
2
Spatial Observations and Interpolation

Günter Blöschl and Rodger Grayson

2.1 INTRODUCTION

Spatial patterns of hydrological processes are a rich source of variability which in

some instances is quite obvious to the observer, as in the case of spatial patterns

of a seasonal snow cover; and in other instances is hidden from the eye and very

difficult to identify by even the most sophisticated measurement techniques, as is

the case with patterns of subsurface preferential flow paths. Part of the richness

comes from the diversity in the spatial arrangement of hydrologically relevant

variables. It is important to understand this arrangement to design measurement

strategies adequately, to interpret the data correctly, to build and/or apply a

model of catchment dynamics, and ultimately to use these data in predictions

of the hydrological behaviour of catchments. There is a wide spectrum of ‘‘mea-

surement techniques’’ (in a general sense) available for exploring these complex

patterns, ranging from traditional stream gauging to remote sensing. Ideally, a

measurement technique should be designed to take into account the type of

natural variability one would expect to encounter. Depending on the nature of

the hydrological variability, certain measurement techniques will be more suita-

ble than others.

Measurement techniques that are potentially capable of capturing hydrologi-

cal patterns differ in terms of their scale and their accuracy. The scale relates to

the area and the time that the measurements represent. Point measurements are

representative over a small area or volume, such as measurements using Time

Domain Reflectometry (TDR), raingauge or infiltrometer measurements. Other

measurements average over a larger area or volume, such as runoff data (which

averages over a catchment), or remote sensing images where each pixel is repre-

sentative of a certain area. Many point measurements make up a measured

pattern. In fact, most observations of patterns in this book are essentially multi-

ple point measurements. Similarly, in the time domain, measurements can be

representative over a very short interval in time (snap shots) such as a single
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set of soil moisture measurements by TDR (see Chapter 9) or they can give an

integrated measure over time such as vegetation patterns which represent the

integrated effects of soil moisture, nutrient availability, climate and other con-

trols over a number of years (see Chapter 12).

The accuracy of the measurements can vary greatly depending on the type of

measurement technique. Measurements can be a direct measure of a hydrological

variable (such as the stage of a stream, rainfall depth, or snow water equivalent

measured by weighing a snow core), and they can be indirect measures where

some feature that is closely related to the variable of interest is recorded. Strictly

speaking most measurement methods are indirect methods, where electrical resis-

tance (e.g. for temperature measurements), signal travel time (e.g. for TDR soil

moisture measurements), electromagnetic emission (for sensors used in remote

sensing) are used, which in turn are converted by a rating function to the variable

of interest (e.g. the stage–discharge curve for streamflow, dielectric constant–

volumetric moisture content curve for TDR). The conversions can introduce

additional measurement errors. The use of indirect measures can be taken further

by using ‘‘surrogate’’ or auxiliary variables (also termed ‘‘proxy data’’) that may

perhaps show only a limited degree of correlation to the variable of interest but

are available in much spatial detail. The classical example in hydrology is the use

of topography as a surrogate for rainfall variations.

Section 2.2 reviews a number of fundamental sampling issues related to scale

and accuracy of measuring the spatial patterns of hydrologic variables. The scale

at which data are collected is often not equivalent to the scale of the model used

to describe the process of interest, so some sort of interpolation is needed before

the observed patterns can be used either as model input, for estimating parameter

values, or for testing of the model. Interpolation issues will be dealt with in

Section 2.3 where the focus is on how the methods work, on their advantages

and disadvantages and what information is needed for them. More detailed

reviews of measurement techniques in hydrometry can be found in Herschy

(1999) and in Sorooshian et al. (1997). Practical methods for interpolations in

a GIS context are given in Meijerink et al. (1994) as well as in the extensive

literature on geostatistics (e.g. Journel and Huijbregts, 1978; Cressie, 1991;

Armstrong, 1998).

2.2 SAMPLING ISSUES

2.2.1 Scale and Patterns

Observed patterns are usually obtained by multiple measurements at discrete

locations (and discrete points in time). This implies that their spatial (and tem-

poral) dimensions can be characterised by three scales as depicted in Figure 2.1.

These scales are the spacing, the extent, and the support, and have been termed

the ‘‘scale triplet’’ by Blöschl and Sivapalan (1995). The spacing refers to the

distance (or time) between samples, the extent refers to the overall coverage of the
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data (in time or space), and the support refers to the averaging volume or area (or

time) of the samples. All three components of the scale triplet are needed to

uniquely specify the space and the time dimensions of the measurements of a

pattern. For example, for TDR soil moisture samples in a research catchment,

the scale triplet in space may have typical values of, say, 10m spacing (between

the samples), 200m extent (i.e. the length of the plot sampled), and 10 cm support

(the diameter of the region of influence of a single TDR measurement). Similarly,

for a remotely sensed image, the scale triplet in space may have typical values of,

say, 30m spacing (i.e. the pixel size), 10 km extent (i.e. the overall size of the

image), and 20m support (i.e. the ‘‘footprint’’ of the sensor). The footprint of the

sensor is the area over which it integrates the information to record one pixel

value. It is usually on the order of the pixel size but not necessarily identical to it.

There are more complex cases such as measurements of evapotranspiration where

the support is difficult to define and may vary in time (see Chapter 5). While the

terms: spacing, extent and support are commonly used in spatial analysis, the

analogous terms in time series analyses are: sampling interval, length of record

and smoothing or averaging interval (e.g. Blackman and Tukey, 1958).

Ideally, the measurements should be taken at a scale that is able to resolve all

the variability that influences the hydrological features in which we are interested.

In general, due to logistic constraints, this will rarely be the case so the measure-

ments will not reflect the full natural variability. For example, if the spacing of the

data is too large, the small-scale variability will not be captured. If the extent of

the data is too small, the large-scale variability will not be captured and will

translate into a trend in the data. If the support is too large, most of the varia-

bility will be smoothed out. These examples are depicted schematically in Figure

2.2 where the sine wave relates to the natural variability of some hydrological

variable and the wavelength is related to the scale of the true hydrological fea-

tures. The points in Figure 2.2 relate to the scale triplet of the measurements.

Similar concepts apply to the time domain. For example, if for an air temperature

sensor the time constant (the time the sensor averages over, i.e. the support) is too

large (say of the order of 1 second) it will not be possible to measure the short

term fluctuations of air temperature due to turbulent eddies with that sensor and

the measured response will be much smoother than the actual fluctuations. It is

clear that some sort of filtering is involved, i.e. the true patterns are filtered by the
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properties of the measurement which are then reflected in the data. The effect of

this filtering is to smooth out variability if the scale of the measurement does not

match the scale of the process. There is a substantial body of literature that deals

with methods for defining and predicting the way in which variability is captured

(or not captured) by the measurement characteristics (e.g. Wiener, 1949; Krige,

1951; Matheron, 1965, 1973; Blackman and Tukey, 1958; Federico and Neuman,

1997). An important practical outcome of that work is the development of meth-

ods to: (i) assess how many measurements are needed to capture (to a certain

accuracy and under particular assumptions) a natural pattern; and (ii) to quan-

tify the variability that is lost due to filtering. This second method, known as

regularisation (Journel and Huijbregts, 1978; Vanmarcke, 1983), provides a tool

for quantifying the variability expected for different measurement supports and

spacings, under particular assumptions about the underlying pattern being mea-

sured. Western and Blöschl (1999) show some examples of regularisation meth-

ods applied to spatial measurements of soil moisture and indicate that they work

well, provided that the statistics of the underlying patterns are well known.

While a quantitative treatment will often not be needed, a qualitative con-

sideration of the scale of the natural variability and that of the measurements is

important to assess at least the magnitude of information on variability that is
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Figure 2.2. The effect of measurement scale on capturing the ‘true’ hydrologic pattern. The circles

are the measurements and the thin line is the ‘true’ hydrologic pattern with the characteristic length

scale equal to the wavelength.



not resolved by the sampling. In Figure 2.3 the spatial spacing and extent of a

range of measurement methods are plotted versus their temporal spacing and

extent. The shaded area refers to the domain between spacing and extent of the

measurements. Taking the example of daily raingauges from a typical hydro-

metric network, the domain covers ranges, in time, from 1 day to, say, 100 yr,

and in space, from 10 km (average spacing of the gauges) to 2000 km (size of the

region). Figure 2.3 also shows the typical scales of TDR measurements of soil

moisture in research catchments as well as a number of space-borne sensors

relevant to hydrology. When comparing Figure 2.3 with Figure 1.4, areas in

the space–time domain that overlap are those where we have measurement tech-

niques that are appropriate for describing the process of interest, whereas areas

that do not overlap are not described well. In other words, from a particular

measurement one can only ‘‘see’’ processes within a limited window (determined

by the scale triplet), and processes at larger and smaller scales will not be reflected

in the data. For example, daily raingauges cannot capture atmospheric dynamics

at the 10 km scale as the temporal spacing is too large, but on the other hand the
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Meteosat satellite sensor is commensurate with atmospheric processes from thun-

derstorms to fronts and one would expect it to capture these processes with little

bias due to scale incompatibility. The comparison also indicates that the TDR

measurements can potentially capture runoff generation processes in a research

catchment setting. Clearly, experimental research catchments and operational

hydrometric networks provide samples at vastly different scales and hence pro-

vide information on different processes.

