration, relative humidity and vertically 
structured wind speed. 

Table 3.5 Classification of uncertainty related to air temperature variables.  
Name Abbrev

. 
Space  

Support 

Time  

Support

Uncertai
nty 

Category 

Type of 
empirical 
uncertainty 

Methodo
logical 

quality 

 

Longevity 

Daily 
minimum 
temperature 

Tdmn ~10 cm3 1d D1 M1 I3, S4, 
O3 L2 

Daily 
maximum 
temperature 

Tdmx ~10 cm3 1d D1 M1 I3, S4, 
O3 L2 

 

 

3.3.5 Pdfs 
In Swat (Arnold et al., 2000) a normal distribution is used to generate daily 
temperatures from monthly values. 

3.3.6 Time/space autocorrelation 
Spatial autocorrelation: 

Courault and Monestiez (1999) investigated the features of Tdmn and Tdmx spatial 
autocorrelation. In most cases, linear or exponential variogram models with range 
parameters (or scale parameters for linear models) varying from 120 to 300 km were 
found to be most suitable. They found that the nugget effect is different for maximum 
and minimum temperatures which indicates that they behave differently on a small 
scale. They conclude (confirming the observation of Barcelò (2001)) that, in general, 
Tdmx has a larger spatial range, while Tdmn is more affected by local features of 
landscape or localised weather patterns. 

Bolstad et al. (1998) also characterised the spatial behaviour of daily extreme 
temperature. Their analysis showed that there was little difference between 
semivariogram models: the spherical one was typically used, although exponential and 
Gaussian models occasionally provided better fits. 

Temporal autocorrelation: 

Kalvova and Nemesova (1998) estimated the temporal autocorrelation coefficient for 
daily extreme temperature by means of the simplest jackknife method. Bolstad et al. 
(1998) stated that ARIMA models with up to five-day lags were well suited to describe 
maximum and minimum temperature data. 
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3.4 Solar radiation  

3.4.1 Description 
Incoming solar radiation is the fundamental driver of hydrological processes and leaf 
and soil temperature. It is highly correlated with incoming photosynthetically active 
radiation, the fundamental driver of primary production.  

Most of the incoming radiation (on an energy basis) is in the short-wave. The total 
short-wave instruments are simple, stable and widely distributed, and should be the 
station level standard. The long-wave component can usually be inferred or modelled; it 
should be measured at the center level to establish and validate these models. Similarly, 
the direct and indirect components can be modelled from cloud cover (and type) and 
atmospheric aerosol profile. Solar radiation is used by meteorologists, climatologists, 
agronomists, hydrologists, cryologists, ecologists and energy planners. 

3.4.2 Time Support and spatial sample density 
The spatial sample density (i.e. the mean distance between two consecutive monitoring 
sites) depends on the temporal averaging used; a distance of 100 km should be 
sufficient for monthly mean data, but it decreases to 10 km for daily means and 
becomes only 1 km for instantaneous values (Barcelò, 2001). All measurements are 
subjected to the effects of the cloud regime. Camargo and Hubbard (1999) found that 
for Eastern Nebraska a distance of about 30 km between measurements sites is required 
for daily radiation values. 

3.4.3 Empirical uncertainty 
Accuracy and precision required: 

5% absolute for total short wave and long wave, 2-3 % absolute accuracy (5W/m2) for 
centre radiometers. 

Measurement depth or height: Height should be consistent with the exposure standard. 
To facilitate levelling/cleaning, it is recommended that instruments should be installed 
at a height of 3 m or less. 

Exposure consideration: The sky should not be blocked by any surrounding object. 
However, objects <10° above the horizontal plane of the sensor are allowed. 

Associated measurements: Cloud cover, aerosols, PAR (Photosynthetically Available 
Radiation). 

 

3.4.4 Other sources of empirical uncertainty 
In the case of solar radiation, WMO guidelines (1983) established that the quality of the 
instrumental accuracy is divided into 2 classes as shown in Table 3.6. 
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Table 3.6 Classes of accuracy of solar radiation measurement instruments (Bacchi, 1993).  

Device 
1st class 2nd class 

Pyrheliometer ±1% ±2% 

Pyranometer ±5% ±10% 

Pyradiometer ±7% ±15% 

 

Table 3.7 Classification of uncertainty related to solar radiation variables. 
Name Abbrev. Space  

Support 

Time  

Support

Uncertai
nty 

Category 

Type of 
empirical 
uncertainty 

Methodo
logical 

quality 

 

Longevity 

Daily mean 
solar 
radiation 

Rdme ~1 dm2 1d D1 M1 I3, S4, 
O3 L2 

Daily total 
solar 
radiation 

Rdto ~1 dm2 1d D1 M1 I3, S4, 
O3 L2 

 

 

3.4.5 Pdfs 
Rehman and Ghori (2000) found that daily global solar radiation data are almost 
normally distributed for 6 months of the year. Daily radiation does not necessarily have 
a normal distribution (Semenov et al. 1998) and often a transformation (square root or 
reflected logarithm) is applied. A reflected logarithm is the transformation of the form 
ln(c - x), where x denotes radiation, and c is a constant about which the logarithm is 
reflected. 

The SWAT theoretical documentation (Arnold et al., 2000) presents a model for 
generating the residuals of daily maximum and minimum air temperature and solar 
radiation from a multivariate normal distribution. Therefore the residuals of maximum 
temperature, minimum temperature, and solar radiation are normally distributed and the 
serial correlation of each variable may be described by a first-order linear 
autoregressive model. 

3.4.6 Time/space autocorrelation 
Spatial autocorrelation 

Rehman and Ghori (2000) found for the ratio between global solar radiation and 
extraterrestrial radiation (H/H0) a variogram spherical model with zero nugget, sill 
values varied between 0.004 and 0.007 value), while range values varied between 
approximately 4.5 and 14.5 km. 
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Wright (2002) completed an extensive study, which involved mapping of the solar 
radiation in Costa Rica. The spatial characterisation was performed by a set of 
exponential models representing the different months in the year and, finally, an annual 
mean value. 

D’Agostino and Zelenka (1992) crossed the values of total global daily radiation with 
data from satellite images and found the characteristic cross-variogram for every day of 
April 1982. In general, the gaussian model was the most frequent cross-variogram. 
Nugget varied between 0.0 and 2.3 MJ/m2, sill between 3.3 and 375.3 MJ/m2 and, 
finally, range varied between 23 and 918 km. 

 

Temporal autocorrelation 

A stochastic model was proposed to capture the main features of daily exposure of 
global radiation in Kuwait: 

Yt = µt + Xt  

where µt represents the periodic seasonal trend and Xt represents the model’s stochastic 
component. A bilinear time series is used to model the stochastic component of daily 
global radiation (Al-Awadhi, 2002). The deterministic component µt is modelled using 
Fourier analysis. The bilinear model is BL(5, 0, 2, 2) with 5 autoregressive components, 
0 moving average components, and 2*2 bilinear components (nonlinearity). 

3.5 Relative Humidity 

3.5.1 Description 
Relative humidity, or atmospheric moisture, controls the potential evapotranspiration 
rate from soils and vegetation surfaces. Because of its role in the linkage between 
vegetation and the atmosphere (the end result of soil moisture being transported within 
and evapotranspired from vegetation surfaces), relative humidity is both a climate 
change forcing function, and a response variable. Relative humidity is therefore of 
central importance in climate change. Relative humidity is used by climatologists and 
climate modelers; ecologists and ecological modelers. 

 

3.5.2 Time support and spatial sample density 
For most purposes, in combination with evapotranspiration, wind and temperature 
measurements, daily or diurnal measurement of relative humidity is adequate. 

Measurement points should ideally be spaced at 10 to 100 km (Barcelò, 2001), which 
includes the measurements of vertical humidity profiles. Camargo and Hubbard (1999) 
found that a mesh of side 30 km is suitable for catching the spatial behavior of daily 
relative humidity. 
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3.5.3 Empirical uncertainty 
Accuracy/precision required:  ± 1%. 

Measurement depth or height: 1.5 m ± 1 m (AASC); 1.25-2.0 m (WMO, 1983); 2.0 m 
for temperature only (EPA) 2 m & 10 m for temperature difference (EPA, 1987) 

Exposure consideration: The sensor must be housed in a ventilated radiation shield to 
protect the sensor from thermal radiation. EPA (1987) recommends that the sensor be 
no closer than four times the obstruction's height and at least 30 m from large paved 
areas. 

Associated measurements: Solar radiation, air and soil temperature, evapotranspiration, 
precipitation, vertically structured wind speed and humidity are often measured together 
at the same site. 

3.5.4 Pdfs 
Laurence et al. (2002) found that relative humidity data did not always present a normal 
distribution and that at times it was necessary to transform the data by arcsine-square 
root function to improve its normality. 

 

3.6 Wind Speed  

3.6.1 Description 
Wind speed, along with available soil moisture, stomatal conductance, the 
relative humidity profile and the boundary layer, controls evapotranspiration 
rate, i.e., vegetation-atmosphere coupling. Hence wind speed information is 
required, in order both to model of hydrological cycle, and to understand the 
vegetation-atmosphere coupling. Wind speed is mainly used by climate 
modellers, hydrological modellers, ecosystem modellers. 

3.6.2 Time support and spatial sample density 
Hourly maximum, minimum and mean is adequate for many climatic, hydrological and 
ecological modelling purposes. Monthly and annual measurements are useful in certain 
ecosystem models. The most important papers indicate a distance of 20 to 100 km 
(Barcelò, 2001). 

3.6.3 Empirical uncertainty 
Accuracy/precision required: ±10%, for wind speed. 

Measurement depth or height: 3 m ± 0.1 m recommended (AASC, 1985) 2 m ± 0.1 m, 
10 m ± 0.5 m, optional (AASC, 1985) 10 m (WMO, 1983; EPA, 1987) 

Exposure consideration: No closer than ten times the obstruction's height. 
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Associated measurements:Wind speed is always associated with wind direction and 
often with precipitation, solar radiation, air and soil temperature, evapotranspiration, 
relative humidity and vertically structured wind speed. 

3.6.4 Other sources of empirical uncertainty 
Most wind speed data are obtained from cup-type anemometers having a stall speed of 
about 1 m/sec. This tends to distort the wind speed distribution at low wind speeds 
(Morgan, 1995). Typical instrument accuracy is shown in Table 3.8. 

 

Table 3.8 Instrument accuracy for wind vane and cup anemometer reported by Benschop 
(2003). 

Parameter Unit of 
measure 

Range Accuracy Frequency Resolution 

Direction Degrees 1° - 360° ±3° for speed 
>2.0 m/s 

1 Hz 1° 

Speed m/s 0.5 - 50 m/s ± 0.5  1 Hz 0.1 m/s 

 

Table 3.9  Classification of uncertainty related to wind speed variables . 
Name Abbrev. Space  

Support 

Time  

Support

Uncertai
nty 

Category 

Type of 
empirical 
uncertainty 

Methodo
logical 

quality 

 

Longevity 

Hourly 
mean wind 
speed 

Whme ~1 dm3 1h D1 M1 I3, S4, 
O3 L2 

3-Hourly 
mean wind 
speed 

Wn3h ~1 dm3 3h D1 M1 I3, S4, 
O3 L2 

 

 

3.6.5 Pdfs 
Available recorded wind speed data indicate that hourly and daily mean values are 
positively skewed. Poggi et al. (2003) provided a summary of the statistical studies 
about wind speed starting from the ‘50s. A large number of theoretical distributions 
were suggested, e.g. inverse gaussian, lognormal and squared normal, but after a 
fundamental study (Takle and Brown, 1978), it was found that hourly wind speed data 
collected over various stations and different periods are best described by a Weibull 
distribution with a shape factor whose value is between 2 and 3. Poggi’s summary 
support this and Kaminsky (1977) and Justus et al. (1978) also showed that Gamma and 
the two parameters Weibull distributions fit hourly wind speed data better than 
Rayleigh, lognormal and squared normal distributions.  
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Shoji (2002) estimated that exponential function best fit the empirical data. Finally, a 
more recent study performed in Italy showed that the Weibull distribution is an 
adequate statistical model for describing both the hourly average wind speed and the 
hourly momentary wind speed distributions during all the months of the year and for the 
whole year. The values of the shape parameter k were found to depend slightly on the 
location and on the month of the year, while the values of the scale parameter c depend 
on the location and are near to the average wind speed of the period considered (Bivona 
et al., 2003). 

Martin et al. (1999) found that hourly wind speeds measured in a single site (Almazora 
in Spain) fit the Weibull two parameter distribution with c=3.3 m/s and k=1.5. The 
authors solved the problem of wind calm (wind speed =0) associating the default values 
of 0.5 m/s, that is to say, substituting the exact zero value with the instrumental zero. 

Due to the convenience of the two parameter Weibull distribution it has been used more 
frequently than the other distributions, even though it neglects the effect of wind 
direction (Morgan, 1995). To overcome this limitation, McWilliams et al (1979) 
assumed that the components of the wind velocity in the direction of the prevailing 
wind and those in the transverse direction are each normally distributed, and they 
proposed a joint distribution of wind speed and direction. 

3.6.6 Time/space autocorrelation 
Sen (2001) using autocorrelation and cross-correlation analyses showed a significant 
correlation in the wind records at a single site for a period of 8–12 hours within a day; 
10–17 days within a month and between sites for similar time lags and separations up to 
100 km or more. Daily average values showed correlation coefficients above 0.8 for 
distances up to about 100 km in winter and summer seasons for seven northern Illinois 
sites. Shoji (2002) showed that every temporal variogram was well approximated by a 
traditional spherical model. The time variogram presents a hole effect showing a 
periodical daily component. The ranges of the models vary from 8 to 19 hours. In this 
case the wind shows a continuity of few hours. Spatial variograms were classified into 
three types: a traditional type defined by a clear range (50 – 130 km) and sill; a flat type 
having only a sill; and a linear type where the variogram values increase with increasing 
lag. 

3.7 Wind direction  

3.7.1 Description 
Wind direction is the measurement of the direction of horizontal air movement. It is the 
direction in which a wind vane is pointing, reported in degrees clockwise from true 
north. Wind direction is, like wind speed, mostly used by climate modellers, 
hydrological modellers and ecosystem modellers. 

3.7.2 Time support and spatial sample density 
Instantaneous values are usually recorded and then averaged over an interval of for 
instance 1, 10, 15, 30 or 60 min. Several standard algorithms exist for estimating mean 
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and standard deviation of re-sampled data distributions; all of them assume stationarity 
and require that sampled data are normally distributed. EPA’s On-site Meteorological 
Program Guidance document (EPA, 1987) recommends a minimum of 60 samples for a 
reliable estimate of the mean, and a minimum of 360 samples for the standard deviation. 
The suggested spacing between gauges is from 20 to 100 km. 

3.7.3 Empirical uncertainty 
Accuracy/precision required: ±5% 

Associated measurements: This is one of a suite of weather variables often measured in 
the same place: wind velocity, solar radiation, air and soil temperature, 
evapotranspiration, precipitation, vertically structured wind speed and relative humidity. 

 

Table 3.10  Classification of uncertainty related to wind direction variables. 
Name Abbrev. Space  

Support 

Time  

Support

Uncertai
nty 

Category 

Type of 
empirical 
uncertainty 

Methodolog
ical quality 

Longe-
vity 

Hourly 
mean 
winddirecti
on 

Whmd ~30 cm2 1h D1 M1 

I3, S4, O3 L2 

 

 

3.7.4 Pdfs 
Morgan (1995) studied wind speed and direction distribution in Sidney, Australia. He 
found that the probability density function of 10 minutes wind direction is always multi-
modal, with the modes corresponding to the direction of the prevailing winds. Martin et 
al. (1999) found a bimodal pattern for hourly wind direction in Spain. 

3.8 Other variables of interest 

3.8.1 Atmospheric Pressure  
Other meteorologic variables of interest, but not covered in this text, are atmospheric 
pressure and potential evaporation. Atmospheric pressure at some point is equal to the 
weight of the vertical column of air above the point, per unit area. It is measured using a 
Pressure Transducer. Potential evaporation (which is also called evaporative power, 
evaporation power, evaporative capacity, evaporation capacity, evaporativity), is a 
measure of the degree to which the weather or climate of a region is favourable to the 
process of evaporation. It is usually considered to be the rate of evaporation, under 
existing atmospheric conditions, from a surface of water that is chemically pure and has 
the temperature of the lowest layer of the atmosphere. It is usually measured through 
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the observation of a declining water level in a copper pan of standard dimensions, filled 
with water. 

3.9 Summary and conclusions 

14 variables are described in this chapter All of them are expressed as continuous 
numbers, variable both in space and time (uncertainty code D1) and their empirical 
uncertainty can be shown through the probability distribution functions (type of 
empirical uncertainty M1).  

3.10 List of abbreviations 

• WMO stands for “World Meteorological Organization”; 

• AMS stands for “American Meteorological Society”; 

• EPA stands for “(U.S.) Environmental Protection Agency”; 

• AASC stands for “American Association of State Climatologist”; 

• NCDC stands for “(U.S.) National Climatic Data Center”. 
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4 SOIL PHYSICAL AND GEOCHEMICAL DATA 

Peter van der Keur 

4.1 Introduction 

The scope of this chapter is on uncertainty associated with soil physical- and 
geochemical data in the unsaturated and saturated zone at the river basin scale. The 
unsaturated zone is the domain where contaminants are transported from the origin of 
pollution at the soil surface to the groundwater. The flow direction is often assumed to 
be vertical only. Vogel & Roth (2003) provide a review of flow and transport in the 
unsaturated domain at various spatial and temporal scales and also covering modelling 
aspects. The groundwater zone is the saturated domain and solute transport is nowadays 
represented in 3-D and dependent on the geological structure. One of the primary 
contributors to the uncertainty in contaminant concentration predictions is uncertainty 
in the hydraulic parameters of soils at a site (e.g. Meyer et al., 1999).  

Environmental risk assessment in which an evaluation of the uncertainty associated 
with  pollutant fate modelling for decision making within a hydrological context are 
currently receiving a vast amount of interest, see e.g. Dubus & Brown (2003) for a 
review on uncertainty associated with pesticide fate modelling and Worrall et al. (2002) 
in a more general geochemical context. 

4.1.1 Terminology for soil physical and geochemical data  
In this document soil physical data is treated in close association with soil hydraulic 
properties, like retention data and hydraulic conductivity. Retention data are nearly 
always used  to describe water transport through the unsaturated and saturated zone. For 
assessing solute (including contaminants) transport from the soil surface to groundwater 
geochemical properties, like CEC and pH, play an important role in addition to the soil 
hydraulic properties (Grathwohl et al., 2003, 2004). The contaminants themselves are 
characterised by compound specific properties such as sorption and degradation and 
heavily dependent on both the soil physical and the soil chemical environment. Refer to 
Wauchope et al. (2002) for a review on pesticide soil sorption parameters, Delle Site 
(2001) for a review on factors affecting sorption of organic compounds in water systems 
for selected pollutants and Beulke et al. (2000) for a review on simulation of pesticides 
on the basis of laboratory data. 

Spatial- and temporal variability 
Uncertainty in soil physical and geochemical data at the river basin scale will arise from 
the spatial and temporal variability of environmental variables, from sampling 
procedures in the field and from analysis in the laboratory. Soil variability is the product 
of soil-forming factors operating and interacting over a range of spatial and temporal 
scales. Heuvelink and Webster (2001) provide a thorough review of spatial and 
temporal variability and used techniques to analyse them. Soil properties vary in time, 
but usually so slowly that it can be ignored at time scales common for hydrological 
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studies. For instance, the soil textural composition from which hydraulic properties can 
be derived does not change at the time scale of, say, months and years. It may change at 
geological time scales of thousand of years. Agricultural management practices can 
significantly affect the structure of the soil and thereby structure dependent soil 
hydraulic properties such as preferential flow in space and time (e.g. Green et al., 2003). 
Frost and thaw cycles may also alter soil structure and thereby the soil physical 
properties (Hinman & Bisal, 1968 and Moore, 1981). At the space and time scales 
considered in this document, i.e. period for implementing the Water Framework 
Directive, the temporal variation is treated as invariant for all practical purposes. 

Recognition of the importance of spatial variability on land-use has led to the study of 
soil heterogeneity. In agriculture, information about the spatial structure of soil 
chemical and physical properties is needed to evaluate potential crop yield. In 
environmental science, knowledge of soil variability is needed for practical applications 
such as hydrologic modelling work. For example, selection of a suitable remediation 
method with regard to a contaminated site, as well as its implementation, requires 
knowledge of the heterogeneity of the properties affecting transport and degradation of 
pollutants (Søvik et al., 2003).  

Russo & Bresler (1981) reported length scales for several hydraulic properties: 21 m for 
saturated hydraulic conductivity (Ksat), 55 m for saturated water content, 25 m for 
residual water content and 35 m for sorptivity. Vauclin et al. (1983) found correlation 
length values around 25 m for water content at pF2.5. Gelhar (1986) in a classical study 
used correlation scales from a number of studies to answer important questions about 
large scale behaviour of naturally heterogeneous aquifers and showed the dependence 
of correlation scales for (log)hydraulic conductivity and (log)transmissivity to be 
dependent on the overall spatial scale (Chapter 5, Figure 5.6). A joint research project in 
Denmark (Jensen & Refsgaard, 1989) investigated and described the nature of the 
spatial variability of some soil physical properties on the basis of detailed experimental 
studies on two different localities, a clayey and sandy site, by means of geostatistical 
methods. Romano & Santini (1997) analysed within the Basilicata area in Southern 
Italy semivariogram models for curve fitted (RETC) and PTF-estimated retention 
characteristics (Gupta & Larson, 1979; Rawls et al., 1982; Rawls & Brakensiek, 1989 
and Vereecken, 1989). They arrived at spherical semi-variogram models and ranges 
between 800 and 1300 m for both fitted and PTF estimated water retention data. 
Kristensen et al. (1995) study two fields in Denmark representing sandy loam and a 
sandy clay loam within the context of site specific farming. They derived correlation 
lengths for a number of soil physical and chemical parameters. Ranges are listed in 
Table 4.16. Cook et al. (1989) find a range of 120 m for the recharge rate of 
groundwater in Australia as related to saturated conductivity. Recently Sobieraj et al. 
(2004) studied scale dependency in spatial patterns of saturated conductivity in a 
tropical rainforest catena and a list of previous studies on the spatial structure of Ksat. As 
expected spatial structure of soil physical and chemical properties is highly site specific. 
Mohanty et al. (1994) conducted a spatial analysis of measured hydraulic conductivity 
using disc infiltrometers and found no spatial dependence for Ksat and the van 
Genuchten retention parameter. Delcourt et al. (1996) studied the spatial structure of 
soil nutrients from two fields in the main agricultural area in Belgium and reported 
geostatistical parameters for some topsoil nutrients. Leij et al. (2004) find that 
topographic attributes can be used improve the prediction of soil hydraulic properties 
using PTFs and neural network techniques. 
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A large number of articles have reported on the spatial variability of pesticide residues 
or leaching in the field as mentioned in the review paper by Dubus et al. (2003). This 
has been attributed to some extent to the variability in space of soil physical and 
geochemical properties which in turn influence predictions of e.g. pesticide leaching 
models. Causes of spatial variability are traditionally classified into intrinsic or extrinsic 
factors. Taking the agricultural soil system as an example, intrinsic variability is the 
variability caused by natural conditions in soil whereas extrinsic variability is that 
imposed on a field as part of land management practices. Examples of soil 
characteristics that exhibit intrinsic variations are texture and mineralogy while tillage, 
fertilizer and pesticide applications, harvesting and removal of crop residues all 
contribute to the development of an extrinsic variability. Spatial correlation of 
measurements in the field occurs when samples collected close to one another are more 
similar than samples collected at greater distances. Although the application of classical 
statistics to instances where spatial dependence is present is valid, the use of 
geostatistics designed to exploit non-random and correlated data is often preferred 
(Hamlett et al., 1986). Geostatistical analyses have been performed to study the spatial 
variability of pesticide sorption, e.g. Jacques et al. (1999) and degradation (e.g. Walker 
et al., 2001) in the field.  

Experimental variograms may be constructed as a measure of spatial dependence. It is 
defined as the mean squared difference between samples at specified separation 
distances. Describing uncertainty using geostatistics is not an activity exempt from 
uncertainty itself as variogram uncertainty may be large (Jansen, 1998) and spatial 
interpolation may be undertaken using different techniques.  

Physical-, chemical- and environmental properties can be determined either in the field 
(in-situ) or taken to the laboratory for analysis and are either 1) directly fed into a model 
(untransformed or restructured), or 2) indirectly used to derive input parameters for the 
model usually through pedotransfer functions (PTF) or data-fitting. Primary data 
usually includes a site description as well as a pedological soil profile classification. 
Furthermore, soil physical properties include e.g. organic carbon content, particle size 
distribution and water retention data whereas compound specific properties e.g. 
solubility, Henry’s constant, laboratory data on sorption and degradation adhere to 
chemical pollutants themselves as a function of the surrounding environment. The 
capacity of soils for sorption and degradation play an important role within the context 
of pesticide fate modelling (Boesten and van der Linden, 1991; Dubus et al., 2003).  

Sampled field data and associated uncertainty are rarely direct input to hydrological 
models for decision making, thus this chapter will focus mainly on derived soil physical 
and geochemical properties as required for modelling studies. This is usually 
accomplished by means of statistically fitting measured data to analytical expressions 
where the parameters characterizing such expressions then constitute the parameters 
needed. Another more recent technique is applying neural networks that in combination 
with bootstrapping provides an uncertainty estimate (e.g. Schaap et al., 1998a,b) and 
further explained in section 4.2.7. 

Boesten (2000) studied uncertainty associated with modeller subjectivity in estimating 
pesticide parameters for leaching models using the same laboratory data set and found 
this effect to be large and sometimes more important than differences between model 
used. This type uncertainty is not included within the scope of this document. 
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4.1.2 Characterisation of uncertainty in environmental data 
A general framework for assessing and representing uncertainties in environmental data 
is provided in Chapter 2. As this document is on assessment of uncertainty within the 
context of hydrological studies much emphasis will be on how to characterize 
uncertainty associated with derived parameter values needed in hydrological models for 
environmental assessment studies as mentioned earlier.  

Table 4.1  Summary table of soil physical and geochemical properties considered in this 
chapter 

Name Abbreviation Unit 

Soil physical properties (texture related properties) 

Bulk density RHO Kg 

Organic matter content SOM % 

Porosity5 POR % 

Soil physical propertied (derived hydraulic properties) 

Saturated water content THETAS (2s) cm3cm-3

Residual water content THETAR (2r) cm3cm-3

vG1 fitting parameter ALPHA (∀) cm-1

vG1 fitting parameter N (n) - 

B&C2 air entry pressure PSIC (Ρc) cm 

B&C2 pore size distr.index LAMBDA (8) - 

Campb.3 fitting parameter B (b) - 

Saturated conductivity4 KSAT cms-1

Geochemical properties 

Total phosphorus TOTP mg (kg soil)-1

Ferro oxides Fe-O % 

Aluminium oxides AL-O % 

Phosphorus ferro oxides FE-P % 

Phosporus alu-oxides AL-P % 

CEC CEC cmol kg-1

CaCO3 CaCO3 % 

1: van Genuchten (van Genuchten, 1980) 

2: Brooks & Corey (Brooks & Corey, 1964) 

3: Campbell (Campbell, 1974) 

4: KSAT can both be measured in the field and fitted. 

5: Porosity is equal to THETAS plus entrapped air content 

 

Variables in Table 4.1 are of large importance for hydrologic studies with focus on 
parameterization of modelling tools for describing water- and contaminant flow through 
the unsaturated zone towards the groundwater zone. Soil physical properties relate to 
soil composition and are highly uncertain at the river basin scale as soil texture data is 

 

Van der Keur, Soil data  4-4 



HarmoniRiB June 2005  Guidelines for assessing data uncertainty 

_______________________________________________________________________________________ 

 

usually extracted from regional databases and based on measurements from soil profiles 
that may be located a quite long apart. Derivation of soil hydraulic properties for input 
to modelling tools either by curve fitting, e.g. RETC (van Genuchten et al., 1991), soil 
class pedotransfer functions (PTF), e.g. Carsel & Parrish (1988)  and Wösten (1995), 
linear/non-linear regression equations (regression PTFs), e.g. Rawls & Brakensiek 
(1985) or Minasny et al. (1999) or finally through the neural network approach, e.g. 
ROSETTA (Schaap et al., 2001) are all associated with substantial uncertainty.  

4.2 Soil physical properties and uncertainty 

In the following the variables in Table 4.1 are each classified according to their 
uncertainty category, type of empirical uncertainty and data support, i.e. typical sample 
size (Table 4.2). In addition the variable uncertainty regarding methodological quality 
and longevity given in Table 4.3  

4.2.1 Texture related properties 

Table 4.2 Classification of uncertainty in texture related properties. 
Name Abbrev. Uncertainty 

Category 

Type of 
empirical 
uncertainty 

Data support 
(sample size) 

Bulk density RHO C1 M1 100 cm3

Organic matter content SOM D1 M1 100 cm3

Porosity POR C1 M1 100 cm3

 

Table 4.3  Classification of uncertainty in texture related properties. 
Name Abbrev. Methodological 

quality 
Longevity 

Bulk density RHO I3, S3, O4 L2 

Organic matter content SOM   

Porosity POR I3, S3, O4 L2 

 

Meyer et al. (2001) listed derived dry bulk density, compiled by Meyer & Gee (1999) 
from the US Natural Resources Conservation Service Soil Database (NRCSSC)  divided 
according to the USDA soil textural class. For each textural class, the Kolmogorov-
Smirnov D-statistic was calculated using hypothetical normal and lognormal 
distributions. It appeared that a normal distribution fitted the data best for all textural 
classes and is therefore recommended (Table 4.4). 
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Table 4.4  Recommended parameters of normal distribution for derived dry bulk density 
(modified from Meyer et al., 2001). 

Soil Texture Mean STD LL UL 

Sand 1.578 0.158 1.0 1.99 

Loamy Sand 1.515 0.262 0.5 2.0 

Sandy Loam 1.461 0.268 0.5 2.0 

Sandy Clay Loam 1.518 0.186 0.76 2.0 

Loam 1.418 0.240 0.54 1.99 

Silt Loam 1.366 0.227 0.5 1.99 

Silt 1.330 0.202 0.63 1.74 

Clay Loam 1.410 0.197 0.63 2.0 

Silty Clay Loam 1.405 0.148 0.8 1.91 

Sandy Clay 1.491 0.177 0.87 1.94 

Silty Clay 1.370 0.154 0.73 1.82 

Clay 1.292 0.177 0.58 1.9 

 

4.2.2 Classification of uncertainty of derived soil hydraulic properties 
Soil samples taken in the field for determination of soil physical properties are typically 
in the order of magnitude of 100 cm3. For clayey soils larger samples would be more 
appropiate in order to capture preferential pathways. Simulation models are support (i.e. 
integration volume or aggregation level) dependent (e.g. Heuvelink & Pebesma, 1999) 
and field data sampled for model input is often at a support much smaller than the 
support of interest for model output.  Therefore it is needed to aggregate to move from 
point support to, say, field support. This may be done by first aggregating point support 
to field support and then run a hydrological model, or by first running the model using 
point support data and then aggregating the model results. Usually, the models used are 
non-linear and the two alternatives for aggregation will not yield the same result (e.g. 
Addiscot, 1993; Heuvelink, 1998). In Table 4.5 below the uncertainty category and  
type of empirical uncertainty are equal for the various hydraulic properties as well as 
the data support. The uncertainty category is a 'C1' as the soil texture varies in space, 
not time, and the type of empirical uncertainty is classified as 'M1' as probability 
functions  for the included hydraulic properties are derived. However, type of 
distribution function for different parameters and soil texture classes may be quite 
different as is shown in Table 4.8 to 4.15. In Table 4.6 the methodological for all 
parameters is classified as 'I3', 'S3' and 'O4' as instruments used are well suited for field 
experiments, sample design adequate and approved standard in well established 
discipline. Longevity is judged to be 'L2' as the associated uncertainty does not change 
within the WFD timeframe.  
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Table 4.5 Classification of uncertainty in derived hydraulic properties. 
Name Abbrev. Uncertainty 

category 

Type of 
empirical 
uncertainty 

Data support 
(sample size) 

Saturated water content THETAS (2s) C1 M1 100 cm3

Residual water content THETAR (2r) C1 M1 100 cm3

vG fitting parameter ALPHA (∀) C1 M1 100 cm3

vG fitting parameter N (n) C1 M1 100 cm3

B&C air entry pressure PSIC (Ρc) C1 M1 100 cm3

B&C pore size 
distr.index 

LAMBDA (8) C1 M1 100 cm3

Campb. fitting 
parameter 

B (b) C1 M1 100 cm3

Saturated conductivity KSAT C1 M1 100 cm3

 

Table 4.6 Classification of uncertainty in derived hydraulic properties. 
Name Abbrev. Methodological 

quality 
Longevity  

Saturated water content THETAS (2s) I3, S3, O4 L2  

Residual water content THETAR (2r) I3, S3, O4 L2  

vG fitting parameter ALPHA (∀) I3, S3, O4 L2  

vG fitting parameter N (n) I3, S3, O4 L2  

B&C air entry pressure PSIC (Ρc) I3, S3, O4 L2  

B&C pore size distr.index LAMBDA (8) I3, S3, O4 L2  

Campb. fitting parameter B (b) I3, S3, O4 L2  

Saturated conductivity KSAT I3, S3, O4 L2  

 

4.2.3 Parameter variability and probability density functions (pdf). 
A way to characterize parameter variability is by deriving probability density functions 
(pdf) if possible. Such distributions can then be used to represent the uncertainty in soil 
physical and geochemical parameters. The derivation of pdf’s may be based on stored 
information from large soil databases, e.g. UNSODA (Nemes et al., 2001) or HYPRES 
(Wösten et al., 1999). Various software codes have been derived for estimation of pdfs, 
e.g. @RISK (palisade.com) and CRYSTAL BALL (decisioneering.com).  