The type of comparison illustrated by Figure 2.3 and Figure 1.4 allows an

assessment of how representative are multiple-point measurements of the under-

lying spatial pattern of hydrologic processes. In general, this depends on the scale

of the measurements and on whether the pattern varies smoothly in space which

implies large-scale variability (e.g. groundwater heads) or whether there is a lot of

erratic (small-scale) variability (e.g. soil hydraulic conductivity). In the case of

groundwater which varies smoothly, a few samples at a large spacing will be quite

representative of the pattern, while many more samples at shorter spacings will

be needed for erratically varying quantities such as soil hydraulic conductivity. If

a large number of samples in space are available (implying a relatively large

extent and a relatively small spacing) it is much more likely that we can capture

the spatial processes of interest. The key to a successful representation of spatial

patterns in catchment hydrology, therefore, is to maximise the number of sam-

pling points in space that cover an extent sufficient to capture the processes of

interest.

The issue of data being commensurate with the scale of the underlying

patterns can be generalised to the spatial arrangement of the patterns, i.e. the

issue of identifying the level of ‘‘organisation’’ of the underlying patterns. Here

we use the term ‘‘organisation’’ to describe the complexity of the pattern. If the

spatial pattern is purely random it is not organised, while if the pattern does

show features such as elongated bands of high soil moisture values in gullies, it

is organised (see Figure 1.2, and Journel and Deutsch, 1993). Most spatial

measurements are essentially point measurements and the number of measure-

ments available in most practical cases is often small. Because of this, the

spatial complexity of natural patterns cannot be identified very well. Often,

the apparent variability of the data is then interpreted as an evidence of spa-

tially random processes, but this tends to be a consequence of poor sampling

density rather than a reflection of the underlying hydrologic variability.

Williams (1988) commented that in the case of subsurface hydrology, the

apparent disorder is largely a consequence of studying rocks through point

measurements such as boreholes, while a visual examination of the rocks in

mines or through outcrops almost always shows clearly discernible organisa-

tion. This statement is also valid in catchment hydrology, implying again that,

in order to properly define patterns, a large number of such point measurements

will be needed if we are to avoid the trap of trying ‘‘to squeeze the nonexistent

information out of the few poor anaemic point measurements’’ (Klemeš, 1986a,

p. 187S).
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2.2.2 Accuracy and Patterns

In the measurement of hydrologic patterns there is often not only a scale

problem but also a problem with the accuracy of the measurements, i.e. there

often exists a considerable measurement error. If the measurement error is large,

the patterns apparent in the data will be a poor representation of the true under-

lying pattern. The presence of measurement errors confounds the identification of

patterns. See the soil moisture data described in Chapter 9 for an example.

During winter conditions, the measurement error is relatively small as compared

to the true underlying variability (3 ð%V=VÞ2 as compared to 20 ð%V=VÞ2Þ, and
the data give a good appreciation of the real soil moisture patterns. However,

during summer conditions, the measurement error is relatively large as compared

to the true underlying variability ð3 ð%V=VÞ2 as compared to 5 ð%V=VÞ2Þ, and
the data do not allow us to infer any underlying soil moisture pattern very well.

There are two types of measurement errors, systematic and random. A sys-

tematic measurement error may be introduced either by an improper measure-

ment setup (such as the catch deficit of raingauges caused by wind exposure), or

by improper rating functions (e.g. the TDR calibration curves). In many cases it

will be possible to correct for such systematic errors, provided additional (more

accurate) data are available for comparison. A random measurement error may

be introduced, for example, by air gaps around the probes of a TDR and by

inaccurate readings of an observer who reads off the stage of a stream gauge.

While it is not possible to remove random errors by applying a correction, these

errors can be significantly reduced by taking multiple measurements of the same

variable. For example, if there is a measurement error variance of 3 ð%V=VÞ2

attached to a single TDR measurement, ten such measurements at the same

location and time pooled together only have a measurement error of

0:3 ð%V=VÞ2, provided the errors of these ten measurements are statistically

independent. More generally speaking, the measurement error variance decreases

with the inverse of the number of samples that are aggregated (see any basic

statistics text, e.g. Kottegoda and Rosso, 1996). Geostatistical methods use this

property to ‘‘optimally’’ estimate true values from samples that are ‘‘contami-

nated’’ by measurement errors. However, this error reduction is contingent on

the measurement errors being truly random, i.e. uncorrelated and symmetrically

distributed. If they are correlated or possess some organised structure, the actual

error reduction may be much smaller than is implied by these methods. From a

practical point of view, the presence of random measurement errors can be

countered, to some degree, by increasing the number of independent samples;

i.e. many samples using a method with a particular random error can give a

similar accuracy to few samples which have less error in an individual

measurement.

This idea can be extended to the use of surrogates (or proxy data, or auxiliary

data). Surrogates are variables that show some (often limited) degree of correla-

tion to the pattern of interest but are much easier to collect in a spatially dis-

tributed fashion. Examples of surrogates include soil texture to infer hydraulic
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properties (e.g. Rawls et al., 1983) and are discussed in more detail later in the

chapter. The conceptual point of importance is that the lack of correlation

between the original variable and the surrogate can be interpreted as a sort of

measurement error. Ideally we would have surrogates that are both easy to

measure and are highly correlated (low error) to the original variable.

Unfortunately, it is often the case that the easier the method of data collection

(and hence the larger the number of points it is feasible to collect) the poorer is

the correlation (or equivalently the larger the measurement error).

There is therefore usually a trade-off between a few points of great accuracy

(and hence a poor resolution/coverage), and many points of poorer accuracy.

An important example in hydrology is the use of remote sensing data. For

example, weather radar (see Chapter 4) does not, strictly speaking, measure

rainfall, but radar reflectivity which is correlated with rainfall intensity but also

depends on other factors (such as drop size distribution), only some of which

are known. As a consequence, there is often a substantial error introduced

when converting reflectivity to rainfall. Other examples in remote sensing

include soil moisture as estimated from SAR sensors (see Chapter 8) where a

huge number of points (pixels) in space are available, but correlations between

the SAR backscatter and soil moisture tend to be poor. The same is true with

some ground data. For example, in an Alpine environment, it typically takes on

the order of 3 minutes to measure snow depth, but it may take 30 minutes or

more to collect a sample of snow water equivalent. Similarly, it is much faster

(and hence cheaper) to make a TDR measurement of soil moisture than a

gravimetric measurement. Hence we can collect many snow depth samples

(or TDR samples) and have a chance of seeing patterns, yet have to accept a

larger error in an individual measurement than is possible with a more accurate

technique that takes more time to use.

As mentioned above, averaging (or aggregation) can help improve the accu-

racy of surrogates, and this is part of the trade-off. In the example of inferring

patterns of rainfall intensity from radar reflectivity, often, multiple images (for

many points in time) are aggregated. The aggregated (average) image is then

more reliable than the individual images. Similarly, passive microwave data

have been aggregated over time to improve the accuracy of rainfall estimation

(Negri et al., 2000). SAR images are sometimes aggregated in space for more

reliably estimating soil moisture. Aggregated pixels that are on the order of

20 km� 20 km rather than the original 20m� 20m have been shown to be much

better related to soil moisture than the individual images (e.g. Wagner, 1998). In

the snow depth sampling example mentioned above, it is common practice to

measure depth at a minimum of 10 locations in close vicinity to a sample site

and to average these values to increase their accuracy. Clearly, this is at the cost of

reducing the number of sites given fixed time/resources.

An important question for sampling design, therefore, is whether there is an

optimum in the trade-off between accuracy and number of points. In general,

such an optimum will depend on the relationship between the accuracy of a

sample and its cost of collection, but it has been illustrated in Kupfersberger

24 G Blöschl and R Grayson



and Blöschl (1995) that the value of surrogates also depends on the level of

‘‘organisation’’ (or complexity) of the underlying pattern. For their case study

of aquifer variability, they found that 190 samples of auxiliary data (in this case

subsurface electrical resistance) with a correlation of r2 ¼ 0:36 (between hydrau-
lic conductivity and electrical resistance), outweighed the information from 11

error-free measurements of hydraulic conductivity when random spatial varia-

bility was present, but outweighed 25 error-free measurements when the under-

lying variability was not random, but exhibited preferential flow paths.

The influence of the underlying pattern complexity on optimum sampling

strategies is a ‘‘chicken and egg’’ dilemma. We need to know a lot about an

underlying pattern to design an optimal sampling scheme, but we need data to

know the underlying pattern. This implies an iterative approach where sam-

pling can be refined as more is known about the pattern being measured – this

can be assisted by an understanding of the processes or features leading to the

patterns. For example, if the aquifer in the example above was largely clay but

with some highly permeable sand lenses present, knowing the location of the

lenses (say via a geophysical method) would enable a much more efficient

sampling approach than if it was assumed that the lenses in the area were

randomly distributed.

The notion of surrogates can be taken even further to incorporate process

understanding to improve pattern estimation. The classical example in catch-

ment hydrology involves the use of terrain parameters computed from digital

elevation models (which generally represent a very high ‘‘sampling density’’

compared to many field measurements). There are a range of terrain parameters

that have direct causal links to the driving processes in catchment hydrology

and some parameters are deemed to be useful because of feedbacks between

different processes. Examples include the terrain aspect for representing snow-

melt and evapotranspiration processes (since aspect is related to solar radiation

exposure), and combinations of slope and upslope contributing area to repre-

sent soil saturation or erosion processes. A comprehensive review of terrain

parameters that can be used as surrogates (or indices) in catchment hydrology

is provided in Moore et al. (1991) and the use of indices is discussed further in

Section 2.3.3. The important point is that if an index is able to capture some

key features of a pattern, the amount of sampling needed is greatly reduced. If,

for example, we know that aspect is perfectly correlated to the pattern of

snowmelt, we may need only a few field measurements to calibrate the

relationship.

In summary, the number of sampling points that we need to adequately

represent a spatial hydrologic pattern depends on:

. the scale of the processes comparedwith the extentwe are interested in (small-

scale processes require a larger number of points, while for large-scale

(smoothly varying) processes a single point is representative of a large area),
. accuracy of the data/correlation of surrogates with the values of interest

(accurate data require a smaller number of points), and
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. complexity of patterns/process (rich pattern requires a larger number of

points unless we have some process understanding that can define certain

features of the pattern).

In the case studies of this book (Chapters 6–12) the number of sampling points in

space varies greatly with the type of measurement method used. A number of

case studies use remotely sensed data, both for testing hydrologic models and for

being tested by ground data. For remotely sensed images the number of sampling

points in space (i.e. the number of pixels) is very large but this is at the cost of a

single pixel not providing much hydrologically relevant information. In Walnut

Gulch (Chapter 6) airborne sensors (ESTAR and PBMR) are used for estimating

soil moisture and rainfall; in Kühtai (Chapter 7) aerial photographs of snow

cover patterns (snow/no snow) are used; and in Zwalmbeek and Coët-Dan

(Chapter 8) satellite data (SAR) are used for estimating saturated source areas.

The majority of case studies use multiple point values measured in the field. In

Walnut Gulch (Chapter 6) more than 90 recording raingauges are used; in

Reynolds Creek (Chapter 7) snow water equivalent was sampled at about 300

points in space; at Tarrawarra (Chapter 9) TDR soil moisture was measured at

about 500 points in space; in La Cuenca (Chapter 10) runoff occurrence (for a

single event, runoff occurred/did not occur) was measured by runoff detectors at

72 locations in the catchment; at Minifelt (Chapter 11), the shallow groundwater

table was observed for 108 piezometers; and at Trochu (Chapter 12) recharge/

discharge observations as derived from chemical/vegetation indicators are used

from 48 locations. Finally, two case studies in Chapter 8 use qualitative data

mapped in the field on a continuous basis. These are Coët-Dan where patterns of

saturated source areas from a field survey are used and Zwalmbeek where soil

drainage classes based on field mapping are used.

In practice, there are no hard and fast answers to the problems of sampling

design – of how many points and where, when and how to make measurements.

Any design will include compromise. The best we can do is to ensure that we

consider the implications of that compromise for the use to which we put the

data. At the end of this chapter (Section 2.4), we present a detailed description

and practical example of the steps that can be taken to try to optimise sampling

within given constraints, as a guide to the type of thinking that should go into

sampling design in catchment hydrology.

2.3 FROM POINTS TO PATTERNS

2.3.1 The Interpolation Challenge

We are often able to obtain multiple point measurements but what we would

like to have is some estimate of the variable of interest everywhere in the catch-

ment or region of interest. This really amounts to generating a pattern from point

values and involves interpolation and often extrapolation in space, and some-

times also in time. It is rare to measure an input or model parameter at the same
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scale as it is to be used in a model, so again some sort of interpolation (requiring

a variety of assumptions) must virtually always be undertaken. This section

summarises the concepts that underpin interpolation and common techniques

for the interpolation of spatial data, discussing some of the key issues to be

considered in choosing and using the methods.

Consider two scenarios. In the first scenario, snow depths are sampled at a

regular spacing of 1000 m and are subsequently interpolated on to a 10m grid. In

the second scenario, snow depths are sampled on a 10m grid. It is easy to

envisage that the spatial pattern of (interpolated) snow depths at the 10m spacing

of the first scenario will be much smoother than the patterns in the second

scenario. This example illustrates that interpolation involves a change of scale

(from 1000m spacing to 10m spacing in the above example) and that interpola-

tions tend to smooth measured patterns, i.e. interpolations can be thought of as a

kind of filter. There is some similarity between sampling which is a filter on the

process as discussed in 2.2.1 and interpolation which is a filter on the data. As

with the sampling case, it is possible to define a scale triplet for interpolations

consisting of spacing, extent and support. This triplet has been denoted the model

scale triplet by Blöschl and Sivapalan (1995) (as opposed to a measurement scale

triplet in the case of sampling).

In interpolating samples of snow depths (which involves a model in a general

sense) the scale triplet may have typical values of, say, 10m spacing (i.e. the

resolution to which the map is produced), 10 km extent (i.e. the overall size of

the map), and 10 cm support (i.e. the area over which each point in the map is

representative). Clearly, it is possible to draw many maps of snow depth of the

same area, ranging from ones showing point values (very small support) to ones

with various levels of averaging (i.e. increases in interpolation model support).

The larger the interpolation model support, the smoother the map will be. This

notion of a model scale triplet can also be used for dynamic models of catchment

response (see Chapter 3). For example, for a spatially distributed runoff model,

the scale triplet may have typical values of, say, 25m spacing (i.e. the model

element size), 1 km extent (i.e. the size of the catchment to be modelled), and

25m support (the element size). The support is the spatial dimension over which

the variables in each model element are representative. This is equal to the ele-

ment size in most distributed models but in some models the variables are defined

at points which means that the support is very small.

The concept that interpolation is a filter having a scale triplet associated

with it is critical to interpreting the results of interpolation and how they

represent the underlying data. Let us again consider Figure 2.2. In many appli-

cations in catchment hydrology, the situation resembles the case where the

spacing of the data is much coarser than the scale of the underlying hydro-

logical variability of interest and consequently the choice of interpolation

method becomes exceedingly important. Most of the interpolation methods

for obtaining patterns from observed point values are ‘‘dumb’’ or black box

approaches that do not take into account the type of pattern to be expected, i.e.

for different hydrologic variables (that obviously possess very different spatial
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patterns) one would often use the same interpolation method. However, if we

have some understanding of the underlying process we can introduce some

prior knowledge, for example by introducing auxiliary data (or equivalently

surrogates) and using them in a clever way. Auxiliary data are useful in spatial

interpolations if an underlying relationship to the variable of interest is present

and can be defined. There are a wide range of interpolation methods that are,

in principle, capable of doing this. In fact, the availability and accessibility of

mathematically complex interpolation techniques in GIS and specialist software

has made the application of interpolation methods relatively simple. The chal-

lenge for the user is to have a sufficient understanding of the concepts on which

the methods are based and to apply them in a way that best exploits the

information in the data. Below we will briefly summarise the concepts that

underlie the more widely used spatial interpolation techniques in hydrology.

It is important to realise that the quality of an interpolated pattern depends on

both the accuracy of the original point data and on how well the method of

interpolation/extrapolation reflects the underlying spatial structure of the mea-

surement – something that depends on our understanding of the phenomena

being measured.

2.3.2 A Brief Summary of Concepts that Underlie Spatial Interpolation
Methods

A hierarchy of interpolation techniques can be thought of in terms of the

extent to which information beyond that inherent in an individual data point

is used. The very simplest methods use only the nearest data points for the

interpolation. Methods that exploit information on the total data set in estimat-

ing values at any particular location are a further step up in complexity. Even

more complex are methods that utilise auxiliary data or some theory of system

behaviour to assist in the interpolation. These are all interpolation techniques

that attempt to estimate the most likely true pattern from the points. Sometimes

one is interested in a pattern that perhaps is not the most likely one, but possesses

a variability that is close to the real one. For this purpose stochastic simulation

methods can be used which produce numerous realisations of equally likely

patterns, i.e. a suite of patterns that are all deemed representative of important

features of the true pattern. Finally, one sometimes needs to generate spatial

patterns from an areal average value (rather than from multiple point values)

for which disaggregation methods can be used. We will review these methods

below.

(a) Interpolation Methods That Do Not Use Auxiliary Data

The simplest spatial interpolation methods are usually based on deterministic

concepts. These assume that one true but unknown spatial pattern exists which

we attempt to estimate by either some ad hoc assumptions or some optimality

criterion (e.g. Meijerink et al., 1994). The methods are illustrated schematically in

Figure 2.4 for the one-dimensional case where the dots are observed values and
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the lines are interpolations by various methods. Deterministic interpolation

methods include the following.

. The Thiessen (1911) method, or equivalently, nearest neighbour method

where each point to be interpolated is assigned the value of the data point

that is closest in space. This results in patterns that have polygon shaped

patches of uniform values with sharp boundaries between the patches

(Figure 2.4a). These are clearly very unrealistic for hydrological variables

but the method is simple and robust. The method assumes that the data are

error free (i.e. the value of the interpolated surface at the measurement

point matches the measurement itself).
. The inverse distance squared method where the interpolated value is

estimated by a weighted mean of the data and the weights are inversely

proportional to the squared distance between the interpolated value and

each data point. This results in a pattern that is smooth between the

data points but can have a discontinuity in slope at the data points. For

typical hydrologic data that are unevenly spaced, this method produces

artefacts as is exemplified in Figure 2.4b. It is clear that hydrological

variables are very unlikely to vary in the way this method assumes. Even

though this method is very easy to use, it cannot be recommended.
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Figure 2.4. Comparison of interpolation methods for a one-dimensional example: (a) Thiessen

method; (b) inverse distance squared; (c) example of overfitting using a sixth-order polynomial;

(d) thin plate splines with different tension parameters; (e) kriging (zero nugget, large range); (f)

kriging (solid line: large nugget, large range; dashed line: zero nugget, very short range).