Carsel and Parrish (1988) presented joint probability distributions for the parameters of 
the van Genuchten (1980) water retention and unsaturated hydraulic conductivity 
models. These parameters are: Saturated volumetric water content, Residual volumetric 
water content, Saturated hydraulic conductivity, van Genuchten’s parameter ∀ and n. 
Carsel and Parrish based their analysis on data from soil samples collected by the 
Natural Resources Conservation Service representing soils from 42 U.S. states. Soil 
measurements used were bulk density, percent sand (0.05 – 2 mm), and percent clay (< 
0.002 mm). Bulk density was used to infer saturated water content while percent sand 
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and clay, along with saturated water content were used with the regressions of Rawls 
and Brakensiek (1985) to estimate the remaining parameters. Carsel and Parrish’s soil 
database included 15,737 samples from twelve USDA soil textural classifications. 
Meyer et al. (1997) resampled the distributions and derived closed-form distributions of 
the soil hydraulic parameters which form the basis of Table 4.8 to 4.15 further below in 
Section 4.3 that can be used to represent parameter uncertainty when the information 
about a soil is limited to its textural class. 

   

Figure 4.1 USDA soil textural triangle. Soil classification is determined by the percent (by 
weight) of the sand, silt and clay fractions. Clay < 0.002 mm, 0.002 < Silt < 0.05 
mm, 0.05 < Sand < 2.0 mm diameter (Meyer et al., 1997). 

4.2.4 Soil hydraulic characteristics 
Two of the most applied soil water characteristics models are Brooks & Corey (1964) 
and van Genuchten et al. (1980) in combination with a parameterisation of the hydraulic 
conductivity function proposed by Mualem (1976). 

Brooks & Corey model for retention curve 

( ) bhSe h
h

λ⎛ ⎞= ⎜ ⎟
⎝ ⎠

  for h ∃ hb   ; Se(h) = 1 otherwise 

 

Brooks & Corey/Mualem model for hydraulic conductivity function 
3 2( ) ( )e s eK S K S λ+=  
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van Genuchten model for retention curve 
 

( ) 1 ( )
mn

eS h hα
−

⎡ ⎤= +⎣ ⎦  

 

van Genuchten/Mualem modelfor hydraulic conductivity function 
 

21/( ) 1 (1 )m m
e s e eK S K S S⎡ ⎤= − −⎣ ⎦  

Where h is soil water pressure, hb is air entry pressure and equivalent to Ρc as previously 
defined in table 4.1. The parameter m and n are curve fitting parameters related to pore 
size distribution. The relationship m=1-1/n is often assumed. 

The difference between the two models is mainly apparent for low soil water tensions, 
i.e. high soil water contents as illustrated for different soil types in Fig. 4.2. 
 

 

Figure 4.2  Comparison between the van Genuchten and Brooks-Corey water retention (left) 
and hydraulic conductivity (right) models using the parameter equivalence, Ρb = ∀-
1 and 8 = n – 1 (Meyer et al., 1997). 

 

4.2.5 Parameter estimation from PTF 
Pedotransfer functions (PTF) transfer experimentally collected data, usually texture 
properties (but also variables like organic matter or pH, see Table 4.7 for a 
comprehensive list), to parameters required by numerical models. In most cases such 
parameters are related to hydraulic properties, but PTF may also predict soil chemical 
characteristics, e.g. CEC, soil phosphorus and adsorption-desorption parameters 
(Wösten et al., 2001) as well as mechanical and biological properties (McBratney et al., 
2002). Table 4.7 gives examples of such PTFs 
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Table 4.7  Physical- and chemical properties from PTF. Modified from Bratney et al. (2002). 
Predicted soil properties Predictor variables 

Physical properties 

Infiltration rate at time t Initial water content, moisture deficit,total porosity, hydraulic 
conductivity 

Soil thermal conductivity Texture, organic matter content, water content 

Water repellency Organic matter content, clay content 

Infiltration parameters Particle size distribution, bulk density, organic matter content, 
initial water content,’ and plant root density 

Chemical properties 

Cation exchange capacity (CEC) Clay content, organic matter content 

Critical P-level, P buffer coefficient Clay content 

P sorption pH in NaF,clay content 

pH buffering capacity Organic matter content, clay content 

Al saturation Base saturation, organic carbon content, pH 

P saturation Extractable P and Al 

K/Ca exchange Clay content, extractable K 

Nitrogen-mineralization parameters CEC,total N, organic carbon content, silt and clay content 

As and Cd sorption Clay content, pH, organic carbon content, dithionite extractable 
Fe 

 

As opposed to the categorical (USDA soil classes) soil physical parameter estimation, 
PTFs usually are continous functions for providing such estimates. Wösten et al. (2001) 
reviews PTFs based on the European HYPRES (Wösten et al., 1999) and the 
international UNSODA (Leij et al., 1996; Nemes et al., 2001) databases. PTFs may 
require a fixed dataset, e.g. textural properties or be hierarchical depending on the 
available data input (Schaap et al., 1998a,b, 2001). McBratney et al. (2002) developed a 
decision support system in which PTFs are automatically selected to ensure a minimum 
variance and return soil physical and chemical properties with their uncertainties based 
on the information provided.  

4.2.6 Uncertainty in PTF predictions 
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Uncertainty of a PTF can be due to the uncertainty of the model and uncertainty in the 
input data. Wösten et al. (2001) evaluates accuracy and reliability of PTFs in general 
and discusses statistical techniques in this respect. Typical examples for PTF accuracy 
(RMSE) for water retention data are also presented. RMSE of volumetric water content 
at pressure heads of -33 kPa and -1500 kPa ranged for each of those tensions from 0.02 
(Pachepsky et al., 1998) to 0.11 m3m-3 (Schaap et al., 1998a,b). Wösten et al.(2001) 
concludes that in general PTFs can be considered to be sufficient accurate and reliable 
and may be appropiate for many applications on regional and national scale. If PTFs are 
trained/calibrated adequately the uncertainty in the model is usuallly smaller than the 
uncertainty in the inputs. The program @RISK for instance uses Latin Hypercube 
Sampling to sample the multivariate joint distribution of the prediction. This is achieved 
by sampling repeatedly from the assumed probability distribution of the input variables 
and evaluating the result of the PTF for each sample. The distribution of the results, 
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along with the mean, standard deviation and other statistical measures can then be 
estimated (McBratney et al. (2002). Christiaens et al. (2001) compared different 
methods to determine soil hydraulic properties including PTF estimations through 
USDA soil texture classes, continuous PTFs and neural networks in combination with 
bootstrapping. Moreover, they analysed how this uncertainty is propagated in the 
distributed hydrological MIKE SHE model using a Latin Hypercube approach. 
Uncertainties of soil physical parameters in the range from 3 to 700 % were found, Ksat 
and θr being the most uncertain. Neural networks performed best in terms of the total 
error. 

4.2.7 Neural network analysis 

Schaap et al. (1998a,b) present a neural network analysis for hierarchial prediction of 
soil hydraulic properties. They used 12 neural network models for prediction of water 
retention properties and saturated hydraulic conductivity and demonstrated that neural 
network models compare favorably to regression models when tested against 
independent data. The hierarchial approach has the practical advantage that they permit 
high flexibility with respect to data input. Uncertainty in predicted soil hydraulic 
properties can be assessed by combining the neural network approach with the bootstrap 
method and is incorporated in the ROSETTA software (Schaap et al., 2001). Soil class 
PTF tables 
 

In Tables 4.8 to 4.15 below Meyer et al. (1997) derived probability distributions 
(normal, lognormal and beta) generated from the Carsel & Parrish (1988) statistics and 
based on the USDA soil classification system.  

4.2.8 PTF derived hydraulic properties 
For each of the NRCSSC database soil classes as described previously, the statistics for 
the parameters 2s, 2r, ∀, n and Ksat are computed using a multiple regression equation 
(Carsel & Parrish, 1988). The Brooks & Corey parameters Ρc and 8 as well as the 
Campbell b parameter are derived from the first mentioned. Thus for each soil class the 
probability density function, the mean, standard deviation (std), lower limit (ll) and 
upper limit (ul) is provided. Correlation coefficients of each parameter with other listed 
parameters are provided in the tables as well. The data presented in the Tables 4.8 to 
4.15 below is well suited for use in generation of Monte Carlo datasets where 
information on the pdf as well as mean and variance are required. Soil texture ('tex' in 
table) is divided into S(sand), LS(loamy sand), SL (sandy loam), SCL (sandy clay 
loam), L (loam), SiL (silty loam), S (sand), CL (clayey loam), SCL (sandy clay loam), 
SC (sandy clay),SiC (silty clay) and C (clay).  

Meyer et al. (1997) induced correlations between parameters by applying the 
correlations between 2s, 2r, ∀, n and Ksat given in Carsel & Parrish (1988). The rank 
correlation method of Iman and Conover (1982) as employed in the Latin Hypercube 
sampling code of Iman & Shortencarier (1984) is used.  

Table 4.8  Statistical properties and correlation coefficients for saturated water content(2s). 
Modified from Meyer et al. (1997) and Carsel & Parrish (1988). 

Saturated water content (2s) 
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Statistical properties Correlation coefficients 

Tex Pdf mean Std ll ul 2r ∀ n Ρc 8 b Ksat

S Nor 0.430 0.060 0.245 0.615 -0.01 +0.00 +0.00 -0.02 +0.00 -0.29 +0.00 

LS Nor 0.410 0.090 0.132 0.688 -0.01 +0.00 +0.01 -0.03 +0.01 -0.50 +0.01 

SL Nor 0.410 0.089 0.132 0.688 +0.00 +0.01 +0.00 +0.01 +0.00 -0.44 +0.01 

SCL Nor 0.390 0.070 0.174 0.606 +0.00 -0.01 +0.00 -0.02 +0.00 -0.43 -0.01 

L Nor 0.430 0.0998 0.122 0.738 +0.00 +0.03 +0.00 +0.04 +0.00 -0.46 +0.03 

SiL Nor 0.45 0.080 0.203 0.697 -0.01 -0.02 -0.01 -0.02 -0.01 -0.20 -0.02 

S Nor 0.456 0.110 0.1206 0.799 -0.02 +0.02 +0.00 +0.03 +0.00 -0.39 +0.02 

CL Nor 0.410 0.09 0.132 0.688 +0.00 -0.02 +0.00 -0.04 +0.00 -0.40 +0.01 

SCL Nor 0.430 0.0699 0.214 0.646 +0.00 -0.01 +0.00 +0.00 +0.00 -0.19 -0.03 

SC Nor 0.380 0.050 0.226 0.534 +0.00 +0.02 +0.00 +0.01 +0.00 -0.23 +0.05 

SiC Nor 0.360 0.0698 0.144 0.576 +0.00 -0.01 -0.01 -0.01 -0.01 -0.31 +0.02 

C Nor 0.380 0.090 0.102 0.658 +0.00 +0.00 -0.01 +0.00 -0.01 -0.26 -0.01 

 

 

Table 4.9  Statistical properties and correlation coefficients for residual water content (2r). 
Modified from Meyer et al. (1997) and Carsel & Parrish (1988). 

Residual water content (2r) 

Statistical properties Correlation coefficients 

Tex Pdf mean Std ll ul 2r ∀ n Ρc 8 b Ksat

S Log 0.0466 0.0106 0.0228 0.0907 -0.01 +0.12 -0.84 -0.12 -0.84 +0.91 -0.50 

LS Nor 0.0569 0.0145 0.0121 0.102 -0.01 -0.29 -0.58 +0.16 -0.58 +0.71 -0.34 

SL Bet 0.0644 0.0169 0.0173 0.102 +0.00 +0.14 -0.79 -0.17 -0.79 +0.77 -0.22 

SCL Bet 0.101 0.00609 0.0860 0.114 +0.00 +0.37 -0.11 -0.36 -0.11 +0.21 +0.16 

L Bet 0.0776 0.0127 0.0374 0.107 +0.00 -0.04 -0.70 +0.07 -0.70 +0.67 +0.14 

SiL Bet 0.0670 0.0142 0.0243 0.0998 -0.01 -0.29 -0.59 +0.27 -0.59 +0.63 -0.25 

S Bet 0.0352 0.00897 0.0131 0.0490 -0.02 -0.19 -0.60 +0.04 -0.60 +0.70 -0.21 

CL Nor 0.0954 0.00968 0.0655 0.125 +0.00 +0.73 +0.58 -0.74 +0.58 -0.35 +0.51 

SCL Nor 0.0880 0.0090 0.0602 0.116 +0.00 +0.72 +0.55 -0.71 +0.55 -0.37 +0.47 

SC Bet 0.0993 0.0116 0.0508 0.117 +0.00 +0.75 +0.88 -0.92 +0.88 -0.78 +0.28 

SiC Nor 0.0706 0.0228 0.000147 0.141 +0.00 +0.89 +0.79 -0.88 +0.79 -0.46 +0.64 

C Bet 0.0685 0.0344 0.000836 0.140 +0.00 +0.70 +0.79 -0.85 +0.79 -0.52 +0.53 
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Table 4.10  Statistical properties and correlation coefficients for van Genuchten coefficient (∀). 
Modified from Meyer et al.(1997) and Carsel & Parrish (1988). 

van Genuchten coefficient (∀) 

Statistical properties Correlation coefficients 

Tex Pdf mean std ll Ul 2s 2r n Ρc 8 b Ksat

S Nor 0.147 0.0255 0.0687 0.226 +0.00 +0.12 +0.29 -0.97 +0.29 -0.09 +0.73 

LS Nor 0.125 0.0404 0.000203 0.250 +0.00 -0.29 +0.38 -0.57 +0.38 -0.29 +0.88 

SL Bet 0.0757 0.0368 0.00872 0.202 +0.01 +0.14 +0.36 -0.77 +0.36 -0.11 +0.82 

SCL Log 0.0572 0.0337 0.00662 0.343 -0.01 +0.37 +0.77 -0.70 +0.77 -0.49 +0.82 

L Bet 0.0367 0.0202 0.00351 0.113 +0.03 -0.04 +0.60 -0.73 +0.60 -0.37 +0.82 

SiL Log 0.0193 0.0115 0.00299 0.0919 -0.02 -0.29 +0.74 -0.75 +0.74 -0.56 +0.80 

S Nor 0.0178 0.00573 0.000039 0.0355 +0.02 -0.19 +0.55 -0.49 +0.55 -0.41 +0.89 

CL Log 0.0190 0.0153 0.00159 0.136 -0.02 +0.73 +0.79 -0.62 +0.79 -0.42 +0.89 

SCL Log 0.0104 0.00608 0.00157 0.0508 -0.01 +0.72 +0.86 -0.75 +0.86 -0.57 +0.83 

SC Log 0.0270 0.0164 0.00406 0.131 +0.02 +0.75 +0.87 -0.74 +0.87 -0.59 +0.58 

SiC Log 0.00413 0.0026 0.000573 0.0211 -0.01 +0.89 +0.84 -0.72 +0.84 -0.47 +0.86 

C Log 0.00618 0.00759 0.000250 0.0621 0.00 +0.70 +0.82 -0.61 +0.82 -0.46 +0.86 

 

 

Table 4.11  Statistical properties and correlation coefficients for van Genuchten coefficient (n). 
Modified from Meyer et al. (1997) and Carsel & Parrish (1988). 

van Genuchten coefficient (n) 

Statistical properties Correlation coefficients 

Tex Pdf mean std ll ul 2s 2r ∀ Ρc 8 b Ksat

S Log 2.67 0.267 1.95 3.62 +0.00 -0.84 +0.29 -0.28 +1 -0.88 +0.84 

LS Log 2.27 0.209 1.71 3.00 +0.01 -0.58 +0.38 -0.22 +1 -0.64 +0.65 

SL Log 1.89 0.155 1.46 2.43 +0.00 -0.79 +0.36 -0.28 +1 -0.78 +0.60 

SCL Log 1.48 0.127 1.13 1.92 +0.00 -0.11 +0.77 -0.65 +1 -0.76 +0.71 

L Log 1.56 0.114 1.24 1.95 +0.00 -0.70 +0.60 -0.55 +1 -0.79 +0.41 

SiL Log 1.41 0.120 1.08 1.83 -0.01 -0.59 +0.74 -0.69 +1 -0.88 +0.48 

S Nor 1.38 0.0369 1.27 1.49 +0.00 -0.60 +0.55 -0.20 +1 -0.84 +0.44 

CL Nor 1.32 0.0973 1.02 1.62 +0.00 +0.58 +0.79 -0.80 +1 -0.73 +0.58 

SCL Nor 1.23 0.0610 1.04 1.42 +0.00 +0.55 +0.86 -0.84 +1 -0.82 +0.60 

SC Log 1.28 0.0834 1.04 1.56 +0.00 +0.88 +0.87 -0.86 +1 -0.79 +0.44 

SiC Log 1.16 0.0499 1.01 1.32 -0.01 +0.79 +0.84 -0.78 +1 -0.77 +0.64 

C Bet 1.13 0.0697 1.04 1.36 -0.01 +0.79 +0.82 -0.78 +1 -0.73 +0.64 
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Table 4.12 Statistical properties and correlation coefficients for Brooks and Corey air entry 
pressure (Ρc). Modified from Meyer et al.(1997) and Carsel & Parrish (1988). 

Brooks & Corey air entry pressure (Ρc) 

Statistical properties Correlation coefficients 

Tex Pdf mean std ll ul 2s 2r ∀ n 8 b Ksat

S Log 7.02 1.38 3.92 12.1 -0.02 -0.12 -0.97 -0.28 -0.28 +0.09 -0.68 

LS Log 9.58 8.59 2.48 29.5 -0.03 +0.16 -0.57 -0.22 -0.22 +0.17 -0.38 

SL Log 17.7 12.0 2.85 79.4 +0.01 -0.17 -0.77 -0.28 -0.28 +0.05 -0.51 

SCL Log 26.2 21.3 2.92 151 -0.02 -0.36 -0.70 -0.65 -0.65 +0.57 -0.39 

L Log 38.9 29.3 5.05 203 +0.04 +0.07 -0.73 -0.55 -0.55 +0.39 -0.42 

SiL Log 70.3 41.9 10.9 335 -0.02 +0.27 -0.75 -0.69 -0.69 +0.68 -0.39 

S Log 68.1 74.8 17.3 209 +0.03 +0.04 -0.49 -0.20 -0.20 +0.13 -0.29 

CL Log 88.0 71.3 7.37 628 -0.04 -0.74 -0.62 -0.80 -0.80 +0.70 -0.36 

SCL Log 132 81.4 19.7 638 +0.00 -0.71 -0.75 -0.84 -0.84 +0.80 -0.41 

SC Log 50.7 30.5 7.64 246 +0.01 -0.92 -0.74 -0.86 -0.86 +0.83 -0.26 

SiC Log 340 216 47.3 1743 -0.01 -0.88 -0.72 -0.78 -0.78 +0.63 -0.44 

C Bet 353 257 14.1 1007 +0.00 -0.85 -0.61 -0.78 -0.78 +0.67 -0.37 

 

 

Table 4.13 Statistical properties and correlation coefficients for Brooks and Corey air entry 
pressure (8). Modified from Meyer et al.(1997) and Carsel & Parrish (1988). 

Brooks & Corey pore size distribution index (8) 

Statistical properties Correlation coefficients 

Tex Pdf mean std ll ul 2s 2r ∀ n Ρc b Ksat

S Log 1.67 0.267 1.00 2.72 +0.00 -0.84 +0.29 +1 -0.28 -0.88 +0.84 

LS Log 1.27 0.209 0.756 2.08 +0.01 -0.58 +0.38 +1 -0.22 -0.64 +0.65 

SL Nor 0.892 0.155 0.412 1.37 +0.00 -0.79 +0.36 +1 -0.28 -0.78 +0.60 

SCL Nor 0.479 0.127 0.0865 0.872 +0.00 -0.11 +0.77 +1 -0.65 -0.76 +0.71 

L Nor 0.560 0.114 0.209 0.911 +0.00 -0.70 +0.60 +1 -0.55 -0.79 +0.41 

SiL Nor 0.414 0.120 0.0417 0.786 -0.01 -0.59 +0.74 +1 -0.69 -0.88 +0.48 

S Nor 0.380 0.0369 0.266 0.494 +0.00 -0.60 +0.55 +1 -0.20 -0.84 +0.44 

CL Nor 0.318 0.0973 0.017 0.618 +0.00 +0.58 +0.79 +1 -0.80 -0.73 +0.58 

SCL Nor 0.230 0.0610 0.0416 0.418 +0.00 +0.55 +0.86 +1 -0.84 -0.82 +0.60 

SC Nor 0.275 0.0834 0.0177 0.533 +0.00 +0.88 +0.87 +1 -0.86 -0.79 +0.44 

SiC Bet 0.157 0.0499 0.0404 0.304 -0.01 +0.79 +0.84 +1 -0.78 -0.77 +0.64 

C Bet 0.127 0.0697 0.0397 0.365 -0.01 +0.79 +0.82 +1 -0.78 -0.73 +0.64 
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Table 4.14 Statistical properties and correlation coefficients for Campbell coefficient (b). 
Modified from Meyer et al.(1997) and Carsel & Parrish (1988). 

Campbell coefficient (b) 

Statistical properties Correlation coefficients 

Tex Pdf Mean std ll ul 2s 2r ∀ n Ρc 8 Ksat

S Log 0.998 0.226 0.501 1.90 -0.29 +0.91 -0.09 -0.88 +0.09 -0.88 -0.65 

LS Log 1.40 0.397 0.610 3.01 -0.50 +0.71 -0.29 -0.64 +0.17 -0.64 -0.41 

SL Log 1.96 0.597 0.786 4.50 -0.44 +0.77 -0.11 -0.78 +0.05 -0.78 -0.33 

SCL Log 4.27 1.39 1.75 9.57 -0.43 +0.21 -0.49 -0.76 +0.57 -0.76 -0.38 

L Log 3.07 0.90 1.28 6.82 -0.46 +0.67 -0.37 -0.79 +0.39 -0.79 -0.21 

SiL Log 3.80 1.42 1.28 10.1 -0.20 +0.63 -0.56 -0.88 +0.68 -0.88 -0.31 

S Log 3.21 0.465 2.06 4.89 -0.39 +0.70 -0.41 -0.84 +0.13 -0.84 -0.34 

CL Log 5.97 2.37 2.08 15.3 -0.40 -0.35 -0.42 -0.73 +0.70 -0.73 -0.26 

SCL Log 7.13 2.34 3.02 15.5 -0.19 -0.37 -0.57 -0.82 +0.80 -0.82 -0.32 

SC Log 6.90 2.27 2.97 14.8 -0.23 -0.78 -0.59 -0.79 +0.83 -0.79 -0.23 

SiC Log 10.2 2.96 4.43 22.0 -0.31 -0.46 -0.47 -0.77 +0.63 -0.77 -0.31 

C Bet 14.1 6.24 4.93 75.0 -0.26 -0.52 -0.46 -0.73 +0.67 -0.73 -0.30 

 

 

Table 4.15  Statistical properties and correlation coefficients for saturated hydraulic 
conductivity (Ksat). Modified from Meyer et al.(1997) and Carsel & Parrish (1988). 

Saturated hydraulic conductivity (Ksat) 

Statistical properties Correlation coefficients 

Tex pdf Mean std ll ul 2s 2r ∀ n Ρc 8 b 

S bet 8.2E-03 4.4E-03 3.5E-04 0.0186 +0.00 -0.50 +0.73 +0.84 -0.68 +0.84 -0.65 

LS bet 3.9E-03 3.2E-03 3.9E-05 0.0134 +0.01 -0.34 +0.88 +0.65 -0.38 +0.65 -0.41 

SL log 1.2E-03 1.4E-03 9.6E-06 0.0347 +0.01 -0.22 +0.82 +0.60 -0.51 +0.60 -0.33 

SCL log 3.2E-04 5.9E-04 4.1E-07 0.0202 -0.01 +0.16 +0.82 +0.71 -0.39 +0.71 -0.38 

L log 2.9E-04 4.9E-04 5.5E-07 0.0159 +0.03 +0.14 +0.82 +0.41 -0.42 +0.41 -0.21 

SiL log 9.3E-05 2.2E-04 3.1E-07 3.1E-03 -0.02 -0.25 +0.80 +0.48 -0.39 +0.48 -0.31 

S log 4.9E-05 2.8E-05 9.9E-06 1.9E-04 +0.02 -0.21 +0.89 +0.44 -0.29 +0.44 -0.34 

CL log 9.9E-05 2.5E-04 1.4E-08 9.8E-03 +0.01 +0.51 +0.89 +0.58 -0.36 +0.58 -0.26 

SCL log 1.5E-05 3.4E-05 3.4E-08 6.5E-04 -0.03 +0.47 +0.83 +0.60 -0.41 +0.60 -0.32 

SC log 3.6E-05 1.5E-04 9.6E-09 2.5E-03 +0.05 +0.28 +0.58 +0.44 -0.26 +0.44 -0.23 

SiC log 2.2E-06 4.1E-06 1.6E-08 5.4E-05 +0.02 +0.64 +0.86 +0.64 -0.44 +0.64 -0.31 

C log 3.7E-05 1.1E-04 3.9E-09 4.8E-03 -0.01 +0.53 +0.86 +0.64 -0.37 +0.64 -0.30 
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4.2.9 Heterogeneity in space and time for soil physical properties (correlation 
lengths) 

Data on spatial variability investigated by means of geostatistical methods. For review 
of relevant research see Section 4.1. For all practical purposes at the time scales 
relevant for this guidelines document the parameters in Tables 4.16 and 4.17 are 
considered invariant. 

Table 4.16  Geostatistical data on texture related properties. 
Semi-variogram data on texture related properties 

Name Abbrev. ((h) model range (m)* ref. 

Bulk density RHO none1 , exp2 N/A1, 37-392 1,2 

Organic matter content SOM exp.2 34-452 2 

Porosity5 POR none1,spherical4  N/A1, 553a 1,3 

 

 

Table 4.17  Geostatistical data on derived soil hydraulic properties. 
Semi-variogram data on derived soil hydraulic properties 

Name Abbrev. ((h) model range (m)* ref. 

Saturated water content THETAS (2s) spherical4 800-9004b, 553a 3,4 

Residual water content THETAR (2r) spherical7,e 253,7 ,10-501,f 3 

vG1 fitting parameter ALPHA (∀) N/A6, spherical7,e N/A6, 257,e 6 

vG1 fitting parameter N (n) spherical7,e 257,e 7 

B&C2 air entry pressure PSIC (Ρc) spherical7,e 257,e 7 

B&C2 pore size 
distr.index 

LAMBDA (8) N/A6,d, spherical7,e N/A6,d, 257,e 6 

Campb.3 fitting 
parameter 

B (b) spherical7,e,8,g 257,e 7 

Saturated conductivity4 KSAT spherical5,c 213,7,1205,c,N/A6

25-401

3,5,6,7 

*: in horizontal direction 

1: Jensen & Refsgaard (1989), f: in general for water retention parameters 

2. Kristensen et al. (1995) 

3. Russo & Bresler (1981), a: for saturated water content 

4. Romano & Santini (1997), b: water content at -1 kPa  

5. Cook et al. (1989), c: groundwater recharge rate 

6. Mohanty et al. (1994), d: through n=8+1 

7: Vauclin et al. (1983),e: water content at pF2.5 

8: Meyer et al. (1997), g: relation between b and Ρc and 8  
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4.3 Geochemical properties and uncertainty 

An assessment of potential risk of groundwater contamination originating from a 
pollution in the unsaturated zone has recently been conducted within the EU projects 
FP5 GRACOS (Grathwohl et al., 2003) and SOWA (Grathwohl et al., 2004). The 
GRACOS project focusses on spreading of volatile constituents and seepage from 
disposed waste materials with respect to organic and inorganic pollutants and the 
production of a guidelines document. Meanwhile SOWA has a focus within the same 
discipline on integrated protection of soil and water resources and identification of 
scientific needs for future research. In the GRACOS review report the unsaturated zone 
is recognized as a porous filter in which microbiological processes play an important 
role for the natural attenuation of pollutants.  

4.3.1 Geochemical conditions of importance for contaminant leaching 
Geochemical and biological processes are predominant factors of the fate and transport 
of contaminants in soils and the unsaturated zone. Often these processes are studied 
separately. Detailed modelling approaches have been developed to couple the 
description of water flow and geochemical interactions as well as to couple the 
description of microbiological activities with geochemical interactions. They are 
functionally strongly related, where small scale heterogeneity serves as an important 
factor to provide a niche for surviving organisms (Grathwohl et al., 2004). 

Leaching of contaminants through the soil is controlled by many environmental 
parameters and their effect on contaminant release is to a very large extend compound 
specific. For instance, leaching of heavy metals is heavily dependent on pH, presence of 
dissolved organic carbon and changes in redox potential (van der Sloot et al., 2004). 
Heavy metals and other toxic elements are thus subject to a complex speciation in the 
unsaturated zone. The conceptual approach of interface interaction between solid 
compounds (including complex minerals and natural organic matter) is well developed, 
burt the validation of the different concepts and the quantification of related parameters 
is still uncertain and subject to scientific discussion (Grathwohl et al., 2004).  Volatile 
compounds (VOCs) leach to groundwater unless biodegraded by micro-organisms 
which in turn depend on other geochemical conditions for their existence. Other 
compounds such as various complex organic mixtures are also biodegradable, but may 
be very persistent over many decades to centuries. The same applies to some types of 
pesticides. Further environmental- and compound specific parameters that influence on 
biodegradation include biodegrability-, bio-availability- and concentration of the 
contaminant, soil temperature, oxygen content, water content and nutrients content. 
Thus within the context of the Water Framework Directive and ecological status, the 
uncertainties associated to geochemical environmental characterisation important to 
potential leaching of contaminant is large and highly pollutant specific. Numerical 
modelling of pollutant leaching is only possible if (1) a detailed characterisation of the 
soil hydraulic and geohydrologic conditions are known, i.e. water content profile, water 
table elevation and hydraulic conductivity; (2) a good estimate of location, quantity and 
composition of contaminant is available and (3) good estimates of biodegradation rates 
for each contaminant are availabe. Therefore, parts of the uncertainty for hydraulic 
parameters are described in this chapter also apply to geochemical parameters. Søvik & 
Aagaard (2003) found that most geochemical parameters are distributed normally or 
lognormally. Typical values and parameter bound cannot be provided due to their site-
specific nature. More specific parameters that relate to geochemical conditions 
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substantially add to the overall uncertainty. Overall guidelines with respect to 
uncertainty in contaminant transport are supplied in the GRACOS report (Grathwohl et 
al., 2003).  

4.3.2 Compound specific properties 
An IUPAC working group recently derived information on the uncertainty in sorption in 
the form of ‘rules of thumb’ (Wauchope et al., 2002). The authors considered that (1) 
the batch experiment probably varies from the true average Kd in the field of the same 
soil by a factor of two; (2) the variability in Kd in the field is to be attributed to 
variation of the organic matter content in the field and of the organic matter itself and 
typically has a CV of approximately 50%; (3) a Kd determined for different soils will 
vary by approximately one order of magnitude; (4) a CV of 30– 60% is common in 
multi-soil studies and reflects the variability in the sorption capacity of the organic 
matter and in the measurement of the organic carbon content; and (5) Koc values 
reported for different studies with multiple soils are expected to vary by an order of 
magnitude. The application of a similar approach for other key model input parameters 
would be useful. A number of sensitivity analyses have demonstrated that predictions of 
pesticide fate models for leaching will mainly be influenced by sorption and 
degradation parameters (Boesten, 1991; Soutter and Musy, 1998; Dubus et al., 2003), 
although a number of models have also shown large sensitivities to hydrological 
parameters (Dubus and Brown, 2002; Wolt et al., 2002). 

4.3.3 Classification of uncertainty of geochemical properties 
In general, as for soil physical and soil hydraulic properties, most geochemical 
properties in Table 4.18 do not change over time within timescales relevant for the 
WFD. However, close to the soil surface properties may change significantly due to 
agricultural practice. At depths deeper than the A- and perhaps B-horizon geochemical 
properties are more stable over time. Therefore the classification data for soil physical- 
and hydraulic data listed in Table 4.5 and 4.6 resembles the content of Table 4.18 and 
4.19.  

Table 4.18  Classification of uncertainty in geochemical properties (1).  
Geochemical properties 

Name Abbrev. Uncertainty 

category 

Type of 
empirical 
uncertainty 

Data support (sample 
size,  grain size < 2.0 
mm) 

Total phosphorus TOTP C1 M1 100 g 

Ferro oxides FE-O C1 M1 100 g 

Aluminium oxides AL-O C1 M1 100 g 

Phosphorus ferro oxides FE-P C1 M1 100 g 

Phosphorus alu oxides AL-P C1 M1 100 g 

CEC CEC C1 M1 100 g 

CaCO3 CaCO3 C1 M1 100 g 

PH pH C1 M1 100 g 

Table 4.19  Classification of uncertainty in geochemical properties (2). 
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Geochemical properties 

Name Abbrev. Methodological 
quality 

Longevity 

Total phosphorus TOTP I3,S3,O4 L2 

Ferro oxides FE-O I3,S3,O4 L2 

Aluminium oxides AL-O I3,S3,O4 L2 

Phosphorus ferro oxides FE-P I3,S3,O4 L2 

Phosphorus alu oxides AL-P I3,S3,O4 L2 

CEC CEC I3,S3,O4 L2 

CaCO3 CaCO3 I3,S3,O4 L2 

pH pH I3,S3,O4 L2 

 

4.3.4 Heterogeneity in space and time for geochemical properties (correlation 
lengths) 

The spatiotemporal variability of chemical interactions has received much less attention 
than e.g. hydrological and soil physical parameters variability. Computational 
limitations are one of the causes, e.g. fluctuating changes at the phreatic ground water 
level are very demanding if both the flow, transport and chemical changes need to be 
computed. The same applies to systematic studies of chemically reactive transport in 
spatially variable porous media, since nonlinear chemistry requires excessively fine 
discretisations in both time and space (Grathwohl et al., 2004). 