. Moving polynomials where a trend surface is locally (i.e. for each inter-

polated value) fitted to the data within a small local (i.e. ‘moving’) window

about each point to be interpolated. The fitting is usually done by least

squares and the trend surface is represented as a polynomial (Tabios and

Salas, 1985). The higher the order of the polynomial, the closer the fit to the

data but the more irregular the trend surface and the more likely the

occurrence of ‘overfitting’ will be. Overfitting occurs when the particular

data points are very well represented but representation of the underlying

(true) pattern is poor, i.e. more credibility is given to the data than is

merited due to measurement error and the fact that the true surface may

not vary like a polynomial. An example of overfitting is given in Figure 2.4c

where a sixth-order polynomial has been fitted to the seven data points.

This polynomial is clearly an unrealistic representation of hydrologic varia-

bility. Overfitting can be avoided by selecting the order of the polynomial

to be much smaller than the number of local data points which will result in

an interpolated (trend) surface that is smoother and usually does not

exactly match the data points. This is consistent with an implicit assump-

tion that the data may be in error and need not be fitted exactly. As the

method only uses data within a local neighbourhood, it is computationally

efficient and can therefore be used for large data sets. There are numerous

variants of this method, some of them having discontinuities in the inter-

polated surface when the boundary of the window moves across a data

point that is very different from the rest of the data points within the

window. Some of the methods of this type are discussed in Meijerink et

al. (1994).
. Thin plate (or Laplacian) splines (Wahba and Wendelberger, 1980;

Hutchinson, 1991, 1993) where a continuously differentiable surface is

fitted to all the data, i.e. this is a global rather than a local method. The

name of ‘thin plate’ derives from the minimisation function used which has

a physical analogy in the average curvature or bending energy of a thin

elastic sheet. A low-order polynomial is usually used and a minimum cur-

vature criterion implies finding the smoothest possible function. This

method therefore does not suffer from the overfitting or oscillation pro-

blems of the moving polynomial method. There are two main variants of

this method. The simpler one assumes that the data are error free and hence

the interpolated surface goes through the data points. It has one ‘smooth-

ing’ or ‘tension’ parameter which can be used to control the smoothness of

the interpolated surface (Figure 2.4d). The other variant allows for a mea-

surement error by introducing an additional parameter representing the

error term (e.g. Hutchinson, 1991). This parameter can be used to control

the balance between smoothness of the surface versus how close the inter-

polated surface is to the data. There are automated methods available for

determining these parameters such as minimum generalised cross-valida-

tion (GCV, Hutchinson, 1991) which is based on withholding each data

point in turn from the fitting procedure and calculating the error between
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the surface and the data point. Thin plate splines work very well in most

hydrologic applications, unless the data are too widely spaced as compared

to the scale of the underlying phenomenon. They are robust and opera-

tionally straightforward to use. While early implementations were compu-

tationally burdensome, more recent implementations that subdivide the

domain into subregions can be used efficiently for very large data sets

(Hutchinson, 1991). Of the deterministic interpolation methods, this is

the one that can be generally recommended. The only drawback, as com-

pared to geostatistical methods (see below), is that it is not as straightfor-

ward to explicitly consider measurement error and estimation error with

spline interpolations (e.g. Cressie, 1991).

The notion of filtering or a change of scale triplet can be used to highlight some

capabilities and limitations of interpolation methods. Clearly, a change of extent

occurs when extrapolation beyond the domain of observation is attempted. Thin-

plate splines generally perform adequately, provided that the extrapolation is not

too great. A change of support occurs implicitly as the interpolated function is

always smoother than the original data, hence the support notionally increases to

about the size of the data spacing. Methods such as splines allow for adjusting

the smoothness and hence the support of the interpolated surface. A change of

spacing occurs in all the methods, from the spacing of the data to the spacing of

the numerical grid to which one interpolates. Often, in catchment hydrology, the

spacing of the data is much larger than the scale of the underlying process and

therefore the interpolated (small spacing) grid will not show all the small scale

detail.

Stochastic interpolation methods are an alternative to deterministic

approaches. The most widely used stochastic approaches are termed geostatisti-

cal techniques and are based on the notion that the interpolated pattern is a

random variable, which can be described by the variogram. The variogram is

the variance between pairs of points spaced at a certain distance (or lag), or

equivalently a measure of spatial correlation. Pairs of points that are close to

each other tend to be similar, hence the value of the variogram (termed gamma)

at small lags tends to be small. As the lag increases so does gamma as the values

become increasingly dissimilar at larger lags. Figure 2.5a shows a typical vario-

gram of a stationary pattern (i.e. a pattern for which the mean does not change

with space). There are three parameters that need to be specified for a variogram,

two of which are the sill (which is the spatial variance of the overall pattern) and

the range (which is the spatial correlation length and a measure of how contin-

uous or smoothly varying the patterns are – large ranges relating to smoothly

varying patterns, short ranges relating to erratically varying patterns). If the

pattern is not stationary in the mean (i.e. exhibits a spatial trend) it neither

possesses a sill nor a range (Figure 2.5b) but it may still be used for geostatistical

analyses. The third parameter is the nugget (Figure 2.5a), which represents the

variance of pairs of points that are at essentially the same location. Each of these

parameters, the sill, range and nugget can be interpreted in terms of the physical
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processes that lead to the pattern. The sill is a measure of the overall variability of

the process. The range is a measure of the spatial scale of the process. The nugget

can be interpreted as the sum of two variances related to two distinct phenomena

(see e.g. de Marsily, 1986, p. 304). First, a non-zero nugget can be due to random

measurement errors rather than a feature of the physical process. In this case,

even if the samples are very closely spaced, there will be some variance between

the measured data. This part of the nugget is equal to the measurement error

variance. Second, a non-zero nugget can be due to the data not having been

collected at sufficiently small spacings to reveal the continuous behaviour of

the phenomenon, i.e. the measurement spacing is too coarse to represent the

underlying process of interest. This part of the nugget is equal to variability at

scales smaller than the sample spacing and is also termed sub-grid variability or

‘‘apparent nugget’’ (de Marsily, 1986). An apparent nugget will disappear if the

data are collected at sufficiently small spacings.

Geostatistical approaches consist of two phases. In the first phase (termed

structural analysis) a variogram is estimated from the observed data. This is done

by plotting the variances of differences of the values of data pairs versus their lag

(i.e. plotting the sample variogram) and fitting a smooth function, known as the
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Figure 2.5. (a) Variogram of a stationary random function (i.e. no spatial trend) showing a nugget

consisting of subgrid (small scale) variability and measurement error, sill, and range; (b) variogram

for a random function that is non-stationary in the mean (i.e. possesses a spatial trend); (c) vario-

gram as it is often derived from hydrologic data with zero range.



theoretical variogram, which is assumed to be the variogram of the population.

There are a number of functions that can be used for the theoretical variogram,

but it is common to use an exponential function or a power law function. The

parameters of the chosen function define the sill, range and nugget used for the

interpolation. In the second phase, a spatial pattern is estimated from both the

data and the characteristics of the variogram, based on Best Linear Unbiased

Estimation (BLUE). Linearity implies that the estimated value at any point is a

linear combination of all of the measurements, with a different weight for each

measurement (these weights are calculated as part of the method). The estimates

are required to be unbiased (i.e. the mean of the data and the mean of the

interpolated pattern must be identical) and the estimates are required to be

‘‘best’’ or optimal in the sense that the variance of the estimation error is mini-

mised. Combination of these three criteria (linear combinations of data points,

unbiased and optimal estimates) results in a system of equations which is solved

for the unknown weights. There are a wide range of geostatistical estimation

methods which differ in the assumptions about the way the random function

varies spatially and in the way they are constrained by other information, result-

ing in different levels of complexity of the interpolation method. One of the

simpler and widely used methods is Ordinary Kriging (Journel and Huijbregts,

1978).

The main difference between kriging and splines is that spline interpolation,

being a deterministic approach, assumes that the surface is one unknown func-

tion, while kriging assumes that the surface is a random variable and attempts to

estimate the expected (most likely) value at any point. In practice, kriging and

splines can give very similar results as exemplified in Figure 2.4d,e. The advan-

tage of kriging is that measurement errors can be more directly introduced

through the nugget (Figure 2.4f, solid line). However, kriging is less robust

than splines as it heavily depends on the proper selection of the theoretical

variogram which is sometimes not well defined. If, for example, too small a

value for the range is specified, the interpolated pattern may look like Figure

2.4f (dashed line) where the interpolated surface approaches the mean at a certain

distance from the data points.