Data on spatial variability investigated by means of geostatistical methods. For review 
of relevant research see Section 4.1. For all practical purposes at the timescales relevant 
for this guidelines document the parameters in Table 4.20 are considered invariant. 

Table 4.20  Geostatistical data on geochemical properties. 
Geochemical properties 

Name Abbrev. ((h) model range (m)* ref. 

Total phosphorus TOTP linear/exp.1, 
gaussian1,2

632, 150-5001, 
553

1,2,3 

Ferro oxides FE-O exp5 1.7 5 

Aluminium oxides AL-O exp5 0.485 5 

Phosphorus ferro oxides FE-P N/A5 N/A5 5 

Phosphorus alu oxides AL-P N/A5 N/A5 5 

CEC CEC exp4 7.54 4 

CaCO3 CaCO3 linear/exp1 301 1 

*: in horizontal direction 

1. Kristensen et al. (1995) 

2. Delcourt et al. (1996)  

3. Klironomos et al. (1999) 

4. Barbizzi et al. (2004) 
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5. Søvik & Aagaard (2003) 

4.4 Summary and conclusions 

This chapter on uncertainty in soil physical and geochemical properties focussed on the 
variables listed in the summary table in Section 4.1. The variables dealt with are 
subdivided into three categories: (1) texture related properties, including bulk density, 
organic matter content and porosity; (2) derived hydraulic properties, including 
saturated- and residual water content, van Genuchten coefficients ∀ and n, Brooks and 
Corey air entry pressure(Ρc) and pore size distribution index (8), the Campbell 
coefficient b and finally the saturated conductivity Ksat.; (3) geochemical properties, 
including total phosphorus, ferro-oxides, aluminium oxides, phosphorus ferro oxides, 
phosphorus alu-oxides, CEC, CaCO3 and pH. This list of parameters included is not 
exhaustive, but the parameters are all important for assessing contaminant transport 
through the unsaturated zone by means of hydrologic model studies. Soil physical- and 
hydraulic properties are well studied at various scales whereas geochemical properties 
are less so. The classification of these properties in Tables 4.2 and 4.3 (soil physical 
properties), 4.5 and 4.6 (hydraulic properties) and 4.18 and 4.19 (geochemical 
properties) is more or less identical. All these variables do at the time-space length scale 
considered within the Water Framework Directive, are assumed to vary in space only 
and not in time when agricultural practice is excluded and only inherent properties are 
included. For most properties probability distribution functions or upper and lower 
bound can be derived and space support is usually at the sample size of 100 cm3 or 100 
g soil. For observing the variables treated in this chapter, good instrumentation (and 
ways to calibrate this instrumentation) is generally available. In addition ample data is 
available about appropriate sample designs and approved field and laboratory standards. 
Again, within the time-space scales considered the uncertainty is stable over time. For 
hydraulic properties tables are provided with statistical properties: pdf, mean, standard 
deviation, lower- and upper limit as well as cross correlation coefficients. These data 
are well suited for generating Monte Carlo datasets. Geostatistical data, including semi-
variogram type and typical autocorrelation length scales are provided as well.  
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5 GEOLOGICAL AND HYDROGEOLOGICAL DATA 

Bertel Nilsson 

5.1 Introduction 

The aim of this chapter is to illustrate how currently available techniques and results 
can be used to describe the uncertainty related to geological and hydrogeological data at 
the river basin scale. This chapter will have main focus on physical data uncertainty in 
the saturated zone unlike Chapter 4 that primarily covers the physical and chemical data 
in the unsaturated zone.  

Uncertainty descriptions in a geological and hydrogeological context are of great 
interest when studying the influence of uncertainty on water resources management 
(e.g. Freeze and Cherry, 1979; Smith and Wheatcroft, 1992). Various descriptive and 
statistical methods that are most often used to describe and interpret geological and 
hydrogeological data are presented in this chapter. 

5.2 Terminology and definitions of geological and hydrogeological data 
types 

The most commonly used terms in the geological and hydrogeological context are 
defined as follows: 

• A geological facies or lithofacies are any areally restricted parts of a designated 
stratigraphic unit which exhibits a character significantly different from those of 
other parts of the unit (Selley, 1976). 

• A hydrofacies or hydrogeological facies are used for homogeneous but not 
necessarily isotropic hydrogeological units, that are formed under characteristic 
conditions, which lead to characteristic hydraulic properties (Anderson, 1989). 

• A hydrogeological conceptual model is a conceptualisation of hydrogeological 
relationships among hydrofacies and generic geological depositional systems that 
convert a seemingly chaotic order in nature into an orderly system that can be tested 
scientifically and modelled mathematically. It is important to emphasise that such 
models do not address small-scale heterogeneities present within individual facies 
because small-scale spatial trends are dependent on site-specific conditions 
(Neuman and Wierenga, 2003; Anderson, 1989; see also section 5.3.1). 

The parameters in Table 5.1 are of large importance for hydrological studies with focus 
on parameterisation of models for describing flow and contaminant transport through 
the groundwater zone. All parameters relate to hydraulic properties of the aquifers and 
are highly uncertain. The values are typically obtained from: 

• Direct field measurements (saturated hydraulic conductivity and porosity). 

• Numerical model simulations (storage capacity, specific yield and dispersivity). 
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Table 5.1 Summary table. Hydrogeological properties 
Name Abbreviation SI Units 

Saturated hydraulic conductivity KSAT (K) m s-1

Specific yield Sy m-3 m-3  

Specific storage Ss m-1

Porosity POR (n) m-3 m-3

Dispersivity ALPHA (α) m 

 

5.3 Geological model structure  

5.3.1 What is a hydrogeological conceptual model ? 
Neuman and Wierenga (2003) describe a hydrogeological model as a conceptual and 
mathematical construction that serves to analyse, qualitatively and quantitatively, 
subsurface flow and transport at a site in a way that is useful for review and 
performance evaluation. It consists of a conceptual component: description of the site 
and circumstances being modelled, a set of regional and site data to support this 
description, and a mathematical component: a quantitative framework that incorporates 
both the description and the data, and mathematical (analytical and numerical) 
evaluation of system behaviour and performance. The evaluation of the hydrogeological 
model typically consists of simulating (reconstructing or predicting) and analysing 
space-time variations in quantities such as hydraulic head or pressure, solute 
concentration, fluid and solute flux and velocity, solute travel time and associated 
performance measures. 

A conceptual model may be a graphical representation of the groundwater system, 
frequently given in form of a block diagram or a cross section (Fig. 5.1) (Anderson and 
Woessner, 1992). Its development includes: (a) identification of hydrostratigraphic units 
and system boundaries; (b) assembly of field data including information on the water 
balance and data needed to assign values to aquifer parameters and hydrologic stresses; 
(c) and a field to help keep the modeller tied into reality and exert a positive influence 
on his subjective modelling decisions. The purpose of a conceptual model is to simplify 
the problem and organise the associated field data so that the system can be analysed 
more readily by means of a numerical model. The nature of the conceptual model 
determines the dimensions of this model and the design of the grid. 

Whereas much has been written about the mathematical component of hydrogeological 
models, relatively little attention has been devoted to the conceptual component. In 
most mathematical models of subsurface flow and transport, the conceptual framework 
is assumed to be given, accurate and unique (Dagan et al., 2003). Here we will 
especially try to establish the uncertainty of the conceptual component in 
hydrogeological models. 
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Figure 5.1 Translation of geological information into conceptual model for numerical 
modelling (from Anderson and Woessner, 1992.  

 

5.3.2 Where do uncertainties arise from in conceptual-mathematical models? 
The traditional approach to hydrogeological model uncertainty has been to postulate a 
deterministic conceptual-mathematical model structure and treat its parameters as being 
imperfectly known.  

Descriptive methods are used to create images of subsurface geological depositional 
architecture by combining site-specific and regional data with conceptual depositional 
models and geological insight. For a given field site, descriptive methods produce one 
deterministic image of aquifer architecture showing heterogeneity at scales ranging 
from stratigraphic features (m scale) to basin fill (river basin scale). Often, sedimentary 
strata are divided into multiple layers designated as aquifers or aquitards. The 
assumption is made that geological facies define the spatial arrangement of hydraulic 
properties dominating groundwater flow and transport behaviour (Anderson, 1989; 
Fogg, 1986; Klingbeil et al, 1999; Bersezio et al, 1999; Willis and White, 2000). This 
assumption can be checked using hydraulic property measurements to define facies.  

To produce a graphical representation of the groundwater system, descriptive methods 
follow a four-step procedure: (1) Development of a conceptual geologic model where a 
facies map of the interpreted geology throughout the flow domain is constructed. (2) 
Definition of hydrostratigraphic units, where the number of hydrostratigraphic units, 
their attributes, and their hydraulic properties are designated. The geologic attributes of 
each hydrostratigraphic unit must be present in the conceptual geologic model. (3) 
Development of a zone map and/or cross section. The geologic facies in step 1 are 
associated with the hydrostratigraphic units in step 2 to divide the aquifer into zones, 
neglecting smaller-scale heterogeneity. (4) Creation of a digital map and/or cross 
section(s), where a grid is superimposed on the zone map or cross section from step 3. 
Each cell in the grid is assigned the hydraulic properties of the corresponding zone. 
Thus the spatial structure of an aquifer is represented by zones of hydraulic conductivity 
whose arrangement is dictated by the geology. Approximate conditioning on measured 
hydraulic properties can be accomplished by assigning measured values to their 
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associated hydrostratigraphic units. If the scale and location of the cell are the same as 
those of the measurement, then the map or cross section is conditioned.  

Neuman and Wierenga (2003) summarise where uncertainties in conceptual models do 
arise from in addition to parameter uncertainty (see also Section 5.5). Uncertainties 
arise firstly from incomplete definitions of the conceptual framework that determines 
model structure; secondly from spatial and temporal variations in hydrologic variables 
that are either not fully captured by the available data or not fully resolved by the 
model; and finally from the scaling behaviour of the hydrogeological variables. 

5.3.3 Model structure uncertainty: Scenarios of alternative conceptual models 
Errors in model structure, i.e. the conceptual component explained in Section 5.3.1 may 
be quantified by considering different conceptualisations or scenarios. Carrera and 
Neuman (1986a,b) noted that model structure error could impact a model’s predictive 
ability far more than a wrong parameterisation does The scenario approach thus deals 
with a number of alternative conceptual models viewed. For each of these, the model 
conceptualisations may be analysed and the differences between model predictions by 
the alternative models are then seen as a measure of the model structure uncertainty. 
Beven and Binley (1992) put forward the Generalised Likelihood Uncertainty 
Estimation (GLUE) procedure that allows uncertainty originating from alternative 
conceptual models to be evaluated. Neuman (2002, 2003) and Neuman and Wierenga 
(2003) propose and apply (Ye et al., 2004) the Maximum Likelihood Bayesian 
Averaging (MLBA) approach for assessment of joint predictive uncertainties in the 
conceptual-mathematical model structure and its parameters. The influence of different 
model conceptualisations may also be evaluated by having alternative model codes with 
different process descriptions (Butts et al., 2004(submitted)) or, in the groundwater 
case, by having different conceptual models based on different geological 
interpretations (Selroos et al., 2001; National Research Council, 2001). Refsgaard et al. 
(submitted) present a framework for appraising predictive uncertainties of 
environmental models by representing the space of plausible alternative conceptual 
models and their pedigree (Funtowicz & Ravetz, 1990) by expert elicitation. 

Harrar et al. (2003) present an example using three different conceptual models, based 
on three alternative geological interpretations for a multi-aquifer system in Denmark. 
Each of the models was calibrated against piezometric head data using the UCODE 
inverse technique. The three models provided equally good and very similar predictions 
of groundwater heads, that included well field capture zones. However, when using the 
models to extrapolate beyond the calibration data to predictions of flow pathways and 
travel times the three models differed dramatically. 

The importance of geological interpretations on groundwater flow and age (particle 
tracking) predictions have been studied by Troldborg (2000, 2004). Three different 
conceptual models were constructed, based on an extensive borehole database with 
typical hydrogeological information using a zonation approach to define a simple, an 
intermediary and a complex hydrogeological conceptual model (Fig. 5.2). Calibrations 
of the models were performed using inverse calibration against hydraulic head and 
discharge measurements. Numerical simulation of groundwater age was carried out 
using a particle tracking model. It was concluded that the three models provided very 
similar calibration fits to groundwater heads. A model extrapolation to predictions of 
groundwater age revealed very significant differences between the three models, which 
was explained by the differences in underlying hydrogeological interpretations. 
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The scenario strategy has the limitation that it is not possible to fully quantify the 
uncertainty because we do not know the probability of each of the scenarios (conceptual 
models), and furthermore we cannot be sure whether we have adequately sampled the 
relevant space of plausible models. In this respect the expert knowledge on which the 
formulations of the alternative conceptual models have to be based is an important and 
unavoidable subjective element. The level of subjectivity can be reduced if the 
scenarios of alternative conceptual models can be generated in a formalised and 
reproducible manner. This is for example possible by use of the TPROGS procedure 
(Carle and Fogg, 1996; 1997), by which alternative geological models (a geological 
model is the basis for a conceptual model in groundwater modelling) can be generated 
stochastically by use of a transition probability-based geostatistical approach. The 
subjectivity does not disappear by this approach. It is ‘just’ transferred from formulation 
of the geological model itself to assumptions on the probability functions and 
correlation structure of the various geological units that are used in the stochastic 
generation in TPROGS. 

Petersen (2004) present an example using TPROGS to study contaminant transport 
through a highly heterogenous glacial till aquitard with complex windows of glacial 
derived sand lenses. TPROGS has derived geostatistical distributions for five different 
conceptual models, based on compilation of information from geotechnical CPT 
profiles, excavations, surface geophysics and a big amount of geological expert guess. 
The volume percent of sand and clay together with the lateral mean length of the sand 
lenses were varied as model input parameters (Fig. 5.3a). Based on these assumptions 
were the lateral correlation length between the sand lenses calculated by TPROGS to be 
50 meters (Fig. 5.3b). The conceptual models were converted to a numerical 
groundwater model to simulate groundwater movement and particle tracks. The tracks 
show how much the lateral length of the sand lenses influence the groundwater and 
spread out the particles in the five different conceptual models. Breakthrough curves 
showed a faster breakthrough and larger dispersion in models with sand lenses than 
without. The more sand the sooner breakthrough and larger dispersion. 

5.3.4 Guidelines based on the geological structure model  
It is important to notice that the hydraulic property values of each hydrostratigraphic 
unit should be effective values that integrate all smaller-scale heterogeneities. Use of 
uniform hydraulic property values within each zone implies that heterogeneity within 
hydrostratigraphic units is not as important as heterogeneity between hydrostratigraphic 
units (Anderson, 1989). 

It is of substantial importance that alternative conceptual models are constructed to 
quantify how much uncertainty in the conceptual model originates from the geological 
model structure. 
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Figure 5.3  (a) Transitional probabilities of the sand and clay distribution in the glacial till and 
(b) two different geological conceptual models (chuncks) of sand lenses in a glacial 
till aquitard (From Petersen, 2004)  
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Literature examples in coarse-grained fluvial sediments (Bradbury and Muldoon, 1990) 
are shown in Fig. 5.4. It appears that the mean hydraulic conductivity increases as the 
volumetric scale of the tests increases. When plotting the test volume against hydraulic 
conductivity this trend is evident, with a more rapid increase at smaller scales than at 
larger scales. Similar relations have been shown in clayey aquitard studies and in clayey 
tills (Fredericia, 1990). 

Subsurface investigations like pumping tests or tracer tests, are only able to deliver 
effective parameters at a scale much larger than the typical length of structures in a 
heterogeneous aquifer (Klingbeil et al, 1999). Results from many different 
hydrogeological field studies, for example Borden (Sudicky, 1985) and Cape Cod 
(Hess, 1990; Hess et al., 1991) show that the resolution of data acquisition necessary for 
predicting transport parameters cannot be achieved by standard subsurface investigation 
techniques such as pumping tests, tracer tests, flowmeter measurements and core 
analysis. Although on the vertical direction flowmeter measurements and core analysis 
data give enough details to characterise heterogeneous hydraulic conductivity and 
porosity distributions, in the horizontal direction boreholes often have spacings that are 
too large for inferring heterogeneous parameters. Thus the lateral continuity of 
subsurface structures, especially in the horizontal direction, is often not known. Based 
on this experience more detailed information is needed, particularly on the small-scale 
horizontal structure and consequently the distribution of parameters in aquifers 
(Anderson, 1989). Generally, real aquifers are not accessible for investigation to derive 
hydrogeological parameters at the scale required. An outcrop composed of a similar 
stratigraphy and of similar lithologies as the aquifer may be viewed as an analogue of 
the aquifer (“aquifer/ outcrop analogue”) representing an accessible formation for the 
examination of spatial geometries and for in-situ measurements of hydrogeological 
parameters at the smaller scale. 

Support volume of hydraulic measurements 

Aquifers contain many scales of geological controls on the permeability structure. The 
descriptive nature of many of these classifications makes them somewhat subjective; 
however, they provide a useful basis for comparison between methods for generating 
maps and cross sections of heterogeneity (Koltermann and Gorelick, 1996) (Table 5.2). 
Scales of geologic and permeability structure are based on (a) size of the geological 
features, (b) genetic origin, (c) support length (porous media measurement volumes).  

5.4.1 Classification of scales of heterogeneity 

The average volume of hydraulic measurements (also named support volume) is ranging 
within many orders of magnitude depending on size of volume representing the 
individual measurements. Spatial heterogeneity as a function of scale is well 
documented in the literature for hydraulic conductivity (Clauser, 1992, Sánchez-Vila et 
al., 1996; Nilsson et al., 2001). 

5.4 Scales of heterogeneity 

y 
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Table 5.2 Classification of scales of sedimentary heterogeneity (From Koltermann and Gorelick, 1996). 

 Scale name: Basin Depositional 
environments 

Channels Stratigraphic
features 

Flow regime
features 

 Pores 

Approximate length 
scale  

3 km– >100 km 80 m – 3 km 5 m - 80 m 0,1 m – 5 m 2 mm – 0,1 m < 2 mm 

Geologic features Basin geometry, 
stratal geometries, 
structural features, 
lithofacies, regional 
facies trends 

Multiple facies, facies 
relations, 
morphologic features 

Channel geometry, 
bedding type and 
extent, lithology, 
fossil content 

Abundance of 
sedimentary 
structures, 
stratification type, 
upward fining / or 
coarsening 

Primary sedimentary 
structures: ripples, 
cross-bedding, parting 
lineation, lamination, 
soft sediment 
deformation 

Grain size, shape, 
sorting, packing, 
orientation, 
composition, cements, 
interstitial clays 

Heterogeneity 
affected by 

Faults (sealing) 
folding, External 
controls (tectonic, sea 
level, climatic 
history), thickness 
trends, 
unconformities 

Fractures (open or 
tight), intra-basinal 
controls (on fluid 
dynamics and 
depositional 
mechanism) 

Frequency of shale 
beds, sand and shale 
body geometries, 
sediment load 
composition 

Bed boundaries, 
minor channels, bars, 
dunes 

Uneven diagenetic 
processes, sediment 
transport 
mechanisms, 
bioturbation 

Provenance, 
diagenesis, sediment 
transport mechanisms 

Observations / 
measurement 
techniques 

Maps, seismic 
profiles, cross-
sections 

Maps, cross-sections, 
lithologic and 
geophysical logs, 
seismic profiles 

Outcrop, cross-well 
tomography, 
lithologic and 
geophysical logs 

Outcrop, lithologic 
and geophysical logs 

Core plug, hand 
sample, outcrop 

Thin section, hand 
lens, individual clast, 
aggregate analysis 

Support volume of 
hydraulic 
measurements 

Shallow crustal 
properties 

Regional (long term 
pumping or tracer 
tests) 

Local (short term 
pumping or tracer 
tests) 

Near-well (non-
pumping tests-height 
of screened interval) 

Core plug analysis 
(permeater) 

Several pores (mini-
permeameter) 
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Figure 5.4  Relationship between the geometric mean measured hydraulic conductivity and the 
data support (sample size) for different field measurement methods in coarse-
grained fluvial sediments in Wisconsin (from Bradbury and Muldoon (1990).  

 

5.5 Hydrogeological data uncertainty 

In the following the variables in Table 5.1 are each classified according to their 
uncertainty category, type of empirical uncertainty and data support, and typical sample 
size (Table 5.3). In addition the variable uncertainty regarding methodological quality 
and longevity is provided in Table 5.4. 

Soil samples taken in the field for determination of hydrogeological parameters are 
typical in the order of 100 cm3. In lower permeable soils, like clayey till larger samples 
(typically tens to hundreds of m) are needed to represent preferential pathways. 
Different measurement techniques used to determine saturated hydraulic conductivity in 
clayey soils represent different spatial scales (e.g 14 orders of magnitude of support 
volume) as shown in Fig. 5.5. The uncertainty category and type of empirical 
uncertainty is the same for all the five parameters due to these variables are closely 
related. All variables are assumed to be stationary in time and variable in space. 
Probability distributions are known at least for the saturated hydraulic conductivity and 
upper and lower bounds are normally known for the other variables. Instruments and 
measurement techniques in the field are well established among professionals and (if 
needed) calibrated to the given conditions. Approved standards given in Freeze and 
Cherry (1979) are used (if needed).  
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Table 5.3 Classification of uncertainty related to hydraulic properties (1). 
Name Abbreviation Uncertainty 

category 
Type of empirical 
uncertainty 

Data support 
(sample size) 

Saturated hydraulic conductivity KSAT (K) C1 M1 10-5 – 109 m3

Specific yield Sy C1 M1 100 cm3

Specific storage Ss C1 M1 100 cm3

Porosity POR (n) C1 M1 100 cm3

Dispersivity ALPHA (α) C1 M1 100 cm3

 

Table 5.4 Classification of uncertainty related to hydraulic properties (2). 
Name Abbreviation Methodological 

quality 
Longevity 

Saturated hydraulic conductivity KSAT (K) I3, S3, O4 L2 

Specific yield Sy I3, S3, O4 L2 

Specific storage Ss I3, S3, O4 L2 

Porosity POR (n) I3, S3, O4 L2 

Dispersivity ALPHA (α) I3, S3, O4 L2 

 

Heterogeneity in space and time for hydraulic properties (correlation lengths and 
range) 
Data on spatial variability investigated by means of geostatistical methods has obtained 
significant attention in the technical literature. . For all practical purposes at the time 
scales relevant for this guideline document the variables are considered invariant. 
Several studies have focused on the determination of spatial correlation length scales for 
different hydraulic properties. 

Hydraulic conductivity (KSAT) 
Gelhar (1986) summarised the variances (σ) and correlation lengths (λ) of hydraulic 
conductivity calculated for numerous field sites in Table 5.5, which covers a wide range 
of overall problem scales and seems to indicate that the larger scale problems have 
larger correlation scales as would logically be expected. Of course, it should be 
recognised that Table 5.5 covers a wide range of observational conditions. For example, 
the horizontal aquifer data usually represent a depth-averaged property, the 
transmissivity, whereas the horizontal soil data are smaller scale point measurements. 
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Table 5.5  Variances and correlation scales for log hydraulic conductivity or log transmissivity 
(From Gelhar, 1986). 

Source Medium Variance  
(σ) [m2] 

Correlation 
Scale (λ) [m] 

Overall Scale       
[m] 

Bakr (1976) Sandstone aquifer 1.5-2.2 0.3-1.0 V 100 

Smith (1978) Outwash sand 0.8 0.4 V 30 

Delhomme (1979) Limestone aquifer 2.3 6300 H 30,000 

Binsariti (1980) Basin fill aquifer 1.0 800 H 20,000 

Russo and Bressler 
(1981) 

Hamra Red 
Mediterranean soil 

0.4-1.1 14-39 H 100 

Luxmoore et al. 
(1981) 

Weathered shale 
subsoil 

0.8 < 2 H 14 

Sisson and Wierenga 
(1981) 

Silty clay loam soil 
(alluvial) 

0.6 0.1 H 6 

Viera et al. (1981) Yolo soil (alluvial 
fan) 

0.9 15 H 100 

Devary and Doctor 
(1982) 

Alluvial aquifer 
(flood gravels) 

0.8 820 H 5,000 

Byers and Stephens 
(1983) 

Fluvial sands 0.9 0.1 V 

> 3 H 

5 

14 

Hoeksema and 
Kitanidis (1985) 

Sandstone aquifer 0.6 45,000 H 5x105

Hufschmied (1985) Sand and gravel 1.9 0.5 V 20 

Sudicky (1985) Outwash sand 0.6 0.1 V 20 

Correlation scales based on e-1 correlation distance; H = horizontal sampling; V = vertical sampling 

 

Ranges of values of the hydraulic conductivity are summarised in Fig. 5.5. Hydraulic 
conductivity of various geological materials ranging more than 13 orders of magnitude 
with unfractured bedrocks and matrix permeability in glacial tills in the lower end and 
unconsolidated sediments in the middle to upper end. 
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Figure 5.5 Range of values of hydraulic conductivity and permeability (From Freeze and 
Cherry, 1979) 

 

Storage coefficients and porosity 
Correlation lengths of Specific yield (Sy), Specific storage (Ss) and porosity (n) are not 
found in the literature. The range of values (per material type) is available and given in 
Table 5.6.  

Table 5.6 Range of values of porosity, specific yield and specific storage. 
 N [m-3 m-3]  a) Sy [m-3 m-3] b+c)

(10-2 m/m) 

Ss [m-1] b+c)

Gravel 25-40 20-40 10-4 – 10-6

Sand 25-50 10-30 10-3 – 10-5

Clay 40-70 1-10 10-3 – 10-4

Sand and gravel 20-35 15-25 10-3 – 10-4

Sandstone 5-30 5-15 10-3 – 10-5

Limestone 0-20 0,5-5 10-3 – 10-5

Shale 0-10 0,5-5 10-3 – 10-5

Freeze and Cherry (1979) 

Anderson (1989) 

Smith and Weathcroft (1992).  
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Dispersivity (α) 
The correlation length of another hydraulic property, the longitudinal dispersivity, has 
been compiled in Fig. 5.6 from many field sites with very different geological setting 
around the world (Gelhar, 1986). These data indicates that a longitudinal dispersivity in 
the range of 1 to 10 m would be reasonable for a site of dimensions on the order of 1 
km, whereas the range of 10 to 1000 m would cover the river basin length scale on the 
order of few km to more than 100 km. 

The dispersivity values typically vary with 2 to 3 orders of magnitude depending on 
which length that are of interest.   

    

 

Figure 5.6 Longitudinal dispersivity data plotted versus scale of experiment; the largest 
symbols indicate the most reliable data (From Gelhar, 1986). 

 

5.6 Summary and conclusions 

This chapter on uncertainty in geological and hydrogeological parameters focuses 
mainly on various descriptive and quantitative methods that are used to deal with 
uncertainty in hydrogeological conceptual models and secondly on the variables listed 
in the summary table in Section 5.2. The variables dealt with can be subdivided into two 
categories: One category of parameters that can be measured in the field, including 
saturated hydraulic conductivity and porosity and another category representing 
parameters derived from model simulations, including specific storage, specific yield 
and dispersivity. All the treated parameters are of large importance for hydrologic 
studies with focus on parameterisation of modelling tools for describing flow and 
transport through the groundwater zone. 
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Soil samples taken in the field for determination of hydrogeological parameters are 
typical in the order of 100 cm3. In lower permeable soils, like clayey till larger volumes 
(10 – 100 m scale) are needed to represent preferential pathways. The uncertainty 
category and type of empirical uncertainty is the same for all five parameters: Saturated 
hydraulic conductivity, specific yield, specific storage, porosity and dispersivity. All 
variables are assumed to be stationary in time and variable in space. Probability 
distributions are known at least for the saturated hydraulic conductivity and upper and 
lower bounds are normally known for the other variables. Instruments and measurement 
techniques in the field are well established among professionals and (if needed) 
calibrated to the given conditions. Approved standards are used (if needed). 
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6. LAND COVER 

Guillermo Castilla and Salomón Montesinos 

6.1 Introduction 

Land cover maps depict the distribution over a territory of the set of landcover classes 
included in the map legend. Such classes refer to what is physically on the Earth surface 
such as vegetation, water or sand. Strictly speaking, land cover should be confined to 
vegetated and built-up areas. Consequently, classes like bare soil or sand (desert) 
describe land itself rather than land cover. However, in practise the scientific 
community is used to describe those situations under the term land cover (FAO, 1997). 
Also, it is worth noting that land cover is not synonym for land use. Land use classes 
are abstractions of economic uses of land and other societal relationships with the 
territory. Hence land use is the function of land cover for human activities. Note that 
both domains lack a one-to-one correspondence between them. For instance, Recreation 
area is a land use class that may be applicable for different land cover types like e.g. 
sand (a beach), urban (a funfair), forest (a periurban park), etc. Unfortunately, land use 
and land cover are used interchangeably in many maps, with natural and semi-natural 
areas defined as land cover and agricultural and urban areas as land use. Confusing both 
terms leads to increased ambiguities and incongruities in legend definition, therefore 
they should be kept apart (Meinel and Hennersdorf, 2002). The discussion here will 
focus on land cover, since land use is more difficult to observe in Remote Sensing (RS, 
the major data source used for making these maps) images than the former. 
Notwithstanding this, to some extent it is possible to draw conclusions for land use from 
land cover and vice versa, therefore most of the argument will also be valid for land use 
maps. An overview of the field can be found in Lins (1996). 

Land cover maps are derived from RS ortho-rectified (i.e. geometrically corrected to 
some cartographic projection) imagery, either aerial ortho-photos or satellite 
multispectral ortho-images. Both alternatives are going to be treated separately in this 
chapter. In the first case, land cover units are usually delineated manually by 
photointerpretation. This process consists in the identification of homogeneous regions 
in the ortho-photo, and it is based in the visual differences that different land cover 
types create. The major features used for this task are texture, tonal contrast or colour, 
pattern, size, shape, and context. Taken together, these features make up a diagnosis that 
allows land cover to be mapped without having to visit every unit on the ground. 
Nevertheless, there is always a need for field verification in order to assess the map 
accuracy, i.e. the frequency of labelling and/or delineation errors in the map. Some key 
recommendations for accuracy assessment can be found in Table 6.1. Note that 
accuracy may be considered the antonym of uncertainty in this context, i.e. the more 
accurate the map is, the less uncertainty it has. 

The usual digital representation of maps derived from ortho-photos is a polygon vector 
layer, i.e. a mosaic of non-overlapping contiguous units or polygons representing 
semantically homogeneous patches of land, where each polygon has a meaning 
(landcover class, represented by a label) that is different to the ones of adjacent 
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polygons. These patches, being unitary and different from their surroundings, can be 
considered geographic objects. We will term this conception the object model of land 
cover. Under this model, each landcover class is an abstraction of a collection of 
geographic objects (represented in the map by polygons) summarising the set of typical 
features shared by these objects. 

In the second case (satellite imagery), it is common to apply a semi-automated 
classification to the multispectral image. This process uses pattern recognition methods 
to group individual data samples, or signatures, into classes. A signature is an n-
component vector where each component usually is the value taken by a given 
individual pixel in each of n channels or bands. This vector acts as the coordinates of a 
data point in an n-dimensional space. The non-uniform arrangement of signatures 
(which usually tend to cluster into more or less discontinuous regions) within this space 
forms a structure that is seized in the analysis to delineate the regions of that space 
occupied by each class of interest. 

 

Table 6.1 Key accuracy assessment recommendations for the NPS/NBS Vegetation. Mapping 
Program (http://biology.usgs.gov/npsveg/aa/toc.html). 

 

The accuracy assessment should be independent from the mapping process itself. Since the 
vegetation database will be compiled as a series of park-specific projects, a separate 
accuracy assessment should be conducted for each park.  

The accuracy assessment should be point based with an observational unit equivalent or 
larger than the minimum mapping unit.  

The recommended number of samples per class should reflect the abundance of each class 
within the project area. Rare classes should be sampled with less frequency than abundant 
classes. As such, the accuracy of rare classes will be stated with less precision than that of 
abundant classes.  

Thematic accuracy should be expressed using contingency matrices contingency matrices 
adjusted for chance agreement with a Kappa index. It is recommended to report users' and 
producers' accuracy for each class. These accuracies should be expressed as a percentage 
with a 90% confidence interval. Positional accuracy should be expressed as a root mean 
square error. It is recommended users be provided with the actual accuracy estimates rather 
than stating whether or not the product meets a specific accuracy standard.  

Ideally, accuracy assessment should capture all components of uncertainty associated with 
vegetation mapping. Recognizing that operationally this may not be feasible, it is 
nevertheless recommended to test experimental methods measuring, for example, within 
polygon variation, or the uncertainty in the position of polygon boundaries.  