Geostatistical methods are probably the most widely used interpolation meth-

ods in catchment hydrology, but in practice there are three main pitfalls that

should be recognised:

1. Often the nugget of the estimated variogram is of similar size to the sill, i.e.

closely spaced pairs of points are no better correlated than points that are

far apart (Figure 2.5c). This undermines the central assumption of geo-

statistics that the spatial correlation (i.e. the variogram) is useful for spatial

interpolations. If one does use this type of variogram for interpolation, the

interpolated value will be equal to the mean of all data points everywhere

(except near the data points if the nugget is zero), i.e. it is similar to the

dashed line in Figure 2.4f. As a remedy, one can either use auxiliary data to

improve the interpolation (see later) or one can resort to hand-drawn

Spatial Observations and Interpolation 33



contours from the data, thereby implicitly introducing expert knowledge

on the expected appearance of the underlying pattern. An example where

this is often necessary is the spatial interpolation of extreme storm rain-

gauge readings where hand-drawn contours are used because more ‘‘objec-

tive’’ methods will usually give very unrealistic patterns. This is because the

spatial scale of the phenomenon (extreme rainfall) is usually much smaller

than the spacing of the raingauge data.

2. The theoretical variogram estimated from the data not only depends on

the underlying process, but also on the scale of the sampling, and on how

well the range, sill and nugget can be defined. Provided that the sample

spacing is sufficiently small to capture the variability of the phenomena

of interest, the range parameter provides a measure of the scale of the

underlying process. But if the sample spacing is too large to define the

variability of the phenomena, the range of the variogram tells us nothing

about the scale of the underlying process. When comparing case studies

at vastly different scales, it is common to find a significant increase of the

estimated range with the spacing of the data (e.g. Gelhar, 1993, Figure

6.5). This may well be just an artefact of the sampling scale, resulting

from a sample spacing that was too big to properly define the small-scale

variability of the process and a sample extent that was too small to

properly define the large-scale variability of the process (Blöschl, 1999).

The key point is that a variogram can be derived for any data, but the

range only has significance for interpretation of physical processes if the

data are spaced closely enough and cover a large enough area to capture

the process scale variability. This means that a variogram can not be

simply transposed across scales and should be estimated from data at the

same scale as the study of interest.

3. The third problem is when the spacing of the data is uneven in x and y and/

or if the underlying patterns show linear features. This is best explained

through example. Consider a series of transects of soil moisture down a

hillslope and across a wet gully (Figure 2.6). Along the transect, there is a

rapid increase in soil moisture as we move from the hillside into the gully.

We have closely spaced the sampling points to reflect this rate of change

and any interpolation algorithms would work adequately along the trans-

ect. In the across-transect direction (i.e. along the axis of the gully) the

rates of change might be slower, hence our choice of using transects. But

the distance between adjacent transects is too great for the interpolation

algorithm to ‘‘fill the gaps’’ between transects. We might be able to look at

the data and intuitively draw contours (implicitly using our understanding

of the phenomena) but the automated interpolation algorithm cannot do

so, and the resulting patterns will be very poor (Figure 2.6, bottom). For

the simple example in Figure 2.6 this problem can be overcome by

accounting for anisotropy (i.e. where variograms computed in different

directions differ in their range), but this is not possible for real world

problems in catchment hydrology, which are always more complex, invol-
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ving a number of valleys with different directions. The most efficient alter-

native to hand drawing contours is to use auxiliary data to improve the

interpolation.

(b) Interpolation Methods That Use Auxiliary Data

There are two ways in which spatial interpolation methods can use auxiliary

data: dual-step and single-step methods. Dual-step methods treat the relationship

to the auxiliary variable and the actual spatial interpolation separately. One

widely used method, representative of this genre, is the external regression

approach for spatially interpolating, say, mean annual rainfall in mountainous

terrain. In the first step, a regression between terrain elevation and mean annual

rainfall is calculated for those locations where both rainfall and terrain elevation

are available, and the regression line is used to estimate rainfall everywhere. The

regression can be either made over the entire domain or over a moving neigh-

bourhood (a window). At the locations where data are available, the rainfall so

estimated will be different from the measured rainfall as the regression line does

not exactly fit the data. These differences (i.e. the residuals) can, in a second step,

be spatially interpolated with any of the methods discussed above. The final

interpolated surface is then made up of the sum of the regressed values for any

point and the interpolated residuals. The advantage of this approach over simply

interpolating the data without auxiliary information, is that it extracts the small-
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Figure 2.6. Schematic example illustrating effect of uneven spacing on interpolation. Top:

Hypothetical spatial pattern of soil moisture in a valley (the valley is along the left–right direction

in the figure) with larger soil moisture (dark) in the gully and lower soil moisture (light) on the

hillslope. Centre: three transects of soil moisture samples across the valley where dot size represents

the magnitude of the soil moisture values. Bottom: Interpolated pattern of soil moisture based on

the samples in the centre of the figure.



scale patterns from the auxiliary data in addition to using the large-scale,

smoothly varying component from the original data, while a simple interpolation

will neglect the small-scale variability. This type of approach is fairly robust and

can give excellent results (see also the example in Chapter 9 where the method

was used for smoothing out sample noise).

Single-step methods are more elegant and tend to give slightly better results as

they are based on joint optimality criteria for the original data and the auxiliary

data (Deutsch and Journel, 1997). Conceptually, single-step methods can be

based on an extension of two-dimensional interpolation methods that do not

use auxiliary data to a third dimension. Often the third dimension is elevation.

In both spline interpolation (e.g. Hutchinson, 1993) and kriging (e.g. Jensen,

1989), this can be done by introducing a generalised lag (or distance) between

two points, that is the square root of the sum of the weighted squared distances in

x, y and z. The weights (or factors) account for anisotropy (i.e. the interpolated

surface usually varies more quickly with elevation than horizontally) but other-

wise the method is the same as for splines and kriging, described earlier. An

alternative is to use some sort of submodel, i.e. a relationship between the aux-

iliary data and the original data that is built into the interpolation scheme. Again

this can be done for splines (which are then termed partial splines, Hutchinson,

1991) and for various variants of kriging. The variants of kriging include external

drift kriging (Ahmed and de Marsily, 1987) where the existence of a linear

relationship between the additional information and the original data is postu-

lated and the auxiliary variable is assumed to be error free. The interpolated

patterns hence look very similar to the pattern of the auxiliary variable, i.e. a

lot of spatial structure is imposed. The linear relationship is implicitly calculated

by the method from the data and only the variogram of the original data needs to

be specified by the user. The variants of kriging also include co-kriging where the

covariance (or the cross-variogram) between the auxiliary variable and the ori-

ginal variable is exploited. Both the auxiliary and the original variables may be

subject to measurement error. This method imposes less structure than external

drift kriging and hence the interpolated patterns tend to be smoother. However,

in co-kriging, the appropriate choice of the variograms (of the auxiliary data and

the original data) and the cross-variogram is not straightforward and needs to

meet certain criteria for the method to work (e.g. Journel and Huijbregts, 1978;

Deutsch and Journel, 1997). Both external drift kriging and co-kriging require

the additional information to be numerical, such as a wetness index, rather than

categorical such as land use or soil type. Methods such as Bayes Markov Kriging

(Zhu and Journel, 1993), or the simpler Bayes Markov Updating (e.g. Bárdossy

and Lehmann, 1998) can be used to incorporate this type of categorical informa-

tion and so enable a wide range of auxiliary information to be utilised.

Bárdossy and Lehmann (1998) also illustrate what the implications are for soil

moisture patterns of a particular choice of an interpolation method. They show

that, with sparse data, the interpolated patterns vary enormously depending on

which method is used, highlighting the fact that the modeller must use a large

amount of judgement in determining which interpolated pattern is the ‘‘best’’. It
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is clear that no matter which method of spatial interpolation using auxiliary data

is used, the key question to be addressed is whether, for the particular application

under consideration, the patterns imposed by the auxiliary information are

indeed those likely to be present in the phenomena being represented – i.e.

how valid are the assumptions underlying the relationship between the auxiliary

data and the parameters of interest, and, even if the relationships are sound, how

will the errors associated with them affect the modelling exercise.

(c) Stochastic Simulations

Geostatistical interpolation methods such as kriging are ‘‘best’’ estimators (i.e.

they give the most likely value of the variable between observations) and hence

they smooth out the small-scale variability between the observations. There is a

class of methods that preserve the small-scale variability. These are generally

referred to as conditional (stochastic) simulation and do not give the most likely

pattern, but rather a suite of equally likely patterns that all exhibit realistic spatial

variability (i.e. multiple realisations). Each realisation is one possible scenario,

which represents both the individual observations and the variogram structure of

the set of observations. The term ‘conditional’ refers to the patterns being ’con-

ditioned’ to the observations, i.e. they reproduce the observations exactly.

Examples of conditional simulations are Sequential Gaussian Simulation (SGS)

and Sequential Indicator Simulation (SIS) (Deutsch and Journel, 1997). SGS

assumes that all values (both low and high values) are well represented by a

single variogram. It is termed ‘sequential’ because the stochastic simulation pro-

cedure first assigns the observed values to the nearest interpolation grid nodes,

and then determines the value at a randomly chosen grid node on the basis of the

variogram and the grid values that have previously been assigned. SIS is similar,

but different variograms are used for low and high values, based on the indicator

approach (see e.g. Loague and Kyriakidis, 1997; Western et al., 1998b). There are

also unconditional simulations which satisfy the variogram structure but do not

match the observations. One example of an unconditional simulation technique is

the Turning Bands Method (Mantoglou and Wilson, 1981). It is based on one-

dimensional stochastic simulations along lines (or bands) in different directions

which are then projected onto the two-dimensional grid. There exists a wide

spectrum of both conditional and unconditional stochastic simulation techniques

based on various assumptions on the type of variability to be represented. A

detailed review with applications to hydrology is given in Koltermann and

Gorelick (1996).