Prior to implementing any of the accuracy assessment procedures, they should be tested 
operationally during the prototyping phase of the project. It is anticipated that the 
methodology will need to be refined as a result of the testing. 
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consist of individual pixels rather than polygons. Pixels cannot be thought of as 
geographic objects, since they are artificial units that often portray the same landcover 
type than their neighbours. Instead, land cover is better conceived here as regionalised 
variable, or  geographic field, describing the type of material that covers each square 
plot of the territory.  We will term this conception the field model of land cover. Under 
this model, each landcover class represents a particular combination of recurrent 
elements (such as trees or buildings) that yield a particular joint reflectance profile 
when observed from faraway. Such profile can in turn be recorded by imaging 
spectrometers mounted on satellites. Note that the footprint over which a single 
measurement is made (i.e. the plot of terrain corresponding to a single pixel) must be 
large enough as to encompass the elements included in the biophysical description of 
the class. Otherwise the measurement would be more readily related to the spectral 
properties of these elements than to the ones of the land cover class as a whole. If that is 
the case, the class should be split in its resolved (i.e. visible in the image) constituents. 
For example, the class urban cannot be classified pixel-wise from a very high resolution 
image where single trees and cars are visible, rather one have to identify first the roads, 
sidewalks and roofs compounding it.  

The main variable dealt with in landcover maps is the label, a categorical variable with 
as many possible values as landcover classes there are in the legend. Since, as explained 
below, both models (field and object) are nearly incommensurable, this variable will be 
treated separately for each model. Hence two variables are going to be studied, namely 
flabel (field model) and olabel (object model). In the field model, labels are mass nouns 
(e.g. water) that refer to types of surface materials. Under such view, any arbitrarily 
delimited piece of terrain (represented by e.g. a pixel) covered by that material is still a 
referent to that noun (i.e. an instance of that landcover class), provided it is large 
enough as discussed above. This is in sharp contrast to the object model, where 
instances consist in polygons that are necessarily different from their surroundings. 
Polygons are better conceived as referents to count nouns (e.g. lake), i.e. as instances of 
types of geographic objects (Castilla, 2003).  

Both models would not be in conflict if all the ‘mass’ instances that can be individuated 
in a given polygon conform to the definition of the class qua surface material, as in a 
typical water/lake example. However, polygons usually include some parts that ‘are 
made’ of a different material (e.g. a lake with some small islands on it). Such parts may 
have a reduced extension that precludes their inclusion in the map as separate units.  In 
other cases, polygons consist of complex compounds of very different materials, such as 
a town. Again, there would be no conflict if one could think of the town as a maximal 
set of connected pixels ‘made’ of  a special compound material called urban fabric. But 
in order for the urban fabric to possess consistent spectral properties, it must be 
observed at a coarse resolution (say > 250 m). This pixel size may be adequate to 
measure consistently the spectral signature of urban areas, but it may not fulfil the 
spatial accuracy requirements of the map, or simply be too large to map small villages. 
If a higher resolution is used in turn to achieve the desired accuracy, two problems 
arise. On the one hand, the classification should be based on subclasses such as asphalt 
or concrete that may be of little interest for users. On the other hand, the integration of 
contiguous instances of these subclasses into a meaningful larger instance –the town- is 
not trivial. Besides, it leads to an object-instance rather than to a material-instance, 
since the integration is based on relational features rather than on spectral ones. In short, 
the geographic distribution of classes will differ considerably if mass-instances (pixels) 
are used instead of count-instances (polygons). Therefore both models, field and object, 
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are nearly incommensurable. The table  below summarizes the features of the variables 
considered in this chapter. 

 

Table 6.2 Summary table of land cover variables (for code meaning, refer to Chapter 2).  
 Landcover class  

(field model) 

Landcover class  

(object model) 

Abbreviation flabel olabel 

Basic areal unit Pixel Polygon 

Minimum size of basic unit Equal to the pixel size Given by the Minimum 
Mapping Unit (MMU) 

Type of instances Surface materials Geographic objects 

Method of determination Automated classification Photo-interpretation 

Uncertainty category D3  D3  

Type of empiric uncertainty 
attached to classification 
accuracy 

M1 (mean classification error 
derived from a contingency 
matrix) 

M1 (mean classification error 
derived from a contingency 
matrix) 

Instrument quality I2 to I3, depending on 
spectral and spatial resolution 

Normally I2 (depending on 
spatial resolution) 

Sampling strategy S2 (limited number of both 
training and verification 
samples) 

S4 to S1, depending on spatial 
resolution 

Overall method O3 O4 

Longevity of uncertainty info. L1 L1 

 

Both variables belong to the D3 uncertainty category (categorical, vary in space and 
time), and their attached empiric uncertainty is treated quantitatively through the 
statistics derived from a contingency table of errors (M1 empirical uncertainty 
category). In the remain of the chapter, flabel and olabel are examined with respect to 
both positional and categorical uncertainty, as well as the factors that may influence 
them. Finally some conclusions are made. Before proceeding, two caveats should be 
noted. The first one is that this chapter neglects some special cases for the sake of 
clarity. For example, satellite images are also used for photointerpretation, and aerial 
ortho-photos can be analysed semi-automatically for object-oriented classification. 
There can also be mixed techniques that make a combined use of photointerpretation 
and digital classification. However, the existence of such special cases do not affect the 
validity of the discourse, and the main conclusions drawn here can also be applied to 
them. The second one is that the temporal dimension of uncertainty is only addressed in 
this paragraph. Land cover maps are snapshots of the territory taken when the data (e.g. 
aerial photographs) were collected. Age decreases the reliability of the information 
portrayed in the map, since the territory is subject to changes that affect land cover, 
such as wildfires, the construction of new infrastructures, and land use shifts from rural 
to urban or from agriculture to forestry. The more frequently these changes occur, the 
 

Castilla and Montesinos, Land cover data  6-4 



HarmoniRiB June 2005  Guidelines for assessing data uncertainty 

_______________________________________________________________________________________ 

 

more urgent the need for updating. Since the likelihood of changes is not uniform 
throughout the territory (vg. it is higher in the urban-rural buffer), age affects unevenly 
map reliability. Similarly, it is unusual that all data are coetaneous for a given mapping 
project, especially field surveys, so again the temporal reliability is likely to vary from 
one sheet to another. An important consequence of temporal uncertainty is that, as the 
database is updated, past deductions have to be revised as they may be no longer valid 
(this is known as the ‘belief maintenance problem’). For example, a natural vegetation 
area may have been assessed in an earlier study as having a high carrying capacity to 
sustain game, but after a wildfire that assessment may not be true anymore.  

6.2 Landcover classes as types of surface materials 

The field model conceives the territory as covered by several types of surface materials 
that are spatially distributed into pieces larger than a pixel. Land cover raster maps 
typically represent the territory as a regular grid composed of square cells where each 
cell or pixel is filled with the colour assigned  to the landcover class (flabeli) that is 
supposed to cover the corresponding plot of terrain. The map legend must consist of a 
discrete number of mutually exclusive and collectively exhaustive classes, so that any 
given configuration of land cover within that territory, and therefore any given cell, can 
be allocated to some class. Each class is a concept that can be defined by either 
intension (the set of properties distinguishing it from all others) or extension (the set of 
instances belonging to it). In order to define quantitatively the classes, the field model 
seizes the relationship between the biophysical properties of land cover and the 
electromagnetic ones measured by remote sensors. Thus a set of typical signatures or 
training pixels, usually collected from representative well known locations, is used to 
construct a surrogate intensional definition of each class. Then the region(s) of the 
multidimensional data space occupied by each class are demarcated according to this 
definition. Signatures inside that region(s) constitute the extensional definition of the 
class. Under the field model, it is expected that the projection of this extension onto the 
territory, i.e. the set of terrain plots that belong to each class, coincides to a great deal 
with the one that would have been obtained should the proper intension (related to 
biophysical features) be applied to exhaustive ground observations. 

Flabel is estimated from pixel signatures through a process called image classification, 
which consists in demarcating the regions of the multidimensional data space associated 
with each class of interest flabeli (i=1,..., m). The classification is carried out with the 
aid of a set of discriminant functions gi (one for each of m classes), such that given a 
signature X, gi(X) is greater than the other gj when X belong to class flabeli. In other 
words, X is classified as a member of class flabeli if and only if gi (X) ≥ gj (X) for all 
j=1,2,... m (Landgrebe, 1999). The uncertainty category of flabel is D3 (categorical, 
varies in time and space). 

 

6.2.1 Positional uncertainty 
There are two main uncertainties contended with when dealing with land cover maps, 
positional and categorical (usually termed thematic in the field of cartography and GIS) 
uncertainty. This distinction is debatable, since a label disagreement at given location 
could be interpreted as being due to either positional (e.g. a systematic coordinate error) 
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or thematic error. However, we will follow this separation, for two reasons. First, it is 
common in the literature. Second, it is useful, for it distinguishes two types of 
uncertainty that are very different in nature.  

In the case of flabel, positional uncertainty relates inversely to the degree of confidence 
we have in that the actual location of the plot of terrain represented by a given cell of 
the raster corresponds acceptably to the coordinates of that cell. Hence positional 
uncertainty depends mostly on the quality of the geometric correction (ortho-
rectification) performed on the satellite image from which the map was derived. 
Positional accuracy is usually estimated by the Root Mean Square Error (RMSE) of 
selected points (such as crossroads) clearly identifiable in the image and whose precise 
coordinates are known from a higher accuracy source (e.g. a high quality topographic 
map or differential GPS measurements). RMSE is computed as the square root of the 
mean of the squared errors, and is calculated combining both x and y directions. Such 
estimation assumes that positional errors are random and evenly distributed throughout 
the scene, which may well not be the case, especially in hilly terrain due to relief 
distortions. 

In general, positional uncertainty is far less serious than the categorical one (see e.g. 
Green and Hartley, 2000), therefore it will not be discussed in detail here. So we will 
conclude saying that RMSE is considered acceptable when it is less than the pixel size, 
a fact that is referred to as subpixel accuracy. In practice , the true location of the centre 
of a pixel of an image geocorrected at subpixel accuracy can be safely assumed to lie 
somewhere within a 3x3 block of pixels surrounding that point (Goodchild, 1994). For a 
review on geometric correction of remote sensing images, see Toutin (2004). 

6.2.2 Categorical uncertainty 
Categorical uncertainty is inversely related to the degree of confidence we have that if 
we visit the plot of terrain corresponding to a given cell of the raster, it would be 
covered by the landcover class indicated in the map. This uncertainty is commonly 
assessed using a contingency table of agreement between predicted and observed 
values, which is usually called the confusion matrix (Table 6.3). An example of its 
application to the accuracy assessment of a national landcover map can be found in 
Stehman et al. (2003).The confusion matrix is computed from a subset of pixels from 
known areas that were not used as training pixels, and it compares for each landcover 
class the predicted class with the actual one on the ground. There are a number of 
methods to measure accuracy from this table (for a review on accuracy assessment of 
landcover maps, see Foody, 2002), the simplest being the percent correctly classified, 
usually called itself ‘accuracy’. The recommended accuracy threshold, below which the 
resulting map should be discarded for operational purposes, is 85% (Anderson et al., 
1976). Another common measure is the kappa index, similar to the former but it ranges 
from 0 to 1 and is not biased by chance agreement (i.e. it takes into account the 
expected rate of agreement between predicted and actual datasets based on chance 
alone). Kappa values over 0.75 indicate very good correspondence between the two 
datasets, while values below 0.50 indicate poor correspondence. 

The main drawback of this matrix is that it only captures the average error over the 
entire mapped area, whereas the likelihood of misclassification may vary markedly 
from one place to another (Goodchild, 1994). In addition to the often biased spatial 
distribution of errors, there are usually significant differences in error rates among the 
classes (Davis and Simonett, 1991), albeit this aspect is well displayed in the confusion 
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matrix. The selection of the sample pixels used in the construction of the matrix may 
also bias optimistically the accuracy estimates (Plourde and Congalton, 2003), as they 
are usually picked up in blocks rather than individually. This violates the independency 
assumption of statistical sampling, because near pixels are usually correlated and 
therefore tend to show similar values.  

 

Table 6.3 Sample confusion matrix from a Remote Sensing project.  
(http://www.vtt.fi/tte/research/tte1/tte14/proj/teseo/pages/prototype1.html) 

Ground data\Classified Non-forest Forest Water Total Accuracy (%) 

Non-forest 4462 573 3 5038 88.6 

Forest 622 2715 2 3339 81.3 

Water 29 4 14 47 29.8 

Total 5113 3292 19 8424 85.4 

 

Another issue in the assessment of thematic accuracy is the source of ‘ground truth’, 
that is, the reference data upon which the classification results are validated. Many 
times, because of financial and logistic constraints, these are not ground data derived 
from field surveys but aerial photos of higher resolution and/or previously compiled 
maps, available at some limited parts of the larger map extent, which are deemed to 
possess the highest accuracy. In the latter case, caution should be used when 
interpreting the results of the comparison, due to the likely different conceptual and 
averaging filters that each map applies to  the territory. For example, Finke et al. (1999) 
compared the CORINE landcover map with the Landcover database of the Netherlands 
and concluded that the former contains considerable errors, reporting that 69% of the 
area covered by (semi)natural vegetation was misclassified in a combined 
soil/vegetation map. Such disagreement probably comes from different map legends, 
spatial support and aggregation rules, rather than to shear ‘error’ in the less detailed 
map. Indeed, mapping errors are “forcible deviations between a representation and 
actual circumstances” (Chrisman 1991). But the actual circumstances of a territory must 
be described at a given scale of observation using a given set of concepts –the map 
legend. Therefore, in order to estimate error in a map by means of a more detailed map, 
the latter should use the same concepts than the former, and prior to comparison, it 
should be upscaled to the same resolution than the former. Otherwise the map 
uncertainty may be overestimated as in the example. 

 

Despite the confusion matrix is widely used as the standard accuracy assessment for 
RS-derived maps, it is clearly insufficient for a thorough uncertainty analysis, as it does 
not take into account the spatial distribution of errors. A better alternative is the general 
error model proposed by Goodchild et al (1992). In their model, each pixel is associated 
with a m-component vector of probabilities giving the probability that the pixel belong 
to each class 1 through m. The classes allocated to the pixels in the map represent one 
realization of a stochastic process defined by these vectors. That is to say that over a 
large number of realizations, the proportion of times a pixel is assigned to each class 
will converge on each class’s probability at that pixel. In addition, within any given 
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realization, the outcomes in neighbouring pixels are correlated, so that the model also 
includes parameters describing the level of spatial dependence. Sample realizations can 
be obtained as the outcome of a classification performed using a randomly selected 
subset of training pixels. The parameters of the model can be calibrated by adjusting 
them so that the range of outcomes matches reasonably the range observed in reality. 
An example of its application can be found in Horttanainen and Virrantaus (2004). 

6.2.3 Factors that may influence the uncertainty  
The main factors influencing the reliability of this kind of maps can be identified as 1) 
the quality of the image(s) used as input for classification; 2) the quality of the training 
pixels used to define quantitatively the classes; 3) the degree of correspondence 
between the biophysical definition of classes and their radiometric definition. 

Satellite images are measurements, distributed at a fixed ground sampling interval 
(equal to the pixel size), of regionalised variables. These variables are usually related to 
some electromagnetic property of the Earth surface and the atmosphere, such as the 
radiance recorded by optic sensors at several bands of the spectrum. The latter depends 
not only on the reflectance of the surface, but also on atmospheric conditions and on 
incidence and viewing angles.  So the clearer the atmosphere and the flatter the terrain, 
the more can be expected that reflectance estimates derived from the recorded values 
are equally good for all the pixels in the image. Assuming that the image either fulfils 
these requirements or has been adequately corrected for atmospheric and relief effects, 
each pixel can then be considered as a sample introduced in a desktop spectrometer. 
The resulting signature is then compared to the ones of  selected samples (training 
pixels) of each material that can be found in the imaged territory –scene.  After 
comparison (i.e. classification), the material having the most similar signature(s) to the 
one under analysis is selected as the class to which that pixel belongs. 

This discourse can be extended to cases where signatures are not spectral, like e.g crop 
classification using multitemporal radar images. The key point is that the set of images 
used in the analysis allows for a good discrimination between classes, i.e. that no two 
signatures from different class are similar. In order words, in order for the classification 
to be successful, signatures should clump into clusters in the n-dimensional data space, 
where each cluster is composed of signatures of a prevailing class, and where clusters 
from different classes are separated by quasi-empty space. Conversely, the greater the 
overlap between two given classes, the higher the probability that they will be confused 
(Schowengerdt, 1997). Therefore a high quality multiband image in this context is one 
where signatures are segregated in the data space according to their class, enabling an 
accurate classification. As explained earlier, the latter consists in locating the regions of 
the data space where each class prevails. The demarcation is performed with the aid of a 
set of known signatures, the training pixels. 

An issue related to image quality is what is the best combination, in type and number, of 
images that can be used to analyse landcover, from a given data set. This is a classic 
problem of pattern recognition, called feature selection (where feature stands for band), 
consisting of two inter-related parts: feature extraction (the transformation and/or 
combination of the original images/bands into new ones) and feature reduction (the 
reduction of the dimensionality of the data set by selecting the smallest subset of bands 
providing an acceptable discriminative power). Feature selection is generally 
considered a process of mapping the original measurements into more effective 
features. Unfortunately, in many applications, the important features are nonlinear 
 

Castilla and Montesinos, Land cover data  6-8 



HarmoniRiB June 2005  Guidelines for assessing data uncertainty 

_______________________________________________________________________________________ 

 

functions of original measurements. Since there is no general theory to generate 
mapping functions and to find the optimum one, feature selection becomes very much 
problem oriented (Fukunaga, 1972). In any case, the two main approaches used are 
class separability analysis and eigenanalysis (Mausel et al., 1990). 

Turning to training pixels, the accuracy of image classifications depends heavily on 
their quality, even more than on the actual classifier used (Buttner et al., 1989). 
Moreover, the same classifier is likely to produce different results on the same image 
when trained with a different set of training pixels (Smits et al., 1999). As a 
consequence, the result is prone to reflect inconsistencies in the selection of training 
samples. Thus ‘good’ training pixels must be fully representative of their respective 
class, so that a good number of instances of the set of typical signatures of that class is 
included. This implies e.g. that they should be well distributed across the scene, as there 
may be ‘local varieties’ of the material, where each variety may conform a separate 
cluster in the data space. 

Another requirement is that the piece of terrain over which the measurement is made is 
large enough as to include a representative number of the elements constituting the 
biophysical definition of the class (Woodcock and Strahler, 1987). For example, if the 
class forest is defined as ‘an area densely covered by trees’, a forest pixel must include 
at least several trees so as to represent a typical forest signature. Since each class has a 
specific minimum spatial support (from the few decimetres of grassland to the hundred 
of meters of urban), the conclusion is that the classification should be performed at 
several resolutions. One way to achieve this while keeping fixed the pixel size is to 
segment the image into differently sized homogeneous regions, and then extract average 
signatures from those regions. Another  way is to incorporate some texture measure as 
an adjunct to the spectral ones, in the hope that classes requiring a support larger than 
the pixel size will show a particular textural pattern that may help to discriminate them. 

Classes are defined quantitatively through the signatures of training pixels. In doing so, 
it is assumed that there is a bijection between location in data space and location in the 
categorical space defined by the classification scheme of the map. In other words, if a 
signature is located in a region of the data space that belongs to the class forest, it is 
expected that the plot of terrain from which that signature was extracted is ‘densely 
covered by trees’. In addition, the signature of any given place densely covered by trees 
is expected to lie within some cluster of the data space that has been allocated to the 
forest class. Such correspondence does not depend alone on the quality of both the 
image and training pixels, but also on the very definition and number of classes. The 
more adapted the set of classes to the structure of the data space, the better the 
correspondence and therefore the accuracy. Conversely, if we include in the map legend 
two classes that share the same tracts of the data space, the classification results will be 
poor. In general, the higher the number of classes, the higher the number of both 
attributes (bands) and training samples (pixels) required for a good classification. 

In any case, the correspondence cannot be perfect, as the classes must fulfil some 
conflicting requirements. On the one hand, classes must be meaningful for users and 
meet their needs, covering exhaustively all the possible configurations of land cover 
that can be found in the mapped territory. On the other hand, classes must be separable 
to an adequate degree in the data space. For example,  there will always be 
configurations of land cover that lie in between the definition of two classes. Vg. a 
given area may have such a tree density that it cannot be considered a forest, but neither 
a sparse woodland. If such areas are common in the mapped territory, it would be 
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advisable to create a new class, say open forest. But it is likely that the signatures of the 
new class will overlap with the ones of the former classes, so that the accuracy of the 
map is decreased. 

In a similar way, there always are pixels that are crossed by an edge separating different 
land patches, the so called mixed pixels. Their signature consists of a mixture of two (or 
more) classes and may be located in tracts of the data space occupied by other classes. 
For example, a Landsat pixel situated between a corn field and a bare field has a mixed 
signature that may be confused with the signature of a class having a low green cover 
fraction, such us sparse woodland. The abundance of mixed pixels depends on the 
resolution of the image and the complexity of the landscape (Markham and Townshend, 
1981). Since, in addition to other factors, the problem of mixed pixels is inversely 
related to the problem of the spectral heterogeneity of classes, it is impossible to 
achieve a 100% accuracy. For instance, the proportion of mixed pixels may be reduced 
by decreasing the pixel size, but at the expense of increasing intraclass variability. If the 
pixels are shrinked further , we would reach a point where the constituent elements of 
some classes become resolved and therefore these classes can no longer be treated as 
surface materials. 

In summary, the classes should be defined in such a way that can be distinguished qua 
surface materials with the satellite data used to produce the map. Attempting to include 
classes whose biophysical definition consists of instances with radiometric signatures 
very different among them (e.g. the class urban in Landsat imagery) and similar to the 
ones of other classes (e.g. wheat and barley) will result in a poor and inconsistent map. 
If the classes of interest fall in this category it is advisable to abandon this approach and 
go for the object model. 

6.3 Landcover classes as types of geographic objects 

The object model conceives the territory as a mosaic of contiguous geographic objects 
of irregular shape and size that cover the plane exhaustively. Each object is a patch of 
land that can be considered internally homogeneous at the level of abstraction of the 
map legend. That is to say that the corresponding piece of terrain has only one meaning 
in the language of the map when taken as a whole, and this meaning is different than the 
one of any adjacent object.  Each object is represented in the map by a polygon, or basic 
mapping unit. These units are identified according to the similarity of a set of attributes 
or properties, as floristic composition, physiognomy (plant cover and height), 
physiography (slope, aspect), disturbance history, etc. The number of i) attributes taken 
into account, ii) categories within each attribute, and iii) possible combinations of 
categories between attributes, constitutes the classification scheme of the map, i.e. the 
phrase book (available polygon labels) and the grammar (rules to form labels) of its 
language (Castilla, 2003). 

Before she delineates the boundaries, the interpreter must know what she is looking for 
in the image, so that the drawn boundaries yield polygons that fulfil three aspects. First, 
the material enclosed within the polygon is felt to constitute a unitary coherent 
conceptual entity distinct from the material outside its boundary. Second, there seems to 
be some sense of connectivity throughout the material enclosed within the polygon and, 
contrariwise, some sense of discontinuity or disjuncture across the boundary between 
the enclosed and external material. And third, the various portions of the material within 
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the polygon are felt to be corelevant to each other, whereas the material outside the 
boundary is not relevant to that within. In short, the polygons must be drawn in such a 
way that 1) they can be viewed as representing structural-functional landscape units; 2) 
the resulting mosaic makes sense as a landscape model under the view given by the 
classification scheme of the map.  

Classification schemes can usually be nested in a hierarchy of increasing level of 
abstraction, e.g. from plant communities to biomes. Since hierarchical partitions of the 
attribute domain create potentially hierarchical partitions of the spatial domain (Bittner 
and Smith, 2001), the landscape may also be viewed as a spatially nested patch 
hierarchy (see e.g. Wu and Loucks, 1995), where patches at each level may consist of 
smaller patches that may belong to different classes at a finer level of classification. 
Therefore it can be assumed that there exists a direct relationship between the level of 
abstraction of the map, its degree of spatial generalisation, and the mean size of the 
polygons (Castilla, 2003). In other words, classification and scale are intimately related. 
This has two important implications that must be borne in mind when assessing 
uncertainty. 

The first one is that within the patch hierarchy, one has to choose a level beneath which 
finer patchiness can be neglected. This threshold is specified through the minimum 
mapping unit (MMU). MMU is the minimum size (or sometimes width, when referred 
to elongated objects) that an object  must exceed in order to be represented in the map. 
By imposing a MMU size, the mapmaker is saying that any region below this size does 
not qualify as an instance of the type of geographic objects included in the legend of her 
map. Note that each MMU size will yield a different model of the territory (Castilla, 
2003). If the model is used e.g. in a landscape ecological study (say habitat 
fragmentation), the conclusions drawn will depend not on the territory but on the model, 
therefore they can vary significantly with different MMUs. In general, for given level of 
categorical detail, the larger the MMU size, the greater the fraction of polygons 
catalogued with a compound label representing a mosaic of patches from different types 
(Castilla, 2003). In mosaic-type polygons, information regarding the internal 
distribution of each land cover class is missing, as a parsimonious exchange for clarity.  

The second one is that for a given territory, classification scheme, and spatial 
constraints in the form of e.g. MMU, there is no unique solution to problem of deriving 
the best model of that territory. This lack of unique solution is known as the Modifiable 
Areal Unit Problem, or MAUP (Openshaw, 1984). MAUP  illustrates the sensitivity of 
analytical results to the definition of the areal units from which data are collected. It 
arises from the fact that these units are arbitrarily defined and eventually modified to 
form larger units. Therefore, if the areal units are arbitrary and modifiable, then the 
value of any study based upon them (like the forementioned habitat fragmentation 
study) may be rightly questioned. In photointerpretation,  MAUP is manifested by the 
multiple possibilities on defining the boundaries of the polygons. The lack of an 
objectively best partition increases the uncertainty about the  correctness of boundary  
placement. 

6.3.1 Positional uncertainty  
Positional uncertainty here relates inversely to the degree of confidence we have in that 
the boundary between two given polygons lies in the right place. Unlike the field model, 
in the object model this uncertainty is inseparable from the categorical one. The reason 
is that the boundaries being sought and delineated are only those that differentiate the 
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land cover classes in the chosen classification scheme (Bie and Beckett, 1973). 
Therefore the uncertainty attached to boundary placement is proportional to 1) how 
different the classes separated by the boundary appear in that area of the image; and 2) 
how fast the transition from one class to the other is, i.e. how sharp the boundary is. 
Since some boundaries are softer than others, this variance of uncertainty should be 
estimated independently for each arc in the map.  

The estimation could be done through the definition of a probabilistic epsilon band 
(Honeycutt, 1987) within which the ‘true’ boundary between two polygons has a 
probability of 99% of being located. The rationale behind epsilon bands is the 
following. Assuming a correct classification of polygons, one could argue that a point 
precisely on the boundary could equally well belong to either class (Blakemore, 1984). 
Moving away from the boundary towards the centre of the polygon increases the 
probability of a correct classification, while at the same time the probability that this is 
where the boundary should lie decreases. The manner in which this probability drops 
off mainly depends on the two factors mentioned above. 

Unfortunately, the epsilon band, being boundary-dependent and arc-specific, is rarely, if 
ever, computed. Green and Hartley (2000) show an example of how epsilon bands could 
be produced in practice. They calculated the width of epsilon bands by measuring the 
positional error introduced by georeferencing, digitising and subjective interpretation, 
and found that the latter process accounts for 90% of the total error. Following their 
example, a general procedure for the estimation of the error due to subjective 
interpretation could be obtained by overlaying several photointerpretations of the same 
area carried out by different equally-skilled interpreters. After intersecting the vector 
layers produced by each interpreter, some boundaries will be very consistent, whilst 
others will vary markedly, resulting in dozens of sliver (i.e. spurious) polygons. The 
width of the epsilon band corresponding to a given soft boundary would be the mean 
distance between the inner and outer wrapping lines encompassing the set of sliver  
polygons existing along that boundary. 

Unfortunately again, not only the above procedure is hardly feasible within the context 
of a mapping project, but it is grounded on a unrealistic assumption. Vg. it assumes that 
given a territory and both a categorical and a spatial level of detail, it can be achieved 
an egg-yolk representation (Cohn and Gotts, 1996) of that territory. In the latter, each 
polygon is like a fried egg that has a yolk (i.e. a core area free of sliver polygons) and a 
white (the set of sliver polygons surrounding that core), the white being the epsilon 
band. Such representation assumes that any two  high quality photointerpretations of 
that territory would create the same set of geographic objects but with slightly different 
boundaries. However it will not be unusual to find that there are some polygons drawn 
by interpreter A that are crossed in the middle by an arc delineated by interpreter  B, 
and vice versa.  

A more feasible alternative for assessing the positional uncertainty of arcs is to express 
it as a combined measure of boundary distinctness both from the radiometric and 
semantic points of view. For a given arc, radiometric distinctness could be estimated as 
the mean gradient magnitude of pixels crossed by the arc. Semantic distinctness could 
be equated to the value of some biophysical similarity index between the classes being 
separated by the arc. In addition, positional accuracy could be assessed polygon-wise, 
preferably for the same sample of polygons that is used to evaluate thematic accuracy. 
The question to be answered for each polygon in the sample would be, are the 
boundaries of this polygon delineated in such a way that it can be conceived as 
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representing a structural-functional unit under the view supplied by the classification 
scheme? The answer could be given qualitatively using a nominal scale, or even 
quantitatively  by computing an epsilon band derived from several interpreters who are 
given separately the task of improving the delineation of that polygon.  

It is worth noting that the former procedure has not been tested operationally. In 
practice, positional accuracy is estimated through the RMSE of sample points along 
vector arcs that correspond to sharp boundaries in the image from which the map was 
derived. This estimation is biased towards man-influenced features, such as the edge 
between a woodlot and a paddock, since ‘natural’ boundaries are less clearcut. 
Therefore, the RMSE method is not suited to assess how well polygon boundaries 
represent landscape structure, rather it is an indication of the steadiness of the 
interpreter’s hand (and of the visualisation scale she used).  

6.3.2 Categorical uncertainty  
Categorical uncertainty is related inversely to the degree of confidence we have that if 
we visit the area corresponding to a given polygon, we would agree that the label that 
represent it best is the one assigned in the map. Likewise the field model, this kind of 
uncertainty can be assessed here through a confusion matrix. In this case (object model) 
it is constructed by comparing the labels assigned to a (usually stratified) random 
sample of polygons against either field surveys or more detailed aerial photography. 
The comparison should consider the polygon as a whole. This becomes troublesome if 
the validation method consists of field surveys, because it is difficult to infer the 
polygon label from plot or transect data due to the inevitable heterogeneity of polygon 
interiors. This difficulty may be tackled using field plots larger than the MMU as 
proposed in Table 6.1, but this may hinder the cost-effectiveness of the sampling 
design, or simply be unfeasible when the MMU is larger than say 1ha. Also, if there is 
considerable variability in polygon size, care should be taken when selecting the 
sampling design (Stehman and Czaplewski, 1998), since error estimates should be 
referred to total area rather than to the number of polygons. 

The assessment should also take into account the seriousness of the misclassification. In 
many maps, the errors observed in a classification are between relatively similar classes 
and sometimes these may be unimportant while other errors may be highly significant 
(Foody 2002). For example, it is more serious to confuse a lake with a forest than the 
latter with a sparse woodland. A possible method to account for this is to use a nominal 
scale to evaluate map v. field comparisons, from ‘absolutely right’ to ‘absolutely 
wrong’, going through ‘understable but wrong’ and ‘reasonable assignment’ (Gopal and 
Woodcock, 1994). This scale would easily allow to weight the degree of disagreement 
between the map and field observations. Other aspects are discussed in the next 
subsection.  

6.3.3 Factors that may influence the uncertainty 
Gross errors like the first one in the former example are usually due to subsequent data 
processing after the interpretation. Normally they can be easily detected and avoided 
through a quality assurance program, including meticulous data handling protocols and 
close quality checks. The other more subtle errors are due to the incapacity of class 
definitions to adapt to every land cover configuration. On the one hand, it is not difficult 
to find instances of intermediate types between any given pair of classes. On the other, 
it is hard to find a feature that is shared by all the members of a given class and that is 
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absent in members of other classes. Actually, the assignment of a polygon to a class is 
made according to some features that typical members of this class usually have. This 
means that the internal structure of classes is better characterized by prototipicality 
rather than by an analytic definition specifying necessary and sufficient conditions that 
all members must fulfil (Rosch, 1978). 

Apart from conceptual problems, there are two other factors affecting the uncertainty of 
land cover object-based maps. One is the quality of the image(s) used in the 
photointerpretation as surrogate for the biophysical attributes taken into account in the 
classification scheme. For example, two important attributes of vegetation that are 
considered in many schemes are height and cover fraction. If the image has enough 
resolution and the interpreter uses some 3D stereo-viewing device, both variables can 
be observed ‘directly’ (i.e. as if the interpreter were flying over that territory at low 
altitude). At a coarser resolution, estimation of cover must be done through inferences 
based on ‘greenness’ or other feature, and estimation of height can only be based in 
field surveys and/or other type of RS data such as lidar supplemented with a DEM. The 
other factor is the quality of the interpretation. This depends in turn on the skills and 
experience of the interpreters, and on the time allocated for interpretation (and even on 
the interpreter’s mood during that time). Since this quality may change from sheet to 
sheet due to different interpreters doing the job, it is of outmost importance to 
standardise observational techniques (e.g. digitising scale) and criteria (through e.g. a 
photointerpretation key consisting of several examples for each class) among 
interpreters (Lillesand et al., 2003). 

6.4 Conclusions 

Land cover maps are geographic models that represent the spatial distribution over a 
territory of  biophysical cover according to the set  classes compounding the map 
legend. There are two main conceptualisations of land cover classes: 1) as types of 
surface materials; and 2) as types of geographic objects. In the first one (here termed 
field model), the map is usually displayed as a raster map, while in the second one 
(object model), it is portrayed as a polygon vector layer. The main variable dealt with in 
land cover maps is the label, a categorical variable with as many possible values as land 
cover classes there are in the legend. Hence this chapter has dealt with two variables, 
flabel for raster maps and olabel for polygon maps. Both variables belong to the D3 
uncertainty category (categorical, vary in space and time), and their attached empiric 
uncertainty is treated quantitatively through the statistics derived from a contingency 
table of errors (empirical uncertainty type M1). 