(d) Disaggregation and Aggregation

While the approaches discussed above are methods for estimating patterns

from points, disaggregation methods estimate patterns from spatial average

values. For example, if we know an estimate of catchment average soil moisture

from water balance calculations, one may be interested in estimating the spatial

pattern of soil moisture from this average. This is done by using disaggregation

methods. While interpolation involves a change of scale in terms of the spacing,
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disaggregation involves a change of scale in terms of support, i.e. the support is

decreased. The opposite transformation of disaggregation is aggregation (i.e. a

number of point values in space are combined to form one average value) which

corresponds to an increase in support scale. Aggregation reduces the spatial

variance and this reduction can be estimated from the variogram by regularisa-

tion methods referred to earlier (e.g. Journel and Huijbregts, 1978; Vanmarcke,

1983). Conversely, disaggregation increases the spatial variance. The spatial pat-

tern of say rainfall in a region will always have a larger variance than the catch-

ment average rainfalls in the same region (Sivapalan and Blöschl, 1998). In order

to disaggregate average values into spatially variable values, additional informa-

tion is needed for which assumptions must be made. Process understanding and

auxiliary data can also be used in disaggregation approaches. Disaggregation

methods based on auxiliary data are very similar to interpolation methods and

can involve, for example, relationships between soil moisture and the topo-

graphic wetness index, or between snow depth and terrain elevation. In these

examples, a catchment average soil moisture (or snow depth) would be spatially

disaggregated based on the spatial pattern of wetness index (or terrain elevation).

Stochastic disaggregation methods are very similar to stochastic simulation meth-

ods but are conditioned on spatially averaged rather than on point values as

discussed above, i.e. the patterns generated reproduce both the variogram and

the spatial averages exactly. An example for the rainfall case is given in Chapter

4. For many cases, one can assume that the aggregated value is simply the

arithmetic average of the individual values, in which case the variable is said

to average linearly. In catchment hydrology there are many processes that do

average linearly; in particular, those for which a conservation law (of mass or

energy) holds. Examples include rainfall or snow water equivalent. However,

other variables and, in particular, model parameters, do not average linearly

(i.e. the aggregated average value is a more complicated function of the indivi-

dual values). For example, if we aggregate snow albedo in a physically realistic

manner, the aggregated value will not simply be the arithmetic average of the

individual point values. In a similar vein, model parameters such as hydraulic

conductivity do not average linearly, and neither do landscape surface para-

meters, used for estimating evapotranspiration (e.g. see Chapter 5). These para-

meters can therefore not be simply (linearly) disaggregated, but need more

complicated procedures (see e.g. Wen and Gómez-Hernández, 1996; Michaud

and Shuttleworth, 1997; Becker et al., 1999).

This question of linearity/nonlinearity in aggregation and disaggregation is

central to the use in modelling of ‘‘effective’’ parameter values. An effective

parameter refers to a single parameter value assigned to all points within a

domain, such that the model based on the uniform parameter field will yield

the same output as the model based on the heterogeneous parameter field

(Blöschl and Sivapalan, 1995). This is an important issue in modelling spatial

patterns in catchment hydrology and is revisited in Chapter 3.

In the following, we will discuss specific problems with the spatial interpola-

tion of a number of variables that are important in catchment hydrology, and
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discuss types of terrain information and other auxiliary data that can be used to

improve the spatial interpolation of these variables.

2.3.3 DEMs, Terrain Indices, and Other Surrogates

The most commonly used data in measuring, analysing and modelling spatial

processes in catchment hydrology are probably Digital Elevation Models

(DEMs). Digital Elevation Models are spatial fields of terrain elevation values

that are usually arranged in a regular square grid or in other arrangements such

as a Triangulated Irregular Network (TIN) (see Chapter 3). DEMs are the basis

of catchment representations in most distributed dynamic models of catchment

processes and they can be used for calculating terrain indices that may assist in

the spatial interpolation of hydrological variables. It is important to realise that

DEMs are always obtained by interpolation, and interpolation artefacts may

affect the dynamic models and terrain indices in which they are used. There

are a number of ways in which DEMs can be derived, including digitising con-

tour lines from topographic maps, ground surveys using theodolites or levels, and

stereo interpretation of pairs of aerial photographs, all of which will contain

measurement errors in position and elevation. Common to all of these methods

is that the elevation readings are point values (i.e. the spatial support is small)

usually at irregular locations. In order to make them useful for applications they

are almost always interpolated to a regular grid or to other DEM structures. This

interpolation involves filtering which effectively increases the support of the spot

height, i.e. each (interpolated) value in a DEM is then no longer representative of

a single point, but of an area around it which may be on the order of the grid size

(due to the interpolation). This may look like a theoretical issue of little practical

relevance, but on closer inspection the support has very practical implications

when it comes to any sort of further interpolation or modelling of dynamic

catchment response. Here it becomes important to know just what the DEM

represents. For example, does the pixel value represent the average, the lowest

point within the pixel or some other measure of the variability within the pixel?

(see e.g. Rieger, 1998). This affects how well features such as lines of steepest

descent (i.e. flow paths) are described, which are important when calculating the

upslope contributing area for a grid element as flow accumulation algorithms are

very sensitive to the way in which the terrain surface is conceptualised (Costa-

Cabral and Burges, 1994). This is a particular problem when the resolution of the

DEM is coarse relative to the scale of variability of the real terrain such as in

heavily incised landscapes. So in addition to the positional and elevation errors of

the DEM (which could be random or systematic), there will be artefacts intro-

duced by the manner in which the DEM was interpolated from the raw data.

There is a range of software for deriving DEMs that takes into account most of

these problems. These packages can be based on spline interpolation (e.g.

ANUDEM, Hutchinson, 1989) or kriging interpolation (e.g. SCOP, Molnar,

1992). The quality of DEMs, for hydrological applications, can be improved
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by making use of the stream network (e.g. Hutchinson, 1989) and there are a

range of algorithms to remove pits (artificial depressions) in DEMs.

Once a Digital ElevationModel has been established for a catchment, it can be

used for deriving terrain indices. Terrain indices are variables that usually com-

bine a number of terrain attributes (such as local slope) in a way that represents

the most important spatial features of a hydrological process (Moore et al., 1991).

Terrain indices have been suggested for numerous processes and there is some

debate in the literature on how accurate terrain indices can be (e.g. Western et al.,

1999a). While it is always useful to invoke process interpretations for giving

guidance on selecting a particular index, the main reason for the popularity of

terrain indices stems from the general availability of Digital ElevationModels and

the ease with which terrain indices can be derived. In some instances the relevance

of a particular surrogate is not obvious and may depend on the timescale con-

sidered and/or may change with time. For example, elevation is often used as the

main surrogate for spatially interpolating rainfall, the rationale being that oro-

graphic barriers tend to enhance rainfall. From a physical perspective one might

expect terrain slope to be the more significant parameter, but it is true that eleva-

tion is often very well correlated with mean annual rainfall. However, this correla-

tion drastically decreases to next to zero as one moves down in timescale to daily

rainfall or hourly rainfall, as in most climates the increase in mean annual rainfall

with elevation is mainly due to more frequent rainfall events rather than higher

rainfall intensities (e.g. Obled, 1990). This implies that for estimating spatial

patterns of hourly rainfall, elevation will be a very poor surrogate.

Another example of the use of terrain indices is runoff generation, for which a

widely used surrogate is the lnða= tan�) wetness index of Beven and Kirkby

(1979) where a is the specific upslope contributing area (i.e. the area above a

segment of a terrain contour divided by its length) and � is the local slope of the
terrain. Both quantities can be derived from a DEM (e.g. Costa-Cabral and

Burges, 1994; Rieger, 1998). The assumptions underlying this index are, among

others, that the dominating runoff-generating mechanism is saturation excess,

and the surface slope is an accurate measure of the gradient-driving subsurface

lateral flow. However, in many climates the dominating mechanism (Dunne,

1978) not only depends on soil type and depth but also on rainfall intensity

and duration which will clearly vary seasonally and from event to event, as

well as spatially. The lnða= tan�) wetness index will therefore only be a useful
surrogate for those situations where the underlying assumption of saturation

excess is valid. If other runoff generation mechanisms (such as infiltration excess

overland flow) prevail, other surrogates should be used to estimate spatial pat-

terns of runoff generation.