The confusion matrix is the standard means for assessment of categorical uncertainty in 
RS-derived land cover raster maps.  An example of an accuracy assessment protocol 
based on this matrix can be found in Stehman et al. (2003). Unfortunately, this matrix 
does not take into account the fact that flabel is a regionalised variable, i.e. is does not 
provide a spatial distribution of the errors. For this reason the error model of Goodchild 
et al (1992) is preferable. An example of its application can be found in Horttanainen 
and Virrantaus (2004). In any case, despite the apparent objectivity of the quantitative 
estimates derived any given method, it is important that they are interpreted with care. 
Many factors may result in a misleading interpretation being derived from an apparently 
objective uncertainty statement (Foody 2002). Regarding positional uncertainty, it is not 
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a serious issue in this kind of maps, and is related to the quality of the georeferencing 
and rectifying process applied to the image from which the map was derived. 

In polygon vector maps, positional uncertainty is inseparable from the categorical one, 
since the boundaries that enclose polygons contribute as much as their interiors to their 
instantiation as geographic objects. That is to say that in order for a polygon to become 
an instance of some land cover class, its boundaries should have been delineated in such 
a way that it can be viewed as representing a structural-functional unit under the view 
supplied by the classification scheme. In any case, the uncertainty due to the 
subjectivity of the photointerpretation outweighs other factors, like the quality of the 
ortho-photo or errors due to manual digitisation (Green and Hartley 2000). Currently 
there is no feasible good practice to assess boundary placement uncertainty. A good 
solution would be to assess the positional uncertainty of arcs individually, expressing it 
as a combined measure of boundary distinctness both from the radiometric and semantic 
points of view. Regarding categorical uncertainty in these maps, it can be assessed 
through a confusion matrix too. The latter is usually constructed by comparing the 
labels assigned to a  random sample of polygons against either field surveys or more 
detailed aerial photography. Although apparently straightforward, the use of polygons 
as sampling units, while conceptually consistent with the object model, leads to 
increased difficulties from statistical and operational points of views. 

Lacking satisfactory measures of uncertainty, the only way to assess it is through expert 
judgement based upon metadata. The latter should not only describe comprehensively 
the material –images and ancillary information- used in the compilation of the map, but 
the methods, including the location of training and/or verification samples (Stehman 
and Czaplewski 1998). The International Metadata Standard for Geographic 
Information ISO 19115 defines more than 300 metadata elements structured into 14 
packages, most of which can be applied optionally. Metadata are usually stored in XML 
format, which can be accessed with standard text editors. If for a given map the package 
related to Data_Quality_Information is not empty, then the user may have information 
on the map accuracy. An example of how that package may look like can be found in 
Table 6.4. In this example, overall accuracy is 59%, meaning that this map is not 
reliable for most operational applications. 

Notwithstanding it, the overall accuracy of a landcover map could in general be used 
when propagating uncertainty in e.g. a hydrogeological model that uses that map as an 
input to estimate evapotranspiration (ET). But in order for this propagation to make 
sense, the model must just give an overall ET estimate for the whole study area, i.e. it 
should be a non-distributed model. If we had a distributed model and need to propagate 
uncertainty due to the landcover map, we would require a distributed error model for 
the map, which unfortunately is not provided by mapmakers in current compilations. 
Nevertheless, if in this latter scenario we had the confusion matrix of the map, we 
could, having class-specific ET estimates, propagate uncertainty in the distributed 
model. However, in doing this we would be relying on a unrealistic assumption as 
explained earlier, that is, that errors are evenly distributed in space. 

Finally, in the sadly common case of using a landcover map for which accuracy 
information is lacking, a possible solution would be, using the threshold proposed by 
Anderson et al (1976), to grant the map a 85% overall accuracy, on the assumption that 
the agency that entrusted the map uses high standards that in turn were followed by the 
contractor. If that solution can be regarded as reasonable by both managers and 
stakeholders, then the outcome of the uncertainty propagation exercise may well be 
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wrong, but at least it will be legitimate (the research by Hofmann and Mitchell (1998) 
supports this kind of approach). In short, the key question when assessing uncertainty in 
landcover maps is to what degree the map allows managers/models to make 
decisions/computations that do not differ significantly from those that they would have 
made if they had a direct knowledge/perfect map of that territory. Current practice does 
not provide a full answer to this question. The gaps may be filled by common-sense 
assumptions that should seem reasonable for stakeholders/experts. 
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Table 6.4. Sample package (Data_Quality_Information) from the metadata file of a 
landcover mapping project.  
(http://sdrsnet.srnr.arizona.edu/data/azgap99/metadata/azgapveg.html). 

 

 

C

Attribute_Accuracy:  

Attribute_Accuracy_Report: A comprehensive accuracy assessment was performed. Overall map 
accuracy is 58.8%. See the special technical report, The Arizona Gap Project Final Report for 
more information on per class accuracy.  

Logical_Consistency_Report: Polygon topology was built on 2003-04-22.  

Completeness_Report: The map covers the entire state of Arizona.  

Positional_Accuracy:  

Horizontal_Positional_Accuracy_Report: minimum mapping unit of 40 ha  

Lineage:  

Source_Information:  

Publication_Date: 1991 with some 1990 and 1992 scenes  

Title: Landsat Thematic Mapper imagery  

Source_Scale_Denominator: 30 m resolution  

Source_Contribution: used in unsupervised classification  

Source_Information:  

Publication_Date: fall 1991, summer 1992  

Title: Airborn video of Arizona  

Other_Citation_Details: Airborn video imagery (1/3 to 1/2 mile horizontal swath width in 
wide angle, with interval zooms to 12X occurring approximately every 9 seconds, or 
1500 m) was flown in the fall 1991 and summer 1992. Most video transects were 
spaced approximately 30 km apart in an E-W trajectory.  

Source_Contribution: used in supervised classification  

 

Process_Step:  

Process_Description:  Landsat Thematic Mapper imagery was digitally classified using a hybrid 
unsupervised and supervised classification methodology. First, 3 input bands (NDVI, a 5/4 
band ratio indicating moisture content of vegetation, and a local texture band built from the 
NDVI) were used in an unsupervised maximum likelihood classification procedure. The 
result of the unsupervised classification was then used with DMA elevation data as input for a 
supervised classification procedure in which buffered GPS-referenced airborne video sample 
points indicating vegetation association were used as training sets. The resulting image was 
then edited manually to correct classification errors, then converted to ARC/Info vector 
format. A series of Arc eliminate and dissolve operations were used to get the map to GAP 
program-mandated minimum mapping unit of 100 ha for upland vegetation types, and 40 ha 
for riparian vegetation types. Vegetation descriptions are based on a modified Brown, Lowe, 
and Pase classification system, and will be cross-walked to a UNESCO coding scheme for 
National GAP Program purposes.  
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7. DISCHARGE DATA 

Tracey Goodwin 

7.1 Introduction 

These guidelines will cover the uncertainty associated with surface water 
measurements. The most widely used of surface water measurements are estimates of 
discharge although the uncertainty associated with stage and velocity measurements, 
often used to derive discharge estimates, will also be considered. 

 

Table 7.1 List of Variables. 
Name Abbreviation Unit 

Discharge D m3s-1

Stage d m 

Velocity  v ms-1

 

It is important to understand the uncertainty associated with estimating surface water 
characteristics because surface water data often underpins many hydrological studies at 
many different spatial and temporal time scales. Users may include GCM modellers, 
climate impact modellers, modelling of extreme events, hydrological modellers as well 
as national and regional analysts/planners. Some examples of the use of surface water 
data includes extreme value analysis, both droughts and floods, the production of 
rainfall-runoff models, sediment and contaminant transport models e.g. Mike-11, as 
well as ecological modes, e.g. PHASBIM and 3-Dimensional Computational fluid 
dynamic models (CFD).  

The data requirements for these different spatial and temporal studies will be different 
and the important factors that impact on the uncertainly will vary.  

For most purposes the uncertainty of the variables can be categorise as M1, that is they 
can often be described using a pdf. The uncertainties will be a combination of random 
and systematic errors. The random errors are equivalent to a sampling error and as such 
represent the way in which observations deviate from a mean. For a large sample the 
distribution of this approaches a normal pdf.  

Surface water measurements are rarely extrapolated spatially. The spatial variability of 
the uncertainties will not be considered as these will tend to be independent at each 
point of measurement.  

The use of surface water data within many hydrological studies means that the 
uncertainties associated with each of these variables are fairly well understood. Two 
example texts which contain an overview of hydrometry and the uncertainties 
associated with methods are Hershey (1996) and Boiten (2000). 
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This chapter will present an insight into additional general sources of information on 
uncertainties, for example International Standards, that are published. Each of the 
variables within Table 7.1 will then be presented with reference to the general 
uncertainties and factors that influence them. As discharge is the principle variable use 
this will considered primarily, with stage and velocity, which are often used in the 
estimation of discharge, presented at relevant points within this section. 

7.2 International Standards. 

In an attempt to ensure consistency across the scientific community in the way in which 
flow is measured and calculated in open channels a number of organisations publish 
recommended practices for obtaining and estimating the flow within a river reach. 
Examples of these include: 

ISO – International Organization for Standardization 

CEN – European Committee for Standardisation (Comité Européen de Normalisation) 

BSI – British Standards Institution 

Whilst there are number of organisations which publish this guidance efforts are made 
to ensure that the guidance within each of these are compatible. For example the 
guidance that the British Standards Institute produces is compliant with that set by the 
International Standards Organisation and also attempts to incorporate the European 
guidance published by the CEN  

The ISO have issued a ‘Guide to the Expression of Uncertainty in Measurement’  (ISO, 
1995). An explanation of how this applies to the issue of Current Meter measurement 
can be found within (Herschey, 2002). 

The standards guidance are useful in that the uncertainties asscoiated with different 
measurement equipment and methodologies are often summarised. This sort of 
guidance also means that assumptions on the uncertainties can be made. For example, if 
it is known that a particular gauging station has been designed to a certain standard then 
a general idea of the uncertainties associated with using the discharges can be obtained. 
The guidance also highlights any circumstances where the methodology is not 
recommended. This chapter will present some of the main findings from these reports. 
A summary of the ISO guidance for flow measurement can be found within Thomas 
(2002). 

7.3 Discharge 

As discussed previously discharge measurements underpin many hydrological studies 
and can be used at a number of different temporal and spatial scales. Whilst the type of 
uncertainty may change slightly depending on the purpose of the study, Table 7.2 
presents the uncertainty categories into which this variable falls.  
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Table 7.2  Uncertainty Categories for Discharge. 
 Uncertainty 

Category 
Empirical 
Uncertainty 

Longevity of 
Uncertainty 
information 

Discharge D1 M1 L1 

 

7.3.1 Temporal Support 
The required temporal support will be related to the temporal and spatial scale of the 
hydrological study. The WMO (1997) recommends that for detailed experimental 
catchments (in which process based models will be set up) 15minute or hourly data is 
required. For small pristine catchments up to 1000km2 , hourly to mean daily data is 
necessary and for national and regional runoff studies, mean daily to monthly data is 
necessary. An aim to estimate discharge to +/- 5% of true value is recommended but 
uncertainties of  +/-15-20% are acceptable where sources of uncertainty cannot be 
reduced. 

Within most hydrological models where discharge measurements are required average 
daily discharges are used. This may be derived from higher resolution data, from daily 
measurements of the data, or lower resolution if this is not available. Permanent, 
automated gauging stations often measure discharges every 15 minutes. This may be 
useful within physically based models, in which individual events are being studies, 
however for the purpose of most studies daily values are sufficient.  

Herbertson (1971) investigated the departure from mean monthly flows associated with 
using different temporal resolution data. When all stations were sampled at 15 minute 
intervals an insignificant error of  0.1% was found. At 30 minutes this was 0.25%. For 
an 8 hour sampling period the highest uncertainty was  4.8%, however the majority of 
the sample sites indicated departures within 1/%. A more recent study within the UK 
(Holmes et. al., 2001) investigated the uncertainty associated with assuming that a 
discharge value taken at any point within a day will reflect the daily average. The study 
indicated that, within the UK, the within day variability is controlled by the 
permeability and size of the catchment. Whilst the variability of flows within a 
permeable catchment is generally the same for high and low flows, for an impermeable 
catchment the within variability of flows is far greater for higher flows than low flows. 
The uncertainty with estimating high flow events using low resolution data will 
therefore be greater within impermeable catchments hence the time support will be of 
most important when extreme values are being assessed.  The effect will be further 
emphasised within urban catchments which have artificial drainage networks which will 
tend to result in the response of the catchment being accelerated, indicated by a steeper 
rising limb, with the time to peak reduced  (Shaw, 1997, 452-478). 

Within some studies the time support may not be important, for example, If a 
PHABSIM study is being completed at a site then the time support is not important 
since the aim is to measure the variables (velocity, stage) when the river is flowing at 
different parts of the flow regime in order that the hydraulic model can be calibrated 
effectively.   
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7.3.2 Autocorrelation 
There is some temporal autocorrelation in both stages and discharges. The extent and 
type of autocorrelation will depend on the time step being used. If daily flows are being 
used then the presence of autocorrelation means that the flow on any one day is 
correlated to a lesser or greater degree on the previous days flow. The extent of the 
autocorrelation is often reliant on the size and type of catchment which is being 
assessed. Within the UK the autocorrelation is strongly related to the permeability of the 
catchment. Impermeable catchments tend to have a degree of autocorrelation of less 
than one month, whereas more permeable catchments may indicate far greater time 
spans for which flows are autocorrelated. For time series at lower resolutions the 
autocorrelation may be an indication of seasonal impacts on the flow regime. 

7.3.3 Spatial Support  
The WMO (1997) recommends that for climate change studies at least one station for 
every 2 degree by 2 degree grid is required. However for other studies the spatial 
support required will vary, and is often dependent on the current gauging station 
network. The requirement for individual studies will vary depending on the on the scale 
and complexity of the hydrological model and the hydrological variability and 
complexity within the assessment area.  

7.3.4 Quality of Methods 
A number of different methods can be used to determined the discharge within a river 
reach. The uncertainty associated with the discharge, is often dependent on the 
suitability and accuracy of the method used. Table 7.9 Lists the ISO guidance 
uncertainties associated with each method. These uncertainties are minimum estimates 
assuming that the methods are implemented correctly and appropriately and that there 
are no additional sources of uncertainty.  Table 7.3 indicates the indices for the 
methodological quality of the Discharge variable for each of the methods. This 
illustrates the strengths and weaknesses within each methodology. A more detailed 
assessment of the factors that affect the uncertainty for each method will follow. 

 

Table 7.3 Methodological Quality of methods for estimating Discharge. 
 Instrument Quality Sampling Strategy Overall Method 

Velocity/Area I3 S3 O3 

Acoustic Doppler 
Current Profiler 

I3 S3 - 4 O3 

Stage Discharge  I3 S2 - 3 O2 - 3 

Slope-Area Method I3 S1 O1 – 2 

Dilution method I3 S2 Q2 -3 

EMF I3 S3 O3 

Ultrasonic I3 S3 O3 

 

Velocity/Area 
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The Velocity/Area method takes the average velocity measured within a given vertical 
cross section and multiplies this by the representative x-sectional area. The discharges 
within each vertical cross section are then summed to produce the discharge of the 
entire cross section. 

This method is often used to produce discharge estimates at a point within the river at 
which there is no measurement structure or in order to calibrate permanent 
measurement structures.  

Velocity measurements are often taken using a current meter. More recently the use of 
ADCP, Acoustic Doppler Current Profilers, has become increasingly popular.  Table 7.4 
presents the uncertainty categories for velocity measurements. Table 7.5 presents 
factors which may influence the uncertainty within the velocity, and ultimately the 
discharge estimation, when a current meter is used. 

 

Table 7.4 Uncertainty Categories for Velocity. 
 Uncertainty 

Category 
Empirical 
Uncertainty 

Longevity of 
Uncertainty 
information 

Velocity D1 M1 L0 

 

Table 7.5 Factors which may influence the uncertainty associated with velocity and discharge 
estimation when a current meter is used. 

Source of Uncertainty Brief Explanation Reference 

Measurement Method.   For example, wading 
Cableway, sinker weights, 
bridges or boats.  

ISO guidance (ISO 8363, 
1986) 

Current Meter Exposure Time. Length of time of 
exposure relative to 
variability of river 
discharge. 

Hershey (1996, p470).  
Ramsbottom et al. (1987) 

Type of Current Meter. Whether it is suitable for 
purpose, low flows or 
high flow measurement 

See Manufacturers 
guidance 

Rating of Current Meter. How often the current 
meter has been rated. 
Whether this was a group 
or individual rating. 

Boiten (2000, p90). 
(Whalley, Iredale et al. 
2001) 

Number of Vertical velocity 
measurements.   

The appropriateness of 
using 1,2,3 or 5 velocity 
measurements within the 
vertical. 

Boiten (2000, p890). 
Hershey (1996, p471).  
Whalley et al., (2001) 

Number of verticals within the 
X-Section 

 Hershey (1996, p470).  
Boiten (2000, p90). 
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A study by Ramsbottom et. al., (1997) investigated different sources of errors and found 
that the overall uncertainty was largely controlled by the number of verticals within the 
x-section. The factor that impacted least on the overall uncertainty was the exposure 
time. 

 

Acoustic Doppler Current Profiler 

The Acoustic Doppler Current Profiler (ADCP), used extensively within oceanographic 
studies, is increasingly used to measure velocities and discharges within rivers. The 
doppler effect is used to measure the velocity of the water that the acoustic pulse passes 
through. The method provides considerably more data than that attainable using current 
metering.  

One of the limitations of the method is the inability of the system to measure water 
velocities near the surface, the bed or river banks. Software provided with the 
instrument usually provides algorithms by which these may be estimated. 

The angle of the beam from the vertical will be important in determining the 
uncertainty. As the beam angle approaches the vertical random error approaches 
infinity. However, as the beam becomes larger the side lobe interference will increase. 
Estimate have been made that the loss of vertical profiling range may be as large as 
15% at an angle of 30° and 6% at 20 ° (Gordon 1989; Yorke and Oberg 2002). The 
frequency of the ADCP will also impact on the uncertainty which can be obtained. The 
higher the frequency the greater the attenuation, hence deeper rivers require lower 
frequencies, However there is a greater random error component as the frequencies used 
become lower. 

The presence of suspended particles will also impact on the accuracy. The ADCP relies 
on suspended particles to allow the return of the acoustic pulse, however, if there are 
too many then penetration of the depth will be reduced. This may also impact onto the 
accuracy of the bottom tracking. 

There has been limited independent assessment of the calibration of the system. 
However, ADCPs were evaluated by the USGS in 1994 at 12 sites. Of the 31 
measurements all differed from estimates using other methods by less than 8% with 26 
being within 5% (Yorke and Oberg, 2002). 

 

Stage Discharge  

Discharges are often estimated using the relationship between the stage and the 
discharge within the river. Relationships are established between stage and discharge 
from a number of independent discharge estimates, often completed using the velocity 
area method. Theoretical relationships may be established at some gauging stations 
using the geometry of the measuring structure to establish the relationship, however, the 
validity of these relationships is often confirmed by a number of independent stage and 
discharge measurements. The hydraulic relationship may be tested and adjusted 
according to current meter discharge estimates. Care must be taken when adjusting 
rating curves as a study within the UK (Whalley et al.,  2001) found that in many cases 
stage/discharge relationships were adjusted according to current meter measurements 
with no consideration taken of the hydraulic properties of the gauge. The ISO standards 
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describe many of these of gauges/weirs/flumes, their limitations in use and the 
uncertainties which are associated with them if they are used at their optimum.   

The uncertainties can be related to a number of factors: 

o Uncertainty in stage measurements 

o Uncertainty due to the stage-discharge relationship no longer being valid 

o Uncertainty due to the method used to derive the stage-discharge 
relationship, and the range of flows for which it is valid. 

 

The uncertainty associated with the measurement of stage will be the first factor that 
need to be considered. Table 7.6 presents the uncertainty categories for the stage 
variable. 

Table 7.6 Uncertainty Categories for Stage. 
 Uncertainty 

Category 
Empirical 
Uncertainty 

Longevity of 
Uncertainty 
information 

Stage D1 M1 L2 

 

Uncertainties associated with stage measurements are related to the methods used. ISO 
4373 (1995), which encompasses water level measuring devices, covers many of the 
issues associated with selecting the best stage measurement equipment and 
methodology. 

The uncertainty is largely reliant on the methods used to determine the stage. Many 
methods are available, and the appropriate method will depend on the purpose of the 
measurement. Table 7.7 presents results from Boiten  (2000, p32) which give general 
values of the random errors associated with a number of different methods of measuring 
water stage. The errors are dependent on the range of stage measurements which are 
required. 

 

Table 7.7 The uncertainty associated with using different methods of measuring the stage of 
water. (Boiten. 2000. p32). 

Type of Sensor Range of random error (m) 

Staff Gauge 0.01 – 0.03 

Float Operated Gauge 0.002 – 0.004 

Pressure Transducer  

     Low Cost 0.01 – 0.05 

    High Cost 0.002 – 0.01 

Bubble Gauge 0.005 – 0.015 

Ultrasonic Sensor 0.002 – 0.01 
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In addition there are a number of factors which may influence the uncertainty associated 
with using the Stage-Discharge relationship. These are conditions in which the stage-
discharge relationship is no longer valid. These include: 

1) Shifting stage. The relationship between the stage and discharge may differ over time 
from the rated stage/discharge relationship. This could be due to factors such as 
erosion or deposition of sediment changing the control feature, or the growth of 
vegetation. 

2) Overbank flow. The stage-discharge relationship will only hold within the confines 
of the river flow for which the relationship has been established. If the flow exceeds 
these constraints and there is a step change in the morphology of the river x-section, 
or the flow enters the flood plain the relationship will no longer hold and discharge 
measurements will have high uncertainty. It is common for there to be more than 
one state-discharge relationship within a river reach where there are significant 
changes in the x-section geometry of the river. 

3) Rising and falling stages. Within some systems there will be different discharges 
associated with the rising and falling of a flood wave. That is, the stage discharge 
curve within any storm event will resemble a loop. For the same discharge, the stage 
will be lower on the rising limb than on the falling limb. 

4) Ice Cover. Ice cover will not only change the overall density of the water being 
observed, can also stay unnoticed in some measurement systems (e.g. instruments 
that are shielded in tubes next to the stream), or in some cases block the water 
passage over a flume and lead to the over-estimation of discharge observations.  
Meteorological observations can be used to identify periods when stage 
measurements may have been affected by ice cover. 

5) Fish passes. These may themselves be discharge measurement structures, but may 
also affect the uncertainty of the discharge estimates in cases where structures are 
build in parallell to a weir (Boiten, 2002). 

In addition to these general factors that need to be taken into consideration the 
reliability of the stage-discharge curve, and the validity of extreme values should also 
be considered. A general assessment of the reliability can be assessed using standard 
statistics. Examples of this methodology can be found within Boiten (2000) and 
Hershey (1996). 

The uncertainty will increase at the extremes of the stage/discharge curve where the 
discharge estimates are outside the range for which the stage-discharge curve was 
established. Clarke (1999) investigated errors associated with estimating the maximum 
discharge each year and also pointed out that, since annual maximum discharges are all 
estimated from the fitted rating curve, in addition they will also be correlated. His study 
in Brazil indicated that the errors associated with estimating the maximum discharge 
from the maximum stage, could be very large. In a different study Clarke (2000) found 
uncertainties of equivalent 16% of the year to year variability within the Amazon and 
4.4% in the Parana. Parodi and Ferraris, (2004) carrying out extreme value analysis, 
analysed the influence on of the discharge statistics of the rating curve errors in the 
Liguria region of Italy. This indicated that historical stage discharge relationships could 
be highly uncertain when used to estimate annual maximum discharge, and that 
statistically important biases were found within the datasets. 
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The uncertainty is also elated to the way in which the stage discharge relationship was 
established. Often the method which is used is the non - linear least squares method. 
This assumes that that each measurement has equal weighting in the rating curve 
estimation. However this will not happen if there is heteroscedacity is present. This 
occurs when the distribution of the residual is dependent on the indicator variable. This 
can be detected by plotting the residuals from the estimation procedure. If there is 
greater variability of the residuals for large, or small, variables then heteroscedacity is 
present. Petersoen-Overeleir (2004) found that out of 20 gauges within Norway for 
which NLS curves were used, half were found to have some indication of 
heteroscedacity. The impact of hetereoscedacity on flow estimates is of most 
importance when extrapolation and extreme value analysis is used. Other methods of 
determining rating curves, for example, using Generalised Least Squares, or maximum 
likelihood tend to provide estimates for the rating curve which minimise the impact of 
the heteroscedacity (Peterson-Overleir, 2004) 

Estimates of the uncertainties associated with different gauging station designs are 
presented within ISO guidelines and are presented at the end of the chapter in Table 7.9. 

 

Slope-Area Method  

This method uses a roughness factor, either the Manning Roughness factor of the Chezy 
factor, together with the Hydraulic radius, slope and cross-sectional area to derive an 
estimate of the discharge. In general, this method should only be considered if other 
methods are not appropriate. This is due to the difficulties in estimating the Mannings 
Roughness Factor or the Chezy factor which is related to the bed roughness, the impact 
of vegetation and water depth and channel slope. The estimation of  n or C will 
introduce the largest uncertainty into the estimation method, this has been observed to 
have uncertainties of appromiately 40% (ISO, 1070, 1992). Once the n or C has been 
estimated this will introduce a systematic error to the discharge estimation.  Simplified 
equations such as that developed by Jarret (1984, within Boiten, 2000) and Riggs (1976, 
within Boiten, 2000) can also be used within specific conditions. The uncertainty,  
standard error, for these methods are approximately 25-30% and 20% respectively 
(Boiten 2000, p111). 

 

Dilution method 

This method may be used for spot measurements or the calibration of other methods of 
measurement. Tracer liquid is injected to channel and the water is then sampled 
downstream where turbulence will have mixed the tracer. The change in concentration 
can then be converted into a measure of discharge. One of the main advantages is that 
no measurements of geometry are necessary and that it can be used within steep 
turbulent rivers which may be difficult to measure using other methods. The method has 
been found to be reliable up to 20,000m3/s (Payne, 1998 ).  Due to the many points at 
which errors can be introduced it is essential that specially trained staff carry out the 
procedure. There has been concern over the environmental impact of the introduction of 
chemicals and isotopes (Wood et al.,2002) and it is for that reason that, within the UK, 
this methodology is not routinely used. 
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There are number of different methods which may be used: 

o Constant rate injections method 

o Sudden injection 

o Cloud velocity method. 

The errors within the estimation methodology may be introduced to the dilution gauging 
exercise at each of the three stages, preparation, field work and sample analysis. Table 
7.8 presents a summary of the major sources. 

 

Table 7.8 Sources of error using Dilution Gauging. 
Stage Source of error 

Preparation 1. Determination of the quantity of the tracer 

2. The stability of the injection solution 

Fieldwork 1. Non conservative behaviour of tracers 

2. Measurement of time 

Analysis Contamination from or adsorption onto sample bottles  
and filter papers 

 

It is important that background samples are taken for comparison purposes and that 
repeat samples are taken to reduce the random error. 

The uncertainty, if completed to the necessary standards, is approximately 2%. ISO 
9555-1 (1994) deals with, in detail, the uncertainties associated with the dilution 
method. 

 

EMF 

The discharge is measured through the electromotive force, emf, produced by a 
conductor (water) moving through a magnetic field produced by a coil place below or 
above the open channel. The emf is proportional to the discharge. In practice the 
uncertainty in insulated channels of rectangular cross-section at the 95% confidence 
level is quoted within ISO guidance (9213:2004) as being approximately 2%. Hershey 
(1996) estimates that the uncertainty is approximately about 5%. For a non insulated 
channel the uncertainties may be much higher. Further assessment of the uncertainty is 
presented within ISO 7066-1 (2004) 

 

Ultrasonic 

Ultrasonic measurement of discharge is completed by passing an acoustic wave through 
the water column and through the measurement of time for the return signal to be 
returned, and average velocity is determined. This will then be used, together with the 
cross sectional area, to determine the discharge. The ultrasonic method is generally 
suitable within rivers up to 300m wide where there are no stable stage discharge 
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relationship and it is unfeasible to put in a measuring structure. The advantages are that 
backwaters and low velocities can be measured. 

Uncertainties may also be introduced due to temperature or salinity gradients. 
Sediments within the water course may disturb the acoustic path and weed growth will 
also impact on the uncertainty associated with the discharge estimate (ISO 6416, 2004) 

In addition the setup of the system needs to consider the relationship between the 
measured mean velocity, and the actual mean velocity within the cross-section. This 
may be of special importance in areas of backwaters in which the velocity profile within 
the cross section may vary depending on the direction of flow. 

In general as the path length becomes smaller, the operating frequency becomes higher 
and the uncertainty in the mean velocity becomes lower (ISO 6417, 2004). 

For the single path ultrasonic methodology the uncertainty has been estimated at 
approximately 2.2%. Where multipath methods are used this may be reduced to 1% 
(Hershey,1996). 

 

General Uncertainties  

Some general uncertainty values which can be used when comparing different methods 
of estimating the discharge are presented within Table 7.9 from ISO, 8363, 1986. The 
uncertainty is the percentage random error at the 68 percentile confidence level, i.e. one 
standard deviation. 
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Table 7.9 The uncertainty associated with estimating the discharge using a number of 
different measuring structures. (ISO, 8363, 1986). 

Type of Structure Relevant ISO Minimum Uncertainty 
(Standard Deviation) 

Velocity Area ISO 748 +/- 3 

Velocity-Area, from bridge ISO 748 +/- 3 

Velocity-Area, cableway ISO 748 +/- 4 

Velocity-Area, static boat ISO 748 +/- 4 

Velocity-Area, moving boat ISO 4369 +/- 6 

Velocity-Area, floats ISO 748 +/- 10 

   

Slope-area ISO 1070 +/- 10 

Ultrasonic ISO 6416 +/-5 

Electromagnet ISO /TR 
9213 

+/-5 

Dilution, chemical, continuous 
injection 

ISO 555/1 +/-3 

Dilution, chemical, sudden 
injection 

ISO 555/2 +/-3 

Dilution, radioactive tracer, 
sudden inject 

ISO 555/3 +/-3 

Dilution, radioactive tracer, 
continuous injection 

ISO 555/3 +/-3 

   

Thin-plate weirs, sharp crest, V-
notch 

ISO 1438/1 +/-3 

Thin-plate weirs, sharp crest, 
rectangular suppressed 

ISO 1438/1 +/-1 

Thin – plate weirs, sharp crest 
rectangular 

ISO 1438/1 +/-1 

Weirs, broad-crested with 
rounded upstream edge 

ISO 3846 +/-5 

Weirs, triangular profile ISO 4360 +/-5 

Weirs, V-shaped, broad crested ISO 4377 +/-5 

Flumes, rectangular ISO 8333 +/-5 

Flumes, trapezoidal ISO 4359 +/-5 

Flumes, U-shaped ISO 4359 +/-5 
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7.4 Summary 

The variables presented within this chapter are discharge, velocity and stage. The 
uncertainties associated with these can all vary in time and space and are dependent on 
the methodologies used to estimate the variable. The uncertainties due to random error 
can be described by a normal pdf and estimates of the standard deviation of the 
uncertainty.  This random error can often be reduced by increased sampling. 

The discharge variable and the issues associated with temporal support, and 
autocorrelation have been presented. The standard methods, and the uncertainty 
associate with these has also been presented. Within this, the uncertainties associated 
with velocity and stage variables have also been described. 
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8. SURFACE WATER QUALITY DATA 

Michael Rode & Ursula Suhr 

8.1 Introduction 

The objective of this chapter is to give an overview of the uncertainties one faces in 
dealing with selected surface water quality data. Monitoring of surface waters is 
primarily done to detect the status and trends in water quality and to identify whether 
observed trends arise form natural or anthropogenic causes. Most important 
environmental problems of surface water quality are eutrophication, acidification and 
emission dispersion where non point source pollution became increasingly importance 
within the last decades. Eutrophication of inland and coastal waters is a world-wide 
environmental problem and serious efforts are needed to reduce emissions and improve 
the situation (e.g., Ryding and Rast, 1989). The effect of eutrophication is high 
production of plankton algae („algal blooms“), excessive growth of weeds and 
macroalgae, leading to oxygen deficiency, which in turn leads to fish kills, reduced 
biological diversity, bottom death and toxic substances in the water. The problems 
related to acidification is mainly found in the northern hemisphere, and is caused by air-
born pollutants that causes acid conditions when deposed on sensible soils. Regarding 
dispersions of water-related pollutants, it may be important to assess accidental 
emissions or indirect side-effects. Regarding the marine environment reductions of 
nutrient and contaminant loads are primary objectives. 

Beside the identification of the status and trends surface water quality data are essential 
for the application of stochastic and deterministic water quality models (Trudgill, 1995, 
Arheimer and Olsson, 2003). Water quality models are generally used to separate the 
contributions from various sources and to distinguish between natural variability and 
anthropogenic impact. Predictive models are commonly used for integrating and testing 
of alternative management strategies. This enables an efficient environmental control 
and the development of management practices. Water quality modelling allows also the 
prediction of future scenarios.  