There are a large number of other surrogate or qualitative measures used in

catchment hydrology that do not use terrain. These include patterns of the vege-

tation type for inferring moisture availability patterns or recharge patterns (see

Chapter 12) and geophysical information (e.g. ground-penetrating radar) for

inferring patterns of subsurface flow (e.g. Copty et al., 1993). Another applica-

tion for the use of auxiliary data is patterns of soil hydraulic properties which are
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needed for any spatial hydrological modelling. A commonly used approach to

deriving patterns is based on relationships between soil type (often defined by %

sand, silt, clay, organic matter, and perhaps bulk density) and soil hydraulic

properties (e.g. saturated conductivity, porosity, soil water release characteris-

tics). These are called ‘‘pedo-transfer functions’’ (e.g. Rawls et al., 1983; Puckett

et al., 1985; Romano and Santini, 1997). A map of soil type provides the spatial

patterns for estimates of soil hydraulic properties, resulting in ‘‘patchy’’ maps like

those from Thiessen polygons. The rationale behind the use of pedo-transfer

functions is that the grain size distribution (defined by the soil type) should

also be relevant to the pore size distribution (which in turn is related to soil

hydraulic properties). Unfortunately, this is not often the case because peds

and cracks, rather than the grain size distribution, tend to dominate the hydraulic

properties. It is therefore not uncommon for soil properties to vary as much

between soil types as within a soil type (e.g. Chapter 10; Warrick et al., 1990)

and for other influences such as terrain to be important to soil hydraulic proper-

ties (Gessler et al., 1995). Ignoring these considerations has a direct impact on the

subsequent modelling. For example, simulations of soil moisture may have sharp

boundaries at the interface between different soil types with different porosities

(Chapters 6, 9, 10) and infiltration excess runoff will never occur if a single value

of hydraulic conductivity is used that is greater than the input rainfall rates (see

Chapter 10 where more realistic methods that incorporate differences both within

and between soil types are discussed).

To illustrate some of the issues of interpolation related to sampling and the

use of terrain indices as auxiliary data, we will use some very high-resolution soil

moisture data. This data was collected during a field experiment during October

25–26, 1996 on a 102� 68m plot in the Tarrawarra catchment (see Chapter 9).

The sampling grid was 2� 2m which gave a total of 1734 measurement points.

TDR probes were inserted vertically to 30 cm depth at each location. The mea-

surement error was estimated as 3%ðV=VÞ2. The soil moisture data are shown in
Figure 2.7a. The plot includes a terrain convergence (centre left) where the soil

was wettest but additional controls such as evaporation and soil properties have

produced a soil moisture pattern with complex features.

The first example illustrates the effect of noise due both to measurement error

and to small-scale variability and how it can be reduced by interpolation

schemes. Figure 2.7b shows a pattern where the data have been filtered using

kriging with a variogram nugget of 3%ðV=VÞ2 to represent the measurement

error. This is simply an application of ordinary kriging where values are

estimated at the same locations as the samples rather than in between as with

kriging used for interpolation. This filtering can be thought of as an aggregation

of neighbouring samples (see Section 2.2.2) to remove the measurement error. We

would have obtained a similar pattern had we sampled multiple times at each grid

location (to reduce measurement error), but this was not possible for logistical

reasons. A comparison of patterns of original data and with the error removed

also indicates that in this case the noise problem was not significant. To show

the effect of a larger measurement error, a random error (variance equal to
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40%ðV=VÞ2 was added to the original data (Figure 2.7c). This reduced the ‘‘signal
to noise ratio’’. It is clear that the ability to resolve the pattern visually signifi-

cantly decreases. This pattern was also filtered using kriging and a nugget of

43%ðV=VÞ2 (i.e. the estimated measurement error plus noise) which gave the
pattern in Figure 2.7d. It is noteworthy that even for the large noise case, filtering

can very efficiently remove the noise, as the pattern of the filtered image is remark-

ably similar to the pattern of the original data with themeasurement error removed

(Figure 2.7b). However, this is only possible because a truly random error (‘‘white

noise’’) has been added. If the error shows consistent spatial patterns, high-noise

cases will be greatly in error and filtering will not improve the pattern.

Figure 2.8 shows the effects of different types of interpolation. For the sce-

narios, nine sampling points at a 30� 40m spacing were assumed to be known

from the pattern and the other values were assumed to be unknown. 30� 40m

might be a more typical spacing for soil moisture measurements in small research

catchments. The patterns shown in Figure 2.8 are based on the nine samples from

the original data (Figure 2.7a) and nine samples from the data with added noise

(Figure 2.7c).

Consider first the samples from the original data. In Figure 2.8a, we have

assumed that we know nothing extra about the data and applied the Thiessen

(nearest-neighbour) method to produce 2� 2m interpolated patterns from the

30� 40m data. The interpolated pattern consists of rectangles because of the

regular location of the samples. Although the main feature (higher soil moisture

in the centre of the plot) is retained, one would clearly not consider this pattern to

be a good representation of the true pattern (Figure 2.7a,b). A more judicious

choice of interpolation method is ordinary kriging (Figure 2.8b) which produces

much smoother and more ‘‘likely’’ patterns. However, the main features of the

spatial arrangement remain unchanged, and the interpolated pattern is still sig-

nificantly different from the true pattern. In Figure 2.8c, we have used auxiliary

data consisting of a radiation weighted wetness index (Western et al., 1999a)

shown in Figure 2.7e. External Drift kriging was used to interpolate the 30� 40

m soil moisture samples, using the 2� 2m radiation weighted wetness index, onto

a 2� 2m grid (Figure 2.8c). This pattern is quite similar to the real pattern with

the wet band in the gully being obvious. Next we repeated the External Drift

kriging but this time using a topographic aspect index (Figure 2.7f) (Western et

al., 1999a) as the auxiliary data. The interpolated pattern (Figure 2.8d) does not

improve over the case without auxiliary data (Figure 2.8b). Clearly, selection of

the ‘‘right’’ auxiliary variable is important for improving the interpolated pattern,

and when an auxiliary variable that does not represent the main features is used (in

this case aspect index) the interpolated pattern will remain poor or can even

deteriorate as compared with not using auxiliary data. The linear features in

Figure 2.8d are an artefact of the method which uses a finite local neighbourhood

(search radius) for obtaining a relationship between soil moisture and the auxili-

ary data. When this search radius is increased to a large value, greater than the

plot size (Figure 2.8e), the artefacts vanish, but the interpolated pattern is no more

accurate than the pattern without auxiliary data (Figure 2.8b).
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For the non-contaminated data we can resolve the broad patterns of soil

moisture using interpolation of the widely spaced data if we choose an appro-

priate auxiliary variable (in this case a radiation weighted wetness index), but

this ability is reduced with the contaminated data. We repeated the preceding

scenarios using the ‘‘noisy’’ data of Figure 2.7c. The Thiessen method produced

a poor representation (Figure 2.8f). Using ordinary kriging (2.8g) was also

poor. Using the radiation-wetness index as an auxiliary variable in External

Drift kriging only slightly improves the interpolated pattern (Figure 2.8h). Use

of topographic aspect index as the auxiliary variable has no positive effect

(Figure 2.8i,j) and the artefacts are worse than in the non-contaminated case.

Hence, if the data are poor (low signal to noise ratio) using auxiliary data

cannot significantly improve the interpolation. This is because the External

Drift kriging procedure derives the relationship between auxiliary data and

the variable of interest from the two data sets (i.e., the data sample and the

auxiliary data) and with a lot of noise, the relationship is poor, hence the

interpolated pattern is not very good.

Whatever interpolation technique and/or auxiliary information is used, the

important point to realise is that by choosing a particular technique for devel-

oping a spatial pattern, we have implicitly made some assumptions about the

spatial structure of the variable. These assumptions will carry through all sub-

sequent simulations. If the structure is wrong, and the variable is important, the

modelling exercise will be severely constrained from the outset. On the other

hand, a prudent choice can significantly improve the results of a spatial model-

ling exercise. The decreasing cost of computer power has enabled the more

widespread use of sophisticated interpolation methods. GISs have in-built ana-

lysis tools allowing a range of interpolation methods to be used with a mini-

mum of effort. But all of these are based on some assumption about the

distribution of the parameter in question. Simple approaches are inherently

no more or less value-free than the complex approaches. The important ques-

tion is whether the assumed spatial pattern that underlies the interpolation/

extrapolation method best represents the nature of the phenomena controlling

the pattern. This can be assessed by using as much process understanding as

possible.

2.4 GUIDANCE ON SAMPLING AND INTERPOLATION IN PRACTICE

This chapter has been presented in two sections, Sampling and Interpolation.

Our desire to measure patterns means that these two issues are intimately linked –

we want to use measurements (usually at points) to derive patterns (usually via

some sort of interpolation). Both of these issues depend on the depth of under-

standing we have about the underlying processes of which we are making mea-

surements (note that strictly we do not measure the process itself but some

feature of it that lends itself to measurement). This is the ‘‘chicken and egg’’

dilemma referred to earlier. We cannot define an ‘‘ideal’’ sampling scheme or
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choose the best interpolation method without knowing about the variability of

the feature being measured, but we probably do not know this variability without

measuring it! We are forced to draw on understanding of the processes involved

and be prepared to modify sampling or interpolation methods as more informa-

tion becomes available.

The next section presents a list of basic questions which help to gather the

information needed to determine a sampling programme or choose an ideal

interpolation method. We then work through an example, applying this list to

a real sampling problem to illustrate the procedure and highlight the compro-

mises that are required in practice.

A) What are the processes we are trying to capture with the measurement
programme? What is the variability in time and space of the feature of the
process that we will be measuring?

. Which variables should we measure and how representative are they of

the process?
. What is the typical length scale of the feature of interest?
. How quickly does the feature change and are there particularly impor-

tant timescales (e.g. diurnal, seasonal etc.)?
. What are the minimum and maximum values that are expected to be

measured?
. Do we have predictive methods for defining the variation of the feature

and how accurate are these?