Clearly, pollution and acidification are the most important reasons for past and current 
water quality model development. The pollution context includes models of the 
transport of nutrients, organic material, oxygen balance, heavy metals and organic 
compounds through soil profiles, hillslopes and catchment scale as well as the 
modelling of downstream changes in pollutant loading (James, 1993). Closely related to 
the pollution context is the simulation of soil erosion and sediment transport on the 
catchment scale. The group of river water quality models simulate the substance 
transformation in river channels in a mechanistic way and transport calculations are 
based on hydraulics. These models are able to simulate biological variables due to 
primary production and the transport of pollutants like heavy metals and organic 
chemical (exposure models). The acidification context includes short and long-term 
models of chemical reactions catchment scale models. Most important variables are the 
ph-value and related heavy metals as well as the Si-fraction. Knowledge of the 
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uncertainties in surface water quality data is essential to assess the reliability of water 
quality models and their predictions like e.g. scenario analyses.  

8.1.1 Selected groups of variables 
Monitored surface water quality variables are numerous. This is especially true for the 
group of organic chemicals, e. g. the Water Framework Directive defined 33 priority 
constituents and constituents groups. Therefore a selection of the most important water 
quality variables has to be made with special regard to modelling aspects. We selected 
the surface water quality constituents listed in Table 8.1 according to their importance, 
their behaviour and the model needs. Recent evidence indicates that the majority of 
fluvial trace element and some major ion transport occur in association with suspended 
sediments (Horrowitz 1995, 1997). This is also true for organic chemicals with high 
adsorption coefficients. Furthermore, suspended sediments are important for total 
phosphorus transport in surface waters. Suspended sediments concentrations have 
extremely high spatial and temporal variability and are therefore associated with high 
sampling uncertainties. Nutrients like phosphorus, nitrogen and silicon are limiting 
constituents for primary production especially in large rivers and the marine 
environment. Primary production influences the oxygen concentrations and impacts also 
the pH-value. Additionally, some inorganic nitrogen compounds have acute chronic 
effects on aquatic organisms and are relevant for drinking water supply. Biological 
variables like BOD are the most important indicators for waste water emissions and 
highly affect oxygen concentrations. Chl a, which is commonly used as an indicator for 
algal biomass, is also relevant for drinking water supply from surface waters (bank 
filtration). Biological variables are highly variable in space and time and are associated 
with high sampling and analytical uncertainties.  

The considered variables in this chapter are listed in Table 8.1. For each variable the 
most commonly used analytical method was selected. They can be grouped in 
sediments, nutrients (mainly nitrogen and phosphorus compounds), biological variables, 
selected major ions and trace elements (see Section 9.2). Due to the importance of the 
calculation of river load and the large uncertainties associated with different calculation 
procedures one section on this topic is added. All constituent sections consider several 
information on uncertainty category, empirical uncertainty, quality of methods, the 
longevity of the uncertainty information and the times and locations for which the 
uncertainty information is valid.  

8.1.2 Importance of different uncertainty factors 
The most important uncertainty factors of surface water quality data are sampling and 
measurement or analytical uncertainties. Conceptual problems and conversion of data 
transfer are of minor importance. Sampling uncertainties can be distinguished between 
uncertainties related to the selection of a representative sampling location, 
representative samples at a given river cross section and the choice of an appropriate 
sample frequency e.g. for calculation of representative loads at a given location (see 
Table 8.2). 
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Table 8.1 Summary of selected surface water quality variables table. 
Variable Abbreviation Unit 

Sediments   

Suspended sediments, dried by 103 to 105 °C Sed g/l 

N-Fraction   

Nitrate (Cadmium Reduction Method) NO3-CRM mg/l 

Nitrate (Electrode Method) NO3-EM mg/l 

Nitrite (IC1) NO2 mg/l 

Ammonium (IC) NH4 mg/l 

P-Fraction (IC)   

Total Phosphorus  TP mg/l 

Particulate Phosphorus PP mg/l 

Dissolved Phosphorus  DP mg/l 

Soluble reactive Phosphorus  SRP mg/l 

Biological Fraction   

Chemical oxygen demand (Potassium dichromat) COD mg/l 

Biological oxygen demand (O2 probe) BOD mg/l 

Chlorophyll-a (HPLC2) Chl-a mg/m³ 

Dissolved organic carbon (Heated oxidation method) DOC mg/l 

Heavy metals (ICP-MS3)    

Arsenic As µg/l 

Chrome Cr µg/l 

Copper Cu µg/l 

Iron Fe µg/l 

Mercury (Cv-AAS4) Hg µg/l 

Manganese Mn µg/l 

Lead Pb µg/l 

Zinc Zn µg/l 
1 Ion Chromatography 
2 High-Performed Liquid Chromatography 
3 Inductively Coupled Plasma/Mass spectrometry 
4 Cold-Vapor Atomic Absorption Spectrometric 

 

The choice of a sampling location may have considerable impact on the measured 
concentration of a given variable. In streams and small rivers with high flow velocities 
water quality compounds are in general well mixed within the cross section due to high 
turbulence of the flow. Temporal and spatial variations of water quality variable 
concentrations in a given river reach are determined by point sources and the 
transformation rate of the specific water quality variable. In large rivers the selection of 
a representative sampling location is much more difficult due to much longer time spans 
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of total mixing of larger tributaries. An example is given for the Chl a concentrations in 
the Elbe river in Fig. 9.1. In the case of low flow conditions total mixing of the Saale 
tributary within the Elbe river needs about 70 km.  

The Saale river is the largest German tributary of the Elbe river. Within this river reach 
considerable differences for most water quality variables can be observed on the right 
and left bank of the river (see also Guhr et al., 2000). The choice of a representative 
sampling within a cross section depends on the variability of a given compound, where 
the variability of suspended particulate matter and associated compounds in general is 
much larger than of soluble compounds. This variability is highly specific for each river 
system and river location. Therefore it is not possible to give general quantitative 
estimates on the uncertainties associated with sampling in a given cross section. It 
should be apparent that the collection of a single ‘grap’ sample at a single depth, from 
the centroid of flow or from the bank is unlikely to produce representative samples 
especially of suspended particulate matter and associated constituents. Some qualitative 
explanations are given in the following chapters for the different water quality groups. 
The same is true for the choice of representative sampling frequencies for reliable load 
calculations.  

Table 8.2 Important sources of uncertainties of surface water quality data. 
Field 
instruments 

Sampling 
location 

Representative 
sampling 

Laboratory 
analysis 

Load 
calculation 

Instrument errors Mixing of large 
tributaries 

High spatial 
variation within 
the cross section 

Sampling 
conservation 

Sampling 
frequency 

Instrument 
calibration errors 

Point source inputs High temporal 
variation (e.g due 
to point source 
inputs, flood 
events) 

Sampling transport Sampling period 

 Impoundments, 
dead zones etc. 

Sampling volume Instrument errors Choice of 
extrapolation 
method (e.g. rating 
curve) 

  Sampling duration Laboratory 
induced 
uncertainties 
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Figure 8.1  Chl a longitudinal section of the Elbe sampling survey from Schmilka to Neu 
Darchau dated 3.-11. September 1998. 

 

Most water quality variables can be grouped in similar uncertainty categories (e.g. B1 
or D1). Also the analytical uncertainties can be stated for nearly all variables as M1 and 
instrument quality is always well suited for the field situation and calibrated if standard 
procedures are used (see Table 8.3). The overall method is always approved standard in 
well established disciplines. For all variables the uncertainty information is known to 
change over time. Information on autocorrelation of time series data is rare in the 
literature. If possible additional information is given in the following sections. 
Quantitative estimates on uncertainties for the variable groups like coefficients of 
variation (CV) of pdf (see Table 8.5) are restricted to measurement and analytical 
uncertainties due to the lack of information and site specific characteristics of other 
uncertainty information. The given values on mean standard deviations are general 
estimates for the analytical methods considered in Table 8.1. The estimation of 
uncertainty in sampling can only be done by taking at least a proportion of samples in 
duplicates. A detailed review of techniques for quantification and comparison of 
sampling and analytical sources of uncertainties is given e.g. by Ramsey (1998). 
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Table 8.3  Example table, giving information about Uncertainty category, type of empirical 
uncertainty, methodological quality and longevity. 

Variable Uncertainty Empirical Methodological quality  

Abbreviation category uncertainty Instr. Samp. Overall Longevity 

Sed D1 M1 I3 Sh3,Sv3,St3 O3 L1 

NO3-EM, NO3-
CRM 

B1, B1 M1 I3 St3 O3 L2 

NO2 B1 M1 I3 St3 O3 L2 

NH4 B1 M1 I3 St3 O3 L2 

TP D1 M1 I3 Sh3,Sv3,St3 O3 L2 

PP D1 M1 I3 Sh3,Sv3,St3 O3 L2 

DP B1 M1 I3 St3 O3 L2 

SRP B1 M1 I3 St3 O3 L2 

COD B1 M1 I3 St3 O3 L2 

BOD B1 M1 I3 St3 O3 L2 

Chl-a D1 M1 I3 Sh2,Sv2,St2* O3 L2 

DOC B1 M1 I3 St3 O3 L2 

As, Cr, Cu, Fe, 
Hg, Mn, Pb, Zn 

D1 M1 I3 Sh3,Sv3,St3 O3 L2 

* in the case of algal biomass determination 

8.2 Groups of Variables 

8.2.1  Suspended Sediments 
Suspended sediments are defined as the portion of total solids retained by a filter. The 
currently accepted operational definition of the filter size is a 0.45 µm membrane filter 
(Horowitz, 1997). Suspended sediments are a major carrier of a varity of mineral and 
organic constituents. Obtaining representative samples of suspended sediments is, 
therefore, of fundamental importance in studies concerned with quantifying 
geochemical fluxes and understanding water quality in fluvial systems. Even in water 
with suspended sediment concentrations < 10 mg/l, these solids are responsible for the 
transport of many compounds like traces elements. Especially the collection of 
representative samples of suspended sediments is of paramount importance, as it is 
impossible to sample and analyse an entire water body.  

The uncertainty category of suspended sediments can be defined as D1, since automatic 
samplers are able to collect samples with high temporal resolution, e.g. 5 minute 
intervals. In many cases suspended sediments are also sampled on regular daily, weekly 
or biweekly intervals. Empirical uncertainties encountered with suspended sediments 
can be defined as type M1 (probability distribution). In general, suspended sediment 
concentrations have extremely high variations within the cross sectional area of a given 
river. When both sand-sized (>63 µm) and silt/clay-sized (<63 µm) particles are present 
in a stream, the concentrations of suspended sediments tend to increase with increasing 
distance from the river bank. This is a common pattern and results from an increase in 
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stream velocity (discharge) due to decreasing frictional resistance from the river banks 
and the river bed (Vanoni, 1977). Vertical concentrations of fluvial suspended 
sediments tend to increase with increasing depth. This is also due to the increase of sand 
sized material. This occurs because the velocity (discharge) in most rivers, under 
normal flow conditions, is insufficient to distribute coarse material homogeneously. 
Hence the majority of sand sized particles tend to be transported near the river bed. 
Therefore it should be apparent that collection of a grab sample at a single depth, from 
the centroid of flow or from one bank is unlikely to produce representative samples of 
suspended sediments (Horowitz, 1997, Horowitz et al. 1989).  

Representative suspended sediment sampling requires a composite of a series of depth- 
and width-integrated isokinetic samples obtained either at equal discharge or at equal 
width increments across a river (Horowitz et al. 1990, Horowitz, 1997). The increased 
velocities and turbulence found in the centre of many rivers leads to lateral variation of 
suspended sediment concentrations with elevated values in the middle of the cross 
section. Most of this variation in suspended sediment concentration in a section is 
accounted for by the sand fraction (> 63 µm), hence the variations in the case of 
sediment concentrations dominated by silt and clay fraction, e.g. under low flow 
conditions, is less important. Investigations into vertical variations in sediment 
concentrations conducted by Wass and Leeks (1999) revealed well mixed conditions for 
English rivers. These rivers varied in catchment size between 484 and 8231 km² and 
mean suspended sediment concentrations less than 60 mg l-1 and maximum suspended 
sediment concentrations less then 1600 mg l-1. The errors of single samples within a 
cross section compared with measurements made using depth-integrated samplers 
across a section leaded to errors ranging from 2 to 12% (Wass and Leeks, 1999).  

It is well known, that suspended sediments concentrations also have high temporal 
variations. Although a number of factors other than just discharge are involved (e.g. 
grain-size distribution, shear stress, turbulence, stream-bed gradient), there is a widely 
held belief that in fluvial systems, as discharge increases, suspended concentrations also 
increases (Horowitz 1997). Commonly about 90 % of the annual load is transported 
within only about 10% of the time (e.g. Walling et al., 1992, Horowitz, 1995). Sampling 
frequency for flux estimates becomes dependent on the time period of concern (daily, 
weekly, monthly, yearly) and the amount of acceptable error associated with these 
estimates. 

Sample volume should be chosen to yield between 2.5 and 200 mg dried residue. 
Commonly samples are dried by 103 to 105 °C in an oven, cool in a desiccator to 
balance the temperature, and weight. The standard deviation was 5.2 mg/L (coefficient 
of variation 33%) at 15 mg/L, 24 mg/L (10%) at 242mg/L, and 13 mg/L (0.76%) at 
1707 mg/L in studies by two analysts of four sets of 10 determinations each. Single-
laboratory duplicates analyses of 50 samples of water and wastewater made with a 
standard deviation of differences of 2.8 mg/L. (Standard Methods, 1998). This indicates 
that the absolute analytical measurement error is nearly constant and the percentage 
measurement error decreases with increasing suspend sediment concentrations. For 
suspended sediment concentrations problems related to collecting representative 
samples (one that encompass the range of spatial and temporal variability at a site) are 
of primary concern compared to analytic uncertainties. 
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8.2.2 N-Fraction 
In surface waters the forms of nitrogen of greatest interest are, in order of decreasing 
oxidation state, nitrate, nitrite, ammonia and organic nitrogen. All these forms of 
nitrogen are biochemically interconvertible and are components of the nitrogen cycle. 
Regarding nitrate the automated cadmium reduction method (NO3-CRM) is a commonly 
used method for nitrate analytical determination. Nitrate can be determined over a range 
of 0.5 to 10 mg N/l. Sample turbidity may interfere the analytical procedure. Table 8.4 
shows the impact of laboratory induced uncertainties on nitrate data. Three laboratories 
used the same automated systems but having slightly different configurations.  

Table 8.4 NO3
- - N concentrations, standard deviations and bias for different nitrate 

concentrations increments obtained in three different laboratories (Standard 
Methods, 1998). 

Increment as 
NO3

- - N 
µg/L 

Standard  
Deviation 
µgN/L 

                                
Bias 
% 

                     
Bias          
µgN/L 

  290   12 +  5.75 +  17 

  350   92 +18.10 +  63 

2310 318 +  4.47 +103 

2480 176 -  2.69 -  67 

 

In a single laboratory using surface water samples at concentrations of 100, 200, 800, 
and 2100 µgN/L, the standard deviation were 0, ±40, ±50, and ±50 µgN/L, respectively.  
These findings for nitrate on decreasing relative bias with increasing concentrations are 
typical also for other water quality constituents and most analytical methods. Precision 
and bias for the system described are believed to be comparable (Standard Methods, 
1998). The standard deviations reported from the Laboratory of the UFZ Environmental 
Research Centre in Magdeburg are with a maximum of 3.3% similar to these findings. 
The analytical limit is about 50 µgN/L. The NO3-Electrode Method (EM) has detection 
limits between 0.14 and 1400 mg NO3-N/L and pH-values have to be held constant. 
Over the range of the method, precision of ± 0,4 mV, corresponding to 2,5% in 
concentration, is expected (Standard Methods, 1998). Nitrite is an intermediate 
oxidation state of nitrogen, both in the oxidation of ammonia to nitrate and in the 
reduction of nitrate. Mean standard deviations change slightly depending on the 
analytical method. Colorimetric methods may have somewhat higher bias than the Ion 
Chromatography (IC) method. In general measurement errors should be not higher than 
6%. The bias will decrease with increasing concentrations. 

Ammonia is present naturally in surface and wastewaters. Its concentration is generally 
low in groundwater because it adsorbs to soil particles and clays and is not leached from 
the soils. Ammonia concentration can vary between 10 µg/l ammonia nitrogen in some 
natural groundwater systems and 30 mg/L in some wastewater. Ammonia 
concentrations in surface water, e.g. due to wastewater inputs, tend to decrease rapidly 
by nitrification. Mean standard deviation of analytical methods have values between 5 
and 8 % where the IC method showed highest standard deviation of up to 11% (DEV, 
2000). The lowest bias is associated with the flow injection analysis (Standard methods 
1998). In general, soluble compounds like ammonia have much lower concentration 
variation within a cross section of a given stream or river compared to suspended 
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sediment associated compounds. Nevertheless during low flow season and high 
biological activity also soluble concentrations of reactive compounds may vary 
considerably. Fig. 9.2 shows deviations of ammonia concentrations within the cross-
section of the Elbe River of more than 50 % of the mean value. This is due to high algal 
biomass concentration and associated nutrient uptake or higher nitrification rates in the 
proximity of the banks, which are modified by groynes. These effects may be much 
more important for larger rivers than for small rivers and streams due to their higher 
turbulence and mixing within the cross section. 
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Figure 8.2  NH4-N concentrations and discharge within different segments of the cross section 
in the Elbe River at location Dom Mühlenholz on the 26th May 1993.  

 

Studies on autocorrelation in nitrogen time series mainly focus on trend analysis and the 
determination of seasonal trend components (Lehmann and Rode, 2001; Worral and 
Burt, 1999). Published studies on simple temporal autocorrelation of nitrogen time 
series are rare and are restricted on weekly nitrate data. No studies were found on the 
systematic analyses of temporal autocorrelation functions on time series data. Markus et 
al. (2003) showed high autocorrelation of lag-one nitrate-N for the Sangamon River in 
the Midwestern United States. Two week temporal autocorrelation was lower but still 
higher than 0.6. During high nitrate concentrations seasonal autocorrelations seemed to 
be higher than during low concentrations (Markus et al., 2003). Correlation between 
nitrogen compounds and other water quality constituents are frequent and depend on 
site specific nitrogen loadings e. g. the share of point and non point sources pollution. In 
general the correlation between discharge and nitrate is week due to the strongly non 
linear relationship between discharge and nitrate concentration. 

8.2.3 P Fraction 
Phosphorus occurs in natural waters and in wastewaters almost solely as phosphates. 
They occur in solution, in particles or detritus, or in the bodies of aquatic organisms. 
Phosphorus is essential to the growth of organisms and can be the nutrient that limits 
the primary productivity of a water body. Phosphorus analyses embody two general 
procedural steps: (a) conversion of the phosphorus form of interest like soluble reactive 
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phosphorus, dissolved phosphorus or total phosphorus to dissolved orthophosphate, and 
b) determination of dissolved orthophosphate by ion chromatography (IC) or 
colorimetry. In Table 8.5 standard deviations of the IC method and additional 
uncertainty information are given for soluble reactive phosphorus (SRP). 

Table 8.5  Information about error probability distribution type, analytical uncertainties and 
data support (see also Table 8.1 for meaning of variables).  

Variable pdf type pdf * Support  

Abbrev.  CV space Time References 

Sed lognormal 13% 1-5 l seconds WMO, 1989; DEV, 35th Delivery, 
1996, Ferguson, 1986 

NO3-CRM normal 5% 100 ml s Standard Methods, 1998;  

NO3-EM normal 2.5% 10 ml s Standard Methods, 1998 

NO3-IC normal 4% 100 ml s Standard Methods, 1998 

NO2 normal 6% 100 ml s Standard Methods, 1998,  

DEV, 38th Delivery, 1997  

NH4 normal 11% 100 ml s DEV, 48th Delivery, 2000 

TP normal 6% 100 ml s According to SRP 

SRP normal 6% 100 ml s Standard Methods, 1998 

DEV, 38th Delivery, 1997 

COD normal 11% 500 ml s Standard Methods, 1998 

DEV, 9th  Delivery, 1981 

BOD normal 10% 300 ml s Standard Methods, 1998 

DEV, 43th Delivery, 1999 

Chl-a normal 10% 2mL/min s Standard Methods, 1998 

DOC normal 10%  s Standard Methods, 1998,  

As, Cr, Cu, 
Fe, Mn, Pb, 
Zn 

normal 5% 100 ml s Standard Methods, 1998 

Hg, normal 10-17% 100 ml s Standard Methods, 1998 

* restricted to analytical errors 

 

The values for the colorimetric determinations are comparable. In determination of total 
dissolved or total suspended reactive phosphorus, anomalous results may be obtained on 
samples containing large amounts of suspended sediments. Very often results depend 
largely on the degree of agitation and mixing to which samples are subjected during 
analysis because of a time-dependent desorption of orthophosphate from the suspended 
particles (Standard Methods, 1998). Due to strong binding of phosphorus to suspended 
particulate matter concentrations of P-compounds vary within the cross sectional area 
depending on the amount of suspended sediments or organic matter (e.g. algal biomass) 
in the water body.  

Furthermore, dissolved concentrations of P-compounds may vary within the cross 
section due to differing algal P-uptake (see Fig. 9.3). In rivers with low algal biomass 
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concentrations or well mixed water bodies the cross sectional variation may not be very 
important. Suspended sediment concentrations (see above) as well as biological 
activities vary strongly in space and time. Therefore, autocorrelation of P concentrations 
may be much lower than for variables which are less impacted by biological 
transformation or transport by suspended sediments like e.g. nitrate. 
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Figure 8.3  Mean SRP-concentrations within the cross section in the Elbe River at location 
Dom Mühlenholz on the 26th May 1993.  

 

8.2.4 Heavy metals 
Suspended sediment associated heavy metals can display marked short- and long term 
spatial and temporal variability. Transport of heavy metals occurs mainly in association 
with suspended sediments. Even in waters with suspended sediment concentrations < 10 
mg/l, these solids can represent the major carrier for many trace elements (Horowitz, 
1997). Therefore, the behaviour of trace elements is very similar to the behaviour of 
suspended sediments. Although concentrations of suspended associated compounds can 
vary strongly within the cross sectional area during high flow and sediment 
concentration conditions (Horowitz, 1997), this variation decrease rapidly during low 
flow conditions with associated low suspended sediment concentrations. For the Elbe 
River Cd concentration did not vary systematically within the cross section with high 
concentrations in the centre of the cross section and low concentrations near the banks 
(see Fig. 9.4). These findings are restricted to low suspended sediment concentrations 
since in all 14 cross section measurement surveys in 1993 and 1994 in the Elbe River 
these concentrations were always less than 40 mg/l. As discharge increases it is 
commonly assumed that the grain size composition of suspended sediment will show a 
decrease in the clay fraction and an increase in the sand fraction, because of the increase 
in turbulence and transport capacity for coarser particles associated with higher flows 
(Horowitz 1997). Due to the association of heavy metals with more chemically active 
fine fraction this will in general lead to a decrease of relative sediment associated trace 
element concentration with increase discharge (Walling et al., 1992). However, it 
should not be assumed that all rivers will demonstrate this typical grain size behaviour. 
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Walling et al. (1992) showed that rivers often have their very specific transport 
characteristics and pattern of variation of the concentration of sediment associated 
substances. In assessing the uncertainties of heavy metal concentration data this leads to 
the general statement that most monitoring programs lack the necessary resources to 
sample with sufficient frequency to encompass the degree of temporal variability typical 
in most fluvial systems. Hence sampling uncertainty, especially for sediment related 
compounds, is much more important than measurement uncertainty, where high precise 
and unbiased analytical results are achievable with ICP-based instrumentations. These 
measurement uncertainties are presented in Table 8.5. It is questionable weather this 
analytical effort is justified when analyzing only a limited number of suspended 
sediment samples. 
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Figure 8.4 Mean Cd-concentrations within the cross section in the Elbe River at location 
Hohenwarte on the 21st October 1993.  

 

8.2.5 Biological fractions 
The biological fraction comprises compounds that are mainly impacted by the amount 
of, the generation or the degradation of organic matter in surface water. Organic matter 
origin from allochtone (e.g. waste water) or autochtone sources (primary production). 

The biochemical oxygen demand (BOD) is a measure for the molecular oxygen utilized 
during a specific incubation period for the biochemical degradation of organic material 
and the oxygen used to oxidize inorganic material such as sulfides and ferrous iron. 

Chemical oxygen demand (COD) is defined as the amount of a specific oxidant that 
reacts with the sample under controlled conditions. COD is often closely related to 
BOD. Uncertainties associated with different measurement methods for BOD and COD 
seemed to be comparable and are given in Table 8.5. They are slightly higher than 
analytical uncertainties of most nutrients. Analytical uncertainties will decrease with 
increasing concentrations of DOC and BOD. For further literature see e.g. Standard 
Methods (1998).  
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The concentration of photosynthetic pigments like Chlorophyll a is used extensively to 
estimate phytoplankton biomass where the High-Performed Liquid Chromatography 
(HPLC) method is the most commonly used method. Uncertainties of the HPLC method 
varies between the different pigment types and can vary between 0.5 and 23% with an 
average value of 10 % for seven investigated pigment types (Standard Methods, 1998). 
Uncertainties compared with other methods like spectrometric or fluorometric methods 
are similar. These uncertainties are restricted to the quantification of pigments and do 
not reflect the uncertainties associated with these indirect methods to determine 
phytoplankton biomass. Compared to direct measurement of phytoplankton the indirect 
measurement with pigment concentration is associated with additional uncertainties 
since the relationship between both variables is not constant.  This relationship strongly 
depends on the composition of different algal groups and on the cell size of the algae 
(Creitz and Richards, 1955). Fig. 9.5 shows an example relationship between Chl a and 
algal biomass. The correlation between biovolume and extracted chlorophyll is not 
always reliable and this has been widely discussed (Desortova, 1981, Vörös and 
Padisak, 1991). Therefore pigment concentration is a rough estimator of total algal 
biomass. In large rivers algal concentrations may differ within the river cross section 
with slightly higher concentrations near the river banks compared to the centre of the 
river. This is due to larger flow depth in the centre of the cross section. Assuming total 
mixing of the water column and high algal concentrations the penetration of light is 
limited.  
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Figure 8.5  Relationship between Chl a concentrations and algal biomass of water samples from 
the river Elbe in 1997. 

 

Regarding the predictability of algal concentrations Hakanson et al. (2003) discussed 
fundamental principles regulating predictive power of river models for phytoplankton. 
Their general idea is that the variation of phytoplankton concentrations expressed as CV 
values determine their overall uncertainty and hence their predictability. They analysed 
extensive data of different phytoplankton groups on a site in the Danube river and in 19 
rivers in the UK. The CV-value for within site variability is always related to very 
complex climatological, biological, chemical and physical conditions. In the Danube 
river case study CV values were similar for the different phytoplankton groups but there 
was a temporal variation in monthly CVs based on data from several years with highest 
CV during September and October. The mean CV for chlorophyll based on all data 
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from the River Danube is 0.96, which is close to the median value from 19 river sites in 
the UK. It has been shown that it is often possible to define characteristic CV-value for 
a given variable, e.g. chl a values in lakes. It was shown that the CV can give 
information on the general predictability of a given variable (Hakanson, 1999). 

8.3 River load calculations and uncertainties 

One of the greatest problems associated with the provision of reliable river load data is 
the assumption that the infrequent samples typically associated with routine water 
quality monitoring programmes can be used to generate reliable estimates of river loads. 
In most situations, the accurate assessment of river loads will require a sampling 
programme specifically designed for this purpose. In considering further the problems 
of obtaining accurate estimates of river loads, it is useful to make a distinction between 
the dissolved and the particulate components of river load (Walling et al. 1992). In 
many situations, the concentrations of most dissolved substances in river water will 
vary over a limited range and the use of infrequent samples may introduce only 
relatively limited errors into load assessments, if accurate information on water 
discharge is available. In the case of particulate- or sediment associated compounds, 
however, concentrations may vary over several orders of magnitude, particularly during 
flood events.  

Over the last two decades a wide variety of estimation approaches have been developed 
and used for the estimation of loads of various water quality constituents. These 
approaches can be divided into averaging, ratio and regression estimators. A short 
overview is given by Preston et al. (1989) and Cohn (1995).  Whereas the two former 
estimators were used for all water constituents, regression methods have traditionally 
been applied for estimating tributary loads of suspended solids and other related 
constituents. Guo et al. (2002) demonstrated that in the case of nitrate, which is 
representative for dissolved compounds, all methods produced relatively small errors 
(up to 5 %) for yearly load calculations in a case study of the Sagamon river in Illinois, 
USA. The catchment sizes were up to 2375 km² with nitrate concentrations of up to 10 
mg/l nitrate-N. These results were achieved on the basis of weekly and monthly 
sampling frequencies. In all cases simple averaging and ratio estimators yielded better 
results than the rating curve method. These results can be supported by the findings of 
Littlewood (1995) who used averaging estimators for nitrate-N load calculation using a 
578 km² British Stour at Langham catchment as a case study. Deviations between 
calculated loads on the basis of a 20 day sampling interval and the actual load were 
about 5%. In general in river catchments of comparable size biweekly sample 
frequencies, which are most common for European monitoring programs will lead to 
reasonable yearly dissolved load calculations. 

For suspended sediment flux calculations generally log-log regressions are applied 
because flow and concentration are assumed to follow a bivariate lognormal 
distribution. Ferguson (1986) and Koch and Smillie (1986) demonstrated that the log-
log regression procedure is theoretically biased because of the retransformation from 
the log scale to the linear scale. Therefore, sediment rating curves can substantially 
underpredict actual concentrations and loads (see also Asselmann 2000) and various 
correction factors have been developed to compensate this difficulty (e.g. 
Ferguson,1986; Walling and Webb, 1988; Asselmann 2000). Using the rating curve 
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technique Horowitz (2003) investigated the impact of sampling frequency on the annual 
flux estimates for large rivers. For the investigated Mississippi River and Rhine River 
even collecting a sample as infrequently as once a mouth produced differences only of 
the order of less than ±20%, regardless of the flux levels compared to true load 
calculations based on daily samples. Compared to large rivers the uncertainties 
associated with loads estimates based on infrequent samples will increase for small 
basins.  

An assessment of the likely reliability of suspended sediment loads estimated on the 
basis of infrequent samples using 1500 km² basin of the River Exe indicated that errors 
of the order of ±75% or even greater could arise (see also Walling and Webb, 1981). 
Errors associated with variability of the concentrations of sediment associated 
substances are likely to be less (Walling et al. 1992). A comparative study on load 
estimations methodologies using the River Wharfe at Tadcaster form Webb et al. (1997)  
showed that simple rating relationships produced estimates of suspended sediment load 
with the highest level of accuracy, but loads calculated by this procedure still varied 
from -57 %  to +29% of the true value using weekly sampling interval. None of the 
methods investigated produced very reliable load estimates when weekly suspended 
sediment concentrations data were used. 

8.4 Summery 

This chapter on uncertainties of surface water quality data deals with five different 
groups of variables listed in Table 8.1, i.e. suspended sediment, nitrogen fraction, 
phosphorus fraction, heavy metals and biological compounds. All data of compounds 
associated with suspended particulate matter have considerable higher sampling 
uncertainties than soluble concentrations. This is due to high variability’s within the 
cross section of given river reach. This variability is positively correlated with total 
suspended particulate matter concentrations. Sampling location has also considerable 
effect on the representativeness of a water sample. This is especially true for larger 
rivers with large tributaries and low flow velocities. High sampling effort is needed to 
get representative samples of a given cross section. These sampling uncertainties are 
highly site specific. The estimation of uncertainty in sampling can only be achieved by 
taking at least a proportion of samples in duplicates. A detailed review of techniques for 
quantification and comparison of sampling and analytical sources of uncertainties is 
given e.g. by Ramsey (1998). Compared to sampling uncertainties measurement and 
analytical uncertainties are much lower. Instrument quality can be stated well suited for 
field and laboratory situations for all considered constituents and most variables can be 
analysed by direct measurements. All analytical methods have approved standards in 
well established disciplines. Nevertheless analytical errors can contribute considerable 
to the overall uncertainty of surface water quality data. In most cases variation of 
analytical errors regarding different well approved analytical methods are small. 
Temporal autocorrelation of surface water quality data is present but literature on 
general behaviour of water quality compounds is rare. 
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9. ECOLOGICAL DATA 

 

9.1 Introduction 

9.1.1 WFD context 
The collection and interpretation of ecological data are central to the implementation of 
the Water Framework Directive. Good Ecological Status (GES) is considered to be as 
important as Good Chemical Status. Protection of the ecological functioning of rivers is 
a key indicator of sustainable management, although not the only one: anthropogenic 
effects on drinking water quality and aesthetics are also important. 

Decision making and standard setting based on biomonitoring has a number of 
advantages over more traditional approaches based on hydrological variables, or end of 
pipe or in-river chemical standards, principally: 

• The chosen end point is being directly measured, assumptions about dose-
response, loads and dilution are not being made 

• The biology is integrative, it is continually experiencing the conditions in the 
river, and so should be a better (e.g. more economical) measure of the actual 
perturbations to a site than spot samples of water quality determinands or river 
discharge. 

The Water Framework Directive makes specific reference that “estimates of the level of 
confidence and precision of the results provided by the monitoring programmes shall be 
given in the (river basin management) plan”. 

The WFD thus recognises that an understanding of the uncertainties in ecological data 
is vitally important for those who use this data. 

In the WFD, different types of monitoring are specified, surveillance, operational and 
investigative, we will not distinguish between them here. No completely comprehensive 
studies exist of uncertainty in ecological data, however there are several good papers 
which cover different aspects. Most of these concentrate on macro-invertebrates, so this 
will be the focus of this paper. 