B) For sampling, the next step is to define in more detail the specific
requirements of the exercise.

. What measurement device (or devices) should be used?

. What is the accuracy of the measurement device?

. What is the sampling support (time and space) of the device?

. Over what extent (time and space) do we want to make measurements?

. What are the practical constraints related to time, cost and the logistics of

the measurements to be made? (these will indicate the possible number of

samples and so the spacing of measurements).
. Are there alternative variables to be measured that perhaps are less

representative of the process but can be more easily collected?

C) We then need to try to match the needs of the sampling exercise with the
variability in the feature being measured and the characteristics of the
measurement device. In this step we need to recall that:

. if the spacing is too big compared to the feature of interest, we will not

characterise small-scale variability (it will become ‘‘noise’’);
. if the extent is too small, we will miss out on the large-scale pattern and

so measure a trend;
. if the support is too large, small-scale variability is smoothed out.
. if the sampling error is large compared to the variance of the feature, we

will not detect the pattern.
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Compromises will always be needed and, because of lack of knowledge, there will

be some guesswork (see example below).

We can then collect the data.

D) For interpolation, the next step is to look at the data set more closely and
ask how well did the sampling programme capture the underlying
variability?

. If the data very well define the patterns, we can use one of the simpler

methods described above. The choice of method is unlikely to be too

important in this case. Interpolation could be used to take account of the

measurement error by smoothing the pattern.
. If not, do we have auxiliary data or understanding available that could be

used to ‘‘add information’’ using one of the more sophisticated interpo-

lation techniques?
. If not, we can still interpolate the data but we will have little idea of how

well the resulting pattern represents reality. Regrettably this is often the

case!

The following example relates to the sampling exercise that produced the soil

moisture data used in Chapter 9 (see also Western and Grayson, 1998).

A) We were interested in runoff processes, the water balance and the seasonal
changes to patterns of soil moisture in the root zone (say 300 mm) of a
small (10.5 ha) pasture covered catchment in a humid climate. We did not
know the detail of variability in time and space but we expected that:

. We should measure volumetric soil moisture content which would very

well define spatial soil moisture patterns and should allow important

insights into runoff processes in the catchment.
. Variability would be due to rainfall, topographic position, time of year

and soil characteristics. Soils were quite uniform but initial tests indicated

that there was short-scale variability of moisture content of the order of

1–2%V/V. Slope lengths were of the order of 50–100 m and rainfall

occurred throughout the year.
. Soil moisture would change immediately in response to rainfall but

slowly in response to evaporation and drainage, e.g. an evaporation

rate of 2 mm=d would change the water content of the top 300 mm by

only 1.5%V/V per day. Seasonal changes would be large, due to big

differences in evaporation between summer and winter. We expected

that topography would be important to the lateral redistribution of

soil moisture.
. Soil moisture would vary between permanent wilting point and satura-

tion (approximately 10%–50%V/V).
. We did have predictive methods for defining variability but we did not

know their accuracy – we wanted the data to help test and develop these

methods.
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B) We identified the specific requirements of the sampling exercise by initial
field and laboratory tests and by using the manufacturer’s specifications:

. We chose Time Domain Reflectometry equipment for sampling soil

moisture. We were intending to use 300mm probes to be inserted verti-

cally into the soil.
. The accuracy of the TDR was tested by taking multiple field measure-

ments and comparing them to gravimetric samples. The combined error

of the measurement and small-scale soils variability was estimated to be

4–5 (%V/V)2. With a small-scale variability of 1–2 (%V/V)2, the mea-

surement error is about 3 (%V=VÞ2.
. The support of the TDR is a volume defined approximately by a cylinder

of length 300 mm and diameter 100 mm.
. The overall extent we wanted to cover was the whole catchment of 10 ha.

We were planning to sample for at least one year to get a complete

seasonal cycle.
. We wanted to be able to sample the whole area in a day to minimise

errors due to evaporation or drainage between the start and the end of

sampling. We could reliably sample at the rate of about 60 measurements

per hour.
. In this case, soil moisture was the key variable as we were interested in

the catchment water balance and it could be relatively easily measured

with the equipment we had available. Often the choice of variables to be

measured is not so simple, as the measurement methods can vary greatly

in terms of resources needed. An example is hydraulic conductivity where

methods range from undertaking soil particle size analysis combined with

pedo-transfer functions for estimating hydraulic properties, through to

using field infiltrometers, to taking soil cores for analysis in a laboratory,

with each method having large differences in speed of application, mea-

surement accuracy and measurement support.

C) We tried to match the needs of the sampling exercise with the hydrologic

variability as follows: Given the sampling rate and desire to complete sampling in

a day, it appeared that around 500–600 measurements could be taken. We

wanted to return to the same places each time, so a grid sampling seemed appro-

priate. Because of the shape of the catchment, the direction of most of the

hillslopes and our interest in topographic effects, it made sense to sample on a

regular, rectangular grid. A simple calculation leads to a grid spacing of

10� 20m. This gave us around ten measurements on every hillslope and a few

measurements in the gully, so this should capture topographic effects. The small

support compared to the spacing meant that we had to accept a reasonable

degree of noise. With an expected minimum soil moisture of 20%V/V and a

maximum of 40%V/V for one survey we guessed that the spatial variance would

be on the order of 10 – 20 (%V/V)2 which is still large as compared with the

measurement error variance of 3 (%V/V)2 and implies a signal-to-noise ratio

on the order of 5. We could have taken multiple measurements at each location
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(and subsequently a coarser grid) to reduce this noise. For example, five samples

at each spot would have reduced the error to one-fifth, i.e. 0.6 (%V/V)2 which

gives a much better signal-to-noise ratio of about 25 but only 100 locations

sampled at a spacing of about 25� 50m. At this spacing only very few samples

would have been located in the gully area. This was a classic compromise between

accuracy and pattern detail. The noise problem was significant in the summer

when the overall range of soil moisture was low and of a similar order to the

noise. In these conditions we had to accept that we would not be able to resolve

patterns well. Nevertheless, we judged, based on the generally expected variabil-

ity and range of soil moisture over the whole sampling period, that it was better

to keep the spacing small than improve the accuracy at the cost of pattern detail.

As for temporal sampling, we were interested in seasonal changes, could afford

10–12 sample runs per year (so could resolve seasonal effects), and needed to try to

minimise the effects of particular rainfall events. We therefore did not sample

during significant rain. At times when the catchment wetness was rapidly changing

(spring and autumn) we sampled more regularly than during the summer and

winter when overall changes were slower. We could not totally remove the effects

of particular events, but had detailed meteorological and runoff measurements

that were used to interpret how representative the measured patterns were.

D) As for interpolation of the data sets collected over the whole catchment, we

decided that we would not interpolate but rather assume that for visual presenta-

tion of the data, the measurement support was actually 10� 20m (see Figures in

Chapter 9). We did undertake interpolation for one piece of analysis and this is

explained in Chapter 9 – we undertook a two-step process where the data were

regressed against a combination of terrain parameters and the residuals were

smoothed on the basis of estimates of measurement error, then added back to

the regression values. Its effect was to produce a pattern smoothed on the basis of

measurement error which could then be directly compared to the model, where

this error was not represented. In other cases we interpolated the modelled soil

moisture to match the measurement locations because the variability in modelled

output was smoothly varying and therefore less affected by the interpolation

method.

We will finish this chapter by reiterating that no data transformation method

for generating patterns from point measurements, no matter how sophisticated,

can generate knowledge. The method must be chosen so as to maximise the use of

available information (both in the data itself, and the users’ knowledge of the

processes operating). The ideal interpolation approach exploits both the data and

an understanding of the processes that lead to patterns in the variable of interest,

and so mimics the shape and spatial arrangement of the patterns expected from

the process. A poor interpolation approach is one that simulates a spatial struc-

ture that is at odds with knowledge about the system. The numerical sophistica-

tion of the technique is no measure of its quality.

The important point is that there are interpolation schemes of different com-

plexity (in the way they use information contained within the data, the extent to

Spatial Observations and Interpolation 49



which they utilise additional information, and how faithfully they reproduce the

data as opposed to the statistical characteristics of the data); by choosing any of

them we make an assumption about the nature of the underlying pattern, and the

quality of interpolation reflects the validity of that assumption. Similar consid-

erations apply to sampling. The extent to which we are likely to capture the ’true’

hydrological patterns by a sampling exercise depends on: the scale of the pro-

cesses compared with the scales we are interested in; the accuracy of the data and

quality of correlations between surrogates and the values of interest (accurate or

more representative data requiring a smaller number of points); and the complex-

ity of patterns/processes (rich patterns requiring a larger number of points, unless

we have some process understanding that can define certain features of the

pattern). While there are no hard and fast answers to the practical problems of

sampling design – of how many points and where, when and how to make

measurements – careful consideration of the issues raised in this chapter should

assist in designing a sampling scheme that best meets the requirements and con-

straints of a particular study.

The emphasis in this chapter has been on using process understanding to

guide sampling and interpolation as this is the key to successfully capturing

patterns in catchment hydrology. This understanding can be further exploited

(and challenged) when we move into dynamic catchment modelling.
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