9.1.2 Scope of this chapter 
In general, conventional measures of data quality and uncertainty, such as measures of 
variance and co-variance, are suitable for continuous variables. However, many 
ecological data which are collected for bioassessment purposes are fundamentally 
categorical, consisting of lists of taxa  perhaps with attached information about their 
abundances. For lists of taxa presence/absence, the overall uncertainty using the 
classification of Brown, 2003 is D3: categorical, varies in space and time, although in 
general, uncertainty in space is probably more important (i.e. tending towards C3 in the 
most simple case). For abundances of individual taxa, uncertainty is classified as D2, 
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again varying in space and time, however in this case, variation of uncertainty in time is 
more important (i.e. tending towards B2 in the most simple case). 

In some cases, these taxa lists may be processed into one or more summary metrics, 
which will numerical and generally continuous. For such metrics, more conventional 
descriptions of uncertainty may be used, albeit affected by issues of sampling 
frequency. Many countries use such metrics to assess ecological quality of waters, in 
which case a standard protocol is often defined, which will describe how to undertake 
the various aspects of sample collection, processing and metric calculation. Ideally, the 
contribution of uncertainty needs to be understood at all these stages, errors and biases 
can be introduced at every step (Cao et al., 2003). These protocols are often very 
important, comparison shows that data collected under different protocols can vary 
widely.  

Table 9.1 indicates the kind of ecological measures whose uncertainty will be 
considered further below. The most basic measures are taxonomic composition, taxon 
richness and abundances of taxa, any other measure can be derived from these. 
Abundances of aquatic organisms are affected by a multitude of physical and chemical 
factors (both natural and man-made), and can vary over several orders of magnitude. A 
common model for such variation is the negative binomial distribution (overdispersed 
Poisson), whose variance is greater than the mean, this contributes to the difficulties in 
ascribing uncertainties in raw abundance data, uncertainties in log-abundance data are 
often more manageable.  

Taxa lists may be compared using various similarity or distance indices (e.g. Jaccard or 
Bray-Curtis; see Krebs, 1998), while continuous numerical metrics can be compared 
using standard deviations or coefficients of variation.  

Table 9.2 gives an overview of the uncertainty category, empirical uncertainty, 
methodological quality and longevity of the uncertainty information (see Chapter 2 for 
an explanation of the codes), for each of the variables that are being treated in this 
chapter. The values in this table are based on a general impression from the various 
sources cited later. It is striking that for most variables there exist standards with respect 
to sampling procedure and spatial or temporal layout (information in the fourth column 
of Table 9.2). It appears however, that for many variables it is not possible to derive a 
full probability distribution (M1) on the basis of samples, but that only a qualitative 
indication of uncertainty can be provided (M2). This is due to the central role of 
taxomomic determination and observations by humans, which also involves a rather 
complex conversion from raw data to taxonomic composition.  
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Table 9.1 Summary table. 
Name Abbrev. Unit Notes 

WFD-specific variables    

Taxonomic composition TC List of taxa All quality elements, non-numeric. 
Species richness (ie number of taxa 
present) is often used. 

Abundances of taxa AT Counts of 
numbers 
within taxa 

All quality elements. Particularly relevant 
for phytoplankton and macrophytes 

Ratio of disturbance 
sensitive to disturbance 
insensitive taxa 

DSDIT None (ratio) For macro-invertebrates only 

Number of disturbance 
sensitive species 

DSS Counts of taxa For fish only 

Age structure of 
population 

AS Age For fish only  

Non-WFD specific 
variables 

   

Species diversity or 
evenness 

SpD None Calculated from taxonomic composition 
and abundances 

Specific metrics, e.g. Lotic 
invertebrate Index for 
Flow Evaluation, 
Biological Monitoring 
Working Party score, 
Average (BWMP) score 
per taxon 

LIFE, 
BMWP, 

ASPT 

None Weighted index of taxonomic 
composition and abundances. Sensitive to 
flow regulation pressures (LIFE), organic 
pollution pressures (ASPT / BMWP). 

 

Table 9.2 Uncertainty Categories for the different variables (only those that are observed 
directly, SpD, LIFE, BMWP and ASPT are calculated on the basis of the other 
variables). 

 Uncertainty 
Category 

Empirical 
Uncertainty 

Methodological 
quality 

Longevity of 
Uncertainty 
information 

TC D3/C3 M1 I4/S3/O3 L1 

AT D2/C2/B2 M1 I4/S4/O3 L1 

DSDIT D1/C1/B1 M2 I4/S4/O3 L1 

DSS D2/C2/B2 M2 I4/S2/O2 L1 

AS D3 M2 I3/S4/O4 L1 

 

The variables listed in Table 9.1 can be calculated for the observed conditions at a site 
(a sample). If a system for determining reference conditions is available, it may be 
possible to calculate the biotic variables (e.g. expected number of taxa) for the reference 
state for a site also. This could be done using a model or a less-formal spatial 
transposition. Thus is needs to be recognised that a calculated O/E (observed / 
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expected) ratio will have its uncertainty affected by the uncertainty in both its 
constituent parts. 

Ultimately, it is extremely difficult to assess uncertainty in terms of overall accuracy of 
biological field samples, because this would require knowing a true value, and such a 
truth is not commonly known, certainty without complete destructive sampling for 
macroinvertebrates, or completely dewatering a river to give a fish inventory. 

Cao et al., 2001 addressed the increased accuracy of increasing sampling effort in fish 
studies through the construction of an empirical model linking sampling effort to 
measured species richness, and using information about the asymptotic behaviour of 
this relationship to estimate total species richness. 

Because of the difficulties in assessing accuracy relative to true values, much more 
effort has been directed at understanding uncertainty involving precision or 
repeatability of results (Cao et al., 2003, Norris et al., 1996). In the context of the WFD, 
a key criterion is sensitivity, the ability to detect change. Fortunately, knowing 
something about precision will help us incorporate uncertainty into change detection. 
The situation would be different if one were required to make a complete species 
inventory or were dealing with the conservation of a rare species. Hence it is always 
important to understand monitoring methods used in terms of the purpose their data are 
to be used for. 

The overall aim of this paper is to outline potential sources of variation in sampling of 
freshwater biota, which if not understood, can lead to sampling uncertainty. Studies 
specifically addressing aspects of uncertainty are also reviewed where available, and 
quantitative data are given where available. Several terms and abbreviations which are 
used in the text are defined in a glossary at the end of the document. 

9.2 Sources of uncertainty 

Table 9.3 lists the main sources of uncertainty, each will be examined in turn with 
examples. 
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Table 9.3 Sources of uncertainty in ecological data (mostly taken from Cao et al., 2003). 
Source Notes 

Unspecified sampling variability In practice, probably a combination of between and with 
site variability. 

Choice of sampling sites within a region 
or catchment 

(where) 

The ecological group or community 
being sampled 

Commonly one group, e.g. fish, macro-invertebrates, 
macrophytes, phytoplankton, periphyton. Could be 
multiple groups, e.g. macrophytes and the 
macroinvertebrates living in them. 

Sampling effort used at the local scale Including habitats sampled, sampling equipment used 
(how) 

Timing of sample Commonly time of year, but could be time of day (when) 

Frequency of sampling Number of times over a day/season/year that a sample is 
taken 

Personnel collected the samples (who) 

Procedures for processing samples whether in-field or laboratory, including taxonomic 
resolution of identification, sub-sampling or compositing, 
whether abundance or presence-absence measured. 
QA/QC procedures, availability of specialist advice and 
up to date keys. 

Similarity measure or metric used for 
summary 

In order to assess the above sources of uncertainty, 
calculations on the raw data need to be made. The choice 
of method used for this assessment can affect the 
conclusions regarding the magnitude of uncertainty 

9.2.1 General, unspecified sampling variability 
The most commonly quoted figures on uncertainty in sampling aspects of river biology 
relate to the sample size required to estimate some (true) population parameter with 
some particular accuracy. Although these figures are not useful for ascribing uncertainty 
to a single data item, they are useful in ascribing uncertainty not just to replicate 
samples on a single occasion, but also to time series of samples, where the time series 
are summarised to estimate long-term parameters (clearly if there are trends in the series 
the situation is more complicated). Some figures are given below for information.  

Chutter and Noble, 1966, cited in Norris et al., 1996 reported that “hundreds of 
replicates would be needed to achieve estimates of invertebrate biomass or abundance 
within a 95% confidence level of the mean that would be acceptable. Table 9.4 gives 
further criteria for abundances, which in themselves are clearly fairly uncertain. In 
practice, a permissible interval of +/- 40% is often adopted by ecologists.  

Table 9.4 Uncertainty in invertebrate abundances from Allan, 1984, cited in Norris et al., 
1996. 

Precision +/- percent of mean (95% CL) Number of replicates 

“medium” 30-55% 10-20 

“high” 10-25% 50 
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9.2.2 Norris et al., 1996 perform some simulations of their own to estimate replicates 
numbers for 95% confidence levels from various datasets (Figure 9.1, Figure 
9.2). These show that if it is acceptable to use abundances on a log scale then 
the numbers of replicates are reduced, and also that more replicates are 
required if a single species is of interest.  
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Figure 9.1 Numbers of replicates required to achieve a set permissable uncertainty in 
population numbers for a rare species (Aphelocheirus aestivalis) (from data in 
Norris et al., 1996). 
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Figure 9.2 Numbers of replicates required to achieve a set permissable uncertainty in 
population numbers for total abundance and abundance of one species (from data in 
Norris et al., 1996). 
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If some purpose for the data can be established from the outset, improved, and generally 
lower sample size estimates can be estimated. This does require a formal statistical 
framework (e.g. ANOVA), figures for level of significance (α) and power (β) and what 
is often most difficult, an a priori assessment of what level of difference constitutes a 
true difference or “impact”. Using some of the same data as in Figure 9.1, with a true 
three-fold difference in means (considered significant), Norris et al., 1996 studied the 
impacts of sample size on Type II errors (corresponding to saying there is no difference 
between two data sets when in truth there is).  
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Figure 9.3 Impact of sample size on Type II errors (Norris et al., 1996).  
 

 

9.2.3  Choice of sampling sites within a region or catchment 
There is considerable evidence that choice of sampling site can have a major impact on 
what taxa are observed, and thus if such effects are not understood and controlled for, to 
ecological uncertainty. For example Downes et al., 2000 undertook a multi-scale 
replicated study of macro-invertebrates on artificial substrates at three sites in three 
Australian rivers. They reported significant differences between sites, but overall no 
significant differences between rivers. Critically, they reported that from their data, 
power analysis showed that to detect true differences in species richness and numbers of 
individuals between rivers at a significance level of α = 0.05 (power = 0.8) would 
require approximately 15 and 100 sites per river respectively.  

On the other hand, Bradley and Ormerod, 2002 reported that sample replicates from 
upland rivers were more similar within habitats and streams than between them, so that 
individual samples from habitats or streams do have some value. They also 
demonstrated sampling variation in species richness using replicate samples. On 
average, just under 70% of taxa were present in any one sample. Rabeni et al., 1999 
concluded that sampling a single reach of 20 times stream width was adequate to detect 
differences between sites, sampling of an additional reach reduced the coefficient of 
variation of four common metrics by less than 10%. 
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In practice, spatial location within a catchment will also affect appropriate sampling 
strategies (see below). This often means that protocols and models have been developed 
for particular river types, such as shallow upland rocky rivers or deep lowland silty 
rivers, and thus that comparison across such a wide range or river types could be 
difficult.  

It seems likely that the practical impacts of this uncertainty will vary depending on the 
reason the data are collected. Habitat heterogeneity is one key factor controlling the 
distribution of species, this is partly understood at local scales (between microhabitat 
<1m scale to reaches of 100s of metres), but poorly understood at larger spatial scales, 
where dispersal and movement processes become more important. The effects of habitat 
heterogeneity could have greater implications for monitoring for flow regulation than 
for monitoring for water quality, but this needs to be tested. Fausch et al., 2002 report 
similar need to research fish distribution at intermediate spatial scales. 

Often, biological monitoring programmes chose “representative” sites in order to 
characterise a water body, however, such assumptions are rarely tested. Overall, 
uncertainty in ability of sites to represent broader scale conditions is a major source of 
uncertainty in implementation of the ecological aspects of the WFD, and one that has 
hitherto received inadequate attention.  

9.2.4  The ecological group or community being sampled 
The WFD, whilst recognising that different ecological groups will respond to different 
pressures, will also likely be a driver for more integrated monitoring across ecological 
groups. In the past, the vast majority of monitoring in rivers was for macroinvertebrates. 
These were traditionally used to monitor organic pollution, but this narrow focus is now 
changing. Currently, work is being done on how to integrate measures across multiple 
ecological groups, hopefully this will lead to reduced, not increased uncertainty. The 
take-home message is that different strategies are appropriate for the different types of 
monitoring under the WFD. 

9.2.5   Sampling effort used at the local scale, including sampling methods 
Clearly, the procedures used to observe or sample fish, macro-invertebrates, 
macrophytes and phytoplankton are very different. Table 9.5 lists some common 
sampling methods.  
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Table 9.5 Sampling methods. 
Ecological group Sampling methods 

Fish Electric fishing (various types) – may be multiple pass. 

Netting and line fishing 

Direct observation (e.g. by snorkelling) 

Macroinvertebrates Pond net with kick sample 

Air lift 

Grab 

Quantitative sampler, e.g. Surber sampler 

Drift net 

Macrophytes For shallow rivers, sampling generally non-invasive, taxa lists can 
be directly recorded by observers.  

Phytoplankton Vertically integrative sample (shallow) – a drainpipe with a bung in 
it 

Depth sample – bottle which can be opened at a specific depth 

 

Many of the references at the end of this guide discuss some aspects of sampling 
methodology, for a general text see Hauer and Lamberti, 1996. Norris et al., 1996 
provide a useful table of references to different sampling methods to characterise a 
range of different processes or attributes of a community (standing stock / biomass, 
transport/drift, production, taxonomic richness, structural and functional trophic 
diversity, nutrient cycling, life-history patterns, size spectra and biotic interactions. This 
serves to emphasise the breadth of purposes for which river ecology can be sampled. 

Use of different sampling methods will give different results (field ecologists often refer 
to this issue as “gear bias”), for example different sizes of fish are differentially affected 
by electric fishing equipment. Unfortunately, because of the wide physical variation in 
rivers and lakes, there will never be a sampling technique appropriate for all situations.  

Even using the same sampling equipment, differing sampling protocols can give 
different results, indeed comparing samples taken with different protocols can only be 
compared with a high degree of uncertainty. For macroinvertebrates, the options are 
often 

• Time taken to sample or area sampled. Clearly the longer a sample is collected 
the more taxon rich it is likely to be. However, in the interests of precision and 
repeatability, fixed time samples are sometimes used. An alternative technique is 
to sample a fixed area of bed or volume of water. 

• Mesohabitats sampled. Options are to sample only a single mesohabitat (e.g. a 
riffle), to take separate samples from different mesohabitats at a site (e.g. riffle, 
river margin), and to sample all mesohabitats in proportion to their occurrence 
(the latter method used in UK RIVPACS protocols (Murray-Bligh et al., 1997, 
Wright et al., 2000). 
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Ostermiller and Hawkins, 2004 collected macroinvertebrate samples from 98 minimally 
altered streams in the western USA, and from these data, created simulated raw datasets 
using combinations of: 

• two alternate field data collection techniques (fixed area riffle and multiple 
habitat),  

• nine different sub-sampling thresholds (see Section 9.2.8 below), 

• two different O/E ratios (including and not including rare species). 

They used these data to develop RIVPACS-type models (Wright et al., 2000) and found 
little consistent difference between the precision, accuracy and sensitivity of models 
developed from data from alternative, consistent sampling strategies.  

Beisel et al., 1998 studied the effect of sampling different combinations of habitats 
through simulations, they reported that taxonomic richness was more stable than overall 
abundance, with diversity or dominance indices (e.g. Shannon-Weiner evenness, see 
Krebs, 1998; Legendre and Legendre, 1998 for a definition) somewhere in between. 

Stark, 1993 compared the uncertainty involved with various macroinvertebrate 
sampling methods, on the New Zealand Site Macroinvertebrate Community Index 
(CMI) (based on presence / absence) and Quantitative Macroinvertebrate Community 
Index (QMCI) (based on abundances). A single hand-net sample estimated the site 
Macroinvertebrate Community Index (MCI) within +/- 15% and four replicates yielded 
+/- 10%. Between 8 and 10 replicate Surber samples produced +/- 10% precision. 
Quantitative MCI (QMCI) values were more variable, with 10 or 11 replicate Surber 
samples required for +/- 10% precision. MCI and QMCI were relatively independent of 
depth, velocity, and substratum within the sampled ranges of these variables. to avoid 
possible complications brought about by extreme values, sampling within the following 
ranges of these variables was suggested: depth 0.1-0.4 m, velocity 0.2-1.2 m s-1, and 
substrate 60-140 mm median diameter. 

For macrophytes, Ham et al., 1982 compared three different methods for mapping 
macrophyte cover, and concluded that a method of intermediate complexity gave the 
best resolution / cost trade off. 

9.2.6  Timing and frequency of sample 
These two issues are partly related, and can often be specific to the purposed that the 
data are used for. It is probably obvious that for fish and macrophytes, their distribution 
can undergo major seasonal variation. 

For general monitoring of macrophytes, to indicate maximum species richness and 
cover, they are commonly sampled during the summer, when their abundance is highest. 
Even then, different species will have different life history strategies which could affect 
when it is appropriate to sample, for example Ranunculus species undergo rapid growth 
in spring and early summer. For monitoring purposes, macrophytes are often not 
sampled more frequently than once per year, although more frequent sampling is 
required if the aim is to develop dynamic population models. 

Much is known about the life history strategies of fish, and this information will be used 
to design sampling strategies. As an example, the annual life cycle of Atlantic salmon 
(Salmo salar) and brown trout (Salmo trutta) is extremely well studied. Following 
spawning during winter months, alevins (the smallest life stage) emerge from river bed 
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gravels in spring, and grow quickly in their first year, the young fish are often subject to 
heavy mortality. Hence the end of the summer is often chosen as a convenient time to 
sample fish for general population assessments, but if more detailed information were 
required, for example for the validation of a growth model, several samples would be 
required at various points in the year. 

Macroinvertebrates also undergo seasonal changes in abundance and distribution. Some 
species grow quickly, perhaps completing their entire life cycle within a single season, 
while others can spend a year or more in a river before reaching adulthood. The 
abundance of some species can be strongly seasonal, often linked to temperature and 
flow cues, while others vary more gradually, and can easily be spotted at any time of 
year. There are very few published examples of higher frequency sampling programmes 
(i.e. more than three times per year), largely because of the cost of identifying large 
numbers of samples. Such higher frequency sampling programmes tend to be 
undertaken as part of masters or doctoral projects, and as such often remain 
unpublished. There is thus a general assumption that sub-seasonal changes in 
macroinvertebrate communities are not important for biomonitoring purposes, however 
if a full species inventory is required, including rare species, much more care would 
need to be taken, including consulting all relevant keys for life-cycle information. 

Seasonal sampling has long been incorporated into the RIVPACS system in the UK 
(Wright et al., 2000). Initially, ecological quality was assessed by combining 
information from three samples in a year (spring, summer, autumn), as this gave lower 
uncertainty than samples from a single season. However, following further analysis, a 
reduction to two seasons (spring, autumn) was demonstrated to have a minimal effect 
on uncertainty. 

Time of day is an important factor controlling several biological processes, for example 
the movement in the water column (drifting) of macroinvertebrates over this timescale 
has been intensively studied (e.g. Brittain and Eikeland, 1988), it would be difficult to 
get precise estimates of abundances of drift without extremely careful sampling design. 

 

9.2.7 Personnel collected the samples 
Clarke et al., 2002 included explicit assessment of between operator sampling 
variability as part of a wider uncertainty assessment. They were able to do this correctly 
as they included replicate samples taken by a single operator at the same site, hence 
they were able to estimate inter-operator variation nested above intra-operator variation. 
They found that when using fully trained and experienced operators, this variation was 
relatively low, between 4 and 12% of overall variation. 

 

9.2.8 Procedures for processing samples 
More has been written on this topic than any other, probably because the history of 
taxonomical studies of aquatic organisms goes back much further than their use in 
biomonitoring. Again, literature on macroinvertebrates predominates. Stribling et al., 
2003 provide a good review of overall taxonomic issues without going into detail and 
Diamond et al., 1996 a longer but older review. In particular, Stribling et al., 2003 
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document the importance of various aspects to taxonomy in research and applied 
biomonitoring, the following is a cut down list of the most important factors: 

• Training and experience 

• Technical literature, printed and online 

• Collections of reference specimens 

• Standard procedures and forms 

• Microscope equipment 

• Inter and intra laboratory quality control 

 

For macroinvertebrates, the taxonomic resolution of identified specimens, and the 
purposes that such analyses are used for, has received much discussion. There is 
common agreement that species-level identifications gives greater precision than higher 
level identifications (genus, family, order), although some taxonomic levels are more 
sensitivity than others to different pressures (e.g. water quality, flow). The problem is 
that species-level identifications are vastly more costly than identifications at higher 
taxonomic levels, as they require more time, more experienced personnel, and 
potentially more facilities. Hence, many national agencies identify samples to family 
level. An alternative is a hybrid approach, with routine monitoring to family level, but 
in situations where impacts need to be established with a higher degree of certainty, 
samples are identified to higher resolution. Geographic location can also affect the 
necessary taxonomic resolution, adaptive radiation has led to there being some eco-
regions (e.g. central USA, central Europe) with far more species per family than others 
(e.g. UK). 

Publications on “ring tests”: where several observers have worked through the same 
sample, are not common. Duplicate identification of samples is undertaken in several 
countries for quality control purposes, this information would be useful written up into 
published papers but this is not commonly done. Anecdotal experiences are that a 
maximum of one missed family is acceptable (or occasionally two missed families), at 
species level the numbers could be slightly more. Information where observers were 
asked to identify set individuals, to allow a more complete assessment of mis-
classification, is again to our knowledge, not readily available.  

Identification in the field is very common for fish and macrophyte surveys. It is also 
used for macro-invertebrates (bank sorting) but is not favoured in some countries (e.g. 
the UK). Identification of fish still requires trained personnel, this is most important for 
the very young life stages, which may require laboratory identification. In this respect it 
is useful to report the age structure of each observed species, i.e. abundances of agreed 
developmental stages (e.g. fry, parr, adults), a practice which is often not undertaken at 
the moment. Macrophytes can of course easily be taken back to the lab for more 
specialist identification advice if required. 

Another area where there is some dispute in the literature is the issue of compositing 
and sub-sampling (e.g. Carey and Keough, 2002). These procedures are undertaken to 
reduce time and cost in processing, the question is what effect is there on uncertainty? 
Compositing involves mixing two or more samples together and working with the 
mixed sample. It is of particular relevance when identification costs are high compared 
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to sampling costs, the cost of counting taxa and their abundances (commonly called 
“picking”) one sample is clearly less than the cost of picking two. It is also of relevance 
where rare species are an issue. Sub-sampling is just what is says, only picking a 
proportion of the sample. One way of doing this is to only count and identify the first 
100, 200 or however many individuals, before moving on to another sample. References 
suggest that counting somewhere between 200 and 400 individuals is adequate for 
biomonitoring purposes, counting less than 200 individuals increasing uncertainty and 
more than 400 not adding precision for most purposes (Doberstein et al., 2000; Cao et 
al., 2003). Sub-sampling and compositing can be combined, Carey and Keough, 2002 
suggest that it is more efficient to composit and sub-sample than to pick replicate 
samples, although their study was on benthic marine organisms. 

Hawkins et al., 2000 compared the utility of using a cut-off probability of capture of 0.5 
(ie exclusion of rarer species) and species vs family level identifications in the 
development of RIVPACS-type models. They concluded that exclusion of rare species 
gave more robust models and that models developed with species-level data were 
preferable to models developed with family level data. 

9.2.9 Similarity measure or metric used for summary, including purpose 
Clarke et al., 2002 demonstrated the effects of various nested levels of variation on the 
calculation of the ASPT and BMWP indices and number of taxa. Of particular interest 
is how the uncertainty varies with number of taxa, how it varies across impact gradients, 
and how these measured correlate. Sampling standard deviation increased with number 
of taxa both for the number of taxa metric, and for ASPT. BMWP score closely 
followed the relationships for number of taxa. These relationships were then used to 
allow assessment of uncertainty in the derivation of O/E ratios.  

Dunbar and Clarke, 2004 found different results when working with LIFE score, from a 
more limited set of data, they found that sampling standard deviation of observed LIFE 
score decreased with number of taxa (Table 9.6). Note that a LIFE  score varies 
somewhere between 6 and 9, depending on site characteristics and flow. 

Table 9.6 Relationship between number of LIFE scoring families present and sampling 
standard deviation in LIFE score. 

Number of LIFE-scoring families present 

(NLIFE) 

Replicate Sampling 
SD (from Clarke et al., 

2002) 

Within-season 
sampling SD (from 
Dunbar and Clarke, 

2004) 

1 0.528 (0.351) 

3 0.422 (0.312) 

5 0.338 0.278 

10 0.193 0.208 

15 0.111 0.155 

20 0.063 0.116 

25 0.036 0.087 

30 (0.021) 0.065 

35 (0.012) 0.049 
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These results have implications for detection of impacts. Historically, when dealing 
with water quality parameters, there was a reasonably clear situation in that the more of 
a pollutant that was present, the less uncertainty there was over its concentration. The 
above result show that in some cases, greater impact could mean greater uncertainty: 
sometimes as sites become more impacted there could be fewer taxa present, hence 
greater uncertainty. For enrichment of nutrient-poor sites, the effect could be opposite.  

Opinion in the ecological community is entirely divided over the incorporation of rare 
taxa in assessments. 

 

9.2.10 Predictive models for reference conditions 
It is not possible to make a comprehensive assessment of this topic here, suffice it to say 
that when data are used for comparative monitoring purposes, this uncertainty is 
potentially highly significant. If a particular site is being monitored, and assessed 
against a reference condition (i.e. to calculate an observed / expected O/E ratio), a key 
issue is whether sites of its type are adequately incorporated into the reference network. 
A further issue is model uncertainty in any model used to derive reference conditions 
but again this is beyond the scope of this section. The RIVPACS model includes 
specific consideration of uncertainty in O/E ratios, which it does through using 
simulations to derive confidence limits (Clarke et al., 2002, 
http://www.dorset.ceh.ac.uk/River_Ecology/River_Communities/Rivpacs_2003/rivpacs
_uncertainty_in_eqi.htm).  

9.3 Conclusions  

Overall, summary ecological data, such as a single metric, measured on a continuous 
scale, are subject to several tiers of uncertainty as discussed above. If one was to 
assume a worst-case consideration of uncertainty, without either replication or 
supporting information, the value (and accuracy) of any biological information would 
be significantly degraded, and the uncertainty individual samples would be extremely 
high. Frequently, supporting information which could be used to reduce uncertainty 
(e.g. metadata on how the data were collected) are not available. Consequently, large 
sample sizes are often required to make estimates of population parameters which need 
to stand in their own right, such as presence of rare species, total abundance or species 
richness.  

When one is able to make some assumptions in how the data will be used, the situation 
is not so bleak, for two reasons. 

1. Sampling data in river ecology are often used for making comparisons, thus the 
data do not need to stand in their own right. Hence precision becomes more 
important than accuracy. Common comparisons include samples with and 
without a pressure, or comparing a sample to a reference condition. 

2. Many metrics which are calculated from raw data are generally more stable than 
the taxa lists themselves, or total taxon richness or abundance. Hence for 
example when examining uncertainty in LIFE scores, only certain taxa 
contribute to the calculation of the score, uncertainty in non-scoring taxa makes 
no contribution to the overall score. 
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Even in studies where comparison is the aim, adequate replication is necessary, Norris 
et al., 1996 state that “Failure to include adequate replication can lead to estimates that 
are so imprecise as to be little better than guesses or in an inability to decide whether 
differences exist and thus be a costly waste of resources”. They go on to state that data 
variability in itself is not a useful concept, rather it is the impact of this variability in 
detecting change that is important.  

The studies listed above, fall into one of five rough categories, the papers discussed 
above, plus a few others, are illustrated again in Table 9.7. 

Table 9.7 Broad categorisation of the references examined.  
Type of study Examples 

Studies which use sample size and statistical 
power 

Rabeni et al., 1999; Downes et al., 2000; 
Carey and Keough, 2002; Norris et al., 1996 

Studies that address uncertainty at various levels 
from data collection through to conclusions based 
on that data 

Downes et al., 2000; Bradley and Ormerod, 
2002; Clarke et al., 2002; Ostermiller and 
Hawkins, 2004 

Studies which address uncertainty in summary 
indices, related to specific sources of uncertainty 

 

Stark, 1993; Cao et al., 1996; Cao et al., 1997; 
Beisel et al., 1998; Stark, 1998; Rabeni et al., 
1999; Doberstein et al., 2000; Ostermiller and 
Hawkins, 2004 

Qualitative or quantiative assessments of specific 
sources of uncertatinty 

Diamond et al., 1996; Vinson and Hawkins, 
1996; Cao et al., 2002; Stribling et al., 2003; 
Nijboer and Schmidt-Kloiber, 2004 

Studies which tell you enough of how to do it 
where you have your own raw data 

Murray-Bligh et al., 1997; Lenat and Resh, 
2001; Cao et al., 2003; Clarke et al., 2003b 

 

Information or metadata on the protocols used for data collection and processing will 
allow users to establish data uncertainty and the possible impact of this uncertainty. 
Such metadata will be more specific and consequently more useful if the purpose for 
which data are being collected is clear. This guide assists with this task, in conjunction 
with the references herein, it does not provide a cookbook of how to address any 
particular case. With no metadata, the best general strategy will be to use time series of 
samples at a series of sites to establish estimates of population parameters for those 
sites. The figures given here, for example arising from Norris et al., 1996 can, given a 
few assumptions, be used to simulate the probabilities of a Type II error in ANOVA 
calculations, and thus given an indication of the potential impacts of uncertainty in a 
case study.  
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9.5 Glossary 

Abundance. The number of organisms present, this could either be overall numbers or 
number within a taxonomic group. 

ASPT. Average score per taxon. BMWP score divided by number of taxa present. 

BMWP. Biological monitoring working party (score). A weighted sum of taxa present, 
the weightings determined by sensitivity to organic pollution. The score works on 
family level data. 

Bray-Curtis distance. Calculated as the sum of the absolute differences in species 
abundances divided by the sum of the species abundances in two samples. For 
presence / absence data, there is a direct relationship between Jaccard coefficient 
and Bray-Curtis. 

Jaccard coefficient. The binary Jaccard coefficient measures the degree of overlap 
between two sets and is computed as the ratio of the number of shared taxa 
sample a AND sample b to the number possessed by sample a OR sample b. 
(Cao et al., 2003, http://www.lans.ece.utexas.edu/~strehl/diss/node56.html) 

LIFE. Lotic invertebrate index for flow evaluation. A scoring system analogous to 
ASPT, but the weights are determined for flow sensitivity. Abundance data are 
also included. Weighting systems are available both for species and family level 
data. 

Richness (of a sample). The number of different taxa present. 

RIVPACS. River Invertebrate Prediction and Classification System (Wright et al., 2000, 
see also http://www.dorset.ceh.ac.uk/River_Ecology/River_Communities/ 
Rivpacs_2003/rivpacs_introduction.htm) 

A combination of:  

A biological classification of unpolluted running water sites in Great Britain 
based on the macroinvertebrate fauna, constructed using a TWINSPAN analysis 
(Hill, 1979; Clarke et al., 2003b). 

A predictive model using catchment and site characteristics to determine the 
expected macroinvertebrate community at a site, constructed using multiple 
discriminant analysis (Legendre and Legendre, 1998; Tabachnick and Fidell, 
2001; Clarke et al., 2003b). 

Standard sampling methods (Murray-Bligh et al., 1997) and tools for the 
comparison of observed (sampled) and expected taxa, and calculation of metrics 
sensitive to organic pollution Hellawell, 1978, and flow Clarke et al., 2003a). 

Many principles of RIVPACS have subsequently been adopted by other 
countries and has influenced the European Union Water Framework Directive 
(WFD) (European Commission, 2000). 

Taxon (plural taxa). A particular category where similar organisms are classified 
together in relation to their common characteristics. Typical taxonomic resolutions 
are species, genus and family.  
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10. SOCIO-ECONOMIC DATA FOR RIVER BASIN MANAGEMENT 

Bernd Klauer, Jaroslav Mysiak, Katja Sigel  

 

10.1 Introduction: The use of socio-economic data for river basin 
management 

The hydrological system is heavily affected by human actions. Men drink water, use 
water for hygiene and for production of goods, use rivers for shipping, emit pollutants 
into groundwater and surface water and so on. To manage water resources and river 
basins means to purposefully influence the interaction between men and the natural 
system. To this end information on the state and development of the natural resources is 
needed as well as information about the socioeconomic context.  

The problem of managing water resources and river basins is taken up in the social 
sciences, particularly in economics, political sciences and planning sciences but 
occasionally also in sociology and psychology. In this chapter we concentrate on the 
economic view on river basin management and the related data. Economics has two 
perspectives to look at economic systems and both apply to river basin management. 
Firstly, economics deals with the analysis of the economic system of a society from a 
macro perspective (e.g. with the analysis of markets, prices, interest rate, inflation, 
employment, the interrelation between economic sectors, the overall performance of an 
economy). Secondly, economics analyses individual behaviour and particular decisions 
from a micro perspective (e.g. preferences, budget spending, costs and benefits, 
incentives). Management of river basins per se is located at the micro level because the 
question is how to make good decisions and particularly how to select appropriate 
management measures.1 However, in order to make good management decisions the 
impacts of management measures need to be forecasted and assessed. To this end 
general information on macroeconomic characterisation of a river basin is needed. The 
WFD explicitly asks for an economic analysis of the river basin. While the necessary 
information for river basin management on the micro level is very much case specific, 
the macroeconomic information is of general usefulness. Table 10.1 provides a short list 
of macroeconomic data that certainly will be of interest for an overall characterisation 
of the river basin with respect to socio-economics. Haase et al. (2004) proposed this list 
in the context of the EU-Water Framework directive and its implementation in 
Germany. The list is structured in three categories ‘population’, ‘general economic 
structure’ and ‘water sector’. We will pick one variable from each of these categories 
for a deeper investigation of the uncertainties involved (highlighted variables in Table 
10.1).  

 
1 The distinction between micro and macro economics does not necessarily refer to spatial scales.  
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Table 10.1 Incomplete list of data for socioeconomic characterization of river basins according 
to the EU Water Framework Directive (after Haase et al. 2004). 

Category/Name Abbrevi
ation 

Explanation Spatial  
relation2

Unit 

Population 

Total population Tpop Number of inhabitants (including 
foreigners) that have their 
residence in the respective spatial 
unite even if they are temporarily 
absent.  

Country, state, 
district, river 
basin 

Number 

Population trend PopT Change in total population Country, state, 
district, river 
basin 

Number/
year1

Number of cities NC Number of cities with more than 
10.000 citizens in the respective 
administrative unit or river basin 

State, river 
basin 

Number 

Population density PD Population (resident persons) per 
area  

Country, state, 
district, river 
basin 

Number/
km2

Number of households NH A household is an economic unit 
that acts in a homogeneous way. 
It comprises all persons that live 
within a house and coordinate 
their budget spending. 

Country, state, 
district, river 
basin 

Number 

General economic structure 

Gross value added GVA The gross value added is defined 
as the value of all produced 
commodities and services minus 
the value of the intermediate 
goods within a certain period of 
time and a certain spatial unit.  

Country, state, 
river basin 

€/year 

Gross value added per 
sector (e.g. 
agriculture) 

GVA-A Self explaining. An economic 
sector 

Country, state, 
river basin 

€/year 

Gross national product 
per capita 

GNP/c Self explaining. Country, state, 
river basin 

€/year 

Persons engaged per 
economic sector 

PE Number of employees working in 
a certain economic sector 

State, river 
basin 

Number 

Unemployment rate UR Unemployed are persons that: are 
older than 15, do not work but 
actively look for labour. The 
unemployment ratio relates 
number of unemployed to the 
number of occupied population 
(including unemployed persons) 

Country, state, 
river basin 

Ratio 

Number of social 
welfare recipients  

SWR Self explaining Country, state, 
river basin 

Number 

                                                 
2 In principle many spatial units could be used to relate the variables to. Here only the spatial units are 
named that are particularly useful for river basin management.  
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Tourism: available 
guest beds 

AGB Number of beds in hotels or guest 
houses. 

State, river 
basin 

Number 

Water sector 

Population connected 
to public water supply  

PCPWS Self explaining Country, state, 
district, river 
basin 

Number 

Population connected 
to public sewage 
system  

PCPSS Self explaining Country, state, 
district, river 
basin 

Number 

Total fresh water 
consumption 

TFWC Self explaining Country, state, 
district, river 
basin 

m3/year  

Total waste water 
production 

TWWP Self explaining Country, state, 
district, river 
basin 

m3/year 

Public water supply by 
origin 

PWS Amount of water supplied by 
public water supply system 
distinguished by the origin of 
water (groundwater, spring water, 
bank filtrate, enriched 
groundwater, lakes or dams, 
rivers).  

Country, state, 
district, river 
basin 

m3/year 

Length of sewage 
system 

LSS Self explaining State, river 
basin 

km 

Water supply by 
industry 

WSI Amount of water supplied by 
water works owned by industrial 
companies  

State, river 
basin 

m3/year 

Water supply by 
agriculture 

WSA Amount of water supplied by 
water works owned by businesses 
of agricultural sector 

State, river 
basin 

m3/year 

 

From the category ‘population’ we take the variable ‘total population’, i.e. the number 
of inhabitants that have their permanent residence in the respective spatial unit. 
Obviously this variable is basic information for the socioeconomic characterisation of 
an area. Total population is important also for the derivation of ‘per capita’-variables 
like ‘average income per capita’, ‘state expenditure per capita’ or ‘gross national 
product per capita’. Another reason for discussing this variable is that some typical 
problems with gathering information on uncertainties can be explained here.  

An important example for a variable from the category ‘general economic structure’ is 
‘gross value added’. This variable is an indicator for the overall economic performance 
of a region. It describes the surplus of produced goods in an economy per year, i.e. the 
value of all produced goods minus the value of the goods used for the production of 
other goods and for export. The method for calculating ‘gross value added’ is highly 
complex and based on the economic theory of national accounting. We will use this 
variable to explain some typical problems of assessing the uncertainty of variables from 
national accounting like gross national product, gross domestic product, investments, 
and exports. 

We take the variable ‘population connected to public water supply’ as an example for 
the category ‘water sector’. It is a key indicator for the development of the 
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infrastructure of the water sector. Our discussion of involved uncertainties applies also 
for the variable ‘population connected to public sewage system’ and other variables 
from that sector.  

The uncertainty characterisation of the three variables is given in Table 10.2. A brief 
look at this table learns that here is relatively little known with regard to uncertainty of 
socio-economic data. And a lot of this lack of knowledge is due to a lack of standard 
methods to assess a certain variable. 

Table 10.2 Uncertainty categories for the variables considered in this Chapter. 
 Uncertainty 

Category 
Empirical 
Uncertainty 

Methodological 
quality 

Longevity of 
Uncertainty 
information 

TPop D2 M3 I4/S3/O2 L0 

GVA D2 M3 I4/S4/O1 L0 

PCPWS D1 M2 I4/S4/O2 L0 

 

The rest of the chapter is structured in two sections: Section 10.2 explains the selected 
variables in detail and Section 10.3 summarises potentials and limits of gathering 
information on the uncertainty about socioeconomic variables for characterising river 
basins. 

10.2 Uncertainty in socioeconomic data 

10.2.1 Population 

a) Importance and definition of the variable 

Demographic development, often quoted as the main driving force behind water 
demand and other pressures (IMPRESS, 2003), is crucial for understanding the 
dynamics of water uses in the catchment, firstly, because urban water demand is a 
function of population size, age structure and household statistics (number, mean size, 
etc.). Domestic water use, covering all water uses by households, is an important source 
of water pollution and in Mediterranean countries represents a significant share of water 
abstraction. Although in many countries not being as serious issue to water resources as 
the industrial and agricultural water uses, domestic water use can constitute over a half 
of the total urban water consumption in many communities (Liu et al., 2003).  

Secondly, demographic development is important for understanding because 
demographic data (especially the age structure) are closely related to a number of 
macroeconomic characteristics such as national savings and investments, the inflation 
rate, gross domestic product, growth rates, interest rates etc. Life-cycle theory says that 
people in mid-life are net savers while young people are net borrowers and elderly 
people consume out of accumulate wealth. Subsequently, age structure changes can, at 
least from a purely theoretical viewpoint, be expected to be a major determinant of all 
aggregate macroeconomic relations (Lindh and Malmberg, 1998). Due to this crucial 
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importance, population change and its effect on macroeconomy are frequently featured 
by media (e.g. Economist October 2nd, 2004) and popular-scientific journals (e.g. 
Nature – Tuljapurkar, 1997; Keilman, 2001).  
Why the estimation of current population size is in European countries very consistent 
due to reliable registry offices, the demographic future is uncertain3. In most 
industrialised countries the official population forecasts include one central or base line 
variant which is obtained by projection the observed trends in the fertility, mortality and 
migration. Sometimes two or more variant are calculated that are considered by the 
forecasters as different possible developments. These variants however have mostly no 
probability distribution attached. In the recent years probabilistic forecasts have been 
published for several countries (see de Beer and Alders, 1999). Three main types of 
probabilistic forecasts may be found, namely these based on (i) time series 
extrapolation, (ii) analysis of historical forecast errors, and (iii) expert judgement (see 
Keilman et al, 2002).   

b) Method for measuring the variable 
The demographic data are collected by statistical offices relatively infrequently, 
normally once every 5 or 10 years. The census takes place only occasionally; instead 
the population data are updated using data from registry offices. The adjustment of the 
population is carried out according to following algorithm 

population(T) =  population(T-1) − mortality(T) + fertility(T) − emigration(T) + imigration(T)

c) Uncertainty-category: D2. The variable varies in time as well as in space. 
‘Population’ is a discrete variable while population density (number of inhabitants per 
spatial unit) is a continuous variable.  

d) Type of empirical uncertainty 
Due to its importance, the estimates of the population size are in most industrialised 
countries based on a total inquiry, rather than on a sample. The update, however, is 
carried out at a specific date and the actual number of inhabitants between two updates 
may thus actually differ from the reported one. Given an observed population size at a 
certain moment, population forecasts can be made on the given assumptions about 
future changes in fertility, mortality and migration. These assumptions refer often to 
age- and sex-specific rates, which means that the uncertainty about the current 
population age- and sex structure is projected into the forecast uncertainty. The 
statistical bureaus do not provide any uncertainty estimate for the current population 
size and probabilistic population forecasts. If any would be made, these would most 
likely be available at the national scale only. 

e) Sources of uncertainty 

In demographic analysis the population size may be the subject of uncertainty analysis 
as there is a variety of quantities which may be referred to (i.e. who are counted). 
Statistical bureaux normally count inhabitants according to their main place of 
residence rather than the inhabitants actually living in a local authority. Especially in 
                                                 
3 There is a vast literature on the probabilistic population forecast and surrounding uncertainty. Here this 
topic is covered only informatively since forecasting goes beyond the data collection focused on in this 
chapter.  
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the bigger cities with a university where many students are registered under their second 
place of residence, the actual number of inhabitants is understated. In addition, a high 
number of commuters (different place of residence and place of work) represent another 
source of uncertainty. People commute to work between local authorities, districts or 
even federal states. Depending on the region, these migrations may account for quite 
large uncertainty, especially when the demographic data is used as an input to predict 
the future water supply demand. 

A significant source of uncertainty in all socioeconomic information, and thus also by 
population assessment, is the mismatch between the spatial units for which the 
population is registered and forecast (administrative units) and the spatial units used for 
water resource management (river basins and subbasins). Normally, the socioeconomic 
data are assigned to statistical (NUTS4 units) or administrative (states, districts and 
municipalities) spatial units often hierarchically organised. Other data are collected for 
water supply and wastewater treatment areas, high-density population regions, 
agricultural farms, etc. The requirement that data about individual statistical subjects 
(citizens or enterprises) be treated confidentially often necessitates the publication of 
only data aggregated on a higher level than that for which they were originally 
collected. The sources of uncertainty faced when transforming socioeconomic data to 
hydrological units encompass (i) uncertainty due to boundary imprecision in both river 
basins and administrative units (topological uncertainty); (ii) uncertainty due to the 
assignment and aggregation of socioeconomic data to administrative units (scaling 
effect); and, if additional data (e.g. land cover/use data) are applied by the 
transformation, (iii) classification uncertainty related to the precision of the land cover 
data sets applied; and (iv) uncertainty due to imperfect relation between the 
socioeconomic information to be transformed (e.g. population or population density) 
and the auxiliary information (e.g. settlement area derived from land cover data set) (see 
Mysiak et al., 2004).  

10.2.2 General economic structure: Example ‘Gross value added’ 
a) Importance and definition of the variable. National accounting is the generic term for 
applied economic theory and methods that aim at describing and reflecting the 
economic cycle. In national accounting the flows between households, state and 
different economic sectors (e.g. agriculture, forestry, various industries, service sectors, 
foreign countries) are systematically gathered in accounting tables. These tables are 
used as a basis for the calculation of different variables that are able to characterise the 
structure and state of an economy. One of the most important variables in national 
accounting is the gross value added (GVA). It is a variable for the economic 
performance and social conditions of a certain region (a country, a state, another 
administrative unit or maybe a river basin). The methodology for the calculation of 
GVA is closely related to that of gross national product, gross domestic product, net 
national product, net domestic product, exports and imports. Most of the discussion 
below holds also for other variables of national accounting. 

 
4 The NUTS Nomenclature of Territorial Units for Statistics (NUTS) was established for collecting 
regional statistics for the EU. 
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Gross value added is defined as the value of all produced commodities and services of 
an economy5 within a certain period of time minus the value of the intermediate goods 
and imports. Intermediate goods are goods that are used for the production of other 
goods within an economy. The typical time period GVA refers to is a year. The 
methodology for the calculation of GVA (and other variables of national accounting) is 
laid down in detail by the European System for National Accounting (European 
Commission 1996). This methodology is applied in the entire European Union. Much 
effort is invested in the data collection and calculation of national accounting figures. A 
refined quality management is applied. Indeed the statistical bureaus have specialised 
departments that are responsible for national accounting. Some slight differences can be 
observed in the accuracy of the application of the methodology by the national 
statistical bureaus across Europe (Janisch, pers. com. 2004).  
 

b) Method for measuring the variable. The method for measuring the GVA is highly 
complex. In principle there are two ways to calculate the GVA (European Commission 
1996, Nissen 2002, 105-108:  

1. Calculation based on the origin of the produced good from labour and 
entrepreneurship:  GVA = entire production – intermediated production – imports 

2. Calculation based on the usage of the produced goods for consumption and saving 
by households and state as well as for export (minus import): 
GVA = private consumption + state consumption + investments + exports – imports 
             – value added taxes + subsidies (+ other small correction terms)  

The statistical offices use both ways to compare and adjust the results in order to 
increase the precision of the data. The difference between the two values of GVA is 
already a measure for uncertainty. It is however hard to interpret. The statistical basis 
for the calculation is very broad. It includes: 

♦ Mandatory statistical reports by industries and businesses (about number of 
turnovers, employees, produced goods, used goods, investments, prices etc.) 

♦ Budget spending by the state 

♦ Data from the tax authorities 

♦ Data from social security organisations 

♦ Data from voluntary surveys about consumer behaviour (consumption patterns, 
savings) 

♦ Data from registration offices 

♦ Data from micro census.  

Almost all available economic primary data are somehow used for the calculations of 
GVA.  

 
5 An economy is a spatial unit with a more or less homogeneous economic structure. In general the 
special unit is defined by administrative borders. However, it is in principle also possible to relate GVA 
to river basins if the heterogeneity of the economic structure is not to extreme. For transnational river 
basins heterogeneity probably becomes a problem.  
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GVA and other variables of national accounting are most frequently used on the 
national level. For regional economic politics and for river basin management GVA of 
smaller spatial units like ‘Bundesländer’, districts and river basins are important. There 
are two ways to get regional GVA-data: Firstly, top down by regionalizing data from 
the national level using some regionalisation keys or, secondly, bottom up by a new 
calculation of the GVA from the original data. In practise both ways are applied and 
combined by adjustment calculations. If the degree of regionalisation is rising that 
inaccuracies are increasing, too. One reason for this is the localisation of production 
(legal location of a firm versus location of production). 

c) Uncertainty-category: D1, that is, the variable varies in time as well as in space. The 
unit of GVA is economic value (i.e. “money”) which is in principle a continuous 
variable (although Eurocent is the smallest unit for “hardware money”).  

d) Type of empirical uncertainty: Telephone interviews (Janisch, pers. com. 2004, 
Fischer, pers. com. 2004) showed that no quantitative empirical information about 
uncertainties of GVA is available form statistical offices. The big effort put in the 
calculation of GVA and particular the exertions to avoid errors in the data leads to the 
widespread opinion that the reliability of GVA and other figures of national accounting 
are rather high. Any possibility for improving the quality of the data is actually applied 
so that no comparison with gauging or calibration is possible. But qualitative 
information on the remaining sources for uncertainties is available (Janisch, pers. com. 
2004, Fischer pers. com. 2004). The most important sources are described below. 

For a variable closely related to GVA, the gross domestic product, there exist studies 
about one type of error. The results from these studies may be related to the uncertainty 
of GVA.  

e) Sources of uncertainty: The definition of production is not clear cut. According to the 
production concept of the European System of National Accounting (European 
Commission 1996, 5) household production, that is production within a household that 
is also consumed by its members (e.g. cleaning, cooking, housekeeping, childcare and 
care for elder or ill household members), is not included. On the contrary, illegal 
production like forbidden prostitution and production of drugs or the shadow economy, 
i.e. legal production that is not or not fully registered by the tax authorities, is 
incorporated in the production concept of the European System of National Accounting. 
Obviously the official statistical surveys are unable to directly observe illegal 
production and the shadow economy. It is well known that particularly in the 
construction industry the proportion of this illegal production is considerable. The 
shadow economy is seen to be the largest source of uncertainty for the calculation of all 
production of an economy and thus also for the calculation of the GVA (Janisch, pers. 
com. 2004).  

There are some estimates about the amount of shadow production (IAW 2003, 
Dell’Anno and Schneider (2004). Schneider and his co-workers try to estimate the 
amount of the shadow economy using different methods (Schneider und Enste 2000). 
Among others they use surveys about defraudation of tax investigations of the hard cash 
circulation, and demand for cash. The size of the shadow economy (measured in % of 
gross domestic product) is estimated by Dell’Anno and Schneider (2004) ranging from 
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8.6 % in USA and 9.5 % in Switzerland over 16.8 % in Germany, 17.9 % in Denmark 
up to 22.3 % in Spain and 26.3 % in Italy for the years 2002/2003.6

These numbers can be taken as a hint for the size of error of GVA figures. But it should 
be mentioned that these estimations are highly controversial, because there are doubts 
about the reliability of methods for estimating the shadow economy. 

There are other sources of uncertainty that are compared to the shadow economy of 
minor importance. There is a lower bound for the size of a business to be included in 
official statistics. Pending on the sector businesses with less than 10 or 20 employees 
are not obliged to report their turnovers, investments, number of employees etc. to the 
statistical office. So the neglected legal production of small businesses is another source 
of uncertainty for national accounting.  

Along the primal characterization of river basins required by the EU-WFD, value added 
has been calculated for this spatial unit. In Germany the calculation is based on the 
figures for districts. Districts that intersect with the borders of a river basin are counted 
proportional to the area covered with buildings within the basin. A better way would be 
to use for restructuring of GVA according to the populated area instead of covered area 
(Janisch, pers. com. 2004). As already explained for the example of the variable 
‘population’ changing the spatial relationship leads to further inaccuracies. 

 

10.2.3 Water sector: Example ‘Population connected to public water supply’ 
a) Importance and definition of the variable. The variable ‘population connected to 
public water supply’ (PCPWS) (see Table 10.1) is defined as the number of inhabitants 
of a certain area being connected to the public water supply system. The PCPWS is an 
important variable to describe the state of public water supply infrastructure, to identify 
trends in water demand and to elaborate plans for the development of the water supply 
system. The PCPWS can be related to the total population to get the ratio of population 
connected to public water supply. The latter variable is used more frequently because it 
is easier to interpret e.g. if one compares the state of the infrastructure of different 
regions. However, the analysis of uncertainty for the ratio is more difficult than for 
PCPWS because PCPWS is not mixed with uncertainty from total population. 

As there could not be found any literature about uncertainty of PCPWS there was made 
a small assessment about the procedure of data collection done by the ‘Bundesländer’ in 
Germany on behalf of the Federal Statistical Office Germany. The information was 
collected by telephone call and email in contact with the responsible authorities 
(Falkowski, pers. com. 2004). Our study concentrates on Germany but the procedures of 
data collection may differ among the particular European countries and thus also the 
factors that influence uncertainty. 

b) Method for measuring the variable. In Germany the collection of data is based on 
questionnaires which are sent to all public bodies, private companies and institutions 
that are operating water supply facilities. By law these institutions are obliged to submit 
information for all of their facilities. Thus from this point of view the sampling of the 
data can be judged as complete. However, in some cases the water works themselves do 

 
6 Dell’Anno and Schneider (2004) contain time series from 1989 to 2003 of the size of the shadow 
economy for 21 OECD countries.  
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not have complete information about the number of the connected households (e.g. in 
apartment houses) and particular the number of persons living in these households. In 
the questionnaire is annotated that if necessary (if there exists no ‘hard’ data) the data 
has to be estimated carefully. 

c) Uncertainty-category: D2, that is, the variable varies in time as well as in space. Like 
population the variable PCPWS constitutes a discrete unit.  

d) Type of empirical uncertainty: A thorough internet and literature study did not reveal 
any quantitative empirical information about uncertainties of PCPWS. Only qualitative 
information on the sources for uncertainties could be gathered by telephone interviews 
as described below. 

e) Sources of uncertainty: The statistical office is checking the data against mavericks, 
based on surveys of recent years and on pilot studies made in cooperation with 
municipalities. In case of mavericks, the statistical office gets in contact with the 
corresponding institution and tries to find out the reason. One consistency test is to 
compare the investigated number of inhabitants connected to public water supply with a 
separate enquiry about public and private water supply made on municipal level. In total 
there should not be more than 100% of supplied/self-supplied inhabitants.  

Problems may arise with the input of data in the software system due to programming 
errors. Normally faulty input cannot be entered because the system is automatically 
checking the data against implausible errors. In general it can be said that the statistical 
office puts much effort in getting plausible, confidential data by checking and verifying 
data throughout the collection process. But it can not be excluded that data is incorrect 
or uncertain. Also important for the quality of data is the periodicity of update. In 
Germany since 1998 the PCPWS is collected every three years. 

As mentioned above one important source of uncertainty is the incomplete information 
of the water supply companies about their ‘end users’. The customers of the water 
supplier are for example in apartment houses not always identical with households. In 
some cases the water supplier does not know how many households are living in the 
house and how many persons are living in the households. 

One general problem for the data collection of the PCPWS results from the fact that the 
location of the water supplier and the supply area can spread over several administrative 
units (municipalities, states/‘Länder’). If so, one has to decide if all connected 
inhabitants of one water supplier should be counted to the administrative unit where the 
water supplier is located (‘Standortprinzip’) or whether the first residence of the 
inhabitants should be crucial for the count (‘Wohnortprinzip’). Depending on the 
selected principle, the resulting PCPWS differs. The difference is higher if the 
considered region is smaller and intersected administrative borders increase and if the 
water suppliers are bigger and more branched. On the scale of German ‘Bundesländer’ 
many coordination activities and corrections are necessary in order to diminish data 
errors resulting from exchange of drinking water over borders.  

The problem of data transformation from administrative units to catchment areas is 
described under 10.2.1. 
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10.3 Conclusions 

For river basin management socio-economic data are of particular importance on the 
one hand for the identification of significant pressures on ground- and surface water and 
on the other hand for judging the impacts of river basin management measures on 
society. The WFD explicitly asks for an economic analysis of the river basin as an 
information base for both fields. In this chapter we described the uncertainty related to 
socioeconomic data for the characterization of river basins. Out of the large variety we 
selected for each of the categories ‘population’, ‘general economic structure’ and ‘water 
sector’ as typical variables for a deeper discussion. Although the calculation methods 
are well established no quantitative information of the uncertainties (ranges, uncertainty 
distributions) could be found in the literature. This does not mean that there is no 
awareness of the uncertainties. Our investigations showed that several sources for 
uncertainties for each variable are well known. One could speculate whether the 
quantification of uncertainties is theoretically or practically problematic or not 
profitable. 

A common source of uncertainty for all socioeconomic data is the mismatch of 
administrative units and river basins. Socio-economic data are generally collected for 
administrative units. If the variables are related to river basins the figures need to be 
recalculated.  

In summary, it can be stated that the efforts to produce accurate economic data are 
enormous but the knowledge and awareness of the remaining uncertainties is generally 
little. Despite of the lack of knowledge and awareness about uncertainty in socio-
economic data and their sources we judge the consideration of these uncertainties in 
river basin management as highly relevant. On the basis of our investigations and our 
experience, we expect that it will be difficult to reach a meaningful quantification of 
many of these uncertainties. Methods for the systematic collection of qualitative 
information on uncertainties as well as strategies to deal with qualitative statements 
about uncertainties are urgently needed. 

10.4 Acknowledgement 

The present work was carried out within the Project ‘Harmonised Techniques and 
Representative River Basin Data for Assessment and Use of Uncertainty Information in 
Integrated Water Management (HarmoniRiB)’, which is partly funded by the EC 
Energy, Environment and Sustainable Development programme (Contract EVK1-
CT2002-00109). The following persons were consulted to gather the information for 
this chapter, and are kindly thanked for their input: 

Klauer,Mysiak, Sigel, Socio-eonomic data  10-11 



HarmoniRiB June 2005  Guidelines for assessing data uncertainty 

_______________________________________________________________________________________ 

 

10.5 References 

de Beer, J., Alders, M. (1999): Probabilistic population and household forecasts for Netherlands. 
Conference of European statisticians. Statistical office of the European Communities (Eurostat), 
Working paper No. 45.  

Dell’Anno, R., Schneider, F. (2004): The Shadow Economy of Italy and other OECD Countries: What do 
we know? Journal of Public Finance and Public Choice (PFPC)/Economia delle Scelte Pubbliche, 
forthcoming.  

European Commission (1996): European System of National Accounting (ESNA 1995). Eurostat, 
Brussels, Luxemburg. 

Falkowski, I., Statistisches Landesamt Sachsen (Statistical Office of the Free State of Saxony) (2004): 
Personal communication, 1.7.2004 

Fischer, B., Statistisches Landesamt Baden-Württemberg, Arbeitsgruppe ‘Volkswirtschaftliche 
Gesamtrechnung der Länder’ (Statistical Office of Baden-Württemberg, Working group ‘National 
accounting of the Bundesländer’) (2004): Personal communication, 9.10.2004 

Haase, D., Hirt, U., Petry, D., Rosenberg, M., Schiller, J., Wagenschein, D. (2004): Charakterisierung des 
Einzugsgebietes der Weißen Elster. Unpublished manuscript 

IMPRESS (2003). Guidance Document on Analysis of Impacts and Pressures, Common Implementation 
Strategy.  

Janisch, U., Statistisches Landesamt Sachsen (Statistical Office of the Free State of Saxony) (2004): 
Personal communication, 29.06.2004 

Keilman, N. (2001): Uncertain population forecasts. Nature, vol. 412(2), 490-491.  

Keilman, N., Pham, D.Q., Hetland, A. (2002): Why population forecasts should be probabilistic? - 
illustrated by the case of Norway. Demographic research, vol 6, article 15, Max Planck Institute for 
Demographic Research.  

Lindh, T. and Malmberg, B. (1998): Age structure and inflation - a Wicksellian interpretation of the 
OECD data. Journal of economic behaviour and organisation, vol 36(1998), 19-37.  

Liu, J.; Savenije, H.H.G. and Xu, J. (2003): Forecast of water demand in Weinan City in China using 
WDF-ANN model. Physics and chemistry of the earth, vol 28(2003), 219-224.  

Mysiak, J.; M. Rosenberg, U. Hirt, D. Haase, D. Petry, Frotscher, K. (2004): Uncertainty in the spatial 
transformation of socio-eceonomic data for the implementation of the water framework directive. EC 
GI&GIS Workshop – Spatial data Infrastructure, June, 23-25, 2004, Warsaw, Poland.  

Nissen, Hans-Peter (2002): Das Europäische System Volkswirtschaftlicher Gesamtrechnungen. 4. 
Edition, Physika-Verlag, Heidelberg 

Schneider, F, Enste, D. (2000): Schattenwirtschaft und Schwarzarbeit: Umfang, Ursachen, Wirkungen 
und wirtschaftspolitische Empfehlungen, Verlag R. Oldenbourg, München 

Schneider, F. (2003): Der Umfang der Schattenwirtschaft des Jahres 2003 in Deutschland, Österreich und 
der Schweiz – Weiteres Anwachsen der Schattenwirtschaft. http://www.economics.uni-
linzac.at/Members/Scheider/default.htm 

Tuljapurkar, S. (1997): Taking the measure of uncertainty. Nature, vol 387(19), 760-761.  

 

 

Klauer,Mysiak, Sigel, Socio-eonomic data  10-12 


	D21-01-050502-Introduction.pdf
	1. Introduction
	The HarmoniRiB project
	Background
	How to use this report
	Report outline
	Status of the report
	Acknowledgement
	References


	D21-02-050704-Methodology.pdf
	M
	Methodological considerations
	Introduction
	A classification of uncertainty
	Empirical data quality
	Sources of uncertainty

	Developing uncertainty models for data
	2.3.1 Introduction
	2.3.2 Defining pdfs for positional and attribute uncertainty
	2.3.3 Estimating the probability distribution of an uncertai
	The stationarity assumption
	Estimating the joint distribution with a simple correlation 
	Spatial interpolation with Kriging
	Stochastic simulation
	Accounting for secondary information
	Accounting for scale of data sources
	Beyond multivariate normality: non-parametric indicator geos
	Better accounting for physical realism
	Conclusions about stochastic realisations as a product of un

	Storing data uncertainty and generating stochastic realizati
	How to read a chapter in this report
	Acknowledgement
	References


	D21-03-050308-Climatology.pdf
	Climatological data
	Introduction
	Precipitation
	Description
	Time support and spatial sample density
	Empirical uncertainty
	Other sources of empirical uncertainty
	Pdfs
	Time/space autocorrelation

	Air temperature
	Description
	Time Support and spatial sample density
	Empirical uncertainty
	Other sources of empirical uncertainty
	Pdfs
	Time/space autocorrelation

	Solar radiation
	Description
	Time Support and spatial sample density
	Empirical uncertainty
	Other sources of empirical uncertainty
	Pdfs
	Time/space autocorrelation

	Relative Humidity
	Description
	Time support and spatial sample density
	Empirical uncertainty
	Pdfs

	Wind Speed
	Description
	Time support and spatial sample density
	Empirical uncertainty
	Other sources of empirical uncertainty
	Pdfs
	Time/space autocorrelation

	Wind direction
	Description
	Time support and spatial sample density
	Empirical uncertainty
	Pdfs

	Other variables of interest
	Atmospheric Pressure

	Summary and conclusions
	List of abbreviations
	Acknowledgment
	References


	D21-04-140307-Soil.pdf
	Soil physical and geochemical data
	Introduction
	Terminology for soil physical and geochemical data
	Spatial- and temporal variability

	Characterisation of uncertainty in environmental data

	Soil physical properties and uncertainty
	Texture related properties
	Classification of uncertainty of derived soil hydraulic prop
	Parameter variability and probability density functions (pdf
	Soil hydraulic characteristics
	Brooks & Corey/Mualem model for hydraulic conductivity funct
	van Genuchten model for retention curve
	van Genuchten/Mualem modelfor hydraulic conductivity functio

	Parameter estimation from PTF
	Uncertainty in PTF predictions
	Neural network analysis
	Schaap et al. (1998a,b) present a neural network analysis fo
	PTF derived hydraulic properties
	Heterogeneity in space and time for soil physical properties

	Geochemical properties and uncertainty
	Geochemical conditions of importance for contaminant leachin
	Compound specific properties
	Classification of uncertainty of geochemical properties
	Heterogeneity in space and time for geochemical properties (

	Summary and conclusions
	Acknowledgement
	References


	D21-05-050309-Geology.pdf
	Geological and hydrogeological data
	Introduction
	Terminology and definitions of geological and hydrogeologica
	Geological model structure
	What is a hydrogeological conceptual model ?
	Where do uncertainties arise from in conceptual-mathematical
	Model structure uncertainty: Scenarios of alternative concep
	Guidelines based on the geological structure model

	Scales of heterogeneity
	Classification of scales of heterogeneity
	Support volume of hydraulic measurements


	Hydrogeological data uncertainty
	Heterogeneity in space and time for hydraulic properties (co
	Hydraulic conductivity (KSAT)
	Storage coefficients and porosity
	Dispersivity (()


	Summary and conclusions
	Acknowledgement
	References


	D21-06-050309-Landcover.pdf
	Land cover
	Introduction
	Landcover classes as types of surface materials
	Positional uncertainty
	Categorical uncertainty
	Factors that may influence the uncertainty

	Landcover classes as types of geographic objects
	Positional uncertainty
	Categorical uncertainty
	Factors that may influence the uncertainty

	Conclusions
	References


	D21-06-050309-Landcover.pdf
	Land cover
	Introduction
	Landcover classes as types of surface materials
	Positional uncertainty
	Categorical uncertainty
	Factors that may influence the uncertainty

	Landcover classes as types of geographic objects
	Positional uncertainty
	Categorical uncertainty
	Factors that may influence the uncertainty

	Conclusions
	References


	D21-07-050310-Discharge.pdf
	Discharge data
	Introduction
	International Standards.
	Discharge
	Temporal Support
	Autocorrelation
	Spatial Support
	Quality of Methods

	Summary
	Acknowledgement
	References


	D21-08-050308-SWQ.pdf
	Surface water quality data
	Introduction
	Selected groups of variables
	Importance of different uncertainty factors

	Groups of Variables
	Suspended Sediments
	N-Fraction
	P Fraction
	Heavy metals
	Biological fractions

	River load calculations and uncertainties
	Summery
	Acknowledgement
	References


	D21-10-050316-Socioeconomy.pdf
	Socio-economic Data for River Basin Management
	Introduction: The use of socio-economic data for river basin
	Uncertainty in socioeconomic data
	Population
	General economic structure: Example ‘Gross value added’
	Water sector: Example ‘Population connected to public water 

	Conclusions
	Acknowledgement
	References


	D21-09-050421-Ecology.pdf
	Ecological data
	Introduction
	WFD context
	Scope of this chapter

	Sources of uncertainty
	General, unspecified sampling variability
	Norris et al., 1996 perform some simulations of their own to
	Choice of sampling sites within a region or catchment
	The ecological group or community being sampled
	Sampling effort used at the local scale, including sampling 
	Timing and frequency of sample
	Personnel collected the samples
	Procedures for processing samples
	Similarity measure or metric used for summary, including pur
	Predictive models for reference conditions

	Conclusions
	Acknowledgement
	Glossary
	References